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This talk will review some basic issues in the use of observational constraints for the 
generation of probabilistic forecasts on climate (multi-decadal) timescales.  Interesting issues 
arise from the fact that we are making a prediction of an unprecedented, one-off event, leading 
to questions about what constitutes verification of a probabilistic forecast. 
 
I will introduce the notion of STAID (Stable Inference from Data) forecasts as a reasonable 
aspiration, and illustrate how forecasts of some very large scale climate variables may be on 
their way to being STAID already, but formidable challenges lie ahead before we can bring 
this methodology down to a spatial scale small enough for most practical impact 
assessments. 
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Climate change is a critical issue for the farmers in southern Africa, especially in the context of 
inter- and intra-annual climate variability.  In particular an examination of future climate 
change needs to be assessed in view of the sector of vulnerability.  For the agricultural sector, 
this critically includes a regional study of climate change to enable comparative results towards 
impacts on soil erosion and land degradation.  Within this framework, evaluating the 
effectiveness of the climate models to be utilised needs to be addressed before the impact of 
the projected future climate can be properly assessed for the region.  This study concerns itself 
with the southwestern Cape region of the Swartland, where wheat farmers are for the most part 
reliant on the timing and quantity of rainfall to produce viable yields.   
 
An assessment is made of the performance of six global climate models for the southwestern 
Cape: the CCCMA, CSIRO-Mk2, ECHAM4 / OPCY3, HadCM3, NCARCSM and 
NCARPCM.  By examining the variables of precipitation, temperature and wind speed, and 
comparing these to NCEP reanalysis data, one may identify the degree to which the model 
simulations reflect the real climate system processes.  The model data used comprises 30 years 
of simulated climate representing present day conditions based on the A2 SRES scenario of 
greenhouse gas concentrations.  In this way the sensitivity of the model output to the observed 
climate is gauged, thus establishing which models are applicable to the study region.   
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Judit Bartholy ,Comparisonal Analysis Of Tendencies Of Extreme Climate Indices On 
The European And The Carpathian Basin Scales 
 

Judit Bartholy 
Department of Meteorology, Eotvos Lorand University, Hungary 

 
and 

 
 Rita Pongracz 

Since human and natural systems may be especially affected by changes of extreme climate 
events, the main objective of our research is to detect the possible changes of intensity and 
frequency of these extreme events. Several climate extreme indices have been analysed and 
compared for Europe and the Carpathian Basin for the twentieth century based on the 
guidelines suggested by the joint WMO-CCl/CLIVAR Working Group on climate change 
detection. These climate extreme indices include the numbers of severe cold days, winter days, 
frost days, cold days, warm days, summer days, hot days, extremely hot days, cold nights, 
warm nights, the intra-annual extreme temperature range, the heat wave duration, the growing 
season length, the number of wet days (using several threshold values defining extremes), the 
maximum number of consecutive dry days, the highest 1-day precipitation amount, the greatest 
5-day rainfall total, the annual fraction due to extreme precipitation events, etc. Therefore, 
daily maximum, minimum and mean temperature observations and daily precipitation amounts 
have been used in the present statistical analysis. Our results suggest that similarly to the global 
and continental trends, regional temperature of the Carpathian Basin has become warmer 
during the second half of the twentieth century. Furthermore, regional intensity and frequency 
of extreme precipitation has increased, while the total precipitation has decreased in the 
Carpathian Basin and the mean climate has become drier. 
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EXTREME PRECIPITATION INDICES  ON  THE  
EUROPEAN AND CARPATHIAN BASIN SCALE


COMPARISONAL ANALYSIS OF TENDENCIES  OF  
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Europe


Carpathian Basin


OUTLINE


I . Precipitation tendency expectations for the
region


I I . Extreme precipitation indices


I I I .    Database


IV.   Compar ing and analysing tendencies of
extreme precipitation indices


• Global European


• European Carpathian Basin


V.   Conclusions
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I. 
What precipitation tendency can be 


expected in the region?
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I. TWO MAIN PARTS:


��
��������
��������
��������
������ (Model for the Assessment of Greenhouse-gas Induced Climate Change) 
- calculating climate change on global scale


��
���	��	��
���	��	��
���	��	��
���	��	 (Global and Regional Climate SCENario GENerator)


- portraying regional climate change


II. USER’S SET-UP OPTIONS:


1. Emission Scenarios


- 19 built-up options


- user may define additional emission scenarios


- we used: 4 SRES scenarios (A1, A2, B1, B2)


2. General Circulation Models
- 16 models


- we used: all the 16 GCMs


MODEL  ESTIMATIONS  FOR  MONTHLY  MEAN 
PRECIPITATION  CHANGE  (%)  IN  THE CARPATHIAN BASIN


SEASONAL  COMPARISON  OF  4  SCENARIOS, 16 MODELS


•Different seasonal changes: 
+ (winter : DJF, spr ing: MAM),    – (summer: JJA),     0 (autumn: SON) 


•Small var iability: B1,    largevar iability: A2


WINTER
UKTR Precipitation anomaly {%}
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On the base of the results of 
Prudence regional model 
for the 2071-2100 period


(reference period: 1961-1990)


Source: Christensen et al. 2003


Top panel: Change in average precipitation 
in July-August-September [%]


Bottom panel: Change in exceedence of the 
99th percentile [%] (“ change in extreme 
precipitation” )


Conclusions:
• Total summer precipitation will decrease
• Intensive rain events will increase, and will 


be more intense
(like Vltava, Danube, Elbe floods in 2002)


CONSISTENCY ANALYSIS OF GG AND GS SCENARIO 
FOR THE PERIOD 2075-2100


(Giorgi & Francisco, 2000)


PRECIPITATION – 23 REGIONS


Precipitation tendency analysis for the two European region 
for 2071 - 2100 based on Giorgi & Francisco (2000)


2 regions:


NEU=Northern Europe, 


MED=Mediterranean region


2 scenarios:


GG=greenhouse gas only


GS=greenhouse gas with 
increasing sulphate aerosol


2 seasons:


DJF=Winter


JJA=Summer


• NEU: Large increase in winter precipitation (both GG, GS)
• MED: Small decrease in summer precipitation (both GG, GS)


I I .  
Selection and definition of


extremeprecipitation indices


• different authors
• different extreme parameters


• different regions
• different data sets


I I .  
Selection and definition of


extremeprecipitation indices


• different authors
• different extreme parameters


• different regions
• different data sets


Extreme precipitation indices for  analysis Extreme precipitation indices for  analysis 
in global, European and regional scalesin global, European and regional scales


Nr. Indicator  
(ECAD) 


Wor ld 
(Frich 
et al., 
2002) 


Europe 
(Klein 


Tank and 
Können, 


2003) 


Carpathian 
Basin  


(Bartholy and 
Pongracz, 


2004) 


Definition of the extreme precipitation index Unit 


1 CDD  x  x Maximum number  of consecutive dry days (when Rday < 1 mm)  day 


2 Rx1  x x Highest 1-day precipitation amount  mm 


3 Rx5  x x x The greatest 5-day rainfall total  mm 


4 SDI I   x  x Simple daily intensity index  
(total precipitation sum / total number  of days when Rday  ≥ ≥ ≥ ≥  1mm) mm/day 


5 R95T  x x x Fraction of annual total rainfall due to events above the  95th percentile of 
the daily precipitation in the baseper iod 1961-1990 (ΣΣΣΣRday / Rtotal , where 
ΣΣΣΣRday indicates the sum of daily precipitation exceeding R95%) % 


6 RR10  x x x Number  of heavy precipitation days (Rday  ≥ ≥ ≥ ≥ 10 mm)  day 


7 RR20  x x Number  of very heavy precipitation days (when Rday ≥≥≥≥  20 mm) day 


8 R75  x x Number  of moderate wet days (Rday > R75% , where R75% indicates the upper  
quar tile of the daily precipitation in the baseper iod 1961-1990) day 


9 R95  x x Number  of very wet days  (Rday > R95% , where R95% indicates the 95th 
percentile of the daily precipitation in the baseper iod 1961-1990) day 


10 RR5    x Number  of precipitation days exceeding a given threshold (Rday  ≥ ≥ ≥ ≥  5 mm) day 


11 RR1   x Number  of precipitation days exceeding a given threshold (Rday  ≥ ≥ ≥ ≥  1 mm) day 


12 RR0.1   x Number  of precipitation days exceeding a given threshold (Rday  ≥ ≥ ≥ ≥  0,1 mm) day 


 10, 11, 12: indices indicating not extremeprecipitation events


I I I .  


Database


I I I .  


Database
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Global data base:
NOAA NCDC, ECAD, Australian data base, 


data from the National Met. Services


European data base:
European Climate Assessment Dataset (ECAD)


Data sources for theCarpathian Basin:
Hungar ian Meteorological Service, ECAD


Analysis on global scale: Fr ich et al., 2002
Analysis on European scale: K lein Tank and Können, 2003


Analysis for the Carpathian Basin: Bar tholy and Pongrácz, 2004


Global data base:
NOAA NCDC, ECAD, Australian data base, 


data from the National Met. Services


European data base:
European Climate Assessment Dataset (ECAD)


Data sources for theCarpathian Basin:
Hungar ian Meteorological Service, ECAD


Analysis on global scale: Fr ich et al., 2002
Analysis on European scale: K lein Tank and Können, 2003


Analysis for the Carpathian Basin: Bar tholy and Pongrácz, 2004


Tendency of extreme climate indices
(temperature, precipitation)


Global
scale


(~350 stations)


Europe
(~140 stations) Carpathian Basin


(~31 stations)


Analysis of 27 extreme climate indices:
precipitation indices (12), 
temperature indices (15)


Geographical 


locations of 


meteorological 


stations in the 


Carpathian 


Basin


(Datasources:


HMS, ECAD)


Fraction of missing data
for the 1901-2001 and 


1946-2001 periods


Valuable precipitation
data from 


the Carpathian Basin 
during the 20th century


Annual number  of stations with valuable data
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IV. 


Analysing and compar ing


tendencies of extreme


precipitation indices


IV. 


Analysing and compar ing


tendencies of extreme


precipitation indices


Comparison of the 
tendencies of 


extreme climate 
indices based on 


global and 
European extreme 


analysis 
for the period 


1946-1999


• Increasing
precipitation


extremity


• Decreasing
droughts


Nr. Extreme index World (Frich et al., 2002) Europe (Klein Tank & Können, 2003) 


1 
CDD  


Consecutive dry 
days 


– / +  
Negative tendency dominates 
except the eastern part of Asia  


0 
No significant trend 


2 


Rx1 
Highest 1-day 
precipitation 


amount 


No analysis provided 


+ / – 
Positive tendency dominates in 


Western and Northern Europe, while 
negative tendency dominates in 
Eastern and Southern Europe  


3 
Rx5 


Greatest 5-day 
rainfall total 


+ / –  
Positive tendency dominates 


except the eastern part of Asia  


+ / – 
Positive tendency dominates except 


Central and Southern Europe  


4 
SDII  


Simple daily 
intensity index 


+ / –  
Positive tendency dominates 


except Asia  


+ / 0 
Positive tendency dominates in 


Western and Northern Europe, while 
no significant trend can be observed 


at other places  


5 


R95T 
Fraction of annual 
total rainfall due to 
events above the 
95th percentile 


+ / –  
Positive tendency dominates 


except Asia  


+ / 0 
 Positive tendency dominates in 
Northern Europe and the Alpes, 
while no significant trend can be 


observed at other places 


6 
RR10 


Heavy precipitation 
days  


+ + / –  
Positive tendency dominates 


except the eastern part of Asia 


+ / – 
Positive tendency dominates except 


Central and Southeastern Europe 


7 
RR20 


Very heavy 
precipitation days 


No analysis provided + 


8 
R75 


Moderate wet days 
No analysis provided 


+ + / – 
Positive tendency dominates except 


Central and Southern Europe 


9 
R95 


Very wet days   
No analysis provided + 
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R95T: Fraction of annual total rainfall due to events above the 95th percentile 
of the daily precipitation in the baseperiod 1961-1990 (ΣΣΣΣRday/Rtotal , where ΣΣΣΣRday


indicates the sum of daily precipitation exceeding R95%)


Filled circles: significant tendencies
Open circles: not significant tendencies


Global increasing tendency of R95T 
(more blue circles than red)
based on Frich et al. (2002)


Increasing decadal trend in
Northern Europe and the Alps


based on Klein Tank & 
Können (2003)


Comparison of the global and the European extreme
precipitation tendencies:


(i) Positive trends dominate in both analyses in case of Rx5, 
SDII, R95T, and RR10. Opposite (i.e., negative) trends occurred in Asia 
and in Central/Southeastern Europe.


(ii) Most of the European continent can be characterised by 
increasing tendency of indices Rx1 and R75, while decreasing 
tendency was found only in Central and Southeastern Europe. Global 
analysis is not available for these indices.


(iii) In case of RR20 and R75, significant positive trend appeared 
in Europe (global analysis is not available for these indices).


(iv) Global decreasing (except Eastern Asia) tendency of CDD 
implies similar climate conditions to the consequent trends of extreme 
precipitation indices listed above. However, trends are not significant 
for the European continent.


Tendency analysis of 


extreme precipitation 


indices for  the 


Carpathian Basin 


and Europe (I .)


Compar ing per iods 


1946-1999 


and 1976-1999 


 


Extreme index 
Carpathian Basin 
(Bartholy &Pongracz, 2004) 


Europe 
 (Klein Tank & Können, 2003) Nr . 


 1946-2001 1976-2001 1946-1999 1976-1999 


1 
CDD  


Consecutive dry 
days  


medium 
 


strong 
 


weak 
 


weak 


2 


Rx1 
Highest 1-day 
precipitation 


amount  
medium 


 
strong 


 
strong 


 
strong 


3 
Rx5 


Greatest 5-day 
rainfall total   


strong 
 


strong 
 


medium 
 


strong 


4 
SDI I   


Simple daily 
intensity index  


medium 
 


strong 
 


medium 
 


strong 


5 


R95T 
Fraction of 
annual total 


rainfall due to  
events above the 
95th percentile 


 
medium 


 
strong 


 
medium 


 
strong 


6 


RR10 
Heavy 


precipitation 
days  


medium 
 


strong 
 


strong 
 


strong 
 


Tendency of fraction of total annual rainfall 
due to very wet days (R95T)


Trend coefficient above 0.3 and 0.4 in absolute value are significant at 95% level of 
confidence on the left and right map, respectively 


Slight decreasing tendencies can be detected in the Transdanubian stations during 
1946-2001, while intermediate positive trends appear in other stations of the region on 


the left map. 
Very strong positive trends were found during the last 26 years.


Tendency of annual 
number of heavy 
precipitation days 
exceeding 10 mm


(RR10)
during the last 


quarter of the 20th


century


Trend coefficient of the 
Carpathian Basin above 0.4 


(in absolute value) are 
significant at 95% level of 


confidence


 


Extreme index 
Carpathian Basin  
(Bartholy & Pongracz, 2004) 


Europe 
 (Klein Tank & Können, 2003) 


 
Nr. 


 1946-2001 1976-2001 1946-1999 1976-1999 


7 


RR20 
Very heavy 


precipitation 
days  


weak 
 


strong 
 


medium 
 


strong 


8 
R75 


Moderate wet 
days  


medium 
 


medium 
 


strong 
 


strong 


9 
R95 


Very wet days 
 


weak 
 


strong 
 


medium 
 


strong 


10 


RR5 
Precipitation 


days exceeding  
5 mm  


medium 
 


strong 


No analysis  
available 


No analysis  
available 


11 


RR1  
Precipitation 


days exceeding  
1 mm   


strong 
 


strong 
 


strong 
 


strong 


12 


RR0.1  
Precipitation 


days exceeding  
0.1 mm   


medium 
 


strong 


No analysis  
available 


No analysis  
available 


 


Tendency analysis of 


extreme precipitation 


indices for  the 


Carpathian Basin 


and Europe (I I .)


Compar ing per iods 


1946-1999 


and 1976-1999 
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Tendency of annual and seasonal number of precipitation days 
exceeding 0.1 mm (RR0.1) 


Trend coefficient above 0.3 (on the upper left map) and 0.4 (on the other three maps) 
in absolute value are significant at 95% level of confidence 


Tendency of annual 
number of precipitation 
days exceeding 1 mm


(RR1)
during the second half 


of the 20th century


Trend coefficient of the 
Carpathian Basin above 0.3 


(in absolute value) are 
significant at 95% level of 


confidence


Tendency of annual number of very heavy precipitation days exceeding 
20 mm (RR20) during the last quarter of the 20th century


(Trend coefficient above 0.3 (in absolute value) are significant at 95% level of confidence) CONCLUSION - A


Comparison of the analysis for Europe and for the Carpathian 


Basin:


(i) Decadal trends were evaluated separately for two periods (1946-


2001 and 1976-2001). Tendencies in both the European and the Carpathian 


regions were more intense and spatially more homogeneous during the 


last 26 years than the last 56 years.


(ii) Spatial structure of the decadal tendency maps is classified 


into several main patterns using one, two (meridionally or horizontally), 


or four “ +”  or “ –”  signs. Considerable zonal patterns were often 


recognised in Europe, when different tendency occurred in Northern 


Europe and in the Mediterranean region. 


CONCLUSION - B


Analysis of the extreme precipitation indices for the 
Carpathian Basin (according to the suggestions of the CCl/CLIVAR 
Working Group):


(i) Strong positive trends were detected in most of the extreme 
precipitation indices (e.g., SDII, R95T, RR20, R75, R95) for the last quarter of 
the 20th century indicating increasing precipitation extremity in the 
Carpathian Basin.


(ii) Significant negative trends dominate the region in case of the 
non-extreme parameters (i.e., RR5, RR1, and RR0.1) during the second half 
of the 20th century.


(iii) In general, precipitation occurred less frequently in the 
Carpathian Basin, however, the ratio of heavy or extreme precipitation days 
increased considerably by the end of the 20th century.
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Swadhin Behera, Modes Of Variability In The Indian Ocean: Statistical Perceptions 
 

Swadhin Behera 
Frontier Research System For Global Change, Japan 

 
and 

 
Prof. Toshio Yamagata 

 
Reorganization of independent physical modes is an important aspect of climate studies. 
Statistical methods such as EOF technique have provided scope to grasp such meaningful 
information from massive climate data.  In the tropical Pacific, the El Nino/Southern 
Oscillation (ENSO) signal is captured as the most dominant mode in eigen techniques. The 
statistical analyses here capture the coupled phenomenon which is shown to influence the 
global climate variability.     In the tropical Indian Ocean, a basin-wide uniform polarity pattern 
in the sea surface temperature (SST) anomaly is present as the most dominant interannual 
mode. This basin-wide uniform mode shows a high correlation with the Pacific variability:  
The peak correlation coefficient of 0.8 is found when the Niño-3 index leads the basin-wide 
uniform mode by 4 months.  Because of the dominant Pacific influence, the tropical Indian 
Ocean has been mostly considered to be passive in the climate studies. However, recent 
progress in the Indian Ocean research has revealed a coupled mode widely known as the Indian 
Ocean Dipole (IOD). The east-west see-saw in the SST anomalies during an IOD event 
characterizes the phenomenon. Interestingly, this SST signal is captured as the second 
dominant mode in the EOF analysis. The less frequent occurrence compared to the basin-wide 
uniform mode provides IOD the second most dominant seat in the EOF analysis. Nevertheless, 
the IOD has wide societal impact during the year of occurrences.    Although simple statistical 
methods like EOF technique provide important clues of climate variability, sophisticated 
statistical analyses sometimes are misleading. For example, the IOD which is captured in the 
EOF analysis and simple composite technique is missed by the VARIMAX analysis. It is 
shown that the presence of the basin-wide uniform mode misleads such sophisticated analyses: 
it is necessary to remove the dominant mode to capture the IOD in these methods. It is 
important that statistical inferences must be supported by our physical understanding for any 
meaningful insight of the climate system. 
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Modes of Variability in the Indian Ocean: Modes of Variability in the Indian Ocean: 
Statistical Perceptions Statistical Perceptions 


SwadhinSwadhin Behera, Toshio Yamagata* and coauthorsBehera, Toshio Yamagata* and coauthors


Climate Variation Research Program, Climate Variation Research Program, 
Frontier Research System for Global Change, JapanFrontier Research System for Global Change, Japan


*Department of Earth and Planetary Science, *Department of Earth and Planetary Science, 
Graduate School of Science Graduate School of Science 
The University of Tokyo, Tokyo 113The University of Tokyo, Tokyo 113--0033, Japan0033, Japan


The study of the 1994 unusual 
ocean-atmosphere conditions 
in the Indian Ocean.


Behera et al. 1999


Remarkable Dipole in the Rainfall 
anomalies in the tropical Ocean 
and above normal Indian 
summer monsoon precipitation


The IOD PhenomenonThe IOD PhenomenonSaji et al. 1999
SSTA and WIND Anm. Rainfall corrl.


Quai-biennial tendency


Dipole is the Dipole is the 
dominant mode of dominant mode of 


subsurface variabilitysubsurface variability
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However, several issues on the IOD’
existence/nonexistence as well as its relation 
with ENSO events have been raised in the 
climate research community


The  major topics are; The  major topics are; 


1)1) to show that the IOD is a physical mode statistically, to show that the IOD is a physical mode statistically, 
andand


2)2) to show that the IOD is a natural coupled mode in the to show that the IOD is a natural coupled mode in the 
Indian OceanIndian Ocean


Details in J. Climate, April 2003; BAMS, Oct. 2003


IOD in statistical analysesIOD in statistical analyses First and Second EOF SST Modes First and Second EOF SST Modes 
in the Indian Oceanin the Indian Ocean
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Major concerns; why 
EOF2 is not captured 
by REOF and why 
there is no east-west 
negative correlation?
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Physical 
evidence of 
ocean-
atmosphere 
coupling.


178 dipole 
months in a 
record of 
504 
months.


WP Heat Content Index 60-70E,5S-5N


To Rotate or not to RotateTo Rotate or not to Rotate


Richman 1986, 1987


Jolliffe 1987


…………  the debate continues


There are situations when rotation is not essential:


Data reduction for further interpretation


Noise reduction


To filter out lower order modes…..


Synthetic example that shows the failure of VARIMAXSynthetic example that shows the failure of VARIMAX


§§The spatial structures of the The spatial structures of the 
modes, constructed using the modes, constructed using the 
trigonometric cosine and sine trigonometric cosine and sine 
functions, are spatially functions, are spatially 
orthogonal. orthogonal. 
§§The time evolutions of both The time evolutions of both 
modes are characterized by modes are characterized by 
random white noises that are random white noises that are 
uncorrelated. uncorrelated. 
§§Partitioned in variance that the Partitioned in variance that the 
monopole mode clearly monopole mode clearly 
dominates the dipole mode, dominates the dipole mode, 
just asjust as in the observations. in the observations. 
§§To make the experiment more To make the experiment more 
realistic, we added higher realistic, we added higher 
modes having as much modes having as much 
variance as the two synthetic variance as the two synthetic 
modes put together. modes put together. 


GivenGiven
55 44
3.5   3.5   --3 3 


Regression MatrixRegression Matrix
6.16.1 1.9 1.9 
1.6 1.6 5.05.0


EOF MatrixEOF Matrix
5.7195.719 3.1173.117
2.1302.130 -- 3.9093.909 ßß DipoleDipole


VARIMAX MatrixVARIMAX Matrix
6.0556.055 0.7670.767
0.9460.946 4.9094.909


Another synthetic exampleAnother synthetic example


How can we derive Indian How can we derive Indian 
Ocean Dipole Mode from the Ocean Dipole Mode from the 
data through regression and data through regression and 


VARIMAX analyses?VARIMAX analyses?
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EOF, Regression and VARIMAX on the EOF, Regression and VARIMAX on the 
reduced data setreduced data set


Behera et al. Behera et al. 
20032003


To find seesaw statistically To find seesaw statistically 
between the eastern pole and the western polebetween the eastern pole and the western pole
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Yamagata et al. 2003
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MultipleMultiple--Oscillator ProblemOscillator Problem


To check the cause of the apparent  correlation, 
we prepare four different composites of SST. 
Besides 42-yr observed data, we use 200-yr 
simulation results from the SINTEX-Frontier 
coupled model for statistical confidence.


SINTEX-F 1: ECHAM4 + OASIS2.2 + OPA8.2


���4����)
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Observed SSTA Composites


Yamagata et al. 2004


SINTEX-F SSTA SSHA


Sep-Nov lead/lag Correlation of SSHA 
with DMI and Nino3 SINTEX-F Partial Correlation


Yamagata et al. 2003


Behera and Yamagata 
2003


Correlation and Partial Correlation  of SLP DMI and Rainfall in Data


Behera et al. 2003,2004
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Societal ImpactSocietal Impact
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http://www.jamstec.go.jp/frsgc/research/d1/iod/


IOD Impact on the 
Surrounding Climate


Southern Oscillation,


Precipitation in East 
Africa, India, Indonesia, 
Australia, etc.


Summer conditions of 
East Asia, Europe, etc.


IODIOD66ss Global Influence in SummerGlobal Influence in Summer��
BlueBlue �� ColdCold �� OrangeOrange �� WarmWarm �� (Hatched(Hatched �� DryDry �� CloudCloud �� WetWet ��


http://www.jamstec.go.jp/frsgc/research/d1/iod/


El El NiNi))oo66ss Global Influence in SummerGlobal Influence in Summer��
BlueBlue �� ColdCold �� OrangeOrange �� WarmWarm �� (Hatched(Hatched �� DryDry ��


CloudCloud �� WetWet ��
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Anomalies of skin temperature and rainfall (mm/day) for JuneAnomalies of skin temperature and rainfall (mm/day) for June--July 2003. July 2003. 


( derived from NCEP( derived from NCEP--NCAR reanalysis and CMAP datasets)NCAR reanalysis and CMAP datasets)


Behera and Yamagata 2004
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SummarySummary


§§ We have reWe have re--confirmed the physical existence of the confirmed the physical existence of the 
dipole mode (IOD) not only in the SST anomalies but in dipole mode (IOD) not only in the SST anomalies but in 
several other fields.  several other fields.  


§§ As shown in the published literature and from the As shown in the published literature and from the 
analyses of multiple datasets here, IOD is found to be analyses of multiple datasets here, IOD is found to be 
the outcome of oceanthe outcome of ocean--atmosphere interaction in the atmosphere interaction in the 
Indian Ocean.  Indian Ocean.  


§§ Several examples like scatter plots and histogram are Several examples like scatter plots and histogram are 
introduced here to demonstrate how simple statistical introduced here to demonstrate how simple statistical 
analyses can lead to a deeper insight on the physical analyses can lead to a deeper insight on the physical 
mode.  mode.  


§§ .  .  ““The statistical analyses and physical The statistical analyses and physical 
analyses should proceed hand in hand in order analyses should proceed hand in hand in order 
to deepen the understanding of the physics of to deepen the understanding of the physics of 
our climate system. our climate system. ““


Correlation of rainfall anomalies between a region in 
southern Africa and the Indian Ocean SST anomalies.


Indian Ocean Subtropical Dipole ModeIndian Ocean Subtropical Dipole Mode


Behera and Yamagata


First and second EOF modes of southern Indian First and second EOF modes of southern Indian 
OceanOcean


First and Second EOF SST Modes First and Second EOF SST Modes 
in the Indian Oceanin the Indian Ocean
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SDI
TDI


SOI


Indian Ocean subtropical dipole index (SDI) along with tropical 
dipole index (TDI) and Southern Oscillation Index (SOI).


Correlation between SDI and TDI is 0.2 and is about the 
same with the SOI.


Fig3Fig3


Behera and Yamagata
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SLP and Wind Climatology for February and AugustSLP and Wind Climatology for February and August


ms-1


hPa
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AirAir--sea interactionssea interactions


ττττy


ττττy


Ek


ττττx


Ek


Rainfall correlation with IOSD indexRainfall correlation with IOSD index


Suzuki et al. 
2004
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Roman Bekryaev, Estimation Of Climatic Trends Significance 
 

Roman Bekryaev 
Arctic And Antarctic Research Institute, St.-Petersburg State University, Russia 

 
 

Estimation of the climatic trends significance is still not completely resolved problem. The 
completeness follows from the serial correlations of the time series. The serial correlation in 
turn is connected to the dominated low-frequency climate variability resulting mostly from the 
chaotic dynamics of climate systems. Using the traditional statistical approaches (that don't 
take into account that serial correlation) can lead to completely wrong results and conclusions.    
In the proposed research we explore the climatic trends variance as a variance of generalized 
stochastic integral (stochastic integral from the multiplication of random function and weight 
function). Using the convolution of the weight functions we got the expression applicable for 
the calculation of the variance of generalized stochastic integrals.    We have considered as a 
null hypothesis the suggestion that the “real” climatic trend is absent and the trend estimated 
from the data set is connected to the limited sample of the stationary random process. As a 
result the sampling trend has the mathematical expectation equal to zero but the value of 
variance can be essential. Using the suggestion about the Gaussian random distribution of the 
air surface temperature we have constructed the density distribution function of the coefficients 
of linear and parabolic regression.    We have analysed some climatic air surface temperature 
time series. For the Northern Hemisphere air surface temperature from 1901 to 2001 we have 
found approximately 95-98% trend significance level. In the same time the trend significance 
level estimated on the base of routine procedure is more then 99.9%. Our results still support 
the existing global warming concept. 



Rasmus Benestad,  Record-Value Statistics And Test Of Independent And Equal 
Distribution (Iid) 
 

Rasmus Benestad 
The Norwegian Meteorological Institute, Norway 

 
 

It is common to use probability distribution functions (p.d.f.s) in climate research to describe 
various climatic parameters. The use of p.d.f.s assume the condition that the values are 
independent and identically distributed (iid) random values. An ongoing climate change 
implies a non-stationary situation where some of the climatic parameters do not satisfy the iid 
condition. A test for whether a climatic element satisfies the iid condition is suggested, with an 
emphasis on the extreme tails of the distribution. A simple expression can be derived for how 
many times a new record is set in a series of iid random values, and the validity of the null-
hypothesis of iid can be easily tested for any observation. A few examples of the application of 
record-value statistics to testing of stationarity will be given. 
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Rasmus Benestad,
The Norwegian Meteorological Institute
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Extremes – tails of a 
distribution. Extrapolation
assumes iid.
Simple method for testing 
whether iid?
Incidence of record values.
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New records are more 
common after many 
years when using right 
chronological order 
than for reversed order.


NASA GISS temperatures
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Record-events in 
monthly maximum 
24-hr precipitation
from Nordklim: En/N 
follows 1/n closely.


Pn = 1/n


Hard to discern 
deviations at large 
values of n.
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Global mean temperature 
(Jones) not iid. If 
dependencies can be 
ruled out, then the series 
is non-stationary (not 
identically distributed).


Example of occurrence of record-breaking events in a non-iid 
record.
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Expected number of records in an iid series of lengthExpected number of records in an iid series of length n.n.


�
=


=Ε
n


i i1


1
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Sensitivity to distribution?Sensitivity to distribution?


Thought experiment:
counting record-values in a 
dice throwing exercise with 
outcome x in the set of 
x∈1,2,…6. After the first 6 
has been thrown, no more 
new record values can be 
achieved. Doesn’ t take ties 
into considerations. 
Limitation for small finite 
sets.


Test fails? E for binomial 
doesn’ t follow the predicted 
curve, even though the 
binomial case represent iid.
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Benestad, Non-stationarity tests and extreme value distributions, Global and Planetary Change, 
accepted 2004


Benestad (2003), How often can we expect a record-event?Climate Research Vol 23, 3-13.


The results and thoughts presented here are discussed in:


Contact: Rasmus.benestad@met.no for re-prints.


Discussion & Conclusion


1. Test for number of record-events:
• A simple and practicable means to examine whether a 


series is iid.
• Useful in conjunction with fitting the tails of distributions 


(e.g. GEVs)
2. Record-high temperatures have occurred more often than 


would be expected in a stable climate.
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Extra slides in case of questions
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Solutions to


1 - (1- 1/n)N


the probability of seeing 
at least 1 new record in N
parallel observations at 
time n.


En = N *  pn(1)
En/N = 1/n


What is the chance of seeing a new recordWhat is the chance of seeing a new record--breaking event?breaking event?


1


2
10


50


100


300
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How dependencies may affect the statistics.


White noise Red noise


Not very sensitive


E = expected number of records in a series of length n.
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Since pn = 1/n, we may 
expect –log(pn)=-n. 
Here we plot –log(E/N)
against log(pn). A log-
transform allows greater 
emphasis on record-
events for large n.


χ2-type test: Σn(En/N – pn)2/pn


How to tell whether test is falsified when p is very small How to tell whether test is falsified when p is very small 
(towards the end of long series)?(towards the end of long series)?
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Which type of test is best?Which type of test is best?
How the statistics depend on N.How the statistics depend on N.


χ2-type test not so robust,
E more robust.
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How N may affect the How N may affect the χχχχχχχχ22--type testtype test
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How does size of clusters depend on the presence of How does size of clusters depend on the presence of 
trends?trends?


Clustering may be 
affected by trends.
(Histograms sensitive 
to length of record)
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How trends may affect 
the statistics: records 
more common at high 
values of n – not an 
identical distribution. 
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AF Beraki, CLIMATE CHANGE SIMULATIONS OVER ERITREA USING THE 
PRECIS REGIONAL CLIMATE MODEL SYSTEM 

 
 

AF Beraki, 
University of Pretoria, South Africa 

 
and 

 
 CJdeW Rautenbach 

 FA Engelbrecht 
 

Eritrea is a relatively young country that gained independence in 1991. It is also regarded as 
one of the developing African nations that appear to be most vulnerable to climate change and 
variability because of widespread poverty - presumably as a result of poor management 
practices and a lack of expertise. Previous studies have indicated that countries in the Sahelian 
latitudes are noticeably affected by climate variability (especially droughts) related to the El 
Niño Southern Oscillation (ENSO) phenomena. Eritrea is located in the eastern part of the 
Sahelian latitudes, and is in general regarded as a semi-arid country. Future changes in the 
climate of this region might influence temperature and moisture prone activities, especially 
those related to agriculture.  The assessment of past regional climate trends and the 
development of scenarios for possible future climate changes are regarded as important. To 
address these issues the PRECIS Regional Climate Model (RCM) System from the UK was 
implemented over the region spanning 5°N - 51°N and 2.5°E - 28°E. The model was firstly 
forced at its lateral boundaries by a 30-year present-day (1961-1990) integration of the 
“atmosphere only” HadCM3H global General Circulation Model (GCM). Secondly, the model 
was forced by “fully coupled” HadCM3 (for sea surface temperatures and sea ice) and 
“atmosphere alone” HadAM3H GCM derived boundary conditions for the A2 and B2 SRES 
scenarios in an attempt to generate a 20-year future climate change integration (2070-2090). 
The experiment allows for verification of present-day spatial and temporal performance of 
PRECIS over Eritrea, with specific emphasis on temperature and moisture. Possible climate 
change scenarios are also investigated.  
 
Acknowledgement: Met Office, Hadley Centre for Climate Prediction and Research, UK 
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Carel N. Bezuidenhout, Assessing The Value Of The Three Month Rainfall Outlook 
(SAWS) Within An Operational System To Forecast Sugarcane Production In South 
Africa 
 

Carel N. Bezuidenhout 
University Of KwaZulu-Natal, South Africa 

 
 

 
On average the South African sugar industry produces two million tons of sugar per annum, 
making it one of the ten largest cane sugar producers in the world. Climate variability in the 
eastern parts of South Africa has lead to a 25% coefficient of variance in sugar production over 
the past ten years. Timely and accurate yield forecasts prior to and during the milling season 
holds the potential to improve various activities, such as milling operations, international trade 
and agronomic optimisation, within the industry. A yield forecasting system using a crop 
model was developed. The system uses climate data to date and substitutes the future with up 
to ten different analogue years from the history. Analogue years are selected using the SAWS 
three month rainfall outlook. The aim of this study was to assess the accuracy of yield forecasts 
when using the SAWS outlook as opposed to a neutral outlook over the period 1998 to 2002. 
Errors in yield forecasts (on mill and industry scales) issued between January and May were 
reduced by between 10% and 20% when using the SAWS rainfall outlook as opposed to a 
neutral outlook. However, yield forecasts based on the SAWS outlook that were issued in 
September were often inferior. Spatially it seems as if some areas benefit more from the SAWS 
outlook than others. Nevertheless, there is significant evidence that in general the SAWS 
outlook enhanced yield forecasts in the sugar industry. The results also suggest that the 
technique of selecting ten historic analogue seasons might need some revision. 
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T.A Bigala, ACID RAIN DEPOSITION OVER SOUTH AFRICA 
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Climatology Research Group, University of the Witwatersrand,South Africa 

 
and 

 
 S.J Piketh 

 M Barenbrug 
 MT Freiman 

Aerosols affect climate by absorbing or reflecting incoming solar radiation, and by affecting 
cloud microphysics, cloud albedo and precipitation The Highveld regions of Mpumalanga and 
Gauteng are the major industrial areas in South Africa. These areas play a significant role in 
the production and transport of aerosols. The urban and industrial areas in these provinces are 
important source emitters of sulphur, carbon, and their corresponding oxides, nitrous oxide and 
nitrogen dioxide. Measurements of aerosol optical thickness from the ground and aerosol size 
characteristics over the Highveld region were collected using hand- held haze meters and a 
CIMEL sun photometer. The optical properties of the industrial and urban aerosols over the 
Highveld region of South Africa were analysed between the winter months of May-June 2002 
and 2003 and the summer months of October-November 2002. The aerosol optical thickness 
observed over Pretoria, Bethal and Marble Hall in winter 2002 was high whose values ranged 
from 0.05 to 0.7 as compared to Secunda (0.05 to 0.2). In summer 2002, Marble Hall showed 
aerosol loading of 0.09 to 0.6 above Pretoria, Secunda and Bethal (0.12 to 0.59). In winter 
2003 aerosol loadings showed fairly similar results for Sebokeng, Rustenburg and Standerton, 
with values ranging from 0.05 to 0.5. The Angström exponent parameter had a wide range of 
0.1 to 2.5. This indicates a wide range in particle sizes over the Highveld region. Data from the 
sites over the Highveld has revealed values whose calculations are derived because of the 
influences of aeolian dust, coarse mode industrial and fine aerosols. 
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SPATIAL LOADING OF AEROSOLS SPATIAL LOADING OF AEROSOLS 
OVER THE SOUTH AFRICAN OVER THE SOUTH AFRICAN 


HIGHVELD:HIGHVELD:
Identifying hot spotsIdentifying hot spots


T T BigalaBigala, S J , S J PikethPiketh, , 


Climatology Research Group, Wits UniversityClimatology Research Group, Wits University


Aim of the studyAim of the study


§§ The aim of this study was to characterize The aim of this study was to characterize 
the physical and optical properties of the physical and optical properties of 
aerosols over the Highveld region of South aerosols over the Highveld region of South 
Africa. Specifically, for purposes of this talk Africa. Specifically, for purposes of this talk 
the main objective was to establish the the main objective was to establish the 
spatial loading of aerosols over the Highveld spatial loading of aerosols over the Highveld 
region. region. 


Site locationSite location MethodologyMethodology


§§ The use of a The use of a hazemeterhazemeter
was employed during the was employed during the 
experiment. experiment. 


§§ 18 18 hazemetershazemeters were used were used 
to collect the data.to collect the data.


§§ The aerosol optical The aerosol optical 
thickness( how much light thickness( how much light 
was impeded through a was impeded through a 
certain wavelength) and certain wavelength) and 
the the ÅÅngstrngströmöm exponent exponent 
(aerosol size distribution) (aerosol size distribution) 
were calculatedwere calculated


Typical ranges for aerosol optical Typical ranges for aerosol optical 
thicknessthickness


0.250.25--0.50.5hazyhazy


>0.5>0.5Extremely hazyExtremely hazy


0.100.10--0.250.25Somewhat hazySomewhat hazy


0.050.05--0.100.10clearclear


0.030.03--0.050.05Extremely clearExtremely clear


Channel (530nm)Channel (530nm)Sky conditionSky condition


Aerosol optical characteristicsAerosol optical characteristics


1.1. A high degree of optical variability was A high degree of optical variability was 
observed over the Highveld region.observed over the Highveld region.


2.2. This is largely attributed to the This is largely attributed to the 
contributions of aerosols from locally contributions of aerosols from locally 
produced wind blown dust, industrial and produced wind blown dust, industrial and 
biomass emissions.biomass emissions.
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Discussion:Discussion:


1.1. Aerosol size measurements show that Aerosol size measurements show that 
accumulation mode particles dominate accumulation mode particles dominate 
with particle size increasing as optical with particle size increasing as optical 
thickness increases.thickness increases.


2.2. Significant amounts of aerosol were over Significant amounts of aerosol were over 
township areas, understudy.township areas, understudy.


3.3. Agricultural areas are also major sources Agricultural areas are also major sources 
of aerosols over the of aerosols over the highveld highveld region.region.


Discussion:Discussion:


4. 4. In winter there were less values of high In winter there were less values of high 
AOT, while in summer, high values were AOT, while in summer, high values were 
recorded. recorded. 


5.5. The The ÅngströmÅngström exponent ( � ) over the entire exponent ( � ) over the entire 
region (about 65.7%) was predominantly region (about 65.7%) was predominantly 
above 1 and showed significant above 1 and showed significant 
differences due to the dominance of fine differences due to the dominance of fine 
mode particles in size distribution.mode particles in size distribution.
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Mr. Albert Boehm,  Proper Verification Scores For Areal Probabiity Forecasts 
 

Mr. Albert Boehm 
Boehm Music Studio, USA 

 
 
 

 
Murphy (1973) defined a proper score as one that rewards a forecaster who honestly 
communicates their degree of belief.  Hedging is said to occur when the stated forecast does 
not correspond to this degree of belief.  Murphy was specifically addressing subjective 
probability forecasts, but the principal holds for objective automated forecasts as well as 
categorical forecasts.     The concept of a proper score can be extended in three ways.  First, 
there is an important transformation between a degree of belief and a probability.  For example, 
the belief that the 99% heaviest rain will occur generally does not correspond to a statement 
that the probability of rain over 5 cm is 99%.  This transformation corresponds to the 
probability verification term calibration.  The degree of belief ranking corresponds to 
sharpness.  A score can be proper with respect to calibration or sharpness, both, or neither. In 
one case, a forecaster could believe a 0% probability but call it 75% to improve the calibration 
score of the 70 to 80% bin which had 3 hits and no misses.    Next, Murphy used the term 
hedging to specify an undesirable characteristic.  Aside from the misstatement of degree of 
belief, hedging implies waffling, a vagueness or evasivness.  However, hedging also means to 
optimize rewards by allocating resources for diverse alternatives - a very desirable 
characteristic in decision making under uncertainty.  Instead improper influence can be used 
for a score that encourages misstatement.    Thirdly, Murphy defined a proper score with 
respect to expected value.  However, other attributes of a score can have improper influence.  
For example, a large sampling distribution can include many poor scores even with a good 
expected value.     These three effects are exacerbated in areal probability forecasts.  Locations 
in an area can have different probabilities of, say, 5 cm of rain even though the forecaster 
expects heavy rain at the 99% level over the entire area.  A score can be proper for  one type of 
coverage but improper for another.  Areas often are highly correlated which inflates the spread 
of the sampling distribution.    Ref: Murphy, A., 1973: Hedging and Skill Scores for 
Probability Forecasts, J Appl. Meteor., 12, p215-222. 



Julian Charles Brimelow,  On The Application Of Teleconnection Data To Predict The 
Severity Of The Alberta Hail Season 
 

Julian Charles Brimelow 
Department Of Earth And Atmospheric Sciences, University Of Alberta, Canada 

 
 

Alberta is prone to frequent hailstorms during the summer, and the resulting damage amounts 
to millions of dollars in insured costs annually.  It would therefore be advantageous to 
understand what processes modulate the intensity of the hail season and to then employ this 
knowledge to predict the potential severity of the hail season in advance.  To this end, we 
analyzed almost 30 years of hail data (from a dense hail observation network) together with 
composite upper-air maps to identify those large-scale atmospheric characteristics that best 
differentiated between active and quiescent hail seasons.  This analysis revealed that there were 
indeed marked and consistent differences in the summertime 500 hPa circulation regime over 
North America between active and quiescent hail seasons.  These differences were also 
reflected in other variables such as the winter snow pack.  It has been demonstrated in the 
scientific literature that the large-scale circulation over North America is modulated by 
teleconnection patterns, such as the Pacific North American oscillation, with lag times of 
several months.  Therefore, it stands to reason that knowledge of the phase and intensity of 
certain winter teleconnection indices could be utilized to predict the nature of the summertime 
large-scale circulation pattern over North America and thereby infer whether the expected 
circulation patterns will or will not be favourable for severe convection.  Correlation map 
analyses indicated that summertime circulation patterns over western North America are 
modulated, at least in part, by the Multivariate ENSO index (MEI), Pacific decadal oscillation 
(PDO) and East Pacific oscillation (EPO) with lead times of up to six months.  The 
teleconnection data were then used to identify thresholds of the MEI, PDO and EPO indices at 
specific lead times that best differentiated between active and quiescent hail seasons.    Our 
research suggests that active hail seasons typically followed La Nina winters that occurred 
concurrently with a negative phase of the PDO and EPO.  By contrast, quiescent hail seasons 
typically followed El Nino winters that occurred concurrently with a positive phase of the PDO 
and EPO.  This set of guidelines can be applied to teleconnection indices in the months leading 
up to the summer to determine the likelihood of an active or quiescent hail season.  Farmers 
could potentially use this information to decide how much crop insurance to buy.
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Paula Brown, Temperature Extremes In Southern New Zealand 
 

 Paula Brown 
University Of Otago, New Zealand 

 
 

The economy of southern New Zealand is heavily resource dependent.  Many of these 
resources are strongly influenced by climate variability, whether it be pastoral agriculture, 
horticulture, viticulture, forestry, winter and summer tourism or hydro-electricity generation.  
Southern New Zealand has some long temperature records of over 100 years, a large amount of 
climatic variability and is located in a region of the world where little climate information 
exists.  Daily minimum and maximum temperatures display a lot of variability over decades of 
measurements.  When focusing on extremes it is often difficult to distinguish errors from 
genuine outliers.  Most homogenisation methods utilise monthly means and statistical tests to 
identify inhomogeneities from reference series.  However, the stations with long records in 
New Zealand have few neighbour stations to aid identification of inhomogeneities, particularly 
for the period 1852-1970.  Periods of parallel temperature observations between station 
relocation allow compositing of temperatures using probability distribution matching methods 
of Trewin and Trevitt (1996).  The CUMSUM method of Rhodes and Salinger (1993) is also 
applied to identify inhomogeneities.  A preliminary analysis of a homogenised temperature 
series will be presented. 
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Temperatures Extremes in 
Southern New Zealand


Paula Brown (PhD Candidate, Department of Geography)
Dr Laimonis Kavalieris (Department of Statistics)


University of Otago
New Zealand


Topics covered


• Context


• Southern New Zealand Climate


• Homogeneous records


• Indices


• Changes in extremes


• Where next? 


Context


• Climate of Southern New Zealand


• Past, present, future


• Temperature database


• Frost, degree days


In Southern New Zealand the maritime climate with axial ranges 
creates distinctive regional climates over small distances


Effect of the Southern Alps (Sturman 
and Tapper,1996)


Homogeneous Series 


• Common methods use annual, seasonal and 
monthly timescales - daily difficult and few studies


• Few methods perform well in extremes of the
distribution


Indices


• Most appropriate indices?


• Fixed thresholds 


• Frequencies (5%,10%, 90%,95%)


• Minimum and Maximum







2


Changes in Extremes


• 3 Central Otago stations


• East and West coast stations


Map of station locations used in this study.Location of stations: 


Cromwell
Queenstown


Alexandra


Milford


Dunedin


Changes in Extremes


• Exceedence of quantiles


• Minimum 5% and Maximum 95%


• Normal 1971-2000


Queenstown Maximum 95% exceedences
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Queenstown Maximum 95% exceedences
Queenstown Minimum 5% exceedences
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Queenstown Minimum 5% exceedences


Cromwell maximum                    Alexandra maximum


Cromwell minimum                    Alexandra minimum Milford maximum                      Dunedin maximum


Milford minimum             Dunedin minimum


• establish changes in temperature indices


• possible SOI and IPO links 


• risk factors/management options


Where to next?
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Temperatures Extremes in 
Southern New Zealand
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John Caesar, Creation Of Long-Running, Homogeneous Daily Gridded Global 
Temperature Datasets 
 

John Caesar 
Met Office, Hadley Centre For Climate Prediciton and Research, United Kingdom 

 
and 

 
Lisa Alexander 
Simon Brown 

 
Long, homogeneous quality-controlled climate data are particularly important for the study of 
climate extremes, given that inhomogeneities caused by artificial jumps are likely to be 
detected as erroneous extreme events. For many reasons. long temporal and large spatial scale 
daily climate datasets have been available for this kind of study. We describe the creation of 
new homogeneos gridded daily maximum and minimum temperature datasets based solely on 
quality controllled station data from freely available data sources including the Global Daily 
Climatology Network (GDCN), Global Climate Observing System (GCOS) and European 
Climate Assessment (ECA). The station data were quality controlled to test for outliers and 
homogeniety and anomalities were calculated so that the data were more spatially coherent, 
particularly over regions of varying elevation. The anomalies were gridded with an angular-
distance weighting technique using correlation decay distances calculated over a number of 
latitude bands due to the seasonally and spatiallu varying pattern of inter-station relationships . 
We have produced daily maximum and minimum temperature datasets covering the period 
1950 to 2000 on a 2.5 by 3.75 degree resolution grid, with spatial patterns that are coherent and 
physically realistic in areas with suffircient data density. The results were also compared with 
the Hadley Centre atmosphere-only model, HadAM3H. Although the model displays a greater 
range the gridded observations at the extreme upper and lower ends of the distribution for some 
areas, the results are generally encouraging. 
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Creation of long-running, homogeneous 
daily gridded global temperature 


datasets


John Caesar,
Lisa Alexander & Simon Brown


Hadley Centre for Climate Prediction and Research 


Met Office, UK


9th IMSC, Cape Town, May 2004


john.caesar@metoffice.com
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Overview


n Obtaining daily data


n Data quality


n Data homogeneity


n Gridding techniques


n Comparison with modelled results
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‘Freely’ available daily data


90W 0 90E 180
90S


45S


0


45N


90N


Jamaica
Jan 2001


Morocco
Feb 2001


Brazil
Aug 2004


S. Africa
May 2004


Turkey
May 2005


GDCN GSN ECA OTHER


Stations with at least 28 years daily Tmax data 
between 1961 and 1990


All these data sources should 
become subsets of GDCN v2


Quality control –
NCDC GDCN method


n Daily values are run through a suite of 
programs and flags are assigned to potentially 
suspect values.  For temperature these are:-


– ‘F’ – failed source qc


– ‘S’ – suspect identified at source


– ‘X ‘ – exceeds world known daily extreme


– ‘O’, ‘5’,’4’,’3’ – >= 6,5,4, and 3 bi-weight standard 
deviations


– ‘K’ – streak value


– ‘I’ – internal consistency e.g Tmin > Tmax
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Results of quality control


n Pragmatic solution required 


n Remove ‘F’, ‘S’, ‘X’, ‘O’, ‘I’ and ‘K’  flags 


– shown to be generally erroneous values e.g. zero 
keyed as missing, extra digit keyed, negative keyed 
as positive


– account for about 6% of all flagged values


n Keep remaining flags but ideally compare with 
nearest neighbour values


6


Homogeneity 
n Homogeneous climate series are defined as 


ones where variations are caused only by 
variations in weather and climate.


n Inhomogeneities can be:-
– Sudden (e.g. change of instruments, observing 


practices)


– Creeping (e.g. station environment)


n All inhomogeneities can bias a time series and 
lead to misinterpretations of studied climate


n Therefore need to remove or at the very least 
identify possible error
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Homogeneity testing
n We use 4 tests (recommended by ECA*) to try and 


identify break points in data
– Standard normal homogeneity test (SNHT)


– Buishand range 


– Pettitt (non parametric rank)
– Von Neumann ratio


n Tests classify the station data as ‘useful’, ‘doubtful’ or 
‘suspect’ depending on how many of the tests reject 
the null hypothesis


n ‘Suspect’ stations rejected
n Has been found that testing annual Diurnal 


Temperature Range improves detection of breaks 
compared to using actual temperatures*.


* Wijngaard et al., 2003, Int. J. Climatol., 23, 679-692


Well documented changes at Eelde, 
The Netherlands


Source: Wijngaard et al., 2003


Introduction of 
ventilated screen


Relocation from city to airport


Change in 
sensor 
height


‘contamination’  
not visible in 
annual mean


Tests 
identify 
1950 as 
break year


Example from Eskdalemuir, south-west Scotland


3 tests out of 4 identified 1984 as 
‘break’  year = suspect


Metadata indicates no significant 
change of instrument or site location


Also, similar changes seen in 
neighbouring stations.


Decrease in 
DTR due 
to Tmin 
warming 
faster than 
Tmax


Absolute homogeneity results
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Gridding daily 
observational data


n Why grid?
– has the advantage of enabling us to compare with 


climate models (e.g. for detection and attribution 
or impacts studies) 


– BUT introduces another level of complexity and 
potential error


n For better spatial coherency we chose to grid 
the anomalies of daily temperature.


We use angular-distance 
weights for ith station, wi, 
which are defined as:


where r0 is the decorrelation 
length scale.
k sums over all stations 
within circle of influence.


Gridding method
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Black dots represent 
stations Correlation decay 


distances were calculated 
across 5 latitude bands







3


Gridded Daily Obs − 7th March 1958


180 90W 0 90E
90S


45S


0


45N


90N


Tmax anomalies (oC)


−4 −2 0 2 4


Examples of gridded daily observations


Gridded Daily Obs − July 1992


180 90W 0 90E
90S


45S


0


45N


90N


Tmax anomalies (oC)


−4 −2 0 2 4


Poor coverage over the tropics


§Now available from 1951 
to 1999.


§On 2.5 x 3.75 grid for 
comparison with Hadley 
Centre climate models.
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Monthly anomalies
Comparison of monthly anomalies with those from CRUTEM2


Red = CRUTEM2,


Black = Mean gridded daily 
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Obs v model
(a) Gridded observations
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Temperature oC
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(c) HadAM3
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(b) Gridded observations
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(d) HadAM3
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Temperature oC
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•Seasonal cycle 
and general spatial 
patterns consistent


•However we 
found that some 
differences can be 
quite large even in 
mean but 
particularly in the 
extremes 


•More agreement 
where there is 
higher station 
density


Jan


Jul


Differences can be
quite large even in 


mean


HadAM3P minus 
gridded daily 
obs percentile 
differences 
(absolute Tmax).
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Conclusions
n Creating observational datasets is not straightforward!


n Available daily data are sparse in many parts of the globe, 
especially in the tropics


n Quality control and homogeneity tests are better if not used in 
isolation i.e. metadata and neighbour checks also required


n Gridding of observational datasets is required to enable us to 
adequately compare with climate models e.g. for impacts 
studies, detection and attribution


n The question still remains as to how we best combine all 
strands of information to produce the best possible datasets
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Hong-Xing Cao,  Long Memory Of East-Asian Monsoon And Its Self-Memory Modeling 
 

Hong-Xing Cao 
Chinese Academy Of Meteorological Sciences, China 

 
and 

 
 Hui-zhong He 

 Rechard Blender 
 Neng Shi 

The observed series of East-Asian monsoon index for 1873 to 2000 are analyzed with 
statistics; its trends and climate change in different periods have been revealed too. It is shown 
that the East-Asian monsoon has been decreased since 1873, and its interdecadal change is 
significant. We focus on the decadal to centennial changes in East-Asian monsoon, which are 
connected to a long time memory of the East-Asian monsoon.    In order to understand the long 
time memory of the East-Asian monsoon, the detrended fluctuation analysis (DFA) is applied 
to the time series x(i) (i=1,..., N) of East-Asian monsoon. The departure series of x(i) are 
calculated and the integrated series of x(i) are denoted as y(k).Then y(k) is divided into 
segments of equal length s and the least-square line fitting the data in each segment, yn(k), is 
calculated. The series y(k) is detrended by subtracting the local trend yn(k), and the root-mean 
square fluctuations of the detrended series F(s) are computed. F(s) is computed for all 
'segment-size' s. If log F(s) increases linearly with log s, then the slope of the line relating F(s) 
and s in a log-log scale gives the scaling exponent ª┴.   According to the random walk theory, 
the fluctuations F(s) in a given time segment of length s are related to the autocorrelation 
function C(s). For the long time power law correlations exhibit a power spectra: C(s)~s-ª├, the 
fluctuations F(s) increase as a power law: F(s) ~ sª┴, ª┴=1ú¡1/ª├. We have computed the East-
Asian monsoon indices with the DFA, The results show that the East-Asian monsoon presents 
a long time memory; it means the East-Asian monsoon has significant persistence in the yearly 
series. For winter monsoon, ª┴=0.55, ª├=0.9; but for summer monsoon, ª┴=0.73, ª├=0.54. It is 
shown that the difference between long time memories of monsoons in winter and in summer 
is remarkable. As the weather and the climate over China and East Asia are strongly influenced 
by the East-Asian monsoon, in particularly, in summer, so the long time memory of the 
summer monsoon hints better predictability for climate change.   In order to model the change 
in East-Asian monsoon, a newly-developed time series technique, namely, the data-based self-
memory(DASM) model based on self-memory principle of dynamic system, has been used, 
with which` modeling the East-Asian monsoon indices has been made. The calculating results 
show the model is capable of simulating and forecasting the climate change in East-Asian 
monsoon. 



S Carter, Identifying General Circulation Model Biases Using Self-Organising Maps 
 

 S Carter 
Environmental and Geographical Science Department, University of Cape Town, South Africa 
 

and 
 

 Bruce C. Hewitson 
 
 

General Circulation Models (GCMs) are the major vehicle for assessing global climate change. 
However, it has been broadly acknowledged that there are many regional biases that have to be 
considered when using these models. With the use of Self Organising Maps (SOMs) one can 
characterise the types of circulation that each GCM simulates and compare these archetypal 
circulation fields to those seen in reality. Two fully coupled ocean-atmosphere GCMs were 
compared to National Centre for Climate Prediction (NCEP) data, using the later as a proxy for 
reality.  Additionally the relative frequencies for each synoptic state were compared between 
models and NCEP data, allowing for further biases to be identified. 
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Identifying General Circulation Model 


Biases using Self Organising Maps


Suzanne Carter
and Bruce Hewitson


9th International Meeting on Statistical Climatology


24-28 May 2004
Cape Town International Convention Centre


Cascade of Uncertainty


Emission Scenarios
SRES


Concentrations
Co2, methane, sulphates


Global Climate Projection
Temp, Rainfall, sea level rise


Regional Scenario


Impacts
Flooding, food security


Socio-Economic Assumptions
Future world trends


Scenarios of population, energy, 
economics


Carbon cycle and chemistry models


Coupled Global Climate Models: 
Ensembles and Models


Regional climate models


Impacts models


Debate among world leaders in many 
fields


Importance


n Uncertainty #1 cross cutting theme for AR4
n Previous work tends to assign single values 


to whole areas (eg. REA analysis)
n Currently Bayesian approach has been 


adopted by many groups to address the 
issue.


n Unfortunately with no readily available 
expertise in Bayesian theory, required a 
simpler alternative…


n With this technique hopes to look into 
regional scale uncertainties with regards to 
GCM modelling with a relatively simple 
statistical approach.


Concept


White nodes not captured by GCM


Light Blue nodes for which GCM has low frequency


Blue realistic depiction of climate by GCM


Lilac nodes for which GCM has high non-real frequency 


Maroon nodes that are non real – don’t exist in reality


Data


CSIRO Mk2 and ECHAM4 
n Daily mean data for geopotential height and 


specific humidity
n Control period of 30 years
n Expressed as Anomaly from individual model 


means. 


Compared to NCEP reanalysis data


Self Organising Maps (SOMs)


n Form of Artificial Neural Net (ANN)
n Looks at all data and finds a predetermined 


number of archetypal patterns (nodes)
n Then assigns all data entries to one of these 


nodes to which it is a closest match
n All nodes are also related in regards to their 


similarity – with those patterns that are most 
similar being closest to each other.


n The four corner nodes are intended to be the 
most unlike each other.
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850 hPa Geopotential height Frequency maps - HGT


CSIRO


ECHAM


NCEP


NCEP and CSIRO seem to 
compare relatively well whereas 
ECHAM has some bias towards 
NCEP’s low freq pattern


Specific Humidity (Blue high, Red low) Frequency maps - Q


All three models map to very 
distinct areas that do not overlap 
much, making interpretation of 
bias very difficult.


CSIRO


ECHAM


NCEP


So… where to from here?


n Standardisation of data could help in isolating 
what differences can be attributed to pattern 
changes (as means accounted for) and puts 
all data on equal playing field.


Standardised Specific humidity 
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Frequency maps – Std Shum


Easier to identify peaks in 
standardised data, but still all have 
own distinctive areas. Could this 
mean that there are too many 
patterns?


NCEP


ECHAM


CSIRO


Conclusions


n It does not seem to make any difference 
whether data is standardised or unmodified 
anomaly data.


n Also run for HGT with similar result – little 
added value.


n In any case;
Can now be sure that we are seeing pattern 
differences, isolated from those differences 
attributable to differing means and scaling 
issues.


Future work


n Look at future projections using SOMs.
n See if there is a distinct shift in frequencies 


between future and past.
n Apply appropriate weighting to model 


variables depending upon those biases 
defined in the control run.


n Most appropriate methodology for weighting 
unclear at this stage…
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Lynda Chambers, The Changing Climate Of South-Western Australia 
 

Lynda Chambers 
Bureau Of Meteorology Research Centre, Australia 

 
and 

 
Neville Nicholls 

 
In many regions of Australia there has been the suggestion that the climate has either changed 
or is in the process of changing.  This is particularly evident in the south west of Australia, 
where rainfall has decreased substantially since the mid-20th century.  In 1997 several 
Australian government agencies formed a partnership with the aim of improving management 
decisions of climate-dependent industries and environmental management, through improved 
understanding and definition of interannual and interdecadal climate variability.  Six years on, 
this paper highlights some of the key findings of this research, as well as identifying gaps in 
our current knowledge. 
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The Changing Climate of 
South-western Australia


L.E. Chambers, N. Nicholls
Bureau of Meteorology Research Centre, Australia
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Research Partners


• Bureau of Meteorology Research Centre


• CSIRO Atmospheric Research


• CSIRO Land and Water


• CSIRO Mathematical & Information Sciences


Contributing Partners


•Bureau of Meteorology, WA Region
•Dept. Environment Water & Catchment Protection
•Dept. Conservation & Land Management
•Dept. Premier & Cabinet
•Dept. Agriculture
•Water Corporation
•Fire & Emergency Services


IOCI Objectives
(Stage 1: Jan 1998 – Dec 2002)


• What has caused the decline in rainfall?
– Natural variability?


– Greenhouse effect?


– Land-use changes?


– Air pollution?


• Can we produce better seasonal forecasts 
for the southwest?


Last Quarter Century May-Oct Rain 
as Percentage of Previous 50 Years Isohyet 


plots


MJJ ASO


May- Oct
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How Surprising is the Rainfall Decrease?


34481978-1987Cranbrook P.O


8471975-1987Manjimup


55561978-1987Mount Barker


8851976-1983Perenjori


Expected 
FrequencyRun YearsStation


Changes in Extreme Rainfall


0.0003630.00083560


0.0003630.0018150


0.001290.0044840


0.001670.0054338


0.002810.0083734


0.004720.013230


Prob. (1966-2001)Prob. (1930-1965)Daily Rain (mm)


Atmospheric Circulation and Rainfall


May-July rainfall correlated with sea level pressure from 
NCEP / NCAR reanalyses (1958-2001)


Atmospheric Circulation and Rainfall
May-July Perth Airport 9am MSL pressure & rainfall SW of line between 30S, 115E & 35S, 120E
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Rainfall and the SOI


 May-July SOI & SWWA rainfall (SW of line between 30S, 115E & 35S, 120E)
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Atmospheric States


Rainfall Intensity Composite MSLP


Atmospheric States


‘Wet’ ‘Dry’


Greenhouse Effect or Natural Variability?
June-August rainfall
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Greenhouse Effect or Natural Variability?


Change in JJA surface 
atmospheric pressure
(1986-2015 to 2036-2060)


Change in JJA sea level
Pressure (1958-1975 to
1976-2001)


MODEL


OBSERVED


Greenhouse Effect or Natural Variability?
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Regional Seasonal Forecasts
• Current operational forecast system – SSTs 


to predict seasonal rainfall and temperature


• Other predictors – Antarctic Circumpolar 


Wave, Indian Ocean Dipole?


• User selected seasons, variables, leadtimes
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Skill (hits) of predictions for Manjimup - two 
category forecasts (1982-97/8)


 SST SOI ACW IOD 


May-October rain from 
April 


71 65 71 50 


Sep-Nov rain from July 59 71 65 19 


Sep-Nov mean max 
temperature from July 


41 71 41 38 


Dec-Feb rain from 
September 


44 63 75 50 


Dec-Feb mean max 
temperature from 
September 


81 63 63 63 


 


 


Predictands & lead times selected in consultation with users


 


Jarrahdale: above/below median (two-category) forecasts 


 LEPS Score Probabili ty Below Median  


Rainfall -0.90 0.449 


Jarrahdale: tercile forecasts (T1 = lowest; T2 middle; T3 highest) 


  Probability T1  Probability T2  Probability T3  


Rainfall  0.287 0.331 0.382  


Tercile forecast probabili ties for additional stations are listed below. 


 LEPS Score Probability T1  Probability T2  Probability T3  


Mingenew     
Rainfall 15.00 0.097 0.234 0.668 


Manjimup     


Rainfall 6.59 0.591 0.271 0.137 


Merredin     


Rainfall -0.22 0.271 0.328 0.401 


Lake Grace     


Rainfall 19.17 0.129 0.265 0.606 


Kalgoorlie     


Rainfall 10.46 0.062 0.187 0.751 


 


Median Forecast


TercileForecast


TercileForecasts


Targeted Forecasts


IOCI Stage 2: 2003 – 2005


P2. Model the regional 
weather pattern changes and 
develop methods to scale 
down and estimate the local 
impacts in the southwest


How will climate be affected 
by the enhanced greenhouse 
effect and other human 
influences?


2. Climate change 
projection


Research Streams and Focus
ProjectsKey QuestionsThemes


Improve the communication of climate understanding to users
Interpretation & 
communication


P3. Investigate and develop a 
range of technical 
opportunities for climate 
projection


P4. Investigate how we can 
develop and use climate 
projections effectively


What are the opportunities for 
climate projection?


How can we develop and use 
these productively?


3. Short-term climate 
projection


P1. Identify and quantify 
changes in regional weather 
patterns affecting the 
southwest since the 1970s


How is climate changing?


What is causing the change?


What is the current climate 
status?


1. Current climate 
regimes


Importance of IOCI


IOCI has raised the awareness of climate issues in 
the wider community e.g. by localizing info.


– “ local information is far more interesting to residents of WA 
and so brings them to meetings that would otherwise not 
draw them. It brings climate-related issues to the pub bar and 
the breakfast table at more than the ‘ strange weather we're 
having …’  level” . 


– R. McKellar, Conservation &  Land Management, WA Govt


Further information:


www.ioci.org.au
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Richard Chandler, Rainfall Simulation Using Generalised Linear Models 
 

Richard Chandler 
Department of Statistical Science, University College London, United Kingdom 

 
and 

 
Chi Yang 

 
We consider the problem of simulating sequences of daily rainfall at a network of sites, in such 
a way as to reproduce a  variety of properties realistically over a range of spatial scales. The 
properties of interest will vary between applications, but typically will include some measures 
of 'extreme' rainfall in addition to means, variances, proportions of wet days and 
autocorrelation structure. Our approach is to fit a Generalized Linear Model (GLM) to 
raingauge data and, with appropriate incorporation of inter-site dependence structure, to use the 
GLM to generate simulated sequences. We illustrate the methodology   using a dataset from 
southern England, and show that the GLM is able to reproduce many properties at spatial 
scales ranging from a single site to 2000km2 (the limit of the available data). Having 
established this, we explore the potential for using the GLM to generate future rainfall 
scenarios conditioned on climate model outputs.  
 



KE Chiloane,  Detection of volatile organic compounds (VOCs) from Cape Town Brown 
Haze. 
 

KE Chiloane 
University of the Witwatersrand, South Africa 

 
and 

 
 S.J Piketh 
 L.B Otter 

 
Cape Town is among the largest tourist destinations on the continent, resulting in tourism being 
projected as one of its most important economic growth sectors. But brown haze has a strong 
degrading effect on visibility which is immediately apparent to the general public and tourists. 
This “brown haze" is described as a brown-coloured smog found predominantly in the 
wintertime that occurs mostly from April to September due to strong temperature inversions 
and windless conditions that can occur during these months. This haze leads to the build-up of 
pollutants emitted into the atmosphere and is normally most intense in the morning after which 
it lifts and disperses as the day progresses. The haze is also a cause for concern to residents 
because of health risks that may accompany the visible air pollution. The project aims to 
characterise volatile organic compounds (VOCs) associated with anthropogenic adverts that 
are capable of producing photochemical oxidants by reactions with oxides of nitrogen in the 
presence of sunlight from the haze. Specific VOCs compounds to be characterised are benzene, 
toluene, ethyl benzene and xylene (BTEX). Volatile organic compounds (VOCs) samples were 
collected into canisters for GC analysis, from a South African Weather  Service (SAWS) 
research aircraft, Aerocommander 690A (ZS- JRB) from July 29, 2003 through August 26, 
2003. Airborne measurements were also carried out using Fourier Transform Infrared (FTIR) 
for both brown haze and non-brown haze days. Gas Chromatographic (GC) instrument data 
will be used to validate the FTIR data. Comparisons of these VOCs with other pollutants (e.g. 
SO2, NO2, ozone, etc) as well their transformations during the day will be investigated at 
different times of the day. In so doing, the evolution, sources, and constituents of the haze can 
be determined. 
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Detection of Volatile Organic Detection of Volatile Organic 
Compounds (Compounds (VOCsVOCs) from ) from 
Cape Town Brown HazeCape Town Brown Haze..


K.E K.E ChiloaneChiloane, L.B Otter and S.J , L.B Otter and S.J PikethPiketh


Climatology Research Group (CRG)Climatology Research Group (CRG)
University of the WitwatersrandUniversity of the Witwatersrand


Objectives of StudyObjectives of Study


•• Investigate important Investigate important VOCsVOCs within haze within haze 
layer and their variability during the day.layer and their variability during the day.


•• Investigate Investigate VOCsVOCs concentrations during concentrations during 
brown haze and nonbrown haze and non--brown haze days. brown haze days. 


•• Identify contributions from informal Identify contributions from informal 
settlements and industry.settlements and industry.


What are VOCs ?What are VOCs ?


•• Anthropogenic and natural organic Anthropogenic and natural organic 
compounds capable of producing compounds capable of producing 
photochemical oxidants by reactions with photochemical oxidants by reactions with 
oxides of nitrogen in the presence of oxides of nitrogen in the presence of 
sunlight. sunlight. 


•• BTEX Compounds BTEX Compounds characterisedcharacterised: : BBenzene, enzene, 
TToluene, oluene, EEthyl benzene and  thyl benzene and  XXyleneylene..


Sources of VOCsSources of VOCs


ØØ Petroleum fuel evaporation from refineries and vehicles.Petroleum fuel evaporation from refineries and vehicles.


ØØ Industries, household products such as disinfectants, cleaners aIndustries, household products such as disinfectants, cleaners and nd 
cosmetics.cosmetics.


ØØ BiogenicBiogenic


Health impacts of VOCsHealth impacts of VOCs


ØØ Eye, nose, and skin irritation, headaches, loss of coordination,Eye, nose, and skin irritation, headaches, loss of coordination,
nausea, damage to liver, kidney and central nervous system.nausea, damage to liver, kidney and central nervous system.


ØØ Some cause cancer in animals and humans.Some cause cancer in animals and humans.


Data and MethodologyData and Methodology
CampaignCampaign


•• Campaign Duration:Campaign Duration: 22 July 22 July -- 26 August 2003     26 August 2003     
((Winter)Winter)


•• Sampling Duration:Sampling Duration: 11--2 hours per flight2 hours per flight


•• Flight Path SelectionFlight Path Selection: Over ground: Over ground--based  based  
sites.sites.


•• Data presented:Data presented: 13 & 22 August 200313 & 22 August 2003


Study AreaStudy Area
Ground-based sites
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Meteorological ParametersMeteorological Parameters


• Wind speed and direction


• Humidity


• Mechanical turbulences


• Ambient temperature


• Solar radiation


Analytical TechniqueAnalytical Technique


Gas Chromatography (GCGas Chromatography (GC-- FID)FID)


•• Technique for separating closely related compounds.Technique for separating closely related compounds.


•• TO14 calibration standard used.TO14 calibration standard used.


InstrumentationInstrumentation


Aerocommander 690 A Canisters
Inlet probes


Gas Chromatography (GC-FID)


22 August 2003 brown haze 22 August 2003 brown haze 
episodesepisodes
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Toluene concentrations for 13 & 22 August Toluene concentrations for 13 & 22 August 
2003.2003.
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Regional BTEX concentrations over Regional BTEX concentrations over 
Cape Town.Cape Town.
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ConclusionsConclusions
(( Concentrations Concentrations -- within ranges previously within ranges previously 
found on found on urban areas, except toluene.urban areas, except toluene.


•• BTEX concentrations higher on brown haze BTEX concentrations higher on brown haze 
days.days.


•• Higher concentrations during low wind speeds.Higher concentrations during low wind speeds.


•• High variability in VOC concentrations High variability in VOC concentrations 
indicating indicating specific sources.specific sources.


RecommendationsRecommendations
•• Same time on brown haze days and nonSame time on brown haze days and non--brown brown 


haze days.haze days.


•• Same flight paths in the mornings and Same flight paths in the mornings and 
afternoons.afternoons.


•• Many samples to characterise major sources.Many samples to characterise major sources.


•• Summer campaign, to compare with winter Summer campaign, to compare with winter 
BTEX levels.BTEX levels.
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Caio Coelho, Forecast Calibration And Combination: A Simple Bayesian Approach For 
ENSO 
 

Caio Coelho 
Department of Meteorology, University of Reading, United Kingdom 

 
and 

 
Sergio Pezzulli 

Magdalena Balmaseda 
Francisco Doblas-Reyes 

David Stephenson 
This study presents a simple approach for combining empirical with raw (i.e. not bias 
corrected) coupled model ensemble forecasts aiming to provide more skillful interval forecasts 
of an ENSO index. A Bayesian normal model has been used to combine empirical and raw 
coupled model December SST Nino-3.4 index forecasts started at the end of the preceding July 
(5-month lead time). The empirical forecasts were obtained by linear regression between 
December and the preceding July Nino-3.4 index values over the period 1950-2001. Coupled 
model ensemble forecasts for the period 1987-99 were provided by ECMWF, as part of the 
Development of a European Multi-model Ensemble system for seasonal to inTERannual 
prediction (DEMETER) project. Empirical and raw coupled model ensemble forecasts alone 
have similar mean absolute error forecast skill score, compared to climatological forecasts, of 
around 50% over the period 1987-1999. The combined forecast gives an increased skill score 
of 74% and provides a well-calibrated and reliable estimate of forecast uncertainty. This 
methodology can also be extended to combine gridded equatorial Pacific SST ensemble 
forecasts from different coupled models (multimodel approach).  
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Andrew Colman, Predictions Of Lake Volta Inflow Using Statistical And Dynamical 
Seasonal Forecast Models 
 

Andrew Colman 
Met Office, Hadley Centre For Climate Prediction And Research, United Kingdom 

 
and 

 
Richard Graham 

 
 
Results of recent research at the Met Office into the use of seasonal rainfall forecasts to 
improve long-range prediction of inflow into Lake Volta, Ghana will be described. The work 
has been carried out in collaboration with the Volta River Authority (VRA), Ghana. By way of 
introduction the scientific basis for seasonal prediction will be briefly reviewed and Met Office 
systems for making routine seasonal forecasts to 6-months ahead described (a range of Met 
Office seasonal forecast products, and an introduction to seasonal forecasting, may be viewed 
at http://www.metoffice.com/research/seasonal/)    Hydro-electric power generation from the 
dam at Akasombo produces approximately 50% of Ghanas electricity and prediction of inflow 
into the lake, particularly that associated with the June to September rainy season, is a priority 
in managing subsequent use of the water resource and planning the need for supplementary 
generation from thermal power stations. The need for reliable inflow prediction has been 
enhanced by an increase in the frequency of relatively dry years since the dam was 
commissioned in 1966. VRA currently make routine inflow predictions with regression 
relationships which use preceding observations of monthly-mean catchment rainfall and river 
flow as the sole predictors, with no inclusion of predictors based on long-range forecasts of 
seasonal rainfall. New regressions equations which include input from Met Office seasonal-
range rainfall predictions for the Volta catchment have been developed and deliver substantial 
improvements on the existing methods. Seasonal forecast information used includes input from 
empirical rainfall prediction models, based on observed large-scale sea surface temperature 
predictor patterns, and also from real-time integrations of a dynamical coupled ocean-
atmosphere model (a version of the Hadley Centre climate model). The new inflow prediction 
method and its improved performance will be described.    Although currently specific to lake 
Volta, the research has scope for wider application in forecasting water availability in other 
parts of the globe where seasonal prediction skill is sufficient. In this context, a global 
assessment of prediction skill for seasonal rainfall will be presented.    
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Forecasting inflow to lake Volta, Ghana


Richard Graham, Andrew Colman, Graeme Boyce, Mike Davey, 


John Ashcroft, Malcolm Hough, Malcolm Hood, Karl Kitchen,


Met Office  UK


Acknowledgements to the Volta River Authority (VRA)
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Introduction


n Met Office has developed use of seasonal rainfall forecasts to improve 
long-range prediction of inflow into Lake Volta, Ghana


– for planning hydro-electric power generation


– example application in long-range prediction of water availability


Talk Plan:


n Introduction: background to need for inflow prediction


n Seasonal climate prediction: background, prediction methods


n Application to lake Volta catchment


– rainfall prediction


– inflow prediction (of main interest to Volta River Authority (VRA) ) 


n Global prospects for long-range prediction of water availability
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Akosombo dam:
1000MWatt hydro-electric power station
~50% of Ghana’s electricity


Limit of catchment


Lake Volta
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Annual cycle for catchment rainfall and lake 
inflow (1964-2001)
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Aims of Met Office project
Up to now, forecasts have been made at the end of June for July-


November flow using observed pre-season rainfall and flow as 
predictors.


The Met Office project aims to:


n Develop a new inflow prediction regression equation using updated 
observation record


n Improve inflow prediction by incorporating seasonal rainfall forecasts


n Generalise to “year-round” look, rather than just 5-month focus
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Seasonal Prediction: background


n The basis of our seasonal forecasts is that conditions at Earth’s surface, notably large-
scale patterns in Sea Surface Temperature (SST), impart long-term atmospheric 
predictability


– uncertainties due to “chaos” effects -> need for probabilistic approach 


n Best skill in tropics


– because: stronger link with SST, less chaos effects


n Skill is best for large-geographical scales, and for long time averages


– because: bias in weather statistics, imparted by SST, is more detectable over 
larger/longer scales


n lake Volta application is well suited to seasonal prediction


– location = tropics


– scale = Volta basin


– time averages = up to 6-months  
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Two prediction methods


n Empirical methods (regional in scope, mainly tropics)
– based on historical relationships between SST “predictor” patterns 


and observed seasonal rainfall


– eg. linear regression


– observed pre-season SST -> prediction of seasonal rainfall anomaly


n Dynamical methods (global)
– numerical representations of the ocean-atmosphere system used to 


model the physical and dynamical processes


– model initialised with current ocean and atmospheric state


– wide range of forecast variables; precipitation, temperature, wind...
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Met Office regional empirical seasonal Forecasts 
Various methods used, including linear regression


Lake Volta 
catchment
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Dynamical Predictions
www.metoffice.com/research/seasonal


n Routine global predictions to 6-
months, updated each month 


– Version of the Hadley Centre 
Climate Model (HadCM3)


– Run in a 40-member ensemble, to 
capture uncertainties in the forecast 
process


n The ensemble is used to generate 
probabilities for a range of outcomes


Probabilities for 5 equiprobable 
categories (quintiles)
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Combined empirical and dynamical system


n For the Volta forecasts, empirical and dynamical predictors are 
combined in a linear regression equation


n Regression equation developed to optimise prediction skill over 
a long series of retrospective forecasts


– rainfall forecast: 1959 - 2000 (42 years) 
– inflow forecast: 1965 – 2000 (36 years) 


00/XXXX 11


The rainfall prediction:


n Each of the 40 individual predictions are categorised into 1 of 5 bins


n Forecast probabilities are proportional to the distribution of observed 
categories for the group of years when that bin was selected by trial 
forecasts


n The average mean of the 40 sets of probabilities is then calculated 
resulting in one set of probabilities for the 5 categories (Very Dry, Dry, 
Average, Wet and Very Wet) 


tscoefficienregressiondcba _,,, =


1 2


1 2


_ _1 ... _ (1)


_ _ 40 ... _ (40)


Fcst rain a SST b SST c dynamical rain d


Fcst rain a SST b SST c dynamical rain d


= × + × + × +


= × + × + × +


Equation has the form...
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Rainfall forecast for August-December 2003, 
issued July 2003


Seasonal precipitation forecast for the  Volta lake catchment, 
August to  December 2003  


 
Issue date: 24  July 2003  
 
Summ ary: There is an enhanced probability (relatively to climatology) for the well above average 
quintile throughout the four forecast periods.  
 
 
Forecast Issue date: 24 July 2003 Probability of quintile (%) Skill (%) 
Period: wba ba a aa waa - 
August - September 5 15 15 15 50 25 
August - October 10 15 15 20 40 16 
August - November 10 15 15 20 40 14 
August - December 10 15 15 20 40 17 
Table 1: Probability forecast, w ith summary skill measure based on retrospective forecasts for 1959-
2000. 
 


Well 
below


below average above Well 
above


Climatological probability for each category = 20%
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Verification for August-October 2003
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Forecast “reliability” of well-below and well-
above categories


Sample = April May and June forecasts, 42 years


0


2 0


4 0


6 0


8 0


1 0 0


0 2 0 4 0 6 0 8 0 1 0 0


Fo re cast Pro bability


O
b


se
rv


ed
 f


re
q


u
en


cy


.
w e ll-be lo w
w e ll-abo ve


0


2 0


4 0


6 0


8 0


5 1 5 2 5 3 5 4 5 5 5 6 5 7 5 8 5 9 5


00/XXXX 15


The inflow prediction equation


n Use of ensemble mean provides a deterministic forecast (as required by VRA)


n Full ensemble will be used to develop a probabilistic forecast


1 2


_ ( )


_ _ _


..... _ ( _ 40)


Fcst iflow cumecs


a obs rain b obs river flow


c SST d SST e dynamical rain mean of


f


=
× + × +
× + × + × +


observation input


forecast input


constant


constsregressionfedcba _,,,,, =


Equation has the form...
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Verification of inflow forecasts
with and without use of seasonal forecast (SF) input


Correlation of predicted "next 3-months 
average inflow" with observed inflow
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Comparison of inflow forecast skill obtained 
with empirical and dynamical predictors


Correlation skill of June forecasts of 
July to October total inflow
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Global precipitation skill at 1-month lead (ROC score),1979-2001


March-April-May June-July-August


Sep-Oct-Nov Dec-Jan-FebDec-Jan-Feb
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Summary/conclusions
n Inflow prediction in wet season very important in planning to meet year-


round demand on electricity. 


n Empirical and dynamical seasonal rainfall predictors substantially 
improve lake Volta inflow forecasts


– Use of early season rainfall/inflow: corr ~0.3 (with updated VRA method)


– Use of early season rainfall/inflow + seasonal rainfall predictors: corr = ~0.7


n Improvement appears partly due to better prediction of “extremes” in the 
time series


n Addition of seasonal rainfall predictors enables forecasts to be made at 
least 2 months earlier than previously without loss of skill


n Good potential for making forecasts “all year round”, rather than just 
June to November


n Good prospects for similar “water availability” applications in certain 
other parts of the tropics and some “favoured” extratropical regions
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Mr Andrew Colman, Predictability Of Extreme Rainfall And Temperature Seasons From 
Cgcms As Demonstrated By The Demeter Handcasts 
 

Mr Andrew Colman, 
Met Office, Hadley Centre For Climate Prediction And Research, United Kingdom 

 
 
 
 
 

Extreme seasons for example droughts, hot summers often have a disproportionate impact on 
society and the economy. Predictions of extreme seasons by the EU funded  Demeter  project  
Coupled ocean-atmosphere Global Circulation Model (CGCM) hindcasts have been assessed 
using a variety of skill measures. Extremes are defined as the outer quint (20%) or outer decile 
(10%) of  the observed PDF.  Deterministic forecasts have been assessed using Mean Square 
Skill Scores (MSSS) and using Gerrity skill scores.       
 
Given that extremes are by definition unlikely and given the uncertain nature of seasonal 
forecasts, extreme forecasts are an ideal candidate for probability forecasts. Model output has 
been converted to probabilities using discriminant analysis and other methods and probabilities 
assessed using the Relative Operating Characteristic (ROC) measure. Skill of forecasts using 
the Met Office GLObal SEAsonal (GLOSEA) forecast  model have been compared with the 
skill of forecasts produced by combining output from 3 models  (Met Office GLOSEA, 
ECMWF and Meteo France)  and of persistence.    Extreme rainfall and temperature seasons 
have been found to be slightly more predictable than ordinary seasons on average with highest 
skill in the tropics. Examples will be shown where the 3 model forecasts perform better than 
GLOSEA and vice versa.  The dependence of  skill on extreme definition,  geographical 
location, skill measure and forecast method will also be discussed.     




00/XXXX 1


PREDICTABILITY OF EXTREME RAINFALL 
AND TEMPERATURE SEASONS FROM 
CGCMS AS DEMONSTRATED  BY THE 


DEMETER HINDCASTS


ANDREW COLMAN


MET OFFICE


EXETER, UK


www.metoffice.com
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CONTENTS


n 1. Met Office seasonal forecasting system summary


n 2. Methods of Assessment


n 3. Assessments of deterministic predictions using MSS 
and Gerrity skill measures 


n 3.Asessments of probability forecasts using ROC


n 4.Reliablility of probability forecasts


n 5.Probability forecast skill for selected regions.


n 6. Summary and future plans
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FORECAST DATA


n Trial forecasts from Coupled Ocean-Atmosphere Global 
Circulation Models produced as part of the DEMETER project


n (Development of a European Multimodel Ensemble system for 
seasonal to inTERannual prediction, see 
www.ecmwf.int/research/demeter for more information) 


n A group of Models are run for 6 months starting Feb 1,May 1,August 1 and 
November1 


n Each model is run as an Ensemble of 9 members
n Trial forecasts are for 1959-2000


n Main focus for this presentation is performance of the Met 
Office GloSea (Global-Seasonal) forecast model    


n GloSea is compared to  ECMWF and METEO-FRANCE model
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VERIFICATION DATA


n Precipitation Observations:
n Global Precipitation Climatology Project (GPCP2) Dataset


n A Globally complete monthly rainfall database for 1979-present made using 
guage and satellite data


n Blended with the CRU gridded rainfall dataset produced by Mike Hulme


n CRU dataset is based on land guage observations from 1900-1998


n CRU and GPCP data are blended to produce a dataset for 1960-2000


n 2 Metre temperature Observations:
n Climate Research Unit, University of East Anglia  CRU TS2.0  Dataset


n A Global half degree monthly temperature database for 1901-2000 
produced by Dr T Mitchell
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Deterministic Forecasts
n 9 Deterministic or point forecasts are produced for each gridpoint by the 


ensemble  (mf) 
n These forecasts are corrected for bias in model forecast mean and 


variance using a jackknife technique. For a given year’s forecast, the mean 
and variance of model forecasts  (Amf, 


�


mf) and corresponding observations 
(Aobs, 


�


obs) for the remaining years are calculated. 


n The following correction is made to the model forecast (mf)
n Corrected Forecast f= Aobs + (mf-Amf) x �


obs/
�


mf


n f is assessed using Mean Square Skill Score


n f is converted into decile or quint category and assessed using the Gerrity


score. Note the 2 category Gerrity score is used
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MSS and GERRITY Assessments
n MSS (Mean Skill Score) = 1-1/sum of mean square errors and is a WMO 


recommended score 


n Gerrity Scores are the 2 category form
n (Gerrity=1/f  x no. correct forecasts – no. misses – no. False alarms + f x no. Correct rejections)


n Assessments are made of 3 month running seasonal means


n MSS and GERRITY skill calculated for every grid box and every season 
(73 x 96 x 4 x 4 =  112128 values)


n Skill evaluated for (a) Outer decile forecasts (forecasts in the highest or 
lowest 10th of the PDF and, (b) Middle decile forecasts. (forecasts in the 
other 8 deciles 


n Skill scores calibrated using Monte Carlo experiments. Forecasts and 
observations are replaced with the same number of random numbers and 
skill values for all data and for extremes are calculated in the same way.  
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Significance of MSS & Gerrity skill
n 25000  Monte Carlo experiments used to determine 80%, 90% 95% 99% 


99.5 and 99.9% level thresholds for the hypothesis 
n “MSS/Gerrity skill is significantly greater than zero”


n Skill is measured by the number of gridboxes with MSS/Gerrity skill 
exceeding the appropriate significance threshold for 4 regions


n Globe


n 2) Europe 35-62.5N,  11.25W-26.25E


n 3) North America   22.5-55N, 123.75-60W
n 4) Tropics 20N-20S     


n By doing this we can accurately compare the skill of extreme season 
forecasts with the skill of  forecasts generally    
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% of Gridboxes where GloSea precipitation forecasts have 95% significant MSS
skill. Solid: Outer decile forecasts. Dashed: Middle (8) decile forecasts.


(plotted against forecast lead time in months)


n
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% of Gridboxes where GloSea precipitation forecasts have 95% significant 
Gerrity skill. Solid: Outer decile forecasts. Dashed: Middle (8) decile forecasts.


(plotted against forecast lead time in months)


n
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Probability Forecasts
n Probability forecasts are produced using linear discriminant


Analysis
n Discriminant forecasts are rather like regression in that a historical 


database of predictor values and predictand categories is used to produce 
an equation. Predictor values are substituted into the equation to produce 
probabilities of an event .


n Discriminant equations are calculated by estimating the pdf of predictor 
values associated with the event to be predicted (e.g. a wet rainfall 
season). The prediction equations are calculated from the PDF using 
Bayes theorem.  


n Forecasts are made in jackknife mode and correct for any model bias 


n Probability forecasts are assessed using ROC 
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Multi-Model Forecasts


n Probability forecasts are produced by a univariate discriminant
equation where the sole predictor is the GloSea prediction.


n For comparison, Probability forecasts are also made using a 3 
variable discriminant equation.


n Where the predictors are co-located output from the GloSea, 
ECMWF and Meteo-France models.


n A third set of predictions are also assessed where the sole predictor 
is the precipitation (or 2M temperature) observed in the season 
prior to forecast. This is referred to as persistence. 
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Percentage of gridboxes with  95% significant or higher  Precipitation forecast 
ROC skill  (Solid: GloSea forecasts of For extreme deciles,; dotted: Multi-Model 


forecasts of extreme deciles; dot-dash Persistence ; dashed: GloSea forecast for 
middle 8 deciles). (plotted against forecast lead time in months)
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Percentage of gridboxes with  95% significant or higher Precipitation forecast 
ROC skill  (Solid: GloSea forecasts of For extreme quints,; dotted: Multi-Model 


forecasts of extreme quints; dot-dash Persistence ; dashed: GloSea forecast for 
middle 3 quints). (plotted against forecast lead time in months)
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Percentage of gridboxes with  95% significant or higher 2M Temperature
forecast ROC skill  (Solid: GloSea forecasts of For extreme deciles,; dotted: Multi-


Model forecasts of extreme deciles; dot-dash Persistence ; dashed: GloSea
forecast for middle 8 deciles). (plotted against forecast lead time in months)
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Percentage of gridboxes with  95% significant or higher 2M Temperature
forecast ROC skill  (Solid: GloSea forecasts of For extreme quints,; dotted: Multi-


Model forecasts of extreme quints; dot-dash Persistence ; dashed: GloSea
forecast for middle 3 quints). (plotted against forecast lead time in months)
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Reliability of discriminant probability forecasts of precipitation outer deciles 
using GloSea output
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Reliability of discriminant probability forecasts of 2M temperature outer quints
using output from GloSea, ECMWF and Meteo-France models
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Reliability of ensemble probability forecasts of precipitation outer deciles using 
output from GloSea
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Example discriminant probability forecast for an extreme (rainfall) season
for JJA 2004


n
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Summary
n 1. The skill of  extremes season forecasts have been measured using  


MSS, Gerrity , ROC and Brier skill measures and compared with overall 
skill


n Extreme forecasts are more skilful than forecast generally.


n Model skill clearly exceeds that of Persistence.


n FUTURE PLANS


n 1. Use CCA to project and downscale Model forecast fields  


n 2. Investigate links with ENSO to explain skill


n 3. Apply similar assessments to other variables eg Rain days, Absolute 
maximum temperatures.


n 4. Add Probability forecasts for extremes to the Met Office seasonal 
forecast product


n





CCRM User
File Attachment
A. Colman.present(2).pdf



Claire Davies, Towards High-Resolution Probabilistic Climate Predictions 
 

Claire Davies 
School of Geography and the Environment, University Of Oxford, United Kingdom 

 
and 

 
Mark New 
Myles Allen 

Dave Stainforth 
 

There are two key limitations to the use of General Circulation Model (GCM) predictions for 
climate change impact assessment: uncertainties in model physics and the relatively coarse 
spatial scale of GCM data.  We describe a project that will provide a solution to these 
limitations by making use of data from new efforts in quantifying GCM uncertainties, the 
ClimatePrediction.net (CPdN) project, in order to generate high-resolution probabilistic climate 
change predictions.  The project will embed empirical downscaling software within the 
HadCM3 GCM that is running in large-ensemble climate change experiments, distributed 
through the internet on individual 'volunteer' PCs under the CPdN project.  The software will 
analyse diagnostic fields 'on the fly' to generate and archive time series of predictor variables 
for the downscaling algorithm.  The predictor variables will be returned for archive on CPdN 
sever nodes, for later input into the downscaling algorithm to generate downscaled predictions 
for each CPdN run (potentially many tens of thousands of predictions).  The downscaled 
predictions can then be analysed to generate probability distributions for key surface climate 
variables.
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R D Diab, Synthesis of recent tropospheric ozone research over Africa 
 

R D Diab 
University of Kwazulu-Natal, South Africa 

 
 
 
 

A number of large field experiments (for example, SAFARI-92, SAFARI-2000, EXPRESSO) 
have taken place over the last decade or so. Routine ozone profiling as part of the SHADOZ 
ozonesonde network takes place at Irene and Nairobi, and aircraft measurements in the 
MOZAIC programme have contributed both upper tropospheric data and profile data at 
selected airports.  Chemical-transport and trajectory modelling have also increased our 
understanding of the relative strength of sources and atmospheric dynamics. The purpose of 
this paper is to synthesize these research results from a variety of sources to present an 
overview of the key characteristics of tropospheric ozone over Africa. 
 
Attention is drawn, in the first instance, to the importance of Africa as a continent with a large 
land mass in the tropics and a rich and diverse mix of sources of ozone precursor gases. 
Highlighted are the contrasts in ozone concentration between east and west Africa and inter-
hemispheric differences, the build-up of ozone due to re-circulation in the subtropical 
anticyclone, the concept of a giant natural photochemical reactor over central and southern 
Africa and the significance of inter-continental transport to and from the continent 
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COMBUSTION OF COAL AT WITBANK 
 

T S Dlamini 
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Atmospheric pollution associated with coal mining activities results mainly from combustion 
processes. Spontaneous combustion is one of the most prevalent and serious causes of coal 
fires. It is a process in which an oxidation reaction occurs without any externally applied heat 
from a spark, such that temperature rise is due to the coal’s heat release through chemical 
reaction (Querol, et. al., 1998). This incomplete combustion of coal is known to generate 
poisonous gases (LeRoux, 1972). 
 
Characterizing and quantifying these emissions, which are the main aim of this research, are 
important steps in air quality monitoring. Gases to be measured are nitrogen oxides, sulphur 
dioxide, hydrogen sulphide, carbon monoxide, carbon dioxide, ozone and volatile organic 
compounds. These gases are to be captured using a caravan monitoring station with 
instruments, within the premises of the Kleinkopje Colliery. Meteorological parameters (wind 
velocity, wind speed, temperature profile, relative humidity, pressure, rainfall and solar 
radiation) will also be measured at ground level and this will enable the daily transformations 
of the pollutants to be determined. 
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Analysis of Gaseous Emissions from 
Spontaneous Coal Combustion at the 


Kleinkopje Colliery (Witbank)


By
T. Dlamini, S. Piketh and L. Otter 


Introduction


l The South African Highveld accounts for about 90% 
of South Africa’s dust, SO2 and NO2 emissions.


l Sources of pollutants in the highveld are mainly 
power stations, motor vehicles, domestic 
combustion, industries, veld burning and discard 
coal dumps.


l Coal is the major energy source produced in South 
Africa.


Introduction cont’d


l Atmospheric pollution associated with coal mining is 
mainly from combustion processes.


l Spontaneous combustion of coal causes fires, which 
emit CO2, CO, NOx, SO2 and other emissions 
associated with incomplete combustion.


l Few studies have however been done to monitor 
pollutants from such fires.


Objectives of Study


l Measure ambient concentrations of selected gases 
arising from spontaneous combustion in the mine.


l Use meteorological data to determine the sources 
and distribution of the gases and how these weather 
elements affect pollutant concentrations.


l Determine seasonal variations in the atmospheric 
concentrations of the gases (winter and summer). 


Study site


l The study was carried out at the Kleinkopje
colliery in Witbank, which is located at 
latitude 25.90 south and longitude 29.220


east.


Location of monitoring station


Courtesy: Erol Harvey, Kleikopje Colliery
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Spontaneous combustion at the 
mine


Methods


l Summer campaign: 16 
February-09March 2004


l Winter campaign: 1-30 June 
2004


l Two automated 
meteorological stations were 
erected:


– One in December 2003 on 
top of a mine dump


– Another in February 2004, 
next to the mobile 
monitoring station (caravan)


Methods cont’d


l Monitoring station was set 
up on 16th February to take 
continuous measurements 
of gases.


l Gases measured were: CO, 
CO2, SO2, NOx, H2S, O3 


and VOCs.


Instrumentation in caravan


CO2 analyzer
SO2 analyzer


Results


l SO2, NO2 and O3 results are presented.


NO2 & O3 concentration variations with 
time of day
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SO2 & O3 concentration variations with 
time of day
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Measured concentration averages for 
Feb-March


Gas Measured 
concentration 
averages (ppb) 


Documented 
concentration 
averages in ppb 
(Held, et. al., 
1996) 


SO2 7.0 40 
O3 5.0 9 
NO2 40 20 


 


Conclusion


l NO2 concentrations measured during 
summer campaign were higher than average 
for the region.


l However, SO2 and O3 average 
concentrations were lower.


l Rainy days had low pollutant concentrations.
l High wind speed also resulted in low 


atmospheric concentrations of pollutants.


Future work


l Data analysis of other gases including the 
VOCs for summer campaign.


l Use of meteorological data to determine 
pollutants produced directly from 
spontaneous combustion.


l Conduct winter campaign. 
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Dietmar Dommenget, A Cautionary Note On The Interpretation Of Eofs 
 

Dietmar Dommenget 
Leibniz-Institut Für Meereswissenschaften, Germany 

 
and 

 
Mojib Latif 

 
 

EOF and rotated EOF analyses are widely used tools in climate research. In recent years there 
have been several cases in which the EOF- or rotated EOF analyses were used to identify 
physical modes. These are the ``tropical Atlantic'' and the ``tropical Indian Ocean SST dipole'' 
modes and the different modes of the Northern Hemisphere winter surface air pressure 
variability. Here we would like to discus the problems in interpreting these statistically derived 
modes as physical modes. By constructing an artificial example we shall show that the patterns 
derived from EOF- or rotated EOF analysis can lead to misinterpretations. This study should be 
seen as a cautionary note to highlight the pitfalls which may occur when using the EOF or 
rotated EOF techniques. 
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A Cautionary Note on the Interpretation of EOF


by 
Dietmar Dommenget 


A Cautionary Note on the Interpretation of EOF


by 
Dietmar Dommenget 


� Introduction/ Motivation
� Examples of observed EOFs
� A simple artificial example
� Conclusions
� The Indian Ocean Dipole mode


Dommenget and Latif (2002): A Cautionary Note on the Interpretation of EOF. J. Climate
Dommenget and Latif (2003): Reply to Comments of Behera et al.  J. Climate


Introduction /Motivation


Statistical analysis as EOF/SVD, VARIMAX or regressions are used to 
identify potential physical Modes.


Depending on the method used people come up with different Modes of 
Variability.


Open questions:


What are the 'potential physical mode' of variability ?


How can we interpret the modes derived from statistical analysis?


Can we interpret the modes derived from statistical methods at all?


Introduction /Motivation
What are the 'potential physical modes' of variability?


Mode:= 1.) A spatial pattern with a coherent time evolution
2.) Different modes have uncorrelated time evolutions


Statistical analysis methods have certain criteria to present the variability in modes:


EOF:
� Pattern are orthognal in space
� 1. pattern with the maximal variance -> hierarchy of modes
� Uncorrelated time evolution


VARIMAX:
� Pattern maximize spatial 'simplicity' (localization)
� Uncorrelated time evolution


Regressions:
� Patterns are a subjective choice
� Correlated time evolution


(P. Chang et al. 1997 Nature ) Times cited: 122 


Tropical Atlantic SST 


(Saji et al. 1999 Nature ) Times cited: 159


Tropical Indian Ocean SST 
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(Thompson and Wallace 1998 GRL) Times cited: 482


Northern Hemisphere SLP Common structure of the examples


� The 'physical'  mode of variability are identical to EOF-modes


� They are very popular within the climate community


� They cannot be found in simple box-regressions


? ? ?
Storch and Zwiers: 


“ Interpretation: ... . While it is often possible to clearly associate  the 
first EOF with a known physical process, this is much more difficult with 
the second ( and higher order) EOF because it is constraint to be 
orthogonal to the first EOF. However, real-world processes do not need 
to be orthogonal patterns or uncorrelated indicies. In fact the patterns 
that most efficiently represent variance do not necessarily  have anything 
to do with the underlying structure”


An artificial example
The definition of the artificial example


the time evolution  is uncorrelated


The advantage of this artificial example:


� just 3-dimensions


� 'potential physical modes' are known by 
construction


� CV well-defined -> NO statistical 
uncertainties 


An artificial example
The definition of the artificial example


the time evolution  is uncorrelated


The advantage of this artificial example:


� just 3-dimensions


� 'potential physical modes' are known by 
construction


� CV well-defined -> NO statistical 
uncertainties 


An artificial example
The definition of the artificial example


the time evolution  is uncorrelated


The advantage of this artificial example:


� just 3-dimensions


� 'potential physical modes' are known by 
construction


� CV well-defined -> NO statistical 
uncertainties 


An artificial example
The definition of the artificial example


the time evolution  is uncorrelated


The advantage of this artificial example:


� just 3-dimensions


� 'potential physical modes' are known by 
construction


� CV well-defined -> NO statistical  uncertainties 
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An artificial example


Physical 
modes


Regressions


An artificial example


Physical 
modes


Regressions


EOFs


An artificial example
Discussion of EOFs:


� EOF modes  do not 
look like the physical 
modes


� EOFs are over 
simplified modes


� PCs are a super 
position of many 
physical modes


� Dipole syndrome


Conclusions


� EOF modes  are not physical modes


� EOFs  over simplify the variability


� PCs are a super position of many physical 
modes


� Dipole syndrome


I  m very sceptical if any of the examples of 
observed EOF-modes discussed in this talk 
represent anything close to a physical mode of 
variability


A good strategy


Develop a hypothesis for the 'potential physical 
modes' of variability based on:


� EOFs
� VARIMAX patterns 
� and  local regressions


Develop a null hypothesis of how the EOFs 
would look like if the variability is only 'noise'.
Than reject this null hypothesis.


Comments & Reply to the Indian Ocean dipole Mode


Behera et al. 2003  Comments:
“ Abstract: This comment confirms the existence of the Indian Ocean 
Dipole (IOD)  as a physical entity and demonstrates the fallacy in 
Dommenget and Latif (2001). ...”


How can we test the two apparently contradicting hypothesis?
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Comments & Reply to the Indian Ocean dipole Mode Comments & Reply to the Indian Ocean dipole Mode


Comments & Reply to the Indian Ocean dipole Mode Comments & Reply to the Indian Ocean dipole Mode


Comments & Reply to the Indian Ocean dipole Mode Comments & Reply to the Indian Ocean dipole Mode


How do you remove the ENSO response?


Behera et al. 2003  Comments: take out the EOF-1


Dommenget and Latif 2003, Reply: EOF-1 is not the ENSO response
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Comments & Reply to the Indian Ocean dipole Mode


Baquero and Latif  2002: On dipole-like variability in the tropical Indian Ocean ( J. Climate )    


Comments & Reply to the Indian Ocean dipole Mode


Baquero and Latif  2002: On dipole-like variability in the tropical Indian Ocean ( J. Climate )    


Comments & Reply to the Indian Ocean dipole Mode


Behera et al. 2003  Comments:
“ Abstract: This comment confirms the existence of the Indian Ocean 
Dipole (IOD)  as a physical entity and demonstrates the fallacy in 
Dommenget and Latif (2001). ...”


Dommenget and Latif 2003, Reply: 
No indication of an Indian Ocean Dipole mode,  independent  of the 
tropical Pacific ENSO, based on the statistics of observed SST.


Null Hypothesis for climate variability: Noise


Steady state Diffusion Noise-Forcing


Null Hypothesis for climate variability: Noise


Steady state Diffusion Noise-Forcing


=> 


=> the statistics of the T field is defined by: 
� the decorrelation length
� the variance


=> we can define the Covariance Matrix
=> the EOF/SVD modes


Null Hypothesis for climate variability: Noise


Steady state Diffusion Noise-Forcing
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Tropical Atlantic SST 
Null Hypothesis


Noiseobserved


Tropical Indian Ocean SST 
Null Hypothesis


Noiseobserved


Pacific SST 
Null Hypothesis


Noiseobserved


The End
Thank you!
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C.B. Du Preez, Classification of the synoptic conditions over the South Western Cape 
during the ripening period of grapes (February 1996 - 2000) 
 

C.B. Du Preez 
ARC-Institute for Soil, Climate and Water,  South Africa 

 
and 

 
 V.M.F. Bonnardot 

 V.A. Carey 
 

A preliminary study of the daily weather situations was performed for South Africa and for 
February months (ripening period of the grapes in the Western Cape), similar to the synoptic 
classification realized for the temperate latitudes in France (Van Jones & Davis, 2000), in order 
to study the relationships between climate and viticulture at lower latitudes.  Daily weather 
bulletins of the South African Weather Service (SAWS) and surface data observed at Cape 
Town International Airport by the SAWS were used. The synoptic weather patterns were 
classified in four main patterns, namely: the ridging of the Atlantic Ocean High over the 
western parts of South Africa, the passing of a cold front over the Western Cape, the 
dominance of the interior trough, and the ridging of the Indian Ocean High over the Eastern 
parts of South Africa. Of these four classifications, two are applicable in the Western Cape, 
namely the ridging Atlantic Ocean High and the cold front. The Atlantic Ocean High occurs on 
42% of the days in February over the five seasons (1996-2000) used for the classifications, 
whilst the cold front occurs on 24% of the days. The occurrence of the Atlantic Ocean High 
varies between 64% (1998) and 32% (1999). Comparing these occurrences with previous 
research on the influence of vintage (meso-climate) on wine aroma (Carey et al., 2000), it was 
found, for instance, that warmer conditions in 1998 resulted in predominant tropical fruit 
aromas in the Sauvignon Blanc wines, and tree fruit aromas in Chardonnay wines. To 
conclude, it is important to broaden this research to include the whole season because one 
viticultural stage will influence the others. 
 
Carey V.A., V.M.F. Bonnardot, A. Schmidt & J.C.D. Theron (2000). The interaction between 
vintage, vineyard site (meso-climate) and wine aroma…South Africa (1996-2000). O.I.V. Bull. 
(2003) Vol. 76, no863-864., 4-29. 
 
Van Jones G. & R.E. Davis (2000). Climate influences on grapevine phenology, grape 
composition and wine production and quality for Bordeaux, France. Am. J. Enol. Vitic., Vol. 
51. No3., 249-261. 



FA Engelbrecht, THE NEW CLIMATE OF SOUTHERN AFRICA 
 

FA Engelbrecht 
University of Pretoria, South Africa 

 
and 

 
 L RAM  

 
In this paper it is hypothesised that the climate of Southern Africa is steadily settling into a new 
dynamical mode in response to Global Warming. In the new climate, mid-level high-pressure 
systems will become well established over the eastern part of the subcontinent in summer.  
Regions under the direct influence of subsidence underneath these systems (north-eastern 
South Africa and Zimbabwe) will generally experience drier conditions. In contrast, regions to 
the north of these highs (Mozambique and Zambia) will experience wetter conditions, since 
they will be under the influence of stronger easterly winds. Stronger moisture advection around 
the mid-level highs will cause rainfall to increase over the central to western and southern 
interior of South Africa. Since these highs will intensify as Global Warming intensifies, the 
associated cloud bands (and rainfall) are expected to be gradually displaced further and further 
to the west and south. Upper air troughs from the mid-latitudes will simultaneously be forced 
to follow more southerly tracks. As the present-day synoptic scale systems settle into their new 
average positions, certain regions may experience wetter conditions, which will change to drier 
conditions on a time scale of decades! The changes described above are theorised to be driven 
by stronger convection in the greenhouse-warmed Tropics. The excess mass that ascends over 
the Tropics eventually descends over the eastern subcontinent, in this way causing 
anomalously strong mid-level highs. Winter patterns a hypothesised to undergo similar 
changes, which are also discussed in the paper.   
 
Simulations of climate change by two high-resolution regional climate models (DARLAM and 
C-CAM), forced by fully coupled Ocean-Atmosphere General Circulation models (AOGCMs) 
have been instrumental in formulating this theory. These model results are discussed in detail 
in the paper. 
 
Acknowledgements 
Many thanks to Dr John McGregor, Prof. Hannes Rautenbach and Christien Potgieter for 
numerous interesting discussions about modelling and climate. 
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The Atmospheric Model Intercomparison Project (AMIP)  provides a standard experimental 
protocol for running global  atmospheric general circulation models (AGCMs). This kind of  
project is designed with the goal of assessing the  inter--model variability of climate prediction, 
because the  AGCMs are run considering common boundary conditions.  Based  on 16 models 
run under the AMIP2 standard protocol, this  work estimates the predictability of precipitation 
over the  Mediterranean Basin.    The main idea behind this work is to quantitatively evaluate  
the predictability of precipitation in a region of interest,  considering the joint errors derived 
from the use of  state-of-the-art AGCMs and downscaling methods. This may  yield an 
indication of the potential predictability that can  be achieved under climate change scenarios.    
AGCMs do not correctly reproduce precipitation, thus, only  large scale fields (namely, SLP) 
are directly taken from the  multi--model output.  Precipitation is then obtained by  means of 
statistical downscaling of the model results.  Linear (based on Canonical Correlation Analysis) 
and  non-linear (based on analogs) statistical downscaling  techniques are used.    Since we are 
concerned with the analysis of second-kind  predictability, Probability Density Functions 
(PDFs) of  precipitation for the target region are calculated for the  direct output from the 
models, the downscaled precipitation,  the 'mean model' downscaled precipitation and several  
observed precipitation datasets. 



C Ferro, A Survey of Statistical Methods For Climate Extremes 
 

C Ferro 
Climate Analysis Group, Department of Meteorology, The University of Reading, Reading, 

United Kingdom 
 

 
 
 
 

Extreme weather events take many forms and a variety of techniques are useful for 
determining their statistical properties.  I shall focus on methods from the field of extreme-
value theory.  The survey will review classical methods that are popular in climate research, 
assess the scope for applying more elaborate methods, and propose areas for future 
methodological development.  Methods will be illustrated using data from the European 
regional climate modelling experiment PRUDENCE. 
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A Survey of Statistical Methods for  
Climate Extremes


Chr is Fer ro


Climate Analysis Group


Depar tment of Meteorology
University of Reading, UK


9th International Meeting on Statistical Climatology, Cape Town, 26 May 2004


Overview


Climate extremes
– Aims and issues
– PRUDENCE project


Extreme-value theory
– Fundamental idea
– Spatial modelling
– Cluster ing


Concluding remarks


Aims and Issues


Descr iption
– Statistical proper ties


Compar ison
– Space, time, model, obs


Prediction
– Space, time, magnitude


Non-stationar ity
– Space, time


Dependence
– Space, time


Data
– Size, inhomogeneity


PRUDENCE


European climate


Control 1961–1990
Scenar ios 2071–2100


10 high-resolution, limited 
domain regional GCMs


6 dr iving global GCMs


Fundamental Idea


Data sparsity requires efficient methods


Extrapolation must be justified by theory


Probability theory identifies appropr iate models


Example: X1 + … + Xn →→→→ Normal
max{X1, …, Xn} →→→→ GEV


Spatial Statistical Models


Single-site models


Conditioned independence: Y(s' , t)    Y(s, t) | θθθθ(s)
– Deterministically linked parameters
– Stochastically linked parameters


Residual dependence: Y(s' , t) Y(s, t) | θθθθ(s)
– Multivar iate extremes


– Max-stable processes


⊥/


⊥
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Generalised Extreme Value (GEV)


Block maximum Mn = max{X1, …, Xn} for  iid Xi


Pr(Mn ≤≤≤≤ x) ≈≈≈≈ G(x) = exp[–{1 + γγγγ (x – αααα) / ββββ}–1/ γγγγ ] for  large n


5


1=n


20 100


Single-site Model


Annual maximum Y(s, t) at site s in year t


Assume Y(s, t) | θθθθ(s) = (αααα(s), ββββ(s), γγγγ(s)) iid GEV(θθθθ(s)) for  all t


m-year return level satisfies G(ym(s) ; θθθθ(s)) = 1 – 1 / m


Daily max 2m air  temperature (ºC) at 35 gr id points over  
Switzer land from control run of HIRHAM in HadAM3H


Temperature – Single-site Model


αααα ββββ


y100γγγγ


Generalised Pareto (GP)


Points (i / n, Xi), 1 ≤≤≤≤ i ≤≤≤≤ n, for  which Xi exceeds a high 
threshold approximately follow a Poisson process


Pr(Xi – u > x | Xi > u) ≈≈≈≈ (1 + γγγγ x / ββββu)–1/γγγγ for  large u


Deterministic L inks


Assume Y(s, t) | θθθθ(s) = (αααα(s), ββββ(s), γγγγ(s)) iid GEV(θθθθ(s)) for  all t


Global model θθθθ(s) = h(x(s) ; θθθθ0) for  all s
e.g. αααα(s) = αααα0 + αααα1 ALT(s)


Local model θθθθ(s) = h(x(s) ; θθθθ0) for  all s ∈∈∈∈ N(s0)


Spline model αααα(s) = h(x(s) ; αααα0) + δδδδ(s) for  all s


Temperature – Global Model


αααα(s) = αααα0 + αααα1ALT(s)
αααα0 = 31.8ºC (0.2)


αααα1 = –6.1ºC/km (0.1)
p = 0.03
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Stochastic L inks


Model l(θθθθ(s)) = h(x(s) ; θθθθ0) + Z(s ; θθθθ1), random process Z


Continuous Gaussian process, i.e.


{Z(sj) : j = 1, …, J } ~ N(0, ΣΣΣΣ(θθθθ1)),  ΣΣΣΣjk(θθθθ1) = cov{Z(sj), Z(sk)}


Discrete Markov random field, e.g.


Z(s) | {Z(s') : s' ≠≠≠≠ s} ~ N(µµµµ(s) + ΣΣΣΣ δδδδ(s, s'){Z(s') – µµµµ(s)}, σσσσ2)
s' ∈∈∈∈N(s)


Stochastic L inks – Example


Model αααα(s) = αααα0 + αααα1 ALT(s) + Zαααα(s | aαααα , bαααα , cαααα)
log ββββ(s) = log ββββ0 + Zββββ(s | aββββ , bββββ , cββββ)


γγγγ(s) = γγγγ0 + Zγγγγ(s | aγγγγ , bγγγγ , cγγγγ)


cov{Z*(sj), Z*(sk)} = a*
2 exp[–{b*  d(sj , sk)}c*]


Independent, diffuse pr iors on a*, b*, c*, αααα0, αααα1, ββββ0 and γγγγ0


Metropolis-Hastings with random-walk updates


Temperature – Stochastic L inks
αααα0 αααα1
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Multivar iate Extremes


Maxima Mnj = max{X1j, …, Xnj} for  iid Xi = (Xi1, …, XiJ)


Pr (Mnj ≤≤≤≤ xj for  j = 1, …, J ) ≈≈≈≈ MEV for  large n


e.g. logistic Pr (Mn1 ≤≤≤≤ x1, Mn2 ≤≤≤≤ x2) = exp{–(z1
–1/φφφφ + z2


–1/φφφφ)φφφφ}


Model {Y(s, t) : s ∈∈∈∈ N(s0)} | {φφφφ, θθθθ(s) : s ∈∈∈∈ N(s0)} ~ MEV


Temperature – Multivar iate Extremes


Assume Y(s, t) ⊥⊥⊥⊥ Y(s' , t) |
Y(s0, t) for  all s, s' ∈∈∈∈ N(s0)


and locally constant φφφφ


φφφφ
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Max-stable Processes


Maxima Mn(s) = max{X1(s), …, Xn(s)} for iid {X(s) : s ∈∈∈∈ S}


Pr {Mn(s) ≤≤≤≤ x(s) for  s ∈∈∈∈ S} ≈≈≈≈ max-stable for  large n


Model Y* (s, t) = max{r i k(s, si) : i ≥≥≥≥ 1} where {(r i , si) : i ≥≥≥≥ 1} 
is a Poisson process on (0, ∞∞∞∞) ×××× S


e.g. k(s, si) ∝∝∝∝ exp{ – (s – si)'  ΣΣΣΣ(θθθθ1)
–1 (s– si) / 2}
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Precipitation – Max-stable Process


Estimate Pr{Y(sj , t) ≤≤≤≤ y(sj) for  j = 1, …, J }


Max-stable model 0.16
Spatial independence 0.54


R
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*


Cluster ing


Extremes can cluster  in stationary sequences X1, …, Xn


Points i / n, 1 ≤≤≤≤ i ≤≤≤≤ n, for  which Xi exceeds a high threshold 
approximately follow a compound Poisson process


Zur ich Temperature (June – July)


Extremal Index


Threshold Percentile


Pr(cluster  size > 1)


Threshold Percentile


Review


Linking efficiency, continuous space, descr iption,
interpretation, bias, expense compar ison


Multivar iate discrete space, model choice, descr iption
dimension limitation


Max-stable continuous space, estimation, prediction
model choice


Future Directions


Wider  application of EV theory in climate science
– combine with physical understanding


– shor tcomings of cur rent methods, new applications


Improved methods for  non-identically distr ibuted data


Space-time evolution of extreme events


…?


Fur ther  Information


Climate Analysis Group www.met.rdg.ac.uk/cag/extremes
NCAR www.esig.ucar .edu/extremevalues/extreme.html


Alec Stephenson’s R software http://cran.r -project.org


PRUDENCE http://prudence.dmi.dk
ECA& D project www.knmi.nl/samenw/eca


My personal web-site www.met.rdg.ac.uk/~sws02caf
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Irene Fischer-Bruns,  A Modelling Study On The Variability Of Storm Activity On Time 
Scales Of Decades And Centuries 
 

Irene Fischer-Bruns 
Max-Planck-Institute For Meteorology, Germany 

 
 
 

The output of several multi-century simulations with a fully coupled OAGCM is examined 
with respect to the variability of storm activity in winter for both hemispheres on time scales of 
decades and longer. The frequency of maximum wind speed events within a grid box, using 8 
and 10 Bft as threshold, is used as characteristic parameter. Four simulations are considered - 
two historical climate runs with time-variable solar, volcanic and greenhouse gas forcing of the 
last five centuries, one control run representative for present day conditions, and a climate 
change experiment.  The main result for the historical simulations and the control run is that 
storm activity is remarkably stationary. Global maps of storm frequency for different centuries 
do hardly differ, even though significant temperature anomalies temporary emerge in these 
runs. Variations in solar and volcanic forcing as well as in greenhouse gas concentrations 
within the range of the past few hundred years are not related to variations in storm activity. In 
the climate change run, which is forced by  a 1% increase of CO2 p.a, however, a gradual 
change towards more storms in all three storm tracks (North Atlantic, North Pacific, Southern 
Ocean) is simulated. A more detailed analysis of the variability of storm activity is done with 
the help of EOFs for both winter hemispheres. The resulting PC indicates the storm activity. 
The hemispheric mean temperature and the storm activity are decoupled in pre-industrial times. 
In the transient greenhouse gas scenario, however, the storm activity parallels the development 
of temperature, and exceeds the two σ-range of pre-industrial variations in the early 21st 
century.



Maria Dolores Frias,  Seasonal Forecast Of Downscaled Maximum Temperature Over 
The Iberian Peninsula Using Multi-Model Ensemble Versus Single Models By 
DEMETER Project. 
 

Maria Dolores Frias 
University Of Salamanca, Spain 

 
and 

 
Jesus Fernandez 

Jon Saenz 
Concepcion Rodriguez-Puebla 

 
An assessment is made about the ability of an ensemble of quasi-independent models to 
produce more reliable regional forecasts than a single model. The multi-model ensemble 
system developed on the European project known as DEMETER has been considered to 
analyze the predictability of maximum temperature over  the Iberian Peninsula. This project 
provides seven global atmosphere-ocean coupled models from different European 
meteorological centers, each running from an ensemble of nine initial conditions. The multi-
model ensemble mean and  the single models provide large scale information to be translated 
to the regional scale taking into account the connection between the North Atlantic sea level 
pressure and maximum temperature over Iberian Peninsula. Statistical  downscaling based on 
Canonical Correlation Analysis is applied in this study in order to estimate maximum 
temperature in 55 observation sites evenly covering the Iberian Peninsula.    Maximum 
temperature estimated from the multi-model ensemble mean and single models are contrasted 
with station data by means of correlation, variance fraction and Brier skill score. The results 
show that the downscaled multi-model ensemble mean underestimates the observed variability, 
but is more  correlated to observations than single models which in general overestimate the 
variability. Correlation skill is high in early winter and spring and February is the most 
predictable month. 



T Gill,  AN ASSESSMENT OF CHANGING MEAN ANNUAL PRECIPITATION FOR 
400 SOUTH AFRICAN RAINFALL STATIONS FROM 1911 TO 2000 
 

T Gill 
South African Weather Service, South Africa 

 
and 

 
 Andries Kruger 

 
 

The work being presented is a first step in the assessment of changing mean annual 
precipitation over South Africa. The research is a response to a debate which is currently 
raging in climate change circles as to whether or not precipitation is increasing or decreasing in 
the country. A running 30 year normal was calculated on a decadal interval (1911 to 1940, 
1921 to 1950 and so on) for each of approximately 400 rainfall stations in South Africa that 
have sufficiently long daily rainfall time series.  No missing data was interpolated and the daily 
rainfall record that was used was left untouched. The normal values of mean annual 
precipitation were calculated for each station and trends were determined and mapped. A high 
degree of variability was found in these trends, both within climate regions and rainfall 
districts. The trends were then tested for significance and the results mapped. Some 
explanations are offered for variability which persisted in the significant changes in rainfall, 
looking specifically at the influence of topography and increasing urbanization, but these 
studies are far from comprehensive.  
 
The intention in the study is to provide a springboard from which further research can be 
initiated. Some areas of research that can possibly be undertaken are to apply statistical 
interpolation techniques to the daily data in order to fill in some of the missing data and then to 
test the significance of the trends again. The number of precipitation days as well as the 
intensity of the rainfall could be analysed in order to determine the kind of changes in the 
rainfall that may be occurring in conjunction with the precipitation trends. It might also be 
useful to further analyse the trends using stations that have remained fairly rural in nature and 
compare them to those that have become increasingly surrounded by expanding urban areas.    
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Trends in Annual Rainfall over  
South Afr ica: 1911 to 2000


Burning Question: 


How will South Afr ica’s rainfall change with a 
changing climate? 


Point of Depar ture: 


How has South Afr ica’s rainfall changed in the 
last 90-100 years and is this an indication of 
future rainfall trends?


400+ stations with histor ies longer  than 70 years 


No automatic weather  stations were used


Only stations that had maintained their  cur rent positions 
for  the entire history were used


30-year  normals of annual rainfall were calculated at ten-
year  intervals (1901 – 1930, 1911 – 1940, and so on)


Trends were then determined for  each station and 
compared to the other  Reference Stations in the same 
rainfall distr icts


INITIAL APPROACH


Time ser ies were generated for  the per iod 1911 to 2000 


Stations were used that had good data sets with minimal 
missing data records. 


The integr ity of the annual rainfall time ser ies for  each 
station was evaluated against the other  stations in the 
relevant rainfall distr ict. Years that contained 
questionable monthly totals were removed. 


Only stations with less that five missing years of data were 
used. 


No interpolation of missing data was done


TIME SERIES ANALYSIS







2


?


Insufficient 
Data


?


1930-1995 (Kruger; 1995)


1911-2000


Stations with long histories and significant rainfall trends for
1911 to 2000
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Stations with long histories and significant rainfall trends
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Stations with long histories and significant rainfall trends


Roodebloem - significant 1911 to 2000, non-significant 
1891 to 2000
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Stations with long histories and non-significant rainfall trends


Significant
Not Significant


> 90 years


Swellendam - not significant from 1911 to 2000 but 
significant from 1891 to 2000
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This study is a spr ingboard for  fur ther  research


Explore the role of urbanisation, topography, land use 
changes and local climate forcing on rainfall trends


Statistical homogenisation and interpolation of data could 
increase the number  of stations used


Rainfall var iability and intensity studies on the data set 
could be valuable and may complement existing research


WHERE TO FROM HERE?


The research done by Kruger  (1997) and the cur rent 
evaluation indicates that there is a reasonably strong 
chance that the far  nor thern par ts of the country can get 
dr ier  with time.


Par ts of the Nor thwest Province show marked increases in 
rainfall which has positive spin-offs for  agr iculture and 
hopefully water  resource management – the same is true 
for  par ts of the Western Cape and most of Kwazulu
Natal. 


The Eastern Par ts of the Free State indicate a decreasing 
trend – not significant for  the most par t, but what this will 
look like in the future is still to be seen.


CONCLUSION
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Nicholas Graham,  Ensemble Expansion For Seasonal Climate   Prediction Using 
Recombination 
 

Nicholas Graham 
Hyrdologic Research Center, Scripps Institution Of Oceanography, USA 

 
and 

 
Simon Mason 

 
One primary goal of operational seasonal climate prediction systems  is to project the 
probability of relatively extreme seasonal  averages or totals.  One requirement to make such 
predictions  is accurate knowledge of the probability distribtution of the  forecast model output. 
In many cases, the size of the model ensemble  may be small compared with the size required 
to resolve well the  probability of a forecast event exceeding some value. We present  a method 
for the expansion of ensemble size for two-tierred  seasonal prediction systems (in which the 
sea surface temperature data  is prescribed).  The method is based on recombination of  
individual monthly values from the various ensemble members to  construct a much larger 
population of alternative outcomes.  Under the assumption of linear independence of sequential  
monthly forecast values from any particular ensemble member,  these recombined outcomes 
are equally likely, thus allowing  the construction of a large unbiased large population which  
obeys basic constraints of model physics. An additional  benefit is that the relationships 
between differing variables  (for example, temperature and precipitation) is maintained.                            
The results show that if the monthly values are linerly  independent, the increase in ensemble 
size is proportional  to the number of ensemble members.  We examine the performance  of the 
method using idealized models and with actual AGCM  output, and also test the effects of 
violations of the assumption  of linear independence, and of differing monthly variance. 
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Tomas Halenka, On The Statistical Analysis Of Solar Activity Impact On Stratosphere-
Troposphere Global Circulation Patterns 
 

Tomas Halenka 
Charles University, Dept. Of Meteorology And Environment Protection, Czech Republic 

 
 

 
The long-term behaviour of global circulation structures and their connections to some helio-
geophysical influence, especially solar activity, has been studied for SOLICE Project recently. 
To represent an objective characteristics of circulation patterns the spectral structure of both 
stratospheric and tropospheric fields is analysed in terms of spherical harmonics coefficients of 
expansions for potential vorticity, NCEP/NCAR database of reanalyses is used for period 
1948-2002 with monthly data. Temporal analysis of significant spherical harmonics is 
introduced as well as the comparison of their changes with respect to the changes of different 
sets of solar, geomagnetic and global circulation indices. A strong connections to a set of 
extraterrestrial parameters appear for some distinctive shapes of polar vortex as presented in 
composites for solar maximum and minimum in vertical structure. The natural variability 
connected to the extraterrestrial influence is studied as well as interannual variability with the 
emphasis to the QBO and ENSO. The systematic review of the appropriate correlations and 
linear regression analysis are presented and decadal variability and long-term trends are 
pointed out for some of wave numbers. Long-term changes in the variability of the circulation 
patterns are analysed by means of wavelet analysis as well. 
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On On thethe StatisticalStatistical AnalysisAnalysis ofof Solar Solar AActivityctivity
ImpactImpact on on StratosphereStratosphere--TroposphereTroposphere


GGloballobal CCirculationirculation PPatternsatterns


Tomáš HalenkaTomáš Halenka*)*)


E-mail: tomas.halenka@mff.cuni.cz
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SolarSolar activityactivity forcingforcing


§§ amplitudeamplitude ofof totaltotal solarsolar
irradianceirradiance variance variance causescauses
forcingforcing aboutabout 0.0.11 WmWm--22 during during 
1111--years solar cycle years solar cycle ––
comparable to trend in GHG comparable to trend in GHG 
forcing, but strongly forcing, but strongly latitudinallylatitudinally
dependentdependent


§§ UV radiation (200UV radiation (200--300nm) 300nm) 
changes about 9%changes about 9%


§§ LymanLyman--αα (121.6nm) by a factor (121.6nm) by a factor 
of 2of 2


Project EC Project EC SOLICE SOLICE 
(Solar Influences on Climate and the (Solar Influences on Climate and the EEnvironmentnvironment))


funded by the European Community 5funded by the European Community 5thth FPFP with objectives:with objectives:


§§ tto extract the stratospheric solar signal in datasets of ozone, o extract the stratospheric solar signal in datasets of ozone, 
temperature, temperature, geopotentialgeopotential height and circulationheight and circulation ((vorticityvorticity))


§§ tto assess the impacts of solar variability in the troposphereo assess the impacts of solar variability in the troposphere


§§ tto investigate the response of stratospheric composition and o investigate the response of stratospheric composition and 
climate to variations in solar ultraclimate to variations in solar ultra--violet radiation using violet radiation using 
general circulation models (general circulation models (GCMsGCMs), coupled chemistry), coupled chemistry--
climate models (climate models (CCMsCCMs), chemical transport models (), chemical transport models (CTMsCTMs) ) 
and mechanistic modelsand mechanistic models


§§ tto develop a more complete understanding of the o develop a more complete understanding of the 
mechanisms by which solar variability influences the natural mechanisms by which solar variability influences the natural 
variability of the stratosphere and tropospherevariability of the stratosphere and troposphere


Basic tasksBasic tasks ofof thisthis studystudy


§§ objective characteristics of the circulation patternsobjective characteristics of the circulation patterns
§§ analysis of time series with aim to study possible analysis of time series with aim to study possible 


influence of extrainfluence of extra--terrestricterrestric ((heliohelio--geophysical) geophysical) 
parameters and connections to some local parameters and connections to some local 
circulation phenomenacirculation phenomena


§§ changes of the connections in timechanges of the connections in time
§§ importance of phaseimportance of phase


Data Data –– circulationcirculation
§§ spherical harmonics as a basis for spherical harmonics as a basis for 


decomposition of circulation datadecomposition of circulation data
§§ ggeopotentialeopotential and temperature on 50, 30 and and temperature on 50, 30 and 


10 10 hPahPa levels for 21 years period (1976 levels for 21 years period (1976 ––
1996) from Free University Berlin1996) from Free University Berlin


§§ NCEP reanalysis data for 55 years period NCEP reanalysis data for 55 years period 
(1948 (1948 –– 2002), complete spherical harmonics 2002), complete spherical harmonics 
database: database: vorticityvorticity, divergence, virtual , divergence, virtual 
temperature, humidity, in 28 sigma layers, temperature, humidity, in 28 sigma layers, 
surface pressure (surface pressure (lnln) ) 


Data Data –– circulationcirculation (cont.)(cont.)
§§ for the comparability with other analyses for the comparability with other analyses 


recalculation and interpolation procedures recalculation and interpolation procedures 
have been completed for 1000, 925, 850, have been completed for 1000, 925, 850, 
700, 500, 400, 300, 250, 200, 150, 100, 70, 700, 500, 400, 300, 250, 200, 150, 100, 70, 
50, 30, 20, 10 50, 30, 20, 10 hPahPa, finally back spectral , finally back spectral 
transformation transformation 


§§ previous procedure applicable for all previous procedure applicable for all 
variables and providing good possibility to variables and providing good possibility to 
compute potential compute potential vorticityvorticity which could be which could be 
preferably analyzed, individual hemispheric preferably analyzed, individual hemispheric 
analysis feasibleanalysis feasible


§§ significant spherical harmonics providing significant spherical harmonics providing 
objective characteristics of the circumpolar objective characteristics of the circumpolar 
vortex structure vortex structure 


§§ basedbased on on monthlmonthly meansy means
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Example of structureExample of structure


sphericalspherical harmonicsharmonics --
eigenfuctionseigenfuctions of of LaplaceLaplace
operator on the sphereoperator on the sphere
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Spectral coefficients for Spectral coefficients for ln(slpln(slp)) MA(SLP35R,12,12)
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F10.7_1 with SLP35R_1
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Data Data –– heliohelio--geophysical geophysical 
parametersparameters


§§ Solar activity Solar activity –– F10.7 and sunspot number F10.7 and sunspot number 
(National Goddard Data Center)(National Goddard Data Center)


§§ Geomagnetic activity Geomagnetic activity –– AP index (NGDC)AP index (NGDC)


Solar activity by F10.7Solar activity by F10.7


DATE.  FORMAT:  "MMM YYYY"
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Data Data –– interannualinterannual variability variability 
factors (factors (““locallocal””))


§§ QBO QBO –– 10, 15, 20, 30, 40, 50, 70 10, 15, 20, 30, 40, 50, 70 hPahPa
monthly Singapore wind (monthly Singapore wind (NaujokatNaujokat, , 
1998 update)1998 update)


§§ SOI SOI –– standardized monthly indexstandardized monthly index


§§ NAO NAO –– standardized monthly indexstandardized monthly index


CrosscorrelationCrosscorrelation ofof
geopotentialgeopotential andand


extraterrestrialextraterrestrial factorsfactors
Table 1. Linear regression model results for geopotential component of wave number 5-1 (Z51
smoothed by moving average – MA with 12 months span) against solar activity (represented by
F10.7 index also smoothed – F10.7_1 and lagged by 45 months) and geomagnetic activity
(represented by AP index also smoothed – AP_1 and lagged by 42 months).


Model Summary
Model R R Square Adjusted R Square


a .878 .771 .770
b .895 .801 .798


Coefficients
Model Variable B Std. Error Sig.


a (Constant) .113 .002 .000
LAGS(F10.7_1,45) -3.349E-05 .000 .000


b (Constant) .101 .003 .000
LAGS(F10.7_1,45) -3.753E-05 .000 .000
LAGS(AP_1,42) 1.092E-03 .000 .000


a Predictors: (Constant), LAGS(F10.7_1,45)
b Predictors: (Constant), LAGS(F10.7_1,45), LAGS(AP_1,42)


Dependent Variable: MA(Z51,12,12)


LinearLinear regressionregression model formodel for
Z44 of 50 Z44 of 50 hPahPa geopotentialgeopotential
andand extraterrestrialextraterrestrial factorsfactors
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Example of low structure Example of low structure wavenumberswavenumbers
for relative for relative vorticityvorticity on on σσ=0.052=0.052 from from 


NCEP NCEP reanalysesreanalyses
Potential Potential vorticityvorticity


Potential Potential vorticityvorticity spherical harmonics spherical harmonics 
analysis analysis -- total average of amplitudetotal average of amplitude
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Solar 2*(maxSolar 2*(max--min)/(min)/(max+minmax+min))
19741974--20022002


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


10


11


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


1 0


1 1


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


10


11


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


10


11


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


10


11


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


10


11


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


10


11


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


10


11


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


10


11


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


10


11


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


10


11


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


10


11


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


10


11


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


10


11


0 1 2 3 4 5 6 7 8 9 10 11
0


1


2


3


4


5


6


7


8


9


10


11


-0.1 -0.08 -0.06 -0.04 -0.02 0 0.02 0.04 0.06 0.08 0.1


925 hPa 850 hPa 700 hPa 500 hPa 400 hPa


300 hPa 250 hPa 200 hPa 150 hPa 100 hPa


70 hPa 50 hPa 30 hPa 20 hPa 10 hPa


CrosscorrelationsCrosscorrelations


F10.7__1 with A44_1, 1948-2002


50 hPa


Lag (month)


150


125


100


75


50


25


0


-25


-50


-75


-100


-125


-150


C
C


F


1.0


.5


0.0


-.5


-1.0


Conf idence Limits


Coeff icient


F10.7__1 with A45_1, 1948-2002


50 hPa


Lag (month)


150


125


100


75


50


25


0


-25


-50


-75


-100


-125


-150


C
C


F


1.0


.5


0.0


-.5


-1.0


Confidence Limits


Coeff icient


CrosscorrelationsCrosscorrelations
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Regression, wave number 4Regression, wave number 4--6 6 
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Regression analysis results for key 
spherical harmonics of 100 hPa level


Table 1. Regression analysis results for key spherical harmonics of 100 hPa level, periods after 
volcanic activity  excluded. The numbers provide information about the percentage of explained 
variance of residua after trend and annual and semi-annual cycles removed, behind the slash 
relative change in % for solar flux change of 100 unit of F10.7. When missing no significant 
impact of solar flux in regression analysis appears. 
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WhatWhat aboutabout PCA?PCA?


4th mode of PCA analysis of 4th mode of PCA analysis of geopotentialgeopotential field in 50 field in 50 hPahPa level (left level (left 
panelpanel -- fromfrom Borak, Borak, personnalpersonnal comcom..) together with the  ) together with the  crosscorrelationcrosscorrelation
analysis of running average of its component with solar flux (rianalysis of running average of its component with solar flux (right ght 
panel).panel).


F10.7 with 4th mode PCA 50 hPa
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ConclusionsConclusions


§§ sensitivity sensitivity ofof individualindividual structuresstructures ofof globalglobal
circulationcirculation to to solarsolar impactimpact


§§ more more preciseprecise impactimpact ofof heliohelio--geophysicalgeophysical
influencesinfluences


§§ changes of the interrelations in time ?changes of the interrelations in time ?
§§ importance of the phase of global circulation importance of the phase of global circulation 


patternspatterns
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Gabriele Hegerl,  Detection Of Anthropogenic Climate Change: Using The Past As A 
Guide   To The Future 
 

Gabriele Hegerl 
Division Of Earth And Ocean Sciences, Nicholas School Of Environment, USA 

 
and 

 
 Tom Crowley 

 Francis Zwiers 
 Peter Stott 

 
Detecting and estimating the anthropogenic contribution to past climate change is necessary to 
build confidence in predictions of future climate change. Estimates based on the instrumental 
period will be most complete, but have problems separating the influence of different external 
influences on climate, such as from solar and greenhouse gas forcing, and do not allow for a 
well-sampled estimate   of the unforced  residual  noise contribution. Paleo-reconstructions of 
hemispheric scale surface temperature beyond the instrumental period are more uncertain, but 
can provide help with both problems.   Results are shown using a large ensemble of 
simulations with a simple climate model to construct a probability density function for climate 
sensitivity. While these results are important for model validation, society is more concerned 
about changes in variables that affect it more directly, such as changes in rainfall and climate 
extremes. The outlook for detection of changes in temperature and precipitation extremes is 
discussed by studying  changes from simulations with two different atmosphere-ocean general 
circulation models. Results indicate that changes in temperature extremes are significantly 
different from changes in seasonal temperature, and that changes in extreme precipitation may 
be more robustly detectable than changes in mean precipitation. Observed changes in annual 
extremes appear promising, but raise many questions about sampling, homogeneity of time 
series and difference in trends between different data sets. 
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Climate Change Detection 
and Attribution


Gabriele Hegerl, 
Nicholas School of the 


Environment,Duke University
With contributions from: Tom Crowley, 


Nathan Gillett, Slava Kharin, Jesse 
Kenyon, Peter Stott, Xuebin Zhang, 


Francis Zwiers.
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Fingerprint methods for detection


Estimate amplitude of model-derived climate change 
signals X=(x i),i=1..n  


from observation y (vector in time, space or both)


Linear (multiple) regression, with Best Linear 
Unbiased Estimator (“ optimal fingerprints” )


u: noise residual 
(e. g. Hasselmann, 79, 93, 97, Allen + Tett, 99)
ai Amplitude estimate: estimated with noise 


uncertainty, reduced for “ optimal”  method
u residual (climate variability + random obs. Error)


uxay ii +=�
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Interpretation of results


“ frequentist” : 
Climate change detected if ai significantly 


larger than 0 (wrt internal variability noise)
Attributed if 
o amplitude of anthropogenic signal can be 


separated from other (eg natural) forcing
o model simulation considering all relevant 


forcings consistent with observation, 
simulations omitting key forcings
inconsistent


01-12-2000 4


Most of the observed warming over 
the last 50 yrs is likely ..due to 


..greenhouse gases (IPCC, 2001)


Bars show 5-95% uncertainty limits
Allen et al, 2001, 2004


01-12-2000 5


Bayesian approach: 
From Lee  et al. 2004


)]1.0,([


]detection[


−∞∈=
¬


ap


p


)]1.1,9.0([


]nattributio[


∈= ap


p


ŁŁŁŁ > => Results less confident 
attribution than frequentist (Lee et 
al.; also Schnur and Hasselmann) 01-12-2000 6


Why keep trying to detect 
anthropogenic climate change


Detection and attribution results can provide:
n estimate of key climate parameters 
n Rigorous evaluation of simulated climate 


change 
n Assess if change is leaving envelope of 


natural variability (paradigm for impact?)


� Push into variables beyond temperature, 
smaller scales and shorter 
timescales/extremes


� Keep addressing uncertainties
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Signal detection in paleoclimate data
(int. variability estimate, less correlated forcings)


Northern Hemisphere mean temperature


20-90N, land, summer land+sea, annual


01-12-2000 8


Forcings (smoothed)


Response:


Simulated by a 2-
D Energy Balance 


model


Fingerprint: 
simulation for 


same season and 
geographical 


distribution as 
data
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Fingerprint detection / att. results


0.10 
(57%)


0.13 
(67%)


0.07 
(49%)


0.08 
(77%)


0.09 
(57%)


Res std


YY, 
large


N small      
(y 1980)


YYGhg+aer


N 
(Y 1100on)


N, 
small


N
(Y periods)


N, 
small


N, 
small


solar


YYY smallYYvolc


1000-19601400-19601400-19601400-19601400-1940period


CLHEsperMannCLHBriffarecord


Hegerl et al., GRL 2003 01-12-2000 10


Trying to estimate climate sensitivity
Can be based on instrumental data / model agreement 


(Forest et al.)
Range of models with disturbed parameters (Allen, 


climateprediction.net)
Paleo data


n EBM simulations with free parameters: 
• Climate sensitivity, 
• Range of values for ocean diffusivity
• Range of aerosol forcing in 20th century
• Uncertainty in amplitude of solar/volcanic forcing


Compare to paleo reconstruction (considering uncertainty in 
amplitude)


=> Residual variability, use to estimate likelyhood for sensitivity
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Pdf for sensitivity


Paleo data instrumental


�Paleo data appear to confirm and possibly 
narrow sensitivity pdfs from instrumental


(uncertainty in paleo data being revisited) 01-12-2000 12


Detection and attribution of surface 
temperature changes on 
continental scales: 


n in surface temperature in large regions
(Zwiers and Zhang, 2003; Stott et al., 2003)


n In global and regional (North America, 
Australia) indices of temperature 
variability (mean, land-sea contrast, 
annual cycle, meridional temp. gradient, 
diurnal temperature range, etc); Karoly 
and Braganza, Karoly et al., Braganza et al. 
2003/2004)
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In global scale sea level pressure 
(Gillett et al., 2003)


01-12-2000 14


Extremes:
1. How detectable: ” perfect model 


study”  (Hegerl et al. 2004 in press)


scan transition from seasonal mean to extreme in greenhouse 
gas simulations with CGCM2 and HadCM3, 


• Variables
• Tmin, Tmax, precipitation


• Indices
• N warmest, coldest, wettest days per year
• N = 30, 10, 5, 1, 1/5 
• Wettest pentad per year


• Fingerprint: change from 1xCO2 to 2xCO2
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Temperature: change in extremes not 
explained by change in seasonal 


mean


Signal-to-noise ratios quite robust
01-12-2000 16


Rainfall


% change 
stronger for 
extreme rainfall in 
both models
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Model average fingerprint 
(shown only where consistent)


Annual


Wettest 
day/yr


01-12-2000 18


Perfect model detection results for
precipitation 


�Signal-to-noise ratio low for annual 
rainfall (even with ~80-yr trend) and 


sensitive to model uncertainty


�Change in extreme rainfall may be more 
robustly detectable
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Model data are easy compared to the 
observations!


n Scaling issue – how to compare point-
extremes with model area extremes


n Reliability issues (qc for daily data, 
can kill extremes, not enough qc lead 
to erroneous extremes)


n Homogeneity issues:


01-12-2000 20


Artificial trend in indices


1st 30-yr


2nd 30-yr


Trend


01-12-2000 21


Anthropogenic climate change


Detected and “ attributed”   
n in global scale temperature (e.g. Hegerl et al., 1997; 


Tett et al., 1999, Allen et al., 2003), paleo data from 
last millenium (Hegerl et al., 2003) and ocean heat 
content changes (Barnett et al., 1999 Reichert et al., 
2001); uncertainties remain


n in surface temperature in large regions (Zwiers and 
Zhang, 2003; Stott et al., 2003, Karoly et al. 2003)


n In tropospheric temperature (Santer et al., 1995, 
Thorne et al., 2002) and in tropopause height
(Santer et al., 2003)


n Sea level pressure (Gillett et al., 2003), but observed 
signal sign. Larger than simulated


01-12-2000 22


Challenges


n Precipitation
n Extremes
n Smaller and regional scales
n Addressing uncertainties (int. variability, 


missing / erroneous forcings, correlated 
forcings)


n Why are some signals (volcanic pcp signal; 
slp change) larger than simulated?


01-12-2000 23 01-12-2000 24


n => don’t use seasonal change for extremes
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Data: Trend in strongest 5-day accumulation


Mean from 51 10x10 
boxes with good 
coverage


Index data (Frich et al.) 
(continuously reporting)


Xie Arkin data
(previous set)


01-12-2000 26


Preliminary conclusions: 


1. Changes in temperature extremes: quite 
robustly detectable
n not shown in this talk


2. Changes in precipitation extremes very 
model sensitive. 
n Signal more robust for extreme than mean
n Data very uncertain, scaling issue between 


model data and station data!


3. Evidence for change in width of tail in 
models: wider for precipitation, often 
narrower for temperature (not shown)
n => seasonal data cannot provide the full 


picture!
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Change in extreme rainfall


01-12-2000 28


Change in extreme 
rainfall: Thresholds


01-12-2000 29


Global land precipitation: only 
volcanic detectable (Gillett et  al. 2004)


01-12-2000 30


climate sensitivity


Paleo period (-1850) full period


Paleo amplitude uncertainty being revisited => 
pdf may be wider
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Fingerprints 


Response of NH mean temperature to 
volcanic, solar and greenhouse gas 
forcing


Simulated by a 2-D Upwelling-diffusion 
Energy Balance Model


• Comparison like with like (seasonal cycle, 
geography)
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Jaakko Helminen,  Malting Barley Crop Yield In Southwestern Finland - Potential Risk 
Management Benefits Based On The Use Of Seasonal Forecasts 
 

Jaakko Helminen 
Finnish Meteological Institute, Finland 

 
and 

 
Ari Rajala 

 
 

The crop yield and quality of malting barley are largely determined by the temparature   and 
precipitation conditions between the sowing and heading dates. In addition the   sowing date, 
the precipitation between the heading and harvesting dates and the  harvesting conditions are of 
importance. The seasonal forecast deviations standardized with respect to the model 
climatologies are interpreted as standardized deviations with respect to the observed 
climatology downscaled to a regular 10 km *  10 km grid by using a combined method of 
kriging and the Gandin approach, which   allows for neighbourhood station choice by relevant 
physical conditions in terms of  geographical information data, like the height, the relative 
coverage of lakes and the   relative coverage of sea with respect to the grid point under 
processing. By adding   to these the relevant threshold values of and risk levels acceptable to 
the user as   well as by considering the costs and benefits related to different decisions made by   
the user the overall risk management for climate in the context of malting barley  cultivation in 
Southwestern Finland is assessed. 



Bruce Hewitson, Cohesive spatial changes of precipitation and seasonality over South 
Africa 
 

Bruce Hewitson 
CSAG, University of Cape Town, South Africa 

 
 

 
While much historical climate change analysis has been undertaken for many regions of the 
world, this is most often focused on point source data – typically surface station observations.  
This raises the question over whether the station is spatially representative, and following from 
this, whether appropriate inferences may be made about change on the regional scale.  
Compounding this is the question of whether the change is occurring in the base values of the 
measured variable, or in the statistics or characteristics of occurrence of events. 
 
This talk examines these issues over South Africa using a new gridded data set of daily 
precipitation, interpolated from a high station density, and with explicit recognition of the 
variable spatial representivity of each station.  This latter attribute is further refined by 
recognizing that the spatial representivity of any given station is itself a function of the 
synoptic weather state.  The 50-year period from 1950-1999 is examined in terms of the daily 
precipitation values as expressed in the monthly statistics of wet and dry spell duration, wet-
wet and dry-dry day probabilities, median rainfall, number of raindays exceeding a threshold, 
and the 90th percentile values.  The spatial cohesiveness of historical change is assessed in 
terms of trend, variability, and seasonal changes; collectively showing regional trends within 
South Africa. 
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Spatially cohesive historical 
change in South Africa rainfall


Bruce Hewitson
CSAG, University of Cape Town


Historical (1950Historical (1950--1999) Change1999) Change
Typically station specific assessment, but ….Typically station specific assessment, but ….


a)a) What are the spatially cohesive changes What are the spatially cohesive changes –– in contrast in contrast 
low density stationlow density station--specific analyses?specific analyses?


b)b) How to assess spatial attributes from station data How to assess spatial attributes from station data 
which have variable presence in time and space, and which have variable presence in time and space, and 
variable regional representation?variable regional representation?


c)c) What are the subWhat are the sub--annual changes annual changes –– changes in changes in 
seasonality?seasonality?


d)d) What are the changes in the statistical characteristics What are the changes in the statistical characteristics 
–– as opposed the raw magnitude of the variable?as opposed the raw magnitude of the variable?


Historical (1950Historical (1950--1999) Change1999) Change
Points of discussion Points of discussion 


a: Precipitation the principal variable of concern due to a: Precipitation the principal variable of concern due to 
societal dependence, and amplification of change by societal dependence, and amplification of change by 
surface hydrology.surface hydrology.


b: Station data have variable spatial b: Station data have variable spatial representivityrepresentivity in space in space 
and time.and time.


-- Challenge to separate change and trend in the Challenge to separate change and trend in the 
regionalregional signal versus locallysignal versus locally--dependent changes.dependent changes.


-- egeg: station precipitation could have similar rainfall : station precipitation could have similar rainfall 
response but different spatial response but different spatial representivityrepresentivity under two under two 
alternate synoptic states.  The regional consequence alternate synoptic states.  The regional consequence 
of change in the frequency of one synoptic state can of change in the frequency of one synoptic state can 
consequently be masked.consequently be masked.


Historical (1950Historical (1950--1999) Change1999) Change
Points of discussion Points of discussion 


c: To assess spatial c: To assess spatial representivity representivity of station data, one of station data, one 
ideally should start from daily data, evaluating the ideally should start from daily data, evaluating the 
strength of the local versus regional signal as a strength of the local versus regional signal as a 
function of synoptic state.function of synoptic state.


d: Assuming that change is real and accelerating under d: Assuming that change is real and accelerating under 
anthropogenic forcing, focus on latter half of 20anthropogenic forcing, focus on latter half of 20thth


century.century.


Regional Regional gridded gridded precipitation precipitation 


Using the approach of spatial interpolation conditioned on Using the approach of spatial interpolation conditioned on 
synoptic state, use the ‘full’ information content of the synoptic state, use the ‘full’ information content of the 
variablevariable--presence station data presence station data ((HewitsonHewitson & Crane, J. & Crane, J. ClimClim))


-- ~3500 (max) stations~3500 (max) stations
-- ~70% reporting on any given day~70% reporting on any given day
-- Derive interDerive inter--station relationships of magnitude and station relationships of magnitude and 


phase, conditioned by synoptic statephase, conditioned by synoptic state
-- Interpolate to regular grid (10km) using the synoptically Interpolate to regular grid (10km) using the synoptically 


conditioned parameters, accommodating radial conditioned parameters, accommodating radial 
distribution, spatial discontinuity, and maintaining distribution, spatial discontinuity, and maintaining 
conservative limits on station quality and density. conservative limits on station quality and density. 


Station distribution Station distribution 
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Station count Station count 
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Example of spatial Example of spatial representivityrepresentivity as function of synoptic stateas function of synoptic state
~ 35 stations within 0.75~ 35 stations within 0.75°° radius around a stationradius around a station


Baseline Climate described by monthly statistics Baseline Climate described by monthly statistics 
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Monthly statisticsMonthly statistics


-- # of # of raindaysraindays
-- # of # of raindays raindays > 2mm> 2mm
-- # of # of raindays raindays > 20mm> 20mm
-- Dry spell durationDry spell duration
-- Wet spell durationWet spell duration
-- DryDry--dry probability dry probability 
-- WetWet--wet probabilitywet probability
-- Rain / Rain / raindayrainday
-- Monthly totalMonthly total
-- 9090thth percentile eventpercentile event


Simple historical change in monthly totalSimple historical change in monthly total
(1975-1999) – (1950-1974)


Wet-wet probability 


Number of raindays


Total rainfall 


90th percentile 


Dry spell duration


Identifying spatial groups by 
grid cell attributes


Self Organizing Maps (Self Organizing Maps (SOMsSOMs) used to ) used to 
upscale according to nupscale according to n--dimensional dimensional 
attributes. attributes. Crane & Crane & Hewitson Hewitson (2003)(2003)


Identified spatial groups according to grid cell attributes
24 regions identified by SOM24 regions identified by SOM
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Seasonal Cycle of all regions
24 regions identified by SOM24 regions identified by SOM


Raindays Raindays per monthper month


Seasonal Cycle of all regions (raindays / month)


South Coast (allSouth Coast (all--year rain)year rain)


GautengGauteng (Johannesburg)(Johannesburg)


Northern Cape (arid zone)Northern Cape (arid zone)


Winter rainfall (Cape Town / southwest coast)Winter rainfall (Cape Town / southwest coast)


Calculating trends
Robust regression of the 50-year time series
- time series comprised of each group mean
- regression calculated for each month 
- regression calculated for each variable
- 3-point binomial filter of the monthly trend


Raw trendsRaw trends


Smoothed trendsSmoothed trends


Trend / 50 yearsTrend / 50 years


Dry spell durationDry spell duration


Seasonal Cycle of all regions
24 regions identified by SOM24 regions identified by SOM


Dry spell durationDry spell duration
(Raw trends)(Raw trends)


50-year trend: Dry spell duration 50-year trend: Number of raindays
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50-year trend: Monthly totals 50-year trend: 90th percentile event


On the one hand:On the one hand:
-- Breakpoints and nonBreakpoints and non--linear change not assessedlinear change not assessed
-- Statistical significant not determinedStatistical significant not determined
-- Random reRandom re--sampling not undertakensampling not undertaken


On the other hand:On the other hand:
-- Changes are spatially cohesiveChanges are spatially cohesive
-- Coastal regions display small changesCoastal regions display small changes
-- Interior and eastern escarpment areas have notable changes withInterior and eastern escarpment areas have notable changes with
raindays raindays and monthly totals decreasing in places by 15% over 50 and monthly totals decreasing in places by 15% over 50 
years.years.


a: Overall drying, no notable increase in extremes (90a: Overall drying, no notable increase in extremes (90thth


percentiles), but an increase in dry spell durationpercentiles), but an increase in dry spell duration


b: Changes are most marked in late summer/early winterb: Changes are most marked in late summer/early winter


c: Some regions show evidence of earlier start of summer rainsc: Some regions show evidence of earlier start of summer rains


Concluding remarks
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Bruce Hewitson,  Empirical Downscaling:  Assumptions, Caveats And Stationarity 
 

Bruce Hewitson 
CSAG, University of Cape Town, South Africa 

 
 

 
Empirical downscaling has, for many impacts researchers, become a staple tool in developing 
appropriate regional scale climate change scenarios.  As regional climate models (RCMs) 
continue to develop these will perhaps replace some of the empirical approaches; nonetheless 
empirical tools are likely to remain a key approach for many impacts and adaptation projects.  
In light of this, and the plethora of approaches present in the literature, it is important to 
recognize the core assumptions, caveats, and limitations of the conceptual approach (many of 
which apply equally to RCMs!).   
 
This talk explores some of the foundational issues underlying empirical downscaling, 
highlighting key areas of concern.  In particular the issue of stationarity is considered – an 
issue commonly put forward as one of the stumbling blocks for climate change applications of 
empirical downscaling.  To conclude, a new downscaling application will be presented, which 
suggestively shows some convergence between two GCMs for the downscaled future climate 
over South Africa. 



DD Hlatshwayo, The sensitivity of the MM5 model to different parameterisation schemes 
 

DD Hlatshwayo 
South African Weather Services, South Africa 

 
and 

 
 CJC Reason 
 WJ Tennant 

 
Severe Weather is fairly frequent in South Africa and often result in havoc and devastation. 
Forecasting of severe weather is one of the most important services that is provided by the 
meteorological profession and is very critical to the protection of life and property. The 
prediction of severe weather may either be approached by the deterministic numerical weather 
prediction , the statistical approach or both. For this research the deterministic numerical 
weather prediction has been used. Model simulations were done using the MM5 mesoscale 
model nested within the Eta model output. 
 
To investigate the sensitivity of the mesoscale model to the convective schemes in South  
Africa and to see how the schemes behave for severe and non-severe weather events, two 
specific convective events are examined.The first case is a severe event that occurred on the 1st 
January 2002 resulting in  a lot of damage over  the north-eastern parts of South Africa, and the 
latter case was a non severe  storm that occurred over the east of Pretoria on the 05 February 
2004.Two sets of simulations were examined for each case, each with a different cumulus 
parameterisation scheme on the mother domain. Results show that for both cases, not all 
schemes in the mother domain function properly with the schemes in the inner domain. 
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The sensitivity of The sensitivity of 
parameterization schemes to parameterization schemes to 


mm5 simulationsmm5 simulations


DD Hlatshwayo, CJC Reason and 


WJ Tennant


Aim of StudyAim of Study


l The sensitivity of the parameterisation
schemes in simulating severe and non-
severe weather events.


l How does the choice of scheme in the inner 
domain affect the simulations


METHODOLOGYMETHODOLOGY


l MM5 v3.6
l BC Eta Reg model (48km 


and 32km)
l Two sets of simulations
l 15km domain (Diffferent 


schemes)
l 5km (Grell and Explicit)
l 23 sigma levels
l Forecast interval 6hr
l Forecast length 36hr


Case StudiesCase Studies


l Severe weather event 


(01 January 2001)


l Non-severe weather event


(05 February 2004)


Div for severe 15km (e/g)Div for severe 15km (e/g) Div for severe15 and 5km (e)Div for severe15 and 5km (e)
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Div for severe 5km (e/g)Div for severe 5km (e/g) VvelVvel for severe 15km (e/g)for severe 15km (e/g)


VvelVvel for severe15 and 5km (e)for severe15 and 5km (e) VvelVvel for severe 5kmfor severe 5km


Div for Div for nonnon--severe15 and 5kmsevere15 and 5km
(e(e/g/g))


Div forDiv for nonnon--severe 5km (esevere 5km (e/g/g))
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VVelVVel for for nonnon--severesevere 15km 15km 
(e(e/g/g))


VVelVVel for for nonnon--severesevere 5km (e5km (e/g/g))


Severe TSevere T--series (g/e)series (g/e)
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SummarySummary


l For both the severe and non severe events


l The choice of scheme in the inner domain is 
of little significance in all simulations


l The choice of schemes in the outer domain 
is not so evident for the 15km domain,but 
very evident in the 5km domain


ContCont……....


l The schemes seem to have the same value 
for the temperature series


l They have the same pattern for the wind 
series but differ slightly in values


l Both the wind & temp series have the same 
pattern with the SAWS observed data


l The wind series is also affected by the 
choice of scheme in the inner domain


ConclusionConclusion


l The sensitivity of the parameterization is 
dependent upon the scale of the model


l The smaller the scale , the more sensitive 
are the various schemes


Way ForwardWay Forward


l Use the short range ensemble to show the 
skill of different parameterization schemes 
to different weather events
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Radan Huth, Detection Of The Modes Of Atmospheric Circulation Variability: 
Sensitivity To The Principal Component Methodology 
 

Radan Huth 
Institute Of Atmospheric Physics, Czech Republic 

 
 
 

We examine the effect of several methodological options in the application of principal 
component analysis (PCA) to gridded sea level pressure (SLP) anomaly data on the variability 
modes detected. The methodological options include (i) a compensation for uneven areal 
distribution of gridpoints in a regular latitude / longitude grid (none, by a cosine weighting or 
by the use of an equal-area grid), (ii) the selection of similarity matrix (correlation or 
covariance), and (iii) rotation (none, orthogonal or oblique). The monthly SLP anomalies over 
the Northern Hemisphere in the winter half-year (November to April) are analyzed. The 
compensation by a cosine weighting and by the use of the equal-area grid has an almost 
identical effect if covariance matrix is used. The PCs derived from correlation and covariance 
matrices differ from each other, the difference being considerably smaller for rotated solutions. 
Unrotated and rotated solutions differ from each other in the degree of simple structure they 
possess: much stronger simple structure is present in the rotated PCs. The correlation structure 
of the data is more similar to the rotated than unrotated patterns. These two facts suggest that in 
the interpretation of modes of variability, rotated solutions should be preferred.   The emphasis 
is put not only on the leading modes of variability describing the Arctic Oscillation (AO, 
resulting from unrotated PCA) and North Atlantic Oscillation (NAO, resulting from rotated 
PCA) features, but also on the higher-order modes which also change their shapes and order of 
importance in response to the methodological options employed. Concerning the AO vs. NAO 
dispute, it is important that the Pacific center of the AO turns out to be an effect of high 
variance rather than of joint variability with its Arctic and Atlantic centers.   The study is 
supported by the Grant Agency of the Academy of Sciences of the Czech Republic, contract 
IAA3042401.
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DETECTION OF THE 
MODES OF ATMOSPHERIC 
CIRCULATION VARIABILITY: 


SENSITIVITY TO THE 
PRINCIPAL COMPONENT 


METHODOLOGY


Radan HUTH,
Institute of Atmospheric Physics,


Prague, Czech Republic


MOTIVATION


• Recent dispute:


– NAO vs. AO
– regionalized vs. annular-like pattern


– rotated vs. unrotated PC1 of monthly 
SLP


AIMS


• Effects of methodological options on PCA 
outputs
– compensation for unequal gridbox size


• none x cosine weighting x equal-area grid


– similarity matrix
• correlation x covariance


– rotation
• none x orthogonal x oblique


DATA


• monthly mean SLP


• 5 x 5 deg grid


• 1948-1999


• November to April


• north of 20 N


Compensation for unequal 
gridbox size


(effect of grid type and weighting)


• uneven spatial distribution of data Ł
exaggeration of influence of data rich areas


• hemispheric analyses – problem in polar 
areas


• 2 ways out


Compensation for unequal 
gridbox size


(effect of grid type and weighting)


• weighting by [cos (lat)] ½


– possible drawback: neglects value at pole


– applicable only to covariance matrix


• quasi-equal area grid
– no interpolation


– at each latitude, the number of gridpoints is 
selected so that mean area ~ gridpoint at pole
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Quasi-equal area grid Effect of grid type and weighting


• Equal-area grid x cosine weighting – almost 
identical results


Effect of grid type and weighting


1000


1


cosine weighted


99410


9979


9978


9977


-9976


9985


9994


9983


9982


1


1098765432PC


eq
u


al-area


Correlation of PC loadings; covar, unrot; only >0.35 shown


Effect of grid type and weighting


981


1


regular grid


41210


6507189


-675-3823848


-448647-3997


9056


3776265725


-5097584


9113


802-4712


1


1098765432PC


eq
u


al-area


Correlation of PC loadings; covar, unrot; only >0.35 shown


Effect of grid type and weighting


• Equal-area grid x cosine weighting – almost 
identical results


• Equal-area x regular grid 
– much lower similarity of patterns


– changed order of patterns 


• Equal-area grid used further


Effect of similarity matrix


924


1


correlation


4869


-6028


7247


-536-5383796


766-397-4985


418-368-484350-3764


8413


-3674765402


1


98765432PC


co
varian


ce


Correlation of PC loadings; unrotated
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Effect of similarity matrix


-397


487


363


937


1


correlation


-3875539


-8148


7793757


-9166


8805


7044


8673


8192


-400-4294071


98765432PC


co
varian


ce


Correlation of PC loadings; 9 PCs orthog. rotated


Effect of similarity matrix
PC loadings; 9 PCs orthog. rotated


correlation


covariance


Effect of similarity matrix


• Correlation / covariance yield different sets 
of patterns


• Similarity correlation x covariance
– weak for unrotated PCs


• low correlations between PC loadings


• mixture between patterns


• lack of one-to-one correspondence


– stronger for rotated PCs


Effect of rotation


• Rotation Ł more regionalized patterns 
(well known)


COVARIANCE


unrotated


rotated


Effect of rotation


• Rotation Ł more regionalized patterns 
(well known)


• Rotation Ł better simple structure


Effect of rotation


PC1


PC2


PC3


PC4


ORTHOG. ROTATED


PC1


PC2


PC3


PC4


UNROTATED


CORRELATION
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Effect of rotation


COVARIANCE


PC1


PC2


PC3


PC4


UNROTATED


PC1


PC2


PC3


PC4


ORTHOG. ROTATED


Effect of rotation
• Quantification of the simple structure: 


number of data points “distant from axes”  
on PC scatterplots (loadings >0.2) 


1.0.8.6.4.2.0-.2-.4-.6-.8-1.0


1.0


.8


.6


.4


.2


.0


-.2


-.4


-.6


-.8
-1.0


Effect of rotation
• Quantification of the simple structure: 


number of data points “distant from axes”  
on PC scatterplots (loadings >0.2) 


• For 6 leading PCs:


– unrotated: 145 per one plot


– rotated: 72 per one plot


Implications for AO x NAO


• AO / NAO pattern – PC1 in most solutions


Implications for AO x NAO


covariance, unrotated


covariance, rotated


4 PCs 14 PCs9 PCs6 PCs


ALEUTIAN CENTRE


as strong 
as Atlantic


unstable; much 
weaker or absent


Implications for AO x NAO


covariance, unrotated


covariance, rotated


4 PCs 14 PCs9 PCs6 PCs


ARCTIC CENTRE


circle-like around pole


less extensive, confined 
to Atlantic sector
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Implications for AO x NAO


covariance, unrotated


covariance, rotated


4 PCs 14 PCs9 PCs6 PCsArctic + Atlantic centres – very little sensitivity to number 
of rotated PCs


Implications for AO x NAO


covariance, unrotated


covariance, rotated


4 PCs 14 PCs9 PCs6 PCs


AO


NAO


Implications for AO x NAO


covariance, unrotated


correlation


unrotated rot, 15 PCsrot, 9 PCsrot, 6 PCs


ALEUTIAN CENTRE


more spatially extensive, 
shifted southwards, much 


weaker than Atlantic centre
virtually non-existent


Implications for AO x NAO


covariance, unrotated


correlation


unrotated rot, 15 PCsrot, 9 PCsrot, 6 PCs


AO with very weak 
Aleutian centre


NAO


Arctic centre less extensive, confined to Atlantic sector; 
Atlantic + Arctic centres little sensitive to number of 


rotated PCs


Implications for AO x NAO


• AO / NAO pattern – PC1 in most solutions


• unrotated PCs, covariance matrix à AO


• unrotated PCs, correlation matrix à AO but 
with very weak Aleutian centre


• rotated PCs à NAO


Implications for AO x NAO


• covariance vs. correlation; unrotated PCs


covar correl SLP stddev 


Aleutian centre of AO
is not due to joint variability with 


Atlantic + Arctic centres


but due to high local variability
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CONCLUSIONS


• equal-area grid x cosine weighting – almost 
identical results (for covariance matrix)


• correlation x covariance – large differences, 
esp. for unrotated solutions


• unrotated PCs – weak simple structure Ł
their interpretation is doubtful


CONCLUSIONS


• unrotated PCs à AO only for covariance 
matrix


• rotated PCs à NAO; insensitive to number 
of PCs


• Aleutian centre of AO – result of high local 
variability rather than co-variation with 
other two action centres


CONCLUSIONS


• interpretation of rotated PCs should be 
preferred


• NAO is intrinsic mode of NH circulation 
variability


• AO appears to be statistical artifact 
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Radan Huth, The Use Of Multivariate Statistical Methods In The Analyses Of  Long-
Term Climatic Trends 
 

Radan Huth 
Institute Of Atmospheric Physics, Czech Republic 

 
 
 

This contribution introduces two multivariate statistical methods, namely the principal 
component analysis (PCA) and cluster analysis, into the research on long-term trends in 
climatic elements, and demonstrates the benefits of their use. The study is based on linear 
trends of 11 climatic elements at 21 stations in the Czech Republic and is carried out on a 
seasonal basis.   PCA, if applied to the trend magnitudes for a set of variables at a network of 
stations, allows one to find out mutual relationships among the individual variables, trends. 
Expected relationships, such as a connection of daily temperature range increases with 
increases in sunshine duration, and decreases in cloud cover and relative humidity, are 
confirmed by PCA. In addition to it, PCA allows one to uncover other relationships, which 
would not have been expected a priori, such as a seasonally varying link between precipitation 
probability and precipitation amount. PCA can also serve as a tool for identifying the station 
where the trends are most representative for the whole region analyzed.   PCA can be applied 
to the trends in another way if the data at a single station are stratified, e.g. classified according 
to large-scale circulation characteristics. Then the trend magnitudes of several variables at a 
single station under various circulation types enter PCA, which helps to uncover causes of 
different patterns of climatic change proceeding under different circulation conditions.   The 
cluster analysis of stations allows the spatial consistency of trends to be quantified. The 
groupings of stations appear to be spatially incoherent and seasonally variable, which indicates 
that local peculiarities of the relatively complex terrain affect the station trends to a 
considerable extent.  The study is supported by the Grant Agency of the Academy of Sciences 
of the Czech Republic, contract IAA3017301. 
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MODES OF ATMOSPHERIC 
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MOTIVATION


• Recent dispute:


– NAO vs. AO
– regionalized vs. annular-like pattern


– rotated vs. unrotated PC1 of monthly 
SLP


AIMS


• Effects of methodological options on PCA 
outputs
– compensation for unequal gridbox size


• none x cosine weighting x equal-area grid


– similarity matrix
• correlation x covariance


– rotation
• none x orthogonal x oblique


DATA


• monthly mean SLP


• 5 x 5 deg grid


• 1948-1999


• November to April


• north of 20 N


Compensation for unequal 
gridbox size


(effect of grid type and weighting)


• uneven spatial distribution of data Ł
exaggeration of influence of data rich areas


• hemispheric analyses – problem in polar 
areas


• 2 ways out


Compensation for unequal 
gridbox size


(effect of grid type and weighting)


• weighting by [cos (lat)] ½


– possible drawback: neglects value at pole


– applicable only to covariance matrix


• quasi-equal area grid
– no interpolation


– at each latitude, the number of gridpoints is 
selected so that mean area ~ gridpoint at pole
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Quasi-equal area grid Effect of grid type and weighting


• Equal-area grid x cosine weighting – almost 
identical results


Effect of grid type and weighting


1000


1


cosine weighted


99410


9979


9978


9977


-9976


9985


9994


9983


9982


1


1098765432PC


eq
u


al-area


Correlation of PC loadings; covar, unrot; only >0.35 shown


Effect of grid type and weighting


981


1


regular grid


41210


6507189


-675-3823848


-448647-3997


9056


3776265725


-5097584


9113


802-4712


1


1098765432PC


eq
u


al-area


Correlation of PC loadings; covar, unrot; only >0.35 shown


Effect of grid type and weighting


• Equal-area grid x cosine weighting – almost 
identical results


• Equal-area x regular grid 
– much lower similarity of patterns


– changed order of patterns 


• Equal-area grid used further


Effect of similarity matrix


924


1


correlation


4869


-6028


7247


-536-5383796


766-397-4985


418-368-484350-3764


8413


-3674765402


1


98765432PC


co
varian


ce


Correlation of PC loadings; unrotated
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Effect of similarity matrix


-397


487


363


937


1


correlation


-3875539


-8148


7793757


-9166


8805


7044


8673


8192


-400-4294071


98765432PC


co
varian


ce


Correlation of PC loadings; 9 PCs orthog. rotated


Effect of similarity matrix
PC loadings; 9 PCs orthog. rotated


correlation


covariance


Effect of similarity matrix


• Correlation / covariance yield different sets 
of patterns


• Similarity correlation x covariance
– weak for unrotated PCs


• low correlations between PC loadings


• mixture between patterns


• lack of one-to-one correspondence


– stronger for rotated PCs


Effect of rotation


• Rotation Ł more regionalized patterns 
(well known)


COVARIANCE


unrotated


rotated


Effect of rotation


• Rotation Ł more regionalized patterns 
(well known)


• Rotation Ł better simple structure


Effect of rotation


PC1


PC2


PC3


PC4


ORTHOG. ROTATED


PC1


PC2


PC3


PC4


UNROTATED


CORRELATION
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Effect of rotation


COVARIANCE


PC1


PC2


PC3


PC4


UNROTATED


PC1


PC2


PC3


PC4


ORTHOG. ROTATED


Effect of rotation
• Quantification of the simple structure: 


number of data points “distant from axes”  
on PC scatterplots (loadings >0.2) 


1.0.8.6.4.2.0-.2-.4-.6-.8-1.0


1.0


.8


.6


.4


.2


.0


-.2


-.4


-.6


-.8
-1.0


Effect of rotation
• Quantification of the simple structure: 


number of data points “distant from axes”  
on PC scatterplots (loadings >0.2) 


• For 6 leading PCs:


– unrotated: 145 per one plot


– rotated: 72 per one plot


Implications for AO x NAO


• AO / NAO pattern – PC1 in most solutions


Implications for AO x NAO


covariance, unrotated


covariance, rotated


4 PCs 14 PCs9 PCs6 PCs


ALEUTIAN CENTRE


as strong 
as Atlantic


unstable; much 
weaker or absent


Implications for AO x NAO


covariance, unrotated


covariance, rotated


4 PCs 14 PCs9 PCs6 PCs


ARCTIC CENTRE


circle-like around pole


less extensive, confined 
to Atlantic sector
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Implications for AO x NAO


covariance, unrotated


covariance, rotated


4 PCs 14 PCs9 PCs6 PCsArctic + Atlantic centres – very little sensitivity to number 
of rotated PCs


Implications for AO x NAO


covariance, unrotated


covariance, rotated


4 PCs 14 PCs9 PCs6 PCs


AO


NAO


Implications for AO x NAO


covariance, unrotated


correlation


unrotated rot, 15 PCsrot, 9 PCsrot, 6 PCs


ALEUTIAN CENTRE


more spatially extensive, 
shifted southwards, much 


weaker than Atlantic centre
virtually non-existent


Implications for AO x NAO


covariance, unrotated


correlation


unrotated rot, 15 PCsrot, 9 PCsrot, 6 PCs


AO with very weak 
Aleutian centre


NAO


Arctic centre less extensive, confined to Atlantic sector; 
Atlantic + Arctic centres little sensitive to number of 


rotated PCs


Implications for AO x NAO


• AO / NAO pattern – PC1 in most solutions


• unrotated PCs, covariance matrix à AO


• unrotated PCs, correlation matrix à AO but 
with very weak Aleutian centre


• rotated PCs à NAO


Implications for AO x NAO


• covariance vs. correlation; unrotated PCs


covar correl SLP stddev 


Aleutian centre of AO
is not due to joint variability with 


Atlantic + Arctic centres


but due to high local variability
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CONCLUSIONS


• equal-area grid x cosine weighting – almost 
identical results (for covariance matrix)


• correlation x covariance – large differences, 
esp. for unrotated solutions


• unrotated PCs – weak simple structure Ł
their interpretation is doubtful


CONCLUSIONS


• unrotated PCs à AO only for covariance 
matrix


• rotated PCs à NAO; insensitive to number 
of PCs


• Aleutian centre of AO – result of high local 
variability rather than co-variation with 
other two action centres


CONCLUSIONS


• interpretation of rotated PCs should be 
preferred


• NAO is intrinsic mode of NH circulation 
variability


• AO appears to be statistical artifact 
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Christopher Jack, Preliminary climate change downscaling with the MM5 regional model 
 

Christopher Jack 
CSAG, University of Cape Town, South Africa 

 
and 

 
Mark Tadross 

Bruce Hewitson 
 

GCM based climate change projections are of limited use because of the course resolution of 
the data generated.  Grid scales of the order of several hundred kilometers can cover several 
climate regimes or climatic gradients within one or two grid boxes.  Interpreting the data at a 
human scale is difficult.  As a result, much research is being invested in various downscaling 
techniques.  These techniques attempt to add regional scale information to the large scale fields 
produces by the GCMs.  Regional Climate Models (RCMS) are one downscaling technique 
that can be used.In this paper the PSU/NCAR MM5 regional climate model has been used to 
downscale three different GCM model datasets.  A downscaling of the NCEP reanalysis for the 
period 1985 to 1995 is presented.  A downscaling of the control climate simulation produced 
by the ECHAM model as well as the future climate (A2 scenario) simulation are also 
presented.  The ECHAM control downscaling is compared to the NCEP downscaling and the 
differences analyzed both in terms of the differences in the large scale forcing fields and the 
internal dynamics of the model.  Then the ECHAM future and present downscalings are 
differenced and the differences analyzed in terms of possible climate change signals.  Finally a  
preliminary evaluation of the RCM based downscaling technique is presented in the context of 
climate change projections.  Possible improvements to the technique and future applicability of 
the technique are discussed.
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PA Johnston,   Seasonal Forecasts and Agricultural Decision Making - an inside 
perspective 
 

PA Johnston 
CSAG, University of Cape Town, South Africa 

 
 
 

 
In order to produce more oriented and effective seasonal forecasts it is necessary to gain a 
greater understanding of the processes and tools involved in the analysis and decision making 
that a forecast user requires to inform his/her subsequent actions. Several options arise when a 
user is presented with a forecast - either to alter the current view of things, and consequently 
his actions, or to ignore the forecast in preference to his own views or for reasons relating to 
legitimacy, language or method of presentation.  There exists for each person a finite amount 
of information that is used to make decisions. This can be increased through acceptance of new 
concepts and points of view, but at any given moment decisions will be made using this finite 
amount of information, influenced by the environment and milieu within which it is made – 
this is referred to as bounded rationality and it is within this rational space that a decision is 
made based on the information available. Some forecast users, finding themselves 
overwhelmed by the array of choice and decision options, settle for the forecast easiest to 
access, rather than the most suitable. 
 
A greater understanding of a user’s frame of reference would be of great assistance to both the 
producer of the forecaster as well as any subsequent interpreter, facilitator or extension agent. 
Knowledge of the user’s cognitive state leading to decisions concerning the willingness, and 
thereafter the capacity, to utilise a forecast would provide insight into the degree of importance 
attached to climate forecast information and the constraints and limitations facing the user in 
terms of making reactive decisions. The proposed research will investigate maize farmers in 
South Africa. 
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University of Cape Town


Peter  Johnston


Seasonal Forecasts and 
Agr icultural Decision-making


An Inside Perspective


Research Questions…


• What do maize farmers find useful 
to assist decision making?


• Why are farmers not making better  
use of the cur rent forecasts?


• Can farmers make ‘better ’  
decisions?


Research setting


Commercial maize farmers 2 groups:


•Random sample collected at NAMPO 
farmers show


•Those that cur rently use some form of 
seasonal forecast information – email 
access


Activity


Forecast 
with more 


than 1 month 
lead time 


(greater lead 
time = less 


Prediction 
of monthly 


rainfall 
anomaly


Prediction 
of 3-


monthly 
average 
rainfall 
anomaly 


Historical 
rainfall 


probability 
(based on 
ENSO)


Amount of Land prepared 1.83 1.50 2.08 1.69
Crop Planting date 1.69 1.50 1.79 1.57 1 VERY USEFUL1.00-1.66
Type of crops planted 1.77 1.86 2.07 1.64 2 USEFUL 1.66-2.33
Selection of crop cultivars 2.23 2.15 2.21 2.07 3 NOT USEFUL 2.33-3.00
Fertiliser purchase 2.36 2.00 2.00 2.23
Irrigation planning 1.71 1.75 1.86 2.00
Stocking rates 2.00 2.00 2.00 1.73
Borrowing money 2.11 2.14 2.22 2.22


Activity


Approx date 
of onset of 


rainfall 


Approx 
date of 


cessation of 
rainfall


Intra-
seasonal  
distrib of 
rainfall


Approximate 
timing and 
duration of 
dry spells


Average 
temp 


anomalies


Amount of Land prepared 1.31 1.54 1.46 1.38 2.08
Crop Planting date 1.36 1.36 1.31 1.29 1.83
Type of crops planted 1.43 1.43 1.38 1.38 2.00
Selection of crop cultivars 2.15 1.93 1.85 1.92 2.00
Fertiliser purchase 2.33 2.36 2.45 2.42 2.64
Irrigation planning 2.14 2.00 1.71 1.86 2.14
Stocking rates 2.09 2.10 2.10 1.90 2.25
Borrowing money 2.60 2.40 2.30 2.20 2.56


What the commercial maize farmer would find useful…..


Approx date 
of onset of 


rainfall 


Approx 
date of 


cessation of 
rainfall


Intra-
seasonal  
distrib of 
rainfall


Approximate 
timing and 
duration of 
dry spells


Amount of Land prepared 1.31 1.54 1.46 1.38
Crop Planting date 1.36 1.36 1.31 1.29
Type of crops planted 1.43 1.43 1.38 1.38


Forecast 
with more 


than 1 month 
lead time 


Prediction 
of monthly 


rainfall 
anomaly


Prediction 
of 3-


monthly 
average 
rainfall 
anomaly 


Historical 
rainfall 


probability 
(based on 
ENSO)


Amount of Land prepared 1.83 1.50 2.08 1.69
Crop Planting date 1.69 1.50 1.79 1.57
Type of crops planted 1.77 1.86 2.07 1.64


..in summary…..


• High resolution prediction
• Advance notice of seasonal rainfall:


– Mid season dry spell
– Onset
– Distr ibution
– Cessation


• Follow up and updates
• Post season/monthly analyses
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What the farmer thinks of forecasts…..


Farmers using forecasts:


• 83% find them ‘useful’
Random sample:


• 76% receivesome sor t of forecast
• 18% - SAWS, 64% another  source (PP!)
• 33% trust the forecast
• Relevant: 23% very, 37% fair ly, 21% not at all


What would he do differently?


• 68% crop selection
• 47% cultivar  selection
• 63% planting planning


• 67 % understood ‘normal’  rainfall


• 79% using farmers interpreted 
probability


• 33 % of random sample 
– 64% - were confident 
– 33% of those were wrong


But do they understand..? 11%11%11%11%


89%89%89%89%


“ The forecast for  the remainder  of the summer 
rainfall season suggests the persistence of an 


erratic rainfall pattern. Over  the central 
inter ior  regions, however, enhanced


probabilities of near-normal rainfall are 
forecast. Over  the north-eastern regions, there 


is a significant chance of a continuation of 
sporadic rainfall events that will do little to 


alleviate the current drought conditions over  
that area.”


What’s to understand..? Making Decisions


Bounded rationality:
•Each decision maker  has a finite amount of information 
upon which to base any decision


•Anchor ing – based upon some previous exper ience
•Limited, contextual, game, process, adaptive, selected


•Validity of decision is a function of truth (consistency) 
and accuracy (represent reality)


Some forecast users, finding themselves overwhelmed by 
the ar ray of choice and decision options, settle for  the 


forecast easiest to access, physically and mentally, rather  
than the most suitable …
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Making wrong decisions..


• False expectations about var ious 
forecasting models and their  outputs.


• Insufficient understanding about the 
interpretation and application of a 
forecast to a specific case. 


• An inappropr iate application or  response 
based on forecast information.


(Farago et al 1997)


Living with a wrong decision…


‘Cognitive dissonance’ : justification of one’s decision 
when ‘action’  disagrees with ‘attitude’


3 mental mechanisms to ensure that actions and attitudes are in 
harmony (reducing dissonance). 


• Selective exposure – keeping within the walls
• Post-decision reassurance – cost, time taken, irreversibility –


finding common ground from others who agreed with decision.
• Minimal justification = greater attitudinal change – smaller 


rewards get more positive reaction (cup-holders vs fuel 
consumption)


So what does he do?
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Need to know ….


• What is involved in his decision making?


• What has the greatest influence?


• How to increase the finite sphere of 
information


• How to increase the ability and 
willingness to utilise SF’s


Fidelity/Bravery/Intelligence


• Forecasts need to be honest and have intimate 
knowledge of user  needs


• Limitations of the forecast are the star ting 
point


• Probability and skill must be explained


Forecaster obligations..
• Users have differ ing attitudes


– disbelief 


– mistrust
– cynical
– misinterpretation


– cognitive dissonance - reinforcing decisions


• research required to compare the impact on 
commercial and emerging/s-scale farmers


• farmers will use forecasts when they are good 
and ready…. 


Researcher’s obligations







4


or  when the forecasts are good and or  when the forecasts are good and 
ready….?ready….?
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Prof Ian Jolliffe, To Centre Or Not To Centre - Or Perhaps Do It Twice? 
 

Prof Ian Jolliffe 
University Of Aberdeen, United Kingdom 

 
 
 

The standard definition of covariance or correlation involves centring each variable by 
subtracting its mean. However, some applications in climatology use uncentred versions. In 
other disciplines doubly-centred versions have also been employed. A brief review is given of 
these possibilities, mainly in the context of principal component analysis; their properties are 
discussed and illustrated on some simple examples. 
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To centre or not to centre …or 
perhaps do it twice


Ian Jolliffe


Universities of Reading, 
Southampton, Aberdeen


i.t.jolliffe@reading.ac.uk
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Outline of talk


• Introduction


• Covariance and correlation


• Principal component analysis (PCA - EOF 
analysis)


• Uncentred analyses


• Doubly-centred analyses 


• Concluding remarks
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Covariance


Given a data set xi j, i = 1, 2, …, n; j = 1, 2, 
…p, consisting of n observations on p 
variables, the covariance between the j th and
kth variable is, with obvious notation 
(though divisor (n-1) instead of n might be 
more appropriate here):


))((
1


1
kikj


n


i
ijjk xxxx


n
s −−= �


=
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Covariance and correlation


• The correlation between variables j and k is 
rjk = sjk/[sjjskk]½


• The covariance sjk is the (j,k)th element of the 
matrix SCC = XT


CCXCC/n, where XCC is the matrix 
whose (i,j)th element is 


)( jij xx −
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Centering


• The notation XCC indicates that X has been 
column-centred. There are several 
alternatives
– No centering (uncentred), giving XUC


– Row centering, giving XRC


– Double centering, giving XDC
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Other forms of covariance


• For each of the X matrices, we can calculate 
a matrix of ‘modified covariances’ , as 


S = XTX/n


For example, an ‘uncentred covariance 
matrix’  can be defined to have elements


ik


n


i
ijjk xx


n
s �


=


=
1


1
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Other forms of correlation


• ‘Correlations’  can be defined corresponding 
to each of the modified covariances


• Hyvärinen et al. (2001, pp 24,25) define 
correlation as an uncentred version, but 
covariance with column centering!
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PCA (EOF analysis) – some 
definitions, terminology


• If x is a vector of p variables, then the principal 
components (PCs) are linear combinations aT


1x, 
aT


2x, … aT
px


• In the kth PC, ak the vector of coefficients or 
loadings is chosen so that the variance of aT


kx is 
maximised, subject to a normalisation constraint 
aT


kak = 1, and subject to successive PCs being 
uncorrelated
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PCA – more definitions, 
terminology


• The optimisation problem which defines PCs turns 
out, like many in multivariate analysis, to be an 
eigenvalue problem


• The variances of the PCs are eigenvalues of the 
covariance matrix of x, in descending order, and 
the vectors of loadings ak are the corresponding 
eigenvectors.  


• If variables are replaced by standardised variables, 
obtained by dividing by respective standard 
deviations, then PCA finds eigenvalues and 
eigenvectors of the correlation matrix
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Varieties of PCA 


• As well as the covariance/correlation 
dichotomy, we can do corresponding 
analyses on the various modified versions


• All have been used somewhere in the 
literature but it not always obvious how to 
interpret what is being done, and what the 
results mean
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Examples


• We illustrate the various analyses with two 
toy examples
– Monthly averages of maximum daily 


temperature for 16 UK stations (n=16; p=12) in 
2002


– Monthly precipitation totals for 15 UK stations 
(n=15; p=12) in 2002


• For the first of these, analyses were done 
using both Celsius and Fahrenheit
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Temperature data – column 
centred


• Correlation matrix analysis has first PC as a measure of 
overall temperature at each station; second PC measures 
seasonal cycle


• Correlation matrix analysis is invariant to use of Celsius or 
Fahrenheit; so is covariance analysis because the 
transformation is the same for all variables


• Covariance analysis is similar except that loadings on the 
first PC are slightly more variable, reflecting different 
variance values; similar amounts of variation are accounted 
for by PC1 (73%, 74% for correlation, covariance 
respectively)
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Precipitation data – column 
centred


• Because precipitation is less spatially structured 
than temperature, correlations are more variable 
and not all are positive


• Hence loadings on first PC are no longer nearly 
uniform. The correlation analysis has two main 
exceptions (July, December); the covariance 
analysis is much more variable, due to large 
differences in variances (Sep =159, Feb = 4664)
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Precipitation data – column 
centred II


• Also PC1 is less dominant than for 
temperature (65% covariance, 55% 
correlation)


• PC2 is dominated by months that are least 
correlated with the rest in both analyses, 
though details are different







4


19


Temperature data – uncentred
‘covariance’  analysis


• We are now looking at directions with the 
maximum variation with respect to the origin, 
rather than with respect to the mean. Hence the 
mean itself often determines the form of the first 
(frequently very dominant) ‘component’


• In this example, PC1 & PC2 have similar 
loadings to those in the column-centred analysis, 
but the first PC is a much more dominant source 
of variation and a seasonal cycle is now apparent 
in PC1 reflecting the annual cycle in the means
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Temperature data – uncentred
‘covariance’  analysis II


• Results are not invariant to choice of scale
• Because values for Fahrenheit are further from the 


origin than Celsius, the PC1 is even more 
dominant (99.95% of ‘variation’  for °F; 99.73% 
for °C; 74.0% for column-centred)


• Also loadings in PC1 are less variable for °F than 
for °C in uncentred analysis


• It seems unwise to use uncentred analyses unless 
the origin is meaningful. Even then, it will be 
uninformative if all measurements are far from the 
origin 22�����
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Temperature data – uncentred
‘correlation’  analysis


• Not invariant to choice of scale, but PC1 is 
very close to an equally weighted 
combination of all variables in both cases


• PC2 is also quite similar in both cases –
seasonal cycle again


• Larger numbers for °F so more extreme 
behaviour (99.94% compared to 99.5% for 
PC1; greater uniformity of loadings in PC1)
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Uncentred analyses and 
anomalies


• One case where uncentred analyses are 
appropriate is if we can assume that the 
population means of our variables are zero, 
although the sample means are not


• This is the case when the data are anomalies
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Precipitation data – uncentred
‘covariance’  analysis


• PC1 again becomes more dominant than in 
the column-centred analysis (91.7% vs. 
65.0%)


• All loadings on PC1 now have the same 
sign and are more similar in value; PC2 has 
little in common with PC2 for the column-
centred analysis
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Precipitation data – uncentred
‘correlation’  analysis


• PC1 is very, very close to an equally-
weighted combination of all months –it 
accounts for 91.1% of ‘variation


• PC2 contrasts the first 6 months with the 
last 6 months. Why? How can this be 
interpreted?
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Temperature data – doubly-
centred ‘covariance’  analysis


• This analysis is invariant to choice of °F or °C


• PC1 and PC2 have similar loadings to PC2, PC3 
in column-centred analysis. This is because the 
double centering induces a constraint x1 + x2 + …
+ xp =0. This implies that the first PC in the 
column-centred analysis now has near-zero 
variance – other PCs move up one, and the last PC 
is now given by the relationship above
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Temperature data – doubly-
centred ‘correlation’  analysis


• Again there is invariance to choice of scale


• PC1 accounts for less ‘variation’  than in 
‘covariance’  analysis (63.4%  vs. 77.8%) 
but structure of loadings in first two PCs is 
similar 
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Precipitation data – doubly-
centred ‘covariance’  analysis


• The doublecentering again induces a constraint x1
+ x2 + … + xp =0, given by the last PC


• Because the first PC in the column centred 
analysis is not particularly close to x1 + x2 + … + 
xp, PC2 & PC3 don’ t look much like PC1 & PC2 
of the column centred analysis for these data 


• PC1 accounts for only 40.5% of the (doubly-
centred) variation
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Precipitation data – doubly-
centred ‘correlation’  analysis


• PC1 accounts for 33.6% of ‘variation’  and 
is similar to that for covariance (Jan, Feb vs. 
Jul, Aug, Sep, Dec – but how to interpret 
it?)


• PC2 is completely different in covariance 
and correlation analyses
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When and why use double 
centering


• If an analysis is likely to be dominated by an 
uninteresting ‘size’  PC – all loadings of the same 
size and roughly equal magnitude  (size/shape 
analysis, species abundance data) – then double-
centering removes it


• Can also be thought of as removing row and 
column effects from a data matrix and 
concentrating on interactions between row and 
columns. 


• Uncentred analysis accentuates size PCs rather 
than removing them


36


Row-centred analysis


• If column-centred analysis is S-mode analysis then 
row-centred analysis is T-mode


• It is sometimes suggested that T-mode is related to 
S-mode by simply transposing the data matrix, but 
this is not the case in general – different centerings 
are involved


• The relationship does hold if double-centering is 
used
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Related ideas


• Double-centering uses a similar idea to correspondence 
analysis, but is different in how row and column effects are 
removed


• There are a number of varieties of correlation and anomaly 
correlation, corresponding to different choices for 
centering


• Empirical orthogonal teleconnections (van den Dool et al 
2000) use uncentered covariances in a regression context 


• Takane and Shibayama (1991) decompose a data matrix 
into 4 terms. SVDs of sums of one or more these terms 
give uncentred, column-centred, row-centred and doubly-
centred PCAs
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Final remarks


• Standard EOF analysis is (relatively) easy to 
understand – variance maximisation


• For other techniques it’s less clear what we are 
optimising, and how to interpret the results


• There may be reasons for using no centering or 
double centering, but potential users need to 
understand and explain what they are doing 
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M R Jury,  Spectral modelling of Southern African climate variablity 
 

M R Jury 
University of Kwazulu-Natal, South Africa 

 
and 

 
 Warren B White 

 Chris Reason 
 
In this study, statistical techniques are used to decompose southern African summer rainfall 
into biennial (1.5-3 yr), interannual (3-9 yr) and decadal (>9 yr) bands for the period 1900-
1999. With the annual cycle removed, residual spectral energy in the rainfall series is found to 
cascade from biennial to interannual to decadal bands. Rossby wave action in the South Indian 
Ocean appears to dominate the biennial scale variability. El Niño-Southern Oscillation (ENSO) 
and related Indian Ocean dipole patterns are important for interannual variability. 
 
Significant sea temperature and pressure (SST / SLP) fluctuations occurring 6-12 months prior 
to rainfall contribute biennial and interannual indices to a multi-variate model that 
demonstrates useful predictive skill. Macro-economic cycles are quasi-decadal, and SST/SLP 
patterns for this band exhibit eastward wave motion. 
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Spectral Spectral modellingmodelling
the climate of southern Africathe climate of southern Africa


Mark R Jury, Mark R Jury, UnivUniv ZululandZululand


Warren White, Scripps Inst.Warren White, Scripps Inst.


Chris Reason, Chris Reason, UnivUniv Cape TownCape Town


Although our knowledge of the Although our knowledge of the 
climate system is advanced:climate system is advanced:


a portion of the system is a portion of the system is predictablepredictable and and 
another part is another part is chaoticchaotic


How can we find the predictable How can we find the predictable 
component?component?


by looking at key features in certain places at by looking at key features in certain places at 
prescribed frequenciesprescribed frequencies


MethodologyMethodology
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AnalysingAnalysing forfor
predictabilitypredictability
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Forces that drive climate variability Forces that drive climate variability 
per spectral bandper spectral band


•• Ocean Ocean rossbyrossby waves (L=7000 km) waves (L=7000 km) 
travellingtravelling westward at ~0.1 westward at ~0.1 m/sm/s
induce 2induce 2--5 year variability5 year variability


•• Upper atmospheric divergent waves Upper atmospheric divergent waves 
(L=17000km) (L=17000km) travellingtravelling eastward at eastward at 
similar speeds induce slower similar speeds induce slower 
fluctuationsfluctuations


Moisture fluxes per spectral bandMoisture fluxes per spectral band
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interannualinterannual componentcomponent


Opposing Opposing 
phases of phases of 
rainfallrainfall


Alternating Alternating 
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of Indian of Indian 
OceanOcean
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Rainfall and South Rainfall and South 
Atlantic SLP: biennial bandAtlantic SLP: biennial band
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Indian SST: Indian SST: interannualinterannual bandband


ocean leading                          ocean lagging
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The Indian Ocean The Indian Ocean rossbyrossby wave wave 
‘see‘see--saw’: biennial to saw’: biennial to interannualinterannual


Heat contentHeat content
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SummarySummary


•• With the annual cycle removed, residual spectral energy With the annual cycle removed, residual spectral energy 
cascades from high to low frequency. cascades from high to low frequency. 


•• Biennial signals: westward Biennial signals: westward RossbyRossby wave in the South Indian wave in the South Indian 
Ocean and pressure oscillations in the South AtlanticOcean and pressure oscillations in the South Atlantic


•• InterannualInterannual signals: ENSO and tropical Indian Ocean dipole signals: ENSO and tropical Indian Ocean dipole 
patternspatterns


•• Decadal signals: eastward divergent wave, the AfricaDecadal signals: eastward divergent wave, the Africa--America America 
dipole and tropical Atlantic SST.dipole and tropical Atlantic SST.


•• Transient wave fluctuations contribute indices to a multiTransient wave fluctuations contribute indices to a multi--variatevariate
model that demonstrates useful predictive skill. model that demonstrates useful predictive skill. 


•• MacroMacro--economic uptake is > economic uptake is > interannualinterannual due to response lags due to response lags 
in the monetary system.in the monetary system.
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Viatcheslav Kharin,  Estimating Extremes In Transient Climate Change Simulations 
 

Viatcheslav Kharin 
Canadian Centre For Climate Modelling & Analysis, University of Victoria, Canada 

 
and 

 
 Francis W. Zwiers 

 
 

Changes in extreme temperatures and precipitation described  in terms of return values of 
annual extremes are examined in  three ensembles of transient climate change simulations  
performed with the second generation global coupled climate  model (CGCM2) of the 
Canadian Centre for Climate Modelling  and Analysis. Three-member ensembles were 
produced for the  time period 1990-2100 using the Intergovernmental Panel on  Climate 
Change IS92a, A2 and B2 emission scenarios. The  return values are estimated from a 
generalized extreme value  distribution with time-dependent location and scale  parameters 
fitted to 51-yr samples of annual extremes by the  method of maximum likelihood. The method 
of L-moments for  estimating return values is revisited and found to produce  biased estimates 
of return values in the considered  transient climate change simulations.   The climate response 
is of similar magnitude in the  integrations with the IS92a and A2 emission scenarios but  more 
modest for the B2 scenario.  Changes in temperature  extremes are largely associated with 
changes in the location  of the distribution of annual extremes without substantial  changes in 
its shape. Exceptions from this general rule  occur in regions where land and ocean surface 
properties  change drastically, such as the regions that experience  sea-ice and snow cover 
retreat. Globally averaged changes in  warm extremes are comparable to the corresponding 
changes in  annual mean daily maximum temperature while globally  averaged cold extremes 
warm up faster than annual mean daily  minimum temperature.  There are substantial regional  
differences in the magnitudes of changes in temperature  extremes and the corresponding 
annual means.  Changes in  precipitation extremes are due to changes in both the  location and 
scale of the extreme value distribution and  exceed substantially the corresponding changes in 
the annual  mean precipitation. Generally speaking, the warmer model  climate becomes wetter 
and hydrologically more  variable. Waiting times for precipitation events that are  considered 
extreme at the beginning of the considered  simulations are reduced by a factor 1.5-2 by the 
end of the  21st century.



Gottfried Kirchengast, Generation Of Global Atmospheric Climatologies From GNSS 
Radio Occultation Data 
 

Gottfried Kirchengast 
IGAM - University of Graz, Austria 

 
and 

 
Ulrich Foelsch 

Andreas Gobiet 
Armin Loescher 

 
The Global Navigation Satellite System (GNSS) Radio Occultation (RO) technique is an active 
limb sounding method using GNSS radio signals to probe the Earth's atmosphere. Fundamental 
atmospheric variables such as temperature and geopotential height can be retrieved with high 
accuracy in the troposphere and stratosphere. The changing thermal structure in this height 
domain is a sensitive indicator of climate change. The global coverage, all-weather capability, 
high accuracy, and self-calibrated nature of the RO method suggests it as a promising tool for 
global monitoring of climatic changes in the atmosphere.    The German research satellite 
CHAMP with a Global Positioning System (GPS) occultation receiver aboard continuously 
acquires about 180 RO profiles per day since March 2002 and provide the first opportunity to 
create RO based climatologies on a longer term. The CHAMPCLIM project, a project of the 
IGAM/University of Graz, Austria, in collaboration with the GFZ Potsdam, Germany, takes 
this opportunity and aims at exploiting the CHAMP RO data for climate use. After optimizing 
the RO data processing for climate applications and related data validation, the main emphasis 
since recently is now to create global RO based climatologies for monitoring climate 
variability and change on a monthly, seasonal, and annual basis.    For this purpose, the 
complete CHAMP RO data flow (~180 events/day) is used to create refractivity, geopotential 
height, temperature, and humidity climatologies by two different methods. On the one hand, 
the climatologies are generated by standard averaging-and-binning techniques, on the other 
hand, 3D-variational assimilation of the RO refractivity data into ECMWF analysis fields is 
performed, yielding global climate analyses on a more dense horizontal grid.    We will provide 
an overview on the techniques used and show exemplary climatology results for the JJA 2003 
season used as 'testbed' before analyzing the full RO dataset 2002/2004. 
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Generation of Global Atmospheric Generation of Global Atmospheric ClimatologiesClimatologies
from GNSS Radio Occultation Datafrom GNSS Radio Occultation Data


Talk at 9th IMSC (Int‘l Meeting on Statistical Climatology), Session IM1-3a “Techniques“; 24 May 2004, Cape Town, South Africa.


G. Kirchengast, U. Foelsche, A. Gobiet, and A. Loescher


ARSCliSys Research Group, IGAM/University of Graz, Graz, Austria
(gottfried.kirchengast@uni-graz.at, www.uni-graz.at/igam-arsclisys)


Institute for Geophysics, Astrophysics, and Meteorology / University of Graz
Atmospheric Remote Sensing and Climate System Research Group


ARSCliSys — on the art of understanding the climate system


and collaborator teams and sponsors, see next slides…


G. Kirchengast1, W. Poetzi1, J. Ramsauer1, J. Fritzer1, A. Steiner1, U. Foelsche1,
P. Silvestrin2, S. Syndergaard3,5,1, M. Gorbunov4,1, G.B. Larsen5, K. Schultz6,
L. Kornblueh7,1, H. Reichinger8, S. Healy9 (plus several others in the Institutions 1-9)


1 ARSCliSys Research Group, IGAM/UG Graz, Austria
(Point of contact: gottfried.kirchengast@uni-graz.at) 
2 ESA/ESTEC (EOP-FPP), Noordwijk, Netherlands
3 Inst. of Atmospheric Physics, Tucson/AZ, U.S.A.


4 Inst. of Atmospheric Physics, Moscow, Russia
5 Danish Met. Institute, Copenhagen, Denmark


6 TERMA Elektronik A/S, Birkerød, Denmark
7 MPI for Meteorology, Hamburg, Germany


8 Austrian Aerospace, Vienna, Austria
9 The Met. Office, Bracknell, U.K.


(www.uni-graz.at/igam-iemc)


TheThe EndEnd--toto--end GNSS end GNSS OccultationOccultation Performance Performance 
Simulator Simulator versionversion 4 (EGOPS4)4 (EGOPS4)


EGOPS4 was developed with financial support by ESA, Austrian Science Fund (FWF),
IGAM/University of Graz, and EUMETSAT.


Thanks Thanks to...to...


International EGOPS4 Team
End-to-end GNSS Occultation Performance Simulator — EGOPS — never seen occultations so bright


(founded 1996, status May 2004)


• GNSS-CLIMATCH collaborators:
- L. Kornblueh et al. (MPIM Hamburg)
- E. Manzini (INPV Italy, MPIM), L. Bengtsson (ESSC Reading, MPIM)


• CHAMPCLIM collaborators:
- J. Wickert, T. Schmidt, G. Beyerle, C. Reigber (GFZ Potsdam)
- M. Gorbunov (IAP Moscow), S. Syndergaard (IAP/UoA Tucson),


A. Hauchecorne et al. (SA/CNRS Paris), H. Fischer et al. (IMK Karlsruhe)


GNSS-CLIMATCH and CHAMPCLIM Teams
GNSS-based cl imate monitoring and atmospheric change analysis — CHAMP/GPS-based cl imate monitoring


(GNSS-CLIMATCH started 1999, CHAMPCLIM started 2002)


Sponsors – Funding Partners:
- ESA (European Space Agency, EOP funds)
- FWF (Austrian Science Fund, bm:bwk funds)
- ASA (Austrian Space Agency, bm:vit funds)
- IGAM, University of Graz (ATFERN funds)
- EUMETSAT (Eur.Org. for Exploitation of Met.Satellites, EPS funds)


Thanks Thanks to...to...


Thanks Thanks to...to...


Global Global Climatologies Climatologies from GNSS Radio Occultationfrom GNSS Radio Occultation
outline outline 


• radio occultation and its climate monitoring promise
- the GNSS radio occultation method
- relevance for climate monitoring and research


• learning for climatologies: GNSS-CLIMATCH study
- a climate GNSS RO observing system simulation experiment
- lessons on sampling, error estimation… (JJA 1997 “ testbed” )
- perspectives for the full experiment (time period 2001–2025)


• starting to generate climatologies: CHAMPCLIM project
- CHAMPCLIM overview, validation and processing advancements
- global climatologies based on CHAMP RO data, first results


• concluding remarks


GPS / Galileo
L-Band Transmitter Radio Occultation (RO) Technique


GNSS Radio Occultation Method


GPS / Galileo
L-Band Transmitter


LEO satellite
L-Band Receiver


§ Exploits refraction of L-band signals between GPS/Galileo transmitting and 
LEO receiving satellites


§ Measurements of phase delay → bending angle → refractivity → temperature, 
geopotential height (> ~3–8 km); temperature, geopotential height, humidity
with background information on temperature and/or humidity (< ~3–8 km)


§ Inversion of GNSS occultation data:
→ virtually well-posed and close to linear problem
→ solved by inversion/retrieval or data assimilation
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...from the 9 “ high priority areas for action” noted in the recent IPCC 2001 report
(Summary for Policymakers, IPCC Working Group I, page 17):


“- sustain and expand the observational foundation for climate studies by
providing accurate, long-term, consistent data including implementation
of a strategy for integrated global observations.”


GNSS Radio OccultationGNSS Radio Occultation
relevance for climate monitoring and researchrelevance for climate monitoring and research


which deliver an unique combination of


• long-term stability due to intrinsic self-calibration (drifts < 0.1 K, < 2%r.h. / decade)
• high accuracy and vertical resolution (e.g., dT < 1 K at ~1 km height resolution) 
• global and even coverage (equal observation density above oceans as above land)
• all-weather capability (virtual insensitivity to clouds & aerosols; wavelengths ~20 cm)
• dense array of profiles from constellation (allowing, e.g., regional climate monitoring)


such accurate, long-term, consistent data on the refractive (N), thermal (T),
moisture (q), and geopotential height (Z) structure in the tropo- and strato-
sphere can be furnished by


GNSS radio occultation sensors
(CHAMP, SAC-C, GRACE, METOP, TerraSAR-X, EQUARS, COSMIC,...)
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GNSSGNSS--CLIMATCH Simulation StudyCLIMATCH Simulation Study
a climate observing system simulation experiment a climate observing system simulation experiment 


In General: Perform a rigorous quantitative 


evaluation of the promise GNSS radio occultation 
is perceived to hold for climate change monitoring. 


In Particular: Test  the capability of a small GNSS 


occultation observing system for detecting 


anthropogenically influenced temperature trends 
within the coming two decades. 
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Surface temperature change according to IPCC 2001 scenarios


Methodology: Given the lack of adequate real data, perform a realistic end-to-end climate 


observing system simulation experiment over a sufficient period of time.


Spin-off: Set up all basic elements of a climate monitoring system, which can in a next
step be advanced to generate high-quality N, Z, T, q climatologies based on real data


(to be started using the CHAMP and SAC-C occultation data flows).


Atmosphere model: ECHAM5 (MPIM Hamburg) 
Model resolution: T42L39 (up to 0.01hPa/~80km)
Model mode: Atmosphere-only (monthly mean SSTs)
Model runs: 1 run with transient GHGs+Aerosols+O3


1 control run (natural forcing only)


Change monitoring: In JJA seasonal average
T fields as they evolve from 2001 to 2025
Domain: 17 latitude bins of 10 deg width


34 height levels from 2 km to 50 km 
vertical resolution 1 – 2 km
core region 8 km to 40 km


Date: July 15, 1997; UT: 1200 [hhmm]; SliceFixDim=Lon: 0.0 [deg] Mean T field in selected domain: “True” JJA 1997 average temperature


GNSSGNSS--CLIMATCH Simulation StudyCLIMATCH Simulation Study
atmosphereatmosphere--climate modelingclimate modeling


Sampling into 17 equal area latitude bins
– 85°S to 85°N (10°lat x 15°lon at equator)
– No. of occultation events > 50 per bin


for each JJA season (max. 60/bin)


No. of occultation events per bin and month
– light gray: June events only
– light&medium gray: June+July events
– light&medium&dark gray: June+July+August


GNSSGNSS--CLIMATCH Simulation StudyCLIMATCH Simulation Study
observation simulations observation simulations –– spatial samplingspatial sampling


GNSSGNSS--CLIMATCH Simulation StudyCLIMATCH Simulation Study
observation simulations observation simulations –– temporal samplingtemporal sampling


Satellite ground track:
– High inclination satellite (i =  80°)
– almost identical constellation after 24 hrs
– similar constellation after ~12 hrs


Number of occultation events per time layer:
– 360 time layers in JJA (6hrs each)
– “Resonance” effect: GNSS satellites have a


12hr orbital period, LEO satellites traverse
a selected region twice per day


– regression of the nodes of the satellite orbits


GNSSGNSS--CLIMATCH Simulation StudyCLIMATCH Simulation Study
observation simulations observation simulations –– spatiospatio--temporal selectiontemporal selection


Original set, June 1997:
– 4511 events during 1 month,


up to 15 events per bin and time layer


Selected events, June 1997:
– 327 events during 1 month


Objective statistical analysis scheme
– Temperature trends estimation (using TJJA Av)
– Time period 2001 to 2025


– Latitude x height slices (17 x 34 matrix)


– Weighted least-squares analysis approach


(time-evolution analysis):


Fit design model Tt = A ti x i + e t


Best fit model xfit = Sfit ATSe
-1 T


Sfit = (ATSe
-1A) -1


Detection tests on temperature trends
– in the model run with transient forcings


– in the control run for comparison


– relative to estimated natural variability


GNSSGNSS--CLIMATCH Simulation StudyCLIMATCH Simulation Study
analysis and detection of temperature trendsanalysis and detection of temperature trends


2001–2025 JJA T trends in the “true” model runs


(ECHAM5 T42L39 transient run GCGAO)


(ECHAM5 T42L39 control run GCCTL)
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Bias error in temperature climatology Total observational error (rms of bias error)
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GNSSGNSS--CLIMATCH Simulation StudyCLIMATCH Simulation Study
results of performance analysis: observational errorresults of performance analysis: observational error


Sampling error for the selected events
– Difference between the “sampled” JJA


average T field (from the “true” T profiles
at the event locations) and the “true” one


– ~55 selected events per bin (total ~1000)


Sampling error for all events
– Difference “sampled”-minus-“true” JJA


average T field using all occultation
events available in the bins


– ~750 events per bin (~13,000 in total)


GNSSGNSS--CLIMATCH Simulation StudyCLIMATCH Simulation Study
results of performance analysis: sampling errorresults of performance analysis: sampling error


Arbitrary but reasonable JJA dT field realization
(atmospheric evolution: ECHAM4-MA T42L39 testbed experiment)


• GNSS occultation based JJA T errors are
expected to be < 0.5 K in most of the core
region (8–40 km)


• 2001–2025 JJA T trends are expected to be
> 0.5 K per 20 yrs in most of the core region 


→→→→ Significant trends (95% level) expected to be detectable within 20 yrs in most of the core region.
→→→→ Aspects to be more clearly seen in the long-term: ionospheric residual errors, sampling errors,


performance from 60°S southwards (high-latitude winter region); simulations 2nd half 2003.


Arbitrary but reasonable 2001–2025 JJA T trends realization
(climate evolution: 1996–2025 ECHAM5 T42L39 GCGAO experiment)


GNSSGNSS--CLIMATCH Simulation StudyCLIMATCH Simulation Study
(1) (1) perspectives for the full experiment (2001perspectives for the full experiment (2001--2025)2025)


GNSSGNSS--CLIMATCH Simulation StudyCLIMATCH Simulation Study
(2) (2) perspectives for different indicators of climate changeperspectives for different indicators of climate change


2001–2025 JJA trends in temperature


→→→→ Different parameters are sensitive in different regions of the atmosphere.
→→→→ Strongest positive T trends in regions with little change in refractivity (and density).
→→→→ Investigation of trends in geopotential height of pressure surfaces. 


2001–2025 JJA trends in relative refractivity


CHAMPCLIM ProjectCHAMPCLIM Project
CHAMPCLIM overview CHAMPCLIM overview –– the projectthe project


CHAMPCLIM – Radio Occultation Data Analysis Advancement and Climate Change Monitoring
based on the CHAMP/GPS (and SAC-C/GPS) Experiment
Main partners: IGAM/University of Graz and Department 1/GFZ Potsdam; cooperation also
with: MPIM Hamburg, IAP Moscow, IAP/U.o.Arizona Tucson, SA/CNRS Verrieres-le-Buisson


Main Scientific Objectives:


• RO data and algorithms
validation based on
CHAMP (& SAC-C) data


• RO data processing
advancements for optimizing
the climate utility of the data


• Global RO based climatologies
for monitoring climate variability
and change


[Figure prepared by J. Wickert, GFZ Potsdam, Germany, 2002]


CHAMPCLIM is funded by ASA (Austrian Space Agency) and FWF (Austrian Science Fund)
(current funds 2003–2005)


CHAMPCLIM ProjectCHAMPCLIM Project
CHAMPCLIM overview CHAMPCLIM overview –– data flow and processingdata flow and processing


GFZ/CHAMP-ISDC RO Data:


• 1023 days in 2001–March 2004;
~190,000 occs


• ~145,000 (~76%) “level 1”
profiles (L1/L2 phases & SNR)


• ~125,000 (~65%) “level 2” 
profiles (α, N, p, T, q profiles)


• > 150 profiles per day of climate
quality for Mar 2002 – Feb 2004


• ‘testbed’ season JJA 2003


[Figure courtesy of Wickert et al., GFZ Potsdam, Germany, 2003]


CHAMPCLIM data flow and processing setup:
– GFZ/CHAMP-ISDC processing down to “level 1”, feeding GFZ-IGAM ftp link with < 7 day latency
– IGAM climate processing from received “level 1” via “level 2” to “level 3” (1/2/3D climatologies)
– IGAM products: climate-quality N, Z, T, q profiles with < 14 days latency,


global monthly/seasonal/annual N, Z, T, q climatologies with < tend+30 days latency,
error estimates (‘best estimate’ and ‘conservative’) for all profile and climatology products
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CHAMPCLIM Project CHAMPCLIM Project 
global global climatologiesclimatologies –– climate product exampleclimate product example


[Figure courtesy of Schmidt et al., GFZ Potsdam, Germany, 2003]


JJA 2002 lapse-rate tropopause, altitude and T maps (low-latitude sector)
– ‘quicklook’ derived from GFZ/CHAMP-ISDC temperature profile data


→→→→ CHAMPCLIM to provide quality-optimized & error-tagged global climate products.


Sampling into the 17 ‘GNSS-CLIMATCH’ bins
– About 60 per bin on average, 1039 in total
– 18 events in equator bin (only 1 in June), 


86 events in the 60°N bin 


No. of CHAMP RO events per bin and month
– light gray: June events only
– light&medium gray: June+July events
– light&medium&dark gray: June+July+August


CHAMPCLIM ProjectCHAMPCLIM Project
global climate monitoring global climate monitoring –– CHAMP seasonal samplingCHAMP seasonal sampling


Sampling error for CHAMP RO events
– Difference between the “true” JJA average


T field  and the “sampled”one using all
CHAMP RO events


– ~60 events per bin on average (1039 in total)


Sampling error for GNSS-CLIMATCH selected 
events (for comparison)


– Difference between the “sampled” JJA
average T field and the “true” one


– ~55 selected events per bin (total ~1000)


CHAMPCLIM ProjectCHAMPCLIM Project
global climate monitoring global climate monitoring –– seasonal sampling errorseasonal sampling error


CHAMPCLIM ProjectCHAMPCLIM Project
data and algorithms validationdata and algorithms validation


Validation using ECMWF, MIPAS reference data and IGAM RO retrieval algorithms 


Exemplary CHAMP RO data ensemble
– January 1-7, 2003; ~1200 occ. events, 


~350 events each low, mid, high latitudes


Cold bias in ECMWF stratospheric T fields?


CHAMP – ECMWF
∆∆∆∆Refractivity [%]


CHAMP – ECMWF
∆∆∆∆Temperature  [K]


CHAMPCLIM ProjectCHAMPCLIM Project
validation CHAMPvalidation CHAMP--MIPAS (1)MIPAS (1)


Period: 
Sep, Oct 2002,
20 days


Coincidence: 
300 km/3 h


MIPAS:
6561 events


CHAMP:
3160 events


v


v Coincidences:
184


Cold bias in ECMWF
stratospheric T fields?


CHAMP – ECMWF
∆∆∆∆Temperature  [K]


Global                       Mid-Lat                     High-Lat


CHAMP – MIPAS ∆∆∆∆Temperature  [K]


→→→→ no indications of warm bias in CHAMP T fields.


CHAMPCLIM ProjectCHAMPCLIM Project
validation CHAMPvalidation CHAMP--MIPAS (2), ECMWF MIPAS (2), ECMWF strato strato biasbias
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NH low


NH mid


NH high


SH low


SH mid


SH high


CHAMP RO profiles for JJA 2003 ‘testbed’ season; ~13,650 profiles in total 


CHAMPCLIM 2003 ‘CHAMPCLIM 2003 ‘testbed’testbed’ season first results (1)season first results (1)
radio occultation profiles coverageradio occultation profiles coverage


CHAMPCLIM JJA 2003 ‘CHAMPCLIM JJA 2003 ‘testbed’testbed’ season first results (2)season first results (2)
CHAMPCHAMP--ECMWF ECMWF refractivityrefractivity •• CHAMPCHAMP--ECMWF ECMWF temperaturetemperature
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two single-impact examples from 
above, temperature results


large sample, bgr  (top) + ana (bottom)


About 60 
events per  6 hrs
3D-Var
analysis cycle


CHAMPCLIM ProjectCHAMPCLIM Project
3D3D--VarVar assimilation system for assimilation system for NN, , TT, , ZZ, , qq fieldsfields


Ł A suite of GNSS RO sensors holds potential to become a key element of the
GCOS (Global Climate Observing System) for global climate monitoring
in N, T, Z, q in the troposphere and stratosphere.


Global Global ClimatologiesClimatologies from GNSS Radio Occultation from GNSS Radio Occultation 
concluding remarksconcluding remarks


Ł Multi-year single GPS RO sensors such as on CHAMP, SAC-C, GRACE, METOP,
TerraSAR-X, and EQUARS are important initial components for starting RO
based global climatologies; constellations like COSMIC are a crucial further step.


Ł The GNSS-CLIMATCH climate observing system simulation experiment teaches
a lot about what to be careful of if the above promise is to be realized.


Ł The CHAMPCLIM project teaches further lessons, such as related to validation
and careful error estimation needs; first results from JJA 2003 are already exciting.


Ł Next step is pre-operational CHAMP RO-based climatologies for the full 2 years
Mar 2002 – Feb 2004 (~10° x 10° resolution direct-binning; ~2.5 deg x 2.5 deg
resol.; vertical ~1 km resol.); e.g., new insights into climate variability.


Learn more about Learn more about occultationsoccultations--atmosphereatmosphere--climate?climate?
Welcome to OPACWelcome to OPAC--2 in Graz, Austria!2 in Graz, Austria!


OPAC-2 WarmUp &  Workshop 
September  10–11 &  13–17, 2004
http://www.uni-graz.at/opac2


Thank


You!





CCRM User
File Attachment
G. Kirchengast.present.pdf



Won-Tae Kwon, Comparison Of Extreme Climate Events Between Observations And 
Simulations Over East Asia 
 

Won-Tae Kwon 
Climate Research Lab, Meteorological Research Institute, Korea 

 
and 

 
Youngeun Choi 
Hee-Jeong Baek 
Kyung-On Boo 

 
The aim of this study is to understand the trends of the frequency and/or severity of extreme 
climate events in relation with global climate change. We used the observation data of KMA 
and the simulation data based on the SRES A2 scenario. Indicators for monitoring changes in 
climatic extremes worldwide are those recommended by the Statistical and Regional dynamical 
Downscaling of Extremes for European regions (STARDEX) research project. Using the best 
available daily data, spatial and temporal aspects of the daily and extreme variables are 
investigated on an annual and seasonal basis for the periods of 1954-1999 for observation data 
and for the period of 1951-2100 for simulation data. A systematic increase in the 90th 
percentile of daily minimum temperatures throughout most of the analyzed areas over Korea 
has been observed. This increase is accompanied by a similar reduction in the number of frost 
days and a significant lengthening of the thermal growing season. Although the inter-annual 
extreme temperature is based on only two observations, it provides a very robust and 
significant measure of declining extreme temperature variability. The five precipitation-related 
indicators show no distinct changing patterns for spatial and temporal distribution except for 
the regional series of maximum consecutive dry days. The regional climate projection over 
East Asia has been produced using dynamical downscaling nested in ECHAM4/HOPE-G 
model for 150 years. The model simulation shows about 6ºC warming and 10-15% 
precipitation increase by the year 2100. There are prominent tendency for more drought, more 
heat wave, less frost day and more heavy rainfall frequencies. 
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Won-Tae Kwon
Y. Choi*, H.-J. Baek and K.-O. Boo


Climate Research Lab, METRI/KMA, Korea
* Dept of Geography, Konkuk University, Korea
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• Extreme events are responsible for natural disasters which 
could be crucial to sustainable development.


• The human and natural system is adapted to the current 
local climate condition…more or less


• It is necessary to assess the changes in extremes of present 
and future for adaptation.


• The objective of this study is to understand the changes in  
frequency and severity of extreme weather and climate 
events over Korea/East Asia.
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• The systematic meteorological 
observation  was started at 3 
stations (Mokpo, Busan, Inchon) 
in 1904.


• Sudden increase of observation 
station in 1970s.125 126 127 128 129 130
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Number of surface stations in Korea
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1. Observational Data 
àààà Fixed Threshold method
àààà Non-parametric percentile method
àààà Parametric methods (future plan)


2. Simulation Data
àààà Fixed threshold & percentile methods (in progress)
àààà Parametric methods (future plan)


3. Future Works
àààà Comparison of Observation & Control simulation over East Asia
àààà Comparison of Control & Projections over East Asia
àààà Assessment of uncertainties in extreme events
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days
Total number of frost days (days with absolute minimum temperature< 
0ºC 


Fd


days
Growing season length: period between when Tday>5ºC for >5d and 
Tday<5ºC for >5d 


GSL


%Percent of time Tmin >90th percentile of daily minimum temperature Tn 90


days
Heat wave duration index: maximum period: maximum period>5 
consecutive days with Tmax>5ºC above the 1961-1990 daily Tmax normal 


HWDI


º C
Intra-annual extreme temperature range: difference between the highest
temperature observation of any given calendar year (Th) and the lowest 
temperature reading of the same calendar year (Tj) 


ETR


UnitDefinitionIndicator


0.1 mmMaximum 5d precipitation totalR5d


%Fraction of annual total precipitation due to events exceeding the 1961-
1990 95th percentile


R95T


0.1 mm d-1Simple daily intensity index: annual total/no. of Rday > 1mm d-1SDII


daysMaximum number of consecutive dry days (Rday < 1mm)CDD


daysNo. of days with precipitation > 10 mm d-1R10


Suggested 10 indicators for monitoring change in 
climate extreme world-wide (Frich et al., 2002) 
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Pohang(138), Daegu(143), 
Jeonju(146), Ulsan(152), 


Kwangju(156), Busan(159), 
Mokpo(165), Yeosu(168)


Southern 
area
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Global Warming


Temperature ↑↑↑↑


Minimum Temp ↑ Maximum Temp -


GSL ↑
Tn 90 ↑ Fd ↓ ETR ↓ HWDI ↑


Atmospheric Moisture ↑
OLR ↓`


Growing 
Season
Length


Warm 
Nights


Frost 
Days


Extreme 
Temperature 
Range


Heat Wave 
Duration 
Index


Atmospheric 
Moisture↑


Precipitation ↑


Heavy 
Rain ↑


Rain Day 
↓


Flood and Drought
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• There has been a systematic increase in the 90th percentile of daily 
minimum temperatures throughout most of the analyzed areas 
over Korea.


• This increase is accompanied by a similar reduction in the number 
of frost days and a significant lengthening of the thermal growing 
season.


• The intra-annual extreme temperature is significantly decreased 
indicating decline of extreme temperature variabilities.


• The Five precipitation-related indicators showed no distinct 
changing patterns for spatial and temporal distribution except for 
the regional series of CDD.


• The regional series of CDD have been significantly increased while 
SDII and R95T have insignificantly increased. That means that the 
southern part might experience more extreme events, possibly 
severe floods or drought in recent future years than ever. 


*����
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1. Global Simulation 
àààà ECHAM4/HOPE-G model from MPI 
àààà based on SRES A2 and B2 scenario
àààà 240-year (1860-2100) simulation by METRI
àààà two members for A2 and B2 scenario
àààà A1B, B1 ensemble simulations (with U of Bonn) in progress


2. Regional downscaling over East Asia
àààà Boundary data from ECHO-G simulation with A2 scenario
àààà MM5 with 27 km resolution
àààà simulation for the present and future (1951-2100)


3. Assessment of future climate change over East Asia and 
Korea and the integrated impact assessment … in progress
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Min et al, 2004: Climatology and Internal 
Variability in a 1000-Year Control Simulation 
with the Coupled Climate Model ECHO-G. 
DKRZ Technical Report no.2. pp68.


http:// mad.zmaw.de/Pingo/reports/ 
TeReport_Web02.pdf
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Willem Adolf Landman,  Predicting South African Seasonal Rainfall Using A 
Combination Of MOS And Perfect Prognosis 

 
Willem Adolf Landman 

South African Weather Service, South Africa 
 

and 
 

Lisa Goddard 
 
 
 

 
GCMs typically overestimate rainfall amounts and often spatially distort patterns of rainfall 
variability. Such systematic biases suggest the need to downscale GCM simulations. 
Successful recalibration to regional rainfall over southern Africa has been achieved using a 
perfect prognosis approach and a model output statistics approach (MOS). Here, a method of 
empirical downscaling is presented where MOS equations are developed using 24-member 
ensemble GCM simulation rainfall data (the ensemble was forced with simultaneous observed 
SSTs for each of the 3-month seasons considered) and then 24-member ensemble rainfall real-
time forecast fields at different lead-times from the same GCM are subsequently used in these 
MOS equations. It is therefore assumed that the skill with which the GCM can produce 
forecast at certain lead-times is as good as skill obtained from simulation data, reminiscent to 
the assumption of a perfect prognosis approach where ôperfectö forecasts are assumed. The 
ECHAM4.5 predictions are generated 3-month seasons by persisting observed SST anomalies 
of the month immediately prior to the target season on top of the monthly varying annual cycle 
of climatological SSTs. At initialization, ensemble members differ from each other by one 
model day integration for both the simulation and forecast data.  Canonical correlation analysis 
(CCA) is the mathematical technique used to set up the MOS equations and also to do the 
“perfect prognosis” downscaled forecasts with. These forecasts are verified using ranked 
probability skill scores (RPSS).  It is found that forecast skill is similar to that of the 
simulations for 0-month lead forecasts of DJF rainfall using observed SST data from 
November.
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C Lennard, THE EFFECT OF NESTING TECHNIQUES IN A REGIONAL CLIMATE 
MODEL OVER COMPLEX OROGRAPHY 
 

 C Lennard 
CSAG, University of Cape Town, South Africa 

 
 

 
Orographic features in a given region establish the circulatory patterns of air masses in general. 
For a mesoscale model to be capable of reproducing this behaviour, a topography is necessary 
with a resolution such that orographic features are not smoothed away. The simulation domain 
also has to be large enough to include all the terrain characteristics that are believed to 
participate in the circulation of air masses, and these can often be far away from the study area.  
However, modelling such a large domain at such a high resolution makes it computationally 
impractical. Nesting techniques solve this problem and increase spatial resolution only in the 
domains where small-scale phenomena might occur and are relevant for the reproduction of all 
the forcing mechanisms in the study area. At the same time, the outer domain(s) is also 
included at a coarser resolution, to assure the introduction of larger scale forcings into the inner 
domain. 
 
The interaction between the domains can be carried out through to different techniques: one-
way or two-way nesting. This study examines the effect of different nesting techniques on 
precipitation in the south-western Cape, specifically around the greater Cape Town region 
using a regional climate model. 
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Ø Developed at Penn State and NCAR


Ø Some Characteristics of MM5:


Ø Simulate/Predict mesoscale and 
regional scale atmospheric circulation


Ø Multiple Nest Capability


Ø Non-hydrostatic dynamics -> v. small 
domains 


Study area Model Run Data


Parameter izations Domain 1 Domain 2 Domain 3 Domain 4


Grid size (km)
(USGS)


27 9 3 1


Terrain
Resolution (km)


19 9 4 1


Cumulus Scheme Grell Implicit Implicit Implicit


PBL Processes Blackadar Blackadar Blackadar Blackadar


Explicit Moisture
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Nesting
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Domain 2, nine-day accumulated
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One-Way nesting


Domain 4, nine-day accumulated
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Frontal Passage on the 23rd August
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Specific Instances
Two-way, Accumulated frontal precipitation on 23rd+29th, Domain 4
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Blending:
- Enhances topography in the mother  


domain over  nest region…..
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Positive feedback mechanism
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more realistic results (for  precip).


3. For  precip, increased resolution to 1km 
does not add too much information.


4. This is (probably) not true for  wind 
fields...


5. Observation network….. 
www.myweather .org.za


One flew over  a cuckoo's 
nest….
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Some Wind Fields Some Wind Fields
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Yun Li,  Statistical Modelling Of Extreme Rainfall In Southwest Western Australia 
 

Yun Li 
CSIRO Mathematical And Information Sciences, Australia 

 
and 

 
Wenju Cai 

Eddy P. Campbell 
 

 
Rainfall over Southwest Western Australia (SWWA, 118E westward and  32S southward) has 
decreased over the past decades putting further constraints on water resources in an already dry 
area.  In this study, we analysed daily rainfall over five of geographically dispersed and 
homogenized weather station within SWWA. We used a peak over threshold method from 
extreme value theory to model daily rainfall above a given threshold.     Change points for 
extreme daily rainfall were found around 1965 based on different individual stations, with 
extreme daily rainfall reduced since then.  To demonstrate the degree of change in the daily 
rainfall, we stratified at 1965 and fitted generalized Pareto distributions to the tails of the 
distributions for daily rainfall in the pre-change period 1930-1965 (including 1965) and the 
post-change period 1966-2001.  The fitted tail distributions also allow the estimation of 
probabilities of extreme daily rainfall, and quantiles of interest for a given tail area probability.  
Results show that probabilities and amount of extreme daily rainfall have greatly declined after 
1965.  There has been vigorous debate as to what forces the drying trend, i.e., whether it is part 
of multidecadal variability or driven by secular forcings such as increasing atmospheric CO2 
concentration.  In this paper, we also use statistical modelling to identify possible associated 
changes in atmospheric circulation.  We find that there is a change point near 1965 in a 
dominant atmospheric circulation mode of the Antarctic Oscillation (AAO). The result offers 
qualified support for the argument that the AAO may contribute to the drying trend.    This 
work is supported by a Western Australian government project: the Indian Ocean Climate 
Initiative (IOCI). 
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This paper considers the problem of estimating the entire  temperature field for every location 
on the globe from  scattered  surface air temperatures observed by a network of weather  
stations. Classical methods such as spherical harmonics and  spherical smoothing splines are 
not efficient in representing the  data that have inherent multiscale structures. This paper 
presents  an estimation method that has the capability of adapting to the  multiscale 
characteristics of the data. The method is based on a  spherical wavelet approach recently 
developed for multiscale  representation and analysis of scattered data. Spatially adaptive  
estimators are obtained by coupling the spherical wavelets with  different thresholding 
(selective reconstruction) techniques.  These estimators are compared for their spatial 
adaptability and  extrapolation performance using the surface air temperature data.
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An Adaptive MultiAn Adaptive Multi--resolution Method resolution Method 
for Estimating Global Temperature for Estimating Global Temperature 
Fields from Scattered ObservationsFields from Scattered Observations


TaTa--Hsin LiHsin Li


Department of Mathematical Sciences


IBM T. J. Watson Research Center


Research was supported in part by the Global Program of NOAA


and by the Environmental Statistics Program of NSF/EPA


What Is Multi-resolution Analysis? Why?


– Climate: NATIONAL - REGIONAL - LOCAL


– Self-Similarity, Fractals, etc


• Nature Is Multiscale


• Multi-resolution/Multi-scale Analysis
Treat data as combinations of components of 
different sizes/scales at different locations


• A Way of Organizing Information


Source: Jones et al. (1990); Luo, Wahba & Johnson (1997)


Surface Air Temperature Data Objectives


To represent, or estimate, the temperature field 
over the entire globe based on the discrete data


In atmospheric science: Objective Analysis


• Global Representation:


• MultiscaleAnalysis:


To separate, or extract, local anomalies 
from global trends at different scales


Why Global Representation? How?


• Input to Climate Forecasting Models (GCMs)


• A Basis for Calculating Global Parameters
– Global mean, diurnal & seasonal effects, etc.


• Statistical Estimation Methods
– Least squares (ordinary, penalized)
– Kernel smoothing
– Covariance-based estimators (kriging,)


• Key: Preservation of MultiscaleStructure


• MultiscaleFeatures
– Large Scale Trends:


• Winter in the North Hemisphere


• Warm near the Equator, cooler at higher latitudes


– Small Scale Anomalies:


• Siberia, Northern Australia


• Andes Mountains in South America


Characteristics of Temperature Data


• Geographical Features (Difficulties)
– Scattered: Irregular Network, Spatial Gaps


– Spherical: Cannot be treated as 2-D images
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Global Representation of Temperature Data A Traditional Method: Spherical Harmonics


Multiscale Spherical Basis Functions (SBFs) Bottom-Up Design for Multiscale Representation
[Li, SIAM J. Sci. Comp., 1999; Environmetrics, 2002]


Scale 3


Scale 2


Scale 1


A Simulated Multiscale Spherical Field


Special Features:  Multiple Scales, Non-homogeneous Statistics


Multiscale Analysis: How?


• Decompose the SBFR into: 


Local and Global components of different sizes


• Orthogonality:


Local components are free of Global influence
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Top-Down Procedure for Multiscale Analysis


232


121


321


WVV


WVV
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⊕=
⊕=
⊃⊃


Scale 3


Scale 2


Scale 1


11 )( V∈nTGlobal: L=1


Local: L=1 Global: L=2 22 )( V∈nT11 )( W∈nD


⊕


Local: L=2 Global: L=3 33 )( V∈nT22 )( W∈nD


⊕


What Are Spherical Wavelets?


Spherical Wavelets Are Localized Basis Functions    
of Different Sizes that Explain the Local Anomalies


• Where (location of wavelets)? 
• How Large (size or scale of wavelets)?
• How Strong (magnitude of wavelet coeffs)?


Multiscale Spherical Wavelets 
[Li, SIAM J. Sci. Comp., 1999; Environmentrics, 2002]


Scale  1


Scale  2


Demo: Surface Air Temperature Data Networks Derived from RRG-Based BUD


L=1


L=2


L=3


L=4
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Global Multiscale Representation: PLS


)KM1715(5.15 °


)KM3405(0.31 °


)KM6575(2.62 °


)KM3405(0.31 °≥


)KM6575(2.62 °≥


)KM11208(3.123 °≥


j1γ


j2γ


j3γ
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Application of Multiscale Analysis
Data Compression - Hierarchical Approach


Fine Local Anomaly


Finest Local Anomaly


Basic Global Structure R0


Finer Local Anomaly
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Rate-Distortion Function of Simple Thresholding
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R=33%; RMSE=0.22C R=50%; RMSE=0.43C


Future Work


• Soft-Thresholding (or De-Noising) Techniques 
[Oh & Li, JRSS-B, 2004]


• Statistical Theory of Local Anomaly/Singularity 
Detection


• Geographical Information Aided BUD


• MultiscaleSpace-Time Modeling/Forecasting
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Piero Lionello, Response Of The European Temperature To The Radiative Forcing: 
Difference Between Winter And Summer Climate Variability 
 

Piero Lionello 
Department Of Material Sciences, University Of Lecce, Italy 

 
and 

 
Simona De Zolt 

Juerg Luterbacher 
Eduardo Zorita 

 
This study analyzes the response of the European Climate to the  variability of  solar irradiance 
and volcanism during the last five centuries. This period is covered by two different 
multicentennial global simulations, carried out by the same model and using an identical  time 
dependent RF (which includes, besides the SVRF, also the Green House Gases increase), and 
by a chronicle-based paleo-reconstruction  of the European monthly temperature fields. 
European temperature is characterized by a higher variability  in winter than is summer. In fact, 
in winter the two simulations  present differences of average European temperature   that also 
at multidecadal time scale are much larger than in summer and correspond to  different NAO 
conditions. Spatial distribution of correlation between the two simulation is uniform and it 
decreases towards North.   The correlation between simulations and paleoreconstruction is 
higher in winter than in summer and has a maximum above North Eastern Europe, while there 
is no agreement above southern Europe and  North Africa. On one hand, these results suggest 
that predictability of the European climate  would be higher for summer than for winter, during 
which it would be restricted to the multi-decadal or longer  timescales at which RF is 
dominant. On the other hand, they  possibly point out to problems in the  knowledge of  past 
radiative forcing and climate in the Mediterranean region. 
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Piero Lionello,  Statistical Analysis Of Different Aspects Of Marine Storminess In The 
Mediterranean Region. 
 

Piero Lionello 
Department Of Material Sciences, University Of Lecce, Italy 

 
and 

 
Antonella Sanna 

Alessandro Zardini 
 

 
This study discusses trends and variability of storminess in the Mediterranean region during the 
second half of the 20th century. Storminess is evaluated considering three different aspects: 
monthly synoptic variability patterns, storm tracks, intense surface winds and associate ocean 
wave fields. Information is based NCAR and ERA-40 reanalysis. The synoptic  variability is 
estimated from the monthly standard deviation maps of the band-pass filtered  (1 to 7day cut-
off periods) 500 hpa GPH (GeoPotential Height) and SLP (Sea Level Pressure) fields.  Storm 
tracks are identified by an automatic recognition procedure applied to the 6-hourly fields of the    
reanalysis. The 6-hourly surface wind fields are used for simulating the wave field with the 
WAM model whose results are considered as a proxi of the presence of intense wind over large 
areas for a significant duration.  The analysis shows the presence of regional processes 
affecting the storminess in   the Mediterranean region beside the well known NAO large scale 
teleconnection pattern. Moreover,  It shows that association to large scale patterns depends on 
the aspect of stormines considered,  so that the regional structures responsible for wave field 
variability differ from those responsible for the atmospheric synoptic variability. A generalized 
trend toward reduction of winter storminess has been identified during the second half of the 
20th century 
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Presentation structure


1. Storminess: 1000hPa fields analysis
2. Storminess:  wind-waves analysis


• Model climate verification
• Statistical analysis of characteristic SWH 


field variability patterns and 
Mediterranean wave seasonality definition


• Interannual variability and climatological
trends


• Links with large scale teleconnection
patterns


3. Summary and conclusions
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What are the large scale patterns associated to storminess
In the Mediterranean  region?


Is NAO explaining most variability?


9th ������	�
��	�����
��
����	�
��
�	���
�	������


9th ������	�
��	�����
��
����	�
��
�	���
�	������


Interannual variability: North Atlantic


MED region


N.Atl. + N.Eur.


PCA 
st.dev. 1000 hPa 
(band pass 
filtered 1-7 day)


EOF 1


EOF 1 PC 1


PC 1


N.Atl + N.Eur. regionMed region


1000 hPa composites based on 1rst EOF 


9th ������	�
��	�����
��
����	�
��
�	���
�	������
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Low st.dev. PC1 Med


High st.dev. PC1 Med 


Storm tracks


High st.dev. PC1 N.Atl+N.Eur.


Low st.dev. PC1 N.Atl+N.Eur.
9th ������	�
��	�����
��
����	�
��
�	���
�	������


Model wave climate verification


9th ������	�
��	�����
��


����	�
��
�	���
�	������


TheWAM model: implementation


•Spatial resolution about 20 km
•Longitude extremes 6°O, 36°E
•Latitude extremes 30°N, 45.83°N
•Propagation time step 600 sec
•Output time step 6 h


9th ������	�
��	�����
��
����	�
��
�	���
�	������


WAM forcing dataset


• T213 (ECMWF), wind data, available along the period 
1992 - 2000; resolution: about ½ degree.


• ERA 40 re-analysis; available along 44 years, 1958-
2001; resolution: about 1 degree.


9th ������	�
��	�����
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����	�
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RON observation dataset: 1992 - 2000


Ancona


Cetraro


9th ������	�
��	�����
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�	������


SWH index


..devst


swhNswh


SWH i
index


−�
�


�
�
�


�


=
�


=   time average over 9 years1992-2000


N =   domain points


9th ������	�
��	�����
��
����	�
��
�	���
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correlation ERA 40 – T213 = .9


correlation ERA 40-T213 = .9
correlation ERA 40-RON = .91
correlation RON-T213     = .86


SWH index time ser ies : 1992-2000


9th ������	�
��	�����
��
����	�
��
�	���
�	������


Statistical analysis of characteristic 
SWH field variability patterns and 
Mediterranean waveseasonality


definition


9th ������	�
��	�����
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EOF: Empirical Orthogonal Functions


EOF 1


51% var . explained


EOF 2


22% var . explained


MISTRAL


LIBECCIO


SIROCCO


EOF 1


EOF 2


44 year  projections time ser ies


9th ������	�
��	�����
��
����	�
��
�	���
�	������


Corresponding meteorological situation


• Composites of SLP and U10 have been 
produced, selecting fields corresponding to 
times where the PC of SWH field over the first 
EOF is in the uppermost/lowermost 10%; 
same analysis has been carried out for the 
second EOF.


9th ������	�
��	�����
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Meteorological situation corresponding to the 
first variability pattern : “ positive composites”


9th ������	�
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��
����	�
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Meteorological situation corresponding to the 
first variability pattern : “ negative composites”


9th ������	�
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��
����	�
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Meteorological situation corresponding to the 
second var iability pattern : “ positive composites”
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��	�����
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Meteorological situation corresponding to the 
second var iability pattern : “ negative composites”


9th ������	�
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����	�
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��	�����
��
����	�
��
�	���
�	������


Seasons
WINTER
Intense cyclonic circulation, determined by a strong Mistral 
regime. Includes: December, January, February, March


SUMMER 
Circulation in the Levantine basin determined by Etesian 
winds. Includes: Jun, July, August, September


SPRING AND FALL
Transitional seasons, as far as the projections over the first 
EOF are concerned, where a progressive attenuation of 
Mistral in favour of Etesian and Libeccio is visible in spring 
and the opposite trend in fall; positive as the second is 
considered. Include: April and May, spring, October and 
November, fall.


Interannual variability and trends


9th ������	�
��	�����
��


����	�
��
�	���
�	������


PCA for interannual variability 


PCA analysisover fields which represent
deviationsof the average monthly SWH 
from the annual cycle hasproduced patterns
very similar to thoseobtained for the 
previouscase, suggesting that interannual
variability is characterized by changes in 
intensity or temporal shift of the same
patterns characterizing the annual cycle


9th ������	�
��	�����
��
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Last 44 year  trends: average values


n.h.slope


0.19-0.01±0.01 cmy-1summer


0.76-0.003±0.011 cmy-1spring


0.37-0.009±0.011 cmy-1fall


0.006-0.09±0.03 cmy-1winter


0.01-0.03±0.01 cmy-1year


Linear regression


y=-0.09 ± 0.03
n.h..=0.006


9th ������	�
��	�����
��
����	�
��
�	���
�	������


Last 44 year  trends: PC 1


n.h.slope


0.26-0.0016±0.001 y-1summer


0.85-0.0008±0.004 y-1spring


0.98-0.0001±0.0059 y-1fall


0.04-0.017±0.008 y-1winter


0.1-0.005±0.003 y-1year


Linear regression


y = -0.017 ± 0.008
n.h. = 0.04


9th ������	�
��	�����
��
����	�
��
�	���
�	������


Last 44 year  trends: PC 2


n.h.slope


0.53-0.0005±0.0008 y-1summer


0.6-0.001±0.002 y-1spring


0.11-0.006±0.003 y-1fall


0.008-0.008±0.003 y-1winter


0.002-0.003±0.001 y-1year


Linear regression


y = -0.008 ± 0.003
n.h. = 0.008


Last 44 year  trends: NAO


SW
H


winter


y = 0.038±0.010 y-1


n.h. = 0.0006


9th ������	�
��	�����
��


����	�
��
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Links with teleconnection largescale 
patterns


9th ������	�
��	�����
��


����	�
��
�	���
�	������ 9th ������	�
��	�����
��
����	�
��
�	���
�	������


Correlation PCs/NAO swh/NAO


cor relation = -0.53


cor relation EOF 1 = 0.5
cor relation EOF 2 = 0.56
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9th ������	�
��	�����
��
����	�
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�	���
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Composite winter month SLP-EOF 1


Composite winter month SLP-EOF 2


Nao as composite of winter month SLP fields


Composite of winter month SLP-SWH
9th ������	�
��	�����
��
����	�
��
�	���
�	������


Correlation PCs/Monsoon swh/Monsoon


cor relation =0.34


cor relation EOF 1 =0.16 
cor relation EOF 2 =0.40


9th ������	�
��	�����
��
����	�
��
�	���
�	������


Composite summer month SLP-EOF 1Monsoon as composite of summer SLP fileds


Composite summer month SLP-SWHComposite summer month SLP-EOF2


Summary and conclusions
• The SWH monthly field variability can be adequately 


reproduced with a low resolution (T156) atmospheric 
forcing


• Inter-seasonal and interannual variability of the SWH field 
in the Mediterranean can be characterized on the basis of 
two main patterns


• A statistically significant trend to reduction of the average 
wave height in winter is present in the last four decades of 
the 20th century


• Winter wave field variability is linked to NAO, but orographic
effects and fetch play a dominant role


• Both waves and cyclones regional climate appear 
associated to large scale patterns which differ from NAO


9th ������	�
��	�����
��


����	�
��
�	���
�	������


THE END


9th ������	�
��	�����
��


����	�
��
�	���
�	������


Corresponding meteorological situation


• Composites of SLP and U10 have been 
produced, selecting fields corresponding to 
times where the PC of SWH field over the first 
EOF is in the uppermost/lowermost 10%; 
same analysis has been carried out for the 
second EOF. EOF 1


EGU 27 April 2004
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Correlation swh/NAO: 5year 
low-pass filter


EGU 27 April 2004


NO FILTER correlation = -0.53
FILTER cor relation     = FILTER cor relation     = --0.760.76


Correlation PCs/NAO: 5year 
low-pass filter


EGU 27 April 2004


NO FILTER correlation EOF1= 0.50
FILTER cor relation EOF1    = 0.77FILTER cor relation EOF1    = 0.77
NO FILTER correlation EOF2= 0.56
FILTER cor relation EOF2    = 0.6FILTER cor relation EOF2    = 0.6


Correlation PCs/Monsoon: 5year 
low-pass filter


EGU 27 April 2004


NO FILTER correlation EOF1 = 0.16
FILTER cor relation EOF1     = FILTER cor relation EOF1     = --0.120.12
NO FILTER correlation EOF2 = 0.40
FILTER cor relation EOF2     = FILTER cor relation EOF2     = --0.200.20


Correlation swh/Monsoon: 5year 
low-pass filter


EGU 27 April 2004


NO FILTER correlation = 0.34
FILTER cor relation     = 0.50FILTER cor relation     = 0.50
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Robert Livezey, The Gerrity Equitable Skill Score As A Near Optimal Alternative To 
The Modified Heidke Score For Verification Of Categorical Seasonal Forecasts 
 

Robert Livezey 
Climate Services Division/OCWWS/NWS/NOAA, USA 

 
 
 

 
The Heidke Skill Score as modified by the NWS Climate Prediction Center and commonly 
used by other practitioners of climate forecasts has virtually all of the undesirable attributes 
usually associated with a skill score for ordinal categorical forecasts.  These include the ability 
of forecasters to artificially manipulate the score in several ways to their advantage, 
inconsistency of the score with other related scores, and no dependence of the degree of 
forecast error or difficulty on forecaster rewards and penalties.  There is an alternative called 
the Gerrity score that for practical purposes has none of these shortcomings and is easy to 
compute.  The Gerrity score is a particular subset of the Gandin and Murphy family of 
equitable skill scores for ordinal multi-categorical forecasts.  Both the Heidke and Gerrity 
scores will be described, placed in context with the Gandin and Murphy and other scores 
available in the literature, and their attributes contrasted. 




1


A model fitting analysis of 
monthly precipitation data


Silke Trömel and Christian-D. Schönwiese


Department of Meteorology and Geophysics
J. W. Goethe University


Frankfurt/M., Germany
Statistical modeling of climate time ser ies


Parameter P1(t):
Trends
Annual cycle
Episodic component


Unexpected values:
Extreme events


Statistical modeling of climate time ser ies


Parameter P1(t):
Trends
Annual cycle
Episodic component


Unexpected values:
Extreme events


Parameter P2(t):
Trends
Constant annual cycle


Statistical modeling of climate time ser ies


Parameter P1(t):
Trends
Annual cycle
Episodic component


Unexpected values:
Extreme events


Parameter P2(t):
Trends
Constant annual cycle


Statistical modeling of climate time ser ies


Parameter P1(t):
Trends
Annual cycle
Episodic component


Unexpected values:
Extreme events


Parameter P2(t):
Trends
Constant annual cycle


Statistical modeling of climate time ser ies


Parameter P1(t):
Trends
Annual cycle
Episodic component


Unexpected values:
Extreme events


Parameter P2(t):
Trends
Constant annual cycle
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Statistical modeling of climate time ser ies


Parameter P1(t):
Trends
Annual cycle
Episodic component


Unexpected values:
Extreme events


Parameter P2(t):
Trends
Constant annual cycle


StepwiseRegression


Forward Selection
OLS


Backward Elimination
OLS


Modified StepwiseRegression


Forward Selection for P1
�ρ(x(t),P1(t),P2(t))= min.


Backward Elimination for P1
�ρ(x(t),P1(t),P2(t))= min.


Re-definition of P2
�ρ(x(t),P1(t),P2(t))= min.


Statistical modeling of climate time ser ies


Interpretation of climate time series as a realization of


• a Gaussian distributed random variable with time-dependent 
mean and variance


• a Gumbel-distributed random variable with time-dependent 
location and scale parameter


1. Special emphasis on location
2. Special emphasis on scale


• a Weibull distributed random variable with time-dependent 
scale and shape parameter


Memphis [35.05 N -90.00E]:
Observed monthly precipitation totals


…extracting theonecycleper  year harmonic
in thescaleparameter
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…extracting fur ther harmonics
in thescaleparameter


J  F  M A M  J  J   A  S  O N D J  F  M A M  J   J   A  S  O N D


…extracting a positive linear  trend
in thescaleparamter


…extracting theonecycleper  year harmonic
in theshapeparameter


…extracting thepositive quadratic trend
in theshapeparameter


weyield W(0,1,1) and oneextreme event


Probability of a monthly precipitation total > 180 mm Probability of a monthly precipitation total < 10 mm
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USA: Changing probability of wet events
> 95th percentile


USA: Changing probability of wet events
> 95th percentile


Germany: Changing probability of wet events
> 95th percentile


Germany: Changing probability of dry events
< 5th percentile


Example: Eppenrod [50.4N 8E]
Probability of a monthly precipitation total > 180 mm


Example: Eppenrod [50.4N 8E] 
Probability of a monthly precipitation total < 10 mm
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Conclusions


• The introduced generalized time series decomposition technique 
allows a free choice of the underlying PDF


• The signal is detected in two instead of one parameter of the PDF


• Statistical modeling of precipitation time series can be achieved


• The analytical description of the series allows probability 
assessments of extreme values for every time step during the
observation period
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Robert Livezey,  Intraseasonal To Interannual Climate Variability Alphabet Soup:  What 
Is New, What Is The PDO, And Related Questions? 
 

Robert Livezey 
Climate Services Division/OCWWS/NWS/NOAA, USA 

 
 
 
 

In the 1980s a considerable effort (culminating in Barnston and Livezey, 1987) went into 
diagnosis and cataloging of the principal atmospheric modes of short-term climate variability.  
The results showed that over North America these modes manifest themselves in the upper-air 
circulation principally in three patterns or combinations of these patterns, the so-called 
Pacific/North American pattern (PNA), the North Atlantic Oscillation (NAO), and the 
Tropical/Northern Hemisphere pattern (TNH).  The PNA has been associated with tropical 
intraseasonals like the Madden-Julian Oscillation (MJO), La Nina, and unforced (by the 
tropics) internal variability, the NAO with the latter, but the TNH only with El Nino.  Since 
then a number of studies have suggested many other modes or patterns than these, most 
prominent among them the Arctic Oscillation (AO) and the Pacific Decadal Oscillation (PDO).  
An obvious addition to the list is the signature (to date) of global change, which is expected to 
be nonuniform in space and by season (ie not just some uniform warming).  A considerable 
amount of confusion and controversy exists with respect to the AO, the PDO,and global trends.  
Many argue that for most timescales the AO and NAO are the same phenomena and, for all but 
very long time scales, are principally a reflection of red-noise internal variability.  The growing 
weight of evidence suggests that the PDO is entirely the reflection of previously-described 
multiple phenomena, that its characteristic decade to decade reversals have been a consequence 
of red-noise (thereby unpredictable), and that long-term trends may now be dominating its 
polarity.  As a practical matter, it may be that the only new dimension to the description of 
short-term (intraseasonal to interdecadal) climate variability is global change, and that as far as 
wintertime North America is concerned, an adequate description of this variability would 
encompass MJO, ENSO, global change, and unforced (from the tropics) internal variability.  
The first three likely have some predictabilty, the latter none beyond the limits of  deterministic 
atmospheric variability predicted by Lorenzian chaos. 
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Intraseasonal to Interannual
Climate Variability Alphabet Soup:  


What is New, what is the PDO, 
and related questions?


Bob Livezey


Climate Services 
Division/OCWWS/NWS/NOAA


IX International Meeting on Statistical Climatology
Capetown, South Africa, May 27, 2004


Outline


• Introduction


• Intraseasonal to interannual Pacific/North American 
sector climate variability is explained by four well-defined 
physical modes


• Patterns are not the same as physical modes


• The Pacific Decadal Oscillation is a pattern, not a single 
physical mode, and is explained by the other four modes


• Conclusions


4-Year Averages, 1998-2002
Hoerling and Kumar(2003)


Observed GCM
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The MJO and other 
periodic events, such as 
a 20-25 day oscillation in 
tropical anomalies, can 
modulate short-term 
weather just as 
ENSO does.   


Coastal Precipitation (5 mos)


40”  of rain/
7 days


Pineapple


Express


Cyclones


MJO
Equator


January 1, 1997


Subseasonal Tropical-Extratropical Variability


January 1, 1997
California Floods


Jet StreamJet Stream


00Z 2 January 00Z 11 January 


Arctic
Surge
Arctic
Surge


Subseasonal Tropical-Extratropical Variability
Coupling of Tropical and Polar Events


Barnston and Livezey (1987) Patterns


North
Atlantic
Oscillation


Western 
Pacific
Oscillation


Pacific
North
America


Tropical
Northern
Hemisphere


Modes and Patterns


±NAO/-(±PNA)NAO/AO/Extratropical
(Internal)


+PNA/+NAOGlobal Change


±PNA MJO


El Nino: +TNH
La Nina: -PNA


ENSO


Barnston and Livezey (1987) 
Patterns


Physical Mode


Signal Projections on PNA and 
NAO Patterns


Global Change Extratropical Signal
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Correlation of a PDO proxy minus ENSO and Global 
Change Signals with Global SSTs


The residual signal is entirely localized – likely internal variability!


Conclusions


• Intraseasonal to interannual Pacific/North 
American sector climate variability is explained 
by four well-defined physical modes


• Patterns are not the same as physical modes


• The Pacific Decadal Oscillation is a pattern, not 
a single physical mode, and is explained by the 
other four modes
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Robert Livezey, Climate Forecasts With Marginal To Moderate Skill And Limitations 
On Their Value To Real Users 
 

Robert Livezey 
Climate Services Division/OCWWS/NWS/NOAA, USA 

and 
Barbara Mayes 

Marina Timofeyeva 
 
Long-lead seasonal forecasts of the 1997-98 El Nino and the 1999-2001 La Nina and their 
impacts (especially for cold season North America) were made with unprecedented skill, 
detail, and confidence.  This success has led to enormous interest in seasonal prediction 
worldwide, including in developing countries, and in many instances unrealistic expectations 
about them.  The fact remains that climate predictions have at best modest skill, and in many 
circumstances no or marginal skill, in the absence of a strong ENSO signal.  Nevertheless, it 
has been argued forcefully by a number of groups that these sets of forecasts have tangible 
economic value for a class of decision-makers and users.  The arguments are based on 
application of simple cost-loss models, which relate forecast value in a simple decision 
environment to various measures of forecast performance and skill.    The credibility of the 
cost-loss arguments depends on whether real decision-makers and users behave in the manner 
assumed in the models.  In existing applications of the models, the value of the forecasts is the 
mean expected over many consistent iterations of the forecast/decision process.  In the case of 
a winter forecast, a particular user can only exercise this process once per year a particular 
location.  Thus, for the cost-loss model value estimate to be relevant to the user, he/she must 
exercise the process over many years and/or over many independent locations in a disciplined, 
consistent manner.  It is difficult to imagine a user that would do this over a period of even a 
decade, or whose decision-making environment would remain static for that long.      Clearly a 
potential user needs to  understand (1) his/her cost/loss situation, (2) the expected skill of the 
forecasts for those parameters, places, and times of year of interest to them, i.e. on which their 
decisions will be based, and (3) what is necessary to ensure a high likelihood of realizing value 
from use of the forecasts.  Here we will address (2) and (3) in the context of official U.S. long-
lead seasonal temperature and precipitation forecasts issued by NOAA’s Climate Prediction 
Center    We begin by computing and combining skills in ways that are informative to potential 
customers of the forecasts.  We first display the bulk skills by lead time (which in itself turns 
out to be informative) and then provide the same graphs stratified by time of year, major ENSO 
episodes, and both.  Where possible we combine consecutive leads with similar skills to 
achieve more confident estimates.  For those cases that warrant further consideration we 
stratify by large-scale U.S. regions (like east vs. central and west or south vs. north).   We 
demonstrate that some forecast subsets have no or marginal skill, while others have moderate 
or even substantial skill.    Next we present estimates of the uncertainty in forecast value for 
different forecast skills and realistic iterations of the forecasts/decisions, as well as with 
different simple assumptions about the psychology of the user (for example, the user abandons 
use of the forecast if the forecast was wrong two winters in a row).  The computed 
uncertainties cast considerable doubt on the utility of marginally skillful forecasts sets for 
individual users and provide a sense of what skill levels are necessary to increase likelihoods 
that relatively short sequences of  forecasts/decisions will be of value.  These skill levels turn 
out to be relatively high, comparable to the performance of the strong ENSO event “forecasts 
of opportunity.”   On the other hand, users who can exercise forecast/decisions at multiple 
independent locations each season over two or more seasons a year (like weather derivatives 
brokers) can be reasonably confident of realizing value from only moderately skillful forecast 
sets.
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IX International Meeting on Statistical Climatology
May 27, 2004


Capetown, South Africa


Outline


• Introduction 
• U.S. Seasonal Forecast Skills
• Caveats for Simple Cost/Loss vs. Value 


Models 
• Conclusions 


Introduction


• Users should only care about the performance of forecasts that can 
potentially benefit their decision process.


• There are non-random subsets of U. S. seasonal forecasts that are skillful 
enough to be of potential value (Livezey, 1990).


• After 1997-98 a common misconception has been that seasonal forecasts 
are generally skillful enough to be of value.


• In fact seasonal forecasts have modest skill at best in the absence of a 
strong ENSO signal.


• Simple cost/loss models: 
– Relate forecast value to measures of forecast performance 
– Suggest that even marginally skillful forecasts have value to some 


users.
– Assume disciplined user who exercises decision many times
– Only apply to some users!


Introduction (Cont.)


• This talk will make the points :


– That skill analyses with different stratifications are 
highly informative


– That there are many non-random subsets of 
forecasts that do not have sufficient skill to 
confidently be of value


– That it is critical for this information to be shared 
with potential users


Displays and Stratifications


• CPC Seasonal Forecasts
– For 3-equally probable temperature and precipitation classes at 102 


Climate Divisions
– Made every month from 1995 to present for 0.5-, 1.5-, …, 12.5 month 


leads


• Skill Measure:  Modified Heidke Skill Score of Categorized 
Forecasts


• Displays and Stratifications
– Summed over all forecasts for each lead and all leads displayed 


together
– Stratified further by cold seasons (DJF to FMA) and warm seasons


(MAM to NDJ)
– Stratified further by strong ENSO years vs. other years


Displays and Stratifications


• CPC Seasonal Forecasts
– For 3-equally probable temperature and precipitation classes at 102 


Climate Divisions
– Made every month from 1995 to present for 0.5-, 1.5-, …, 12.5 month 


leads


• Skill Measure:  Modified Heidke Skill Score of Categorized 
Forecasts


• Displays and Stratifications
– CPC:  Summed over all forecasts for each lead and displayed with


times series for this lead
– Here:


• Summed over all forecasts for each lead and all leads displayed together
• Stratified further by cold seasons (DJF to FMA) and warm seasons (MAM 


to NDJ)
• Stratified further by strong ENSO years vs. other years
• Stratified by region 


Stratification by Lead and 
Seasons:  Temperature


Heidke Skill Scores for All Years
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Further Stratification by Strong-
ENSO vs Other Years:  Temp.


Heidke Scores for Cold Seasons
(DJF, JFM, FMA)
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Further Stratification by Strong-
ENSO vs Other Years:  Temp.


Heidke Scores for Warm Seasons
(MAM - NDJ)


-10


0


10


20


30


40


50


0.5 1.5 2.5 3.5 4.5 5.5 6.5 7.5 8.5 9.5 10.5 11.5 12.5


Lead (month)


H
e


id
ke


 S
S


  .


All Years 1997-2000 Other Years


Stratification by Lead and Seasons:  
Precipitation


Heidke Skill Scores for All Years
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Further Stratification by Strong-
ENSO vs Other Years:  Precip.


Heidke Scores for Cold Seasons
(DJF, JFM, FMA)
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Summary


• Seasonal Temperature:
– Useable skill confined to strong ENSO years and mainly 


at short to medium leads
– Otherwise skill is dominantly level with lead (derived 


from biased climatologies, ie long-term trend)


• Seasonal Precipitation:
– Barely useable skill entirely confined to strong ENSO 


years in short to medium leads
– Otherwise skill is either negative or statistically 


indistinguishable from zero


Introduction to value


W = frequency of adverse condition S = Success rate F = false alarm rate
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Introduction to value


• Value of a forecast in a simple cost/loss 
environment (Dutton,2002):
V = (Ec – Ef)


(Ec – Ep)
where Ec = expense of climatological forecast


Ef = estimated expense of actual forecast
Ep = expense of perfect forecast


Action Occurs


Mitigation C


None L


Does not occur


C


0


Adverse weather


Methodology:
Contingency table


• Contingency table shows 
probability that a given 
forecast will fall into one of 
four categories.


• Forecast samples created by 
generating random number 
from 0-1 and binning into 
categories weighted by 
probabilities in contingency 
table.
– Repeated 10 times to make a 


10-year sample
– Repeated 10-year sample 100 


times to get a distribution of 
possible 10-year forecast 
samples


w = 1/3
S = 0.48
F = 0.195


Heidke skill score = 0.33


Forecast A Not A
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Results:
10-year samples
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Results:
20-year samples
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Results:
Comparing risk for all samples
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Summary


• Even perfect user risks losing money with quite 
skillful forecasts if user:
– Is in a simple cost-loss decision environment.
– Only uses 10-20 forecasts.


• Individual users who only exercise decision one 
season per year must use with caution.


• Users who hedge in several locations over 
several seasons are more likely to realize 
expected value.


Conclusions and Lessons


• Skill analyses with different stratifications are 
highly informative


• There are non-random subsets of U.S. seasonal 
forecasts that are skillful enough to be of value 


• Skills mainly reflect ENSO and trend signals
• There are many non-random subsets of forecasts 


that do not have sufficient skill to practically be of 
value


• It is critical for this information to be shared with 
potential users


Future work


• Stratify skill by regions
• Explore sampling variability of value using 


contingency tables that indicate higher or lower 
skill.
– CPC seasonal forecast skill overall significantly less 


than samples shown (though can be greater).
– Define how often user needs to use forecasts (in a 


disciplined manner) to mitigate the risk of negative 
value.


• Assess reaction of non-disciplined user
– For example, a user who gets burned two years in a row 


doesn’t use forecasts to mitigate until forecast “hits” 
three years in a row.


Methodology:
Defining value


• Given a large number of forecasts, the equation for 
value approaches (Dutton,2002):
V  = Min[wL, C] – (Sw + F (1-w))C – (1-S)wL


Min[wL, C] – wC
where S = success rate of forecasting the adverse condition


F = false alarm rate
C = cost to mitigate
L = loss incurred when adverse occurs without mitigation


Methodology:
Defining value for a small sample


• Value calculation for a small, finite number of forecasts:


When w > C/L:
V = (Probability of Bin 3)( C/L –1) + (Prob. Bin 4)( C/L)


(Probability of Bin 2)( C/L) + (Prob. Bin 4)( C/L)
When w < C/L:
V  = (Probability of Bin 1)(1- C/L) – (Prob. Bin 2)( C/L)      


(Probability of Bin 1)(1- C/L) + (Prob. Bin 3)(1- C/L)


Range


Bin 1 0-0.16


Bin 2 0.16-0.29


Bin 3 0.29-0.46


Bin 4 0.46-1


Forecast A, Observed Not A


Forecast Not A, Observed A


Forecast Not A, Observed Not A


Contingency represented


Forecast A, Observed A
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Robert Lund, Trends In United States Maximum And Minimum Temperatures 
 

Robert Lund 
Department Of Statistics, The University Of Georgia, USA 

 
 
 

 
This talk studies linear trend rates in high and low temperatures recorded in the contiguous 48 
United States over the last 150 years.  Trends computed from extreme value and regression 
based methods will be compared.  Methods for handling station location moves at known times 
(changepoints) will be discussed.  Spatial contour maps of the annual warming/cooling rates 
were constructed via the nonparametric head-banging algorithm; these rates are partitioned into 
seasonal trends for Spring, Summer, Fall, and Winter. 



Neil MacKellar,  REPRESENTING THE LAND SURFACE IN A REGIONAL 
CLIMATE MODEL: WHAT ARE THE OPTIONS 
 

Neil MacKellar 
CSAG, University of Cape Town, South Africa 

 
and 

 
Mr Mark Tadross 

Mr Bruce Hewitson 
 
 

 
Numerous sensitivity studies have confirmed the importance of land-surface boundary 
conditions in atmospheric modeling.  It can therefore be inferred that, in order to work towards 
increasing the accuracy of weather and climate simulations, it is essential to consider the 
quality of land-surface data used by the model.  Two possible sources for such data are satellite 
observations and dynamic global vegetation models, each with its respective attractions and 
caveats.  In this study, the nature of some  land-surface data sets available for southern Africa 
are described, and the practicalities of how this information may be incorporated into Version 5 
of the Penn State/NCAR Mesoscale Model (MM5) are explored.  In addition, the Sheffield 
Dynamic Global Vegetation Model (SDGVM) is employed to simulate a vegetation map for 
use by MM5.  The sensitivity of MM5 to using this simulated land surface as opposed to the 
default configuration is assessed for a 3-month summer period.  This represents a first step in 
investigating the possibilities for a dynamic coupling of these two models. 
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Representing the land surface in a 
regional climate model: what are the 
options?


Neil MacKellar, Mark Tadross
and Bruce Hewitson


Introduction


� What data is used now?


– How the RCM uses land-surface information
� What other data is available?


– Satellite-derived


– Model-derived
� What are the sensitivities?


USGS
24,2, 'ALBD   SLMO   SFEM   SFZ0 THERIN   SCFX   SFHC   '
SUMMER
1,      18.,   .10,   .88,   50.,    3.,   .52, 18.9e5,'Urban and Built-Up Land'
2,      17.,   .30,   .92,   15.,    4.,   .60, 25.0e5,'Dryland Cropland and Pasture'
3,      18.,   .50,   .92,   15.,    4.,   .60, 25.0e5,'Irrigated Cropland and Pasture'
4,      18.,   .25,   .92,   15.,    4.,   .60, 25.0e5,'Mixed Dryland/Irrigated Cropland and Pasture'
5,      18.,   .25,   .92,   14.,    4.,   .60, 25.0e5,'Cropland/Grassland Mosaic'
6,      16.,   .35,   .93,   20.,    4.,   .60, 25.0e5,'Cropland/Woodland Mosaic'
7,      19.,   .15,   .92,   12.,    3.,   .60, 20.8e5,'Grassland'
8,      22.,   .10,   .88,   10.,    3.,   .62, 20.8e5,'Shrubland'
9,      20.,   .15,   .90,   11.,    3.,   .60, 20.8e5,'Mixed Shrubland/Grassland'
10,     20.,   .15,   .92,   15.,    3.,    0., 25.0e5,'Savanna'
11,     16.,   .30,   .93,   50.,    4.,   .56, 25.0e5,'Deciduous Broadleaf Forest'
12,     14.,   .30,   .94,   50.,    4.,   .50, 25.0e5,'Deciduous Needleleaf Forest'
13,     12.,   .50,   .95,   50.,    5.,    0., 29.2e5,'Evergreen Broadleaf Forest'
14,     12.,   .30,   .95,   50.,    4.,   .50, 29.2e5,'Evergreen Needleleaf Forest'
15,     13.,   .30,   .94,   50.,    4.,   .54, 41.8e5,'Mixed Forest'
16,      8.,   1.0,   .98,  0.01,    6.,    0., 9.0e25,'Water Bodies'
17,     14.,   .60,   .95,   20.,    6.,   .55, 29.2e5,'Herbaceous Wetland'
18,     14.,   .35,   .95,   40.,    5.,   .58, 41.8e5,'Wooded Wetland'
19,     25.,   .02,   .85,   10.,    2.,   .62, 12.0e5,'Barren or Sparsely Vegetated'
20,     15.,   .50,   .92,   10.,    5.,   .60, 9.0e25,'Herbaceous Tundra'
21,     15.,   .50,   .93,   30.,    5.,   .60, 9.0e25,'Wooded Tundra'
22,     15.,   .50,   .92,   15.,    5.,   .60, 9.0e25,'Mixed Tundra'
23,     25.,   .02,   .85,   10.,    2.,   .62, 12.0e5,'Bare Ground Tundra'
24,     55.,   .95,   .95,    5.,    5.,    0., 9.0e25,'Snow or Ice'


Default vegetation classification for MM5 RCM


USGS map


MM5 land-surface 
parameter lookup 


table


LAI and Vegfrac in MM5


LAI
- constant for each veg type
- default is 4 for all types => no variation


Vegfrac
- values given for each grid point
- updated monthly


ALTERNATIVE DATA: SATELLITE


ISLSCP II


- Potential vegetation (Ramankutty and Foley 1999)


- UMD (Hansen et al. 2000)


- MODIS (Friedl et al. 2002)
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Sheffield Dynamic Global Vegetation Model


EvBl


DcBl


Mixed forest


Savanna


Shrubland


Grassland


Desert


Inputs:
- soil
- CO2
- Temperature
- Humidity
- Rainfall


Outputs (potential 
natural vegetation):


- NPP
- LAI
- Soil C, N
- Plant biomass
- Fractional cover of PFT's
- etc...


SDGVM to MM5


INITIAL SENSITIVITIES


MM5 integration for DJF 1984/85


Control: default USGS land use


Perturbation: SDGVM potential veg


SDGVM-USGS


CONCLUSIONS


- Significant variability in available land-surface data


- Dynamic vegetation models provide alternative to 
satellite-derived products


- Use of different land-surface climatologies can 
cause significant anomalies in RCM simulations
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A Manhique, Atmospheric and ocean patterns associated with rainfall anomalies in 
Mozambique 
 

A Manhique 
Department Of Oceanography, University of Cape Town, South Africa 

 
and 

 
 C.J.C. Reason 

 Y Richard 
 Margaret Rouault 

 L Rydberg 
 
Atmospheric and sea surface temperature (SST) patterns associated with rainfall anomalies in 
Mozambique are studied. The study analyses the spatial and temporal variability of rainfall 
using extended empirical orthogonal functions (EEOF). Southern Mozambique appears to have 
strong spatial and temporal coherence in the late summer (January – March (JFM)). Some 
coherence is also observed in the early summer (November – December (ND)) in the north.  
Correlation analyses applied between successive months confirm a strong – positive correlation 
in the southern region. However in the north, the correlations are weak. Nevertheless two 
regions (south: 20 - 26  S; north 10 - 15 S) and three periods (October; ND; JFM) were 
considered and respective indexes created. The indices  were created by averaging the 
standardized monthly rainfall anomalies for each region.  
 
Composite analyses show that positive rainfall anomalies in the north region during early 
summer (ND) are associated with cooling in the north and equatorial Indian Ocean. 
Simultaneously, some increase in SST is observed south of Madagascar. Atmospheric patterns 
suggest shifts of the intertropical convergence zone (ITCZ) associated with northeast 
monsoons as the main mechanism driving the rainfall anomalies. When the ITCZ is positioned 
further south, the region tends to receive more rain, and less when it is located more to the 
north. The JFM rainfall anomalies in the south region appeared strongly connected to global 
patterns with shifts in the Walker circulation being important.  
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Integrated Integrated meridionalmeridional 10001000--700 700 hpahpa
moisture flux composite anomaliesmoisture flux composite anomalies
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Integrated specific humidity 1000Integrated specific humidity 1000--700 700 hpahpa
composite anomaliescomposite anomalies
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Lizelle Maritz, Spatial And Temporal Variation In Rainfall In The Arid Zone:  Is It 
Changing? 
 

Lizelle Maritz 
ARC - Institute For Soil, Climate And Water, South Africa 

 
and 

 
Johan Malherbe 

Anneke Thackrah 
Frans Koch 

 
In general, arid regions tend to have a higher precipitation variability, both spatially and 
temporally, compared to humid regions. To examine this variability two sets of rainfall 
surfaces were used: Seasonal rainfall surfaces (July to June), using climatic data spanning from 
1930 to 2003, and dekadal rainfall surfaces, covering a 13-year period (1986 - 2001, excluding 
1994 and 2000). Both these sets of surfaces were developed by the ARC-ISCW using weather 
station (SAWS and ARC-ISCW) and satellite data (for dekadal rainfall surfaces). The Köppen 
classification criteria were used to define the arid zone that was used as the study area. Köppen 
divides the arid zone into annual, summer and winter rainfall areas thereby already stressing 
the spatial variability of rainfall in the zone. Rainfall surfaces and point data (weather stations 
reporting between 52 and 101 years) were analysed to ascertain whether any significant spatial 
and temporal changes occurred within the study area both inter- and intra- annually and 
seasonally.



Ruth Thokozile Massey, Climate Change, Related Risks And The Role Of Non-Climate 
Related Stressors: Perceptions, Adaptations And Responses Of Rural Households In 
Kwa-Zulu Natal 
 

Ruth Thokozile Massey 
University Of The Witwatersrand, South Africa 

 
 

 
Climate related risks within Southern Africa threaten the livelihoods of many communities 
particularly those who rely on a variety of resources for their subsistence. This risk is primarily 
determined by the situation or context in which communities find themselves. Adaptation to 
and coping with climate variability are key themes in current discussions and policy initiatives.     
The Thukela Catchment region in rural Kwa-Zulu Natal, South Africa, was used as a case 
study for this research. Two communities were compared in the study. The first has the 
Mudane Irrigation Scheme (MIS) organised mainly by the local Department of Agriculture 
(DoA). The second has no formal irrigation scheme and is relatively untouched, directly, by 
formal institutions. The region is currently in a drought situation but has had recent flooding. 
The primary aim of this research was to determine and better understand how the two 
communities perceive and respond to climate-related risks and to look at the role non-climate 
related stressors have on their ability to cope with climate variability and environmental 
change. Focus was placed, specifically, on adaptation and coping and on why some households 
within the same community cope with climate related stress beter than others. The role of 
formal institutions and food security were looked at in particular. Findings have shown that the 
first community relies heavily on DoA for access to information, training and education as well 
as access to water, physical capital, infrastructure and decision making arenas. This in fact 
increases their vulnerability and restricts their ability to cope and adapt. This paper raises 
questions around the role of adaptation and formal institutions in the livelihoods and coping 
strategies of households with regard to climate change. 
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Andrew Matthews, Understanding Drought: A Four-Dimensional Generalized Linear 
Model Of Sahel Rainfall 
 

Andrew Matthews 
Climatic Research Unit, University of East Anglia, United Kingdom 

 
and 

 
Jean Palutikof 

Tom Holt 
 

A generalized linear model is used to link rainfall in the Sahel to the leading modes of 
atmospheric variability over Africa and Asia. The model is an attempt to identify the lagged 
atmospheric processes underlying the persistent dry conditions over the region since the late 
1960s.     Daily rainfall data from over 500 stations in sub-tropical western/central Africa were 
gridded to a 1º resolution. Principal Component Analysis (PCA) was used to group the gridded 
rainfall data into six spatially coherent areas, forming the predictand regions in the regression 
experiment. The main modes of atmospheric variability over a domain stretching from the mid-
Atlantic to Indonesia, at four atmospheric levels, were identified using a four-dimensional PCA 
of six variables extracted from the NCEP Reanalysis climate data set. The lagged scores from 
the PCA are the predictors in the regression.    The generalized linear model linking the lagged 
atmospheric predictors to the rainfall indices accounted for up to 30% of the rainfall variability, 
providing a good representation of the gamma-distributed rainfall series. 
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Understanding Drought:
A Four-dimensional Generalised Linear 


Model of Sahel Rainfall


Andy Matthews 1


Jean Palutikof 2


Tom Holt 1


1 Climatic Research Unit, University of East Anglia, UK


2 Hadley Centre, UK Met Office


Where Is the Sahel?


What Is Happening in the Sahel?
The Sahelian Rainfall Index


Source: Hulme(2001), Global Environmental Change, 11, 19-29


The Problem


• Problem: what are the causes of interannual
and interdecadal rainfall variability?


• Solution: to build a statistical daily model, 
linking Sahel rainfall to a set of atmospheric 
predictors.


• Purpose: to gain insight into the physical 
mechanisms causing rainfall.


The Predictand – Daily Rainfall


• Station data - 523 stations reporting daily 
rainfall over the period 1958-1997


• Gridded data – station data is gridded to a 
1° resolution using thin-plate splines


• Regional data – gridded data is averaged 
into six regions based on a RPCA of 
gridded data


Rainfall Stations
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Gridded Rainfall Regional Rainfall


The Predictors – NCEP 
Atmospheric Data


• Daily average NCEP reanalysis data for 1958-1997


• Variables:


– Pressure (geopotential height)


– Air temperature


– Specific humidity


– Zonal wind


– Meridional wind


– Vertical velocity


• 2.5° × 2.5° resolution


NCEP Domain Used


Four-dimensional Principal 
Component Analysis (PCA)


• A 4d PCA is carried out on each atmospheric 
variable in turn


• Each wet season day is considered a case (May-
October, 1958-1997)


• Each NCEP grid point is considered a variable


• Components explaining at least 2% of total 
variance are extracted


• Components are rotated


4d PCA Results


• 37 components extracted:
§ 5 pressure


§ 6 air temperature


§ 6 specific humidity


§ 4 vertical velocity


§ 6 zonal wind


§ 10 meridional wind


• In final model, lags of up to five days will be 
allowed
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An Example Predictor:
Second Zonal Wind Component


1000 hPa level


600 hPa level 200 hPa level


850 hPa level


Pattern Loading


Generalised Linear Model 
(GLM) Theory


Model: f (�
i) = � 0 + � 1 xi1 + � 2 xi2 + … + � k xik


• � – Fitted value, allowed to have any distribution 
from the exponential family


• x – Predictor variables


• f – ‘ link function’ , any monotonic function


• � – Coefficients


• k – Number of predictor variables in model


• i – Case in question


Generalised Linear Model 
(GLM) Theory


Model: log �
i = � 0 + � 1 xi1 + � 2 xi2 + … + � k xik


• � – Fitted value, allowed to have any distribution 
from the exponential family


• x – Predictor variables


• f – ‘ link function’ , any monotonic function


• � – Coefficients


• k – Number of predictor variables in model


• i – Case in question


Generalised Linear Model 
(GLM) Theory


Model: �
i = exp ( � 0 + � 1 xi1 + � 2 xi2 + … + � k xik )


• � – Fitted value, allowed to have any distribution 
from the exponential family


• x – Predictor variables


• f – ‘ link function’ , any monotonic function


• � – Coefficients


• k – Number of predictor variables in model


• i – Case in question


GLM Methodology


• Predictor variables are chosen using a 
stepwise method.


• We’re not looking for the best model, just a 
good one.


• With 37 variables at six possible lags, we 
have 222 possible predictors.


• Of the order of 1066 possible models.


GLM Results - R2 Statistics


0.166n/aClimatology


0.2095Reduced


0.22410Reduced


0.25625Full


R2PredictorsModel
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What Variables Are Important?


18Air Temperature


19Vertical Velocity


20Pressure


26Zonal Wind


36Specific Humidity


77Meridional Wind


Appearances (all 6 regions)Variable


Observed and Fitted Values


Is the Model Valid?


• Anscomberesiduals: residuals computed to be 
normally distributed


• In the gamma distribution case, they are defined 
by:


• If these are normally distributed, the gamma 
distribution is a good model for the data


Anscombe Residuals


Issues Still Remaining


• Too many predictor variables - makes 
model hard to interpret


• How robust are the choices of predictor?


• What does the model indicate?


Conclusions


• Generalised linear models are powerful tools, 
particularly for modelling rainfall


• The principal statistical modes of atmospheric 
variability over northern Africa explain up to 25% 
of variability in Sahelian rainfall


• In this case, a gamma model has captured the 
distribution of rainfall well, but not its magnitude.
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T N Mdluli, The Societal Dimensions of Domestic Coal Combustion and Alternative 
Energy Sources 
 

T N Mdluli 
University of the Witwatersrand, South Africa 

 
and 

 
 Luanne Otter 
 Coleen Vogel 

 
Air pollution is one of many issues that have a direct impact upon the economy and the well 
being of society in South Africa. Domestic coal combustion contributes significantly to the air 
pollution problem in the country.  Mitigation measures that can be put in place to reduce 
emissions from domestic coal combustion may have a direct impact upon the environment and 
the societies that burn coal. The aim of this research, therefore, is to provide an assessment of 
the societal impacts of mitigating emissions from domestic coal combustion in Soweto. A 
questionaire survey will be conducted and it will explore fuel-use and socio-economic data, 
health impacts of domestic coal combustion and the society’s acceptance and willingness to 
pay for measures that reduce air pollution. 
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The Societal Dimensions of The Societal Dimensions of 
Domestic Coal Combustion: Domestic Coal Combustion: 


The Case of Soweto, The Case of Soweto, 
Johannesburg.Johannesburg.


T. MdluliT. Mdluli11, L. Otter , L. Otter 11 and C. Vogeland C. Vogel22


1Climatology Research Group, 2School of Geography, Archaeology and 
Environmental Studies, University of the Witwatersrand, P/B X3, Wits 2050. 


Email: thulie@crg.bpb.wits.ac.za


Soweto, high density of Soweto, high density of 
households.households.


Central Witwatersrand (20 km altitude)


Showing Soweto: high density of households
(MODIS Airborne Simulator: ER2 Flight 22 August 2000)
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Courtesy of H.J. Annegarn


Coal Burning and Health ImpactsCoal Burning and Health Impacts
nn International examples include:International examples include:


nn lung cancer, arsenic poisoning, hearing loss in lung cancer, arsenic poisoning, hearing loss in 
children that were recorded in Chinachildren that were recorded in China


nn In the USA, bronchitis, lung cancer and In the USA, bronchitis, lung cancer and 
cardiopulmonary disease among others were cardiopulmonary disease among others were 
observedobserved


nn Health impacts of coal burning in  South Africa Health impacts of coal burning in  South Africa 
are:are:
nn increased mortality rate in black childrenincreased mortality rate in black children
nn acute respiratory illnessesacute respiratory illnesses
nn prevalence of asthma symptomsprevalence of asthma symptoms


Alternative Energy SourcesAlternative Energy Sources


nn Electrification has been alleged to play a Electrification has been alleged to play a 
major role in the elimination of township major role in the elimination of township 
pollution caused by domestic coal pollution caused by domestic coal 
combustioncombustion


nn Low smoke fuels (LSF) were developed as Low smoke fuels (LSF) were developed as 
an alternative to coal to try and reduce an alternative to coal to try and reduce 
emissions from domestic coal combustionemissions from domestic coal combustion


Aim of this StudyAim of this Study


nn To provide an assessment of the societal To provide an assessment of the societal 
dimensions that surround domestic coal dimensions that surround domestic coal 
combustion and the people’s attitudes towards coal combustion and the people’s attitudes towards coal 
and electricity in Soweto.and electricity in Soweto.


nn Hypothesis 1: Electrification eliminates coal burningHypothesis 1: Electrification eliminates coal burning


nn To explore people’s perceptions of health impacts To explore people’s perceptions of health impacts 
of domestic coal combustion and whether they of domestic coal combustion and whether they 
would be willing to buy low smoke fuels (LSF) would be willing to buy low smoke fuels (LSF) 


nn Hypothesis 2: Coal burning will be reduced by the Hypothesis 2: Coal burning will be reduced by the 
introduction of LSFintroduction of LSF
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MethodologyMethodology


nn Combination of primary (official documents) Combination of primary (official documents) 
and secondary (published literature) research: and secondary (published literature) research: 
document available literature to provide document available literature to provide 
baseline for questionnaire surveybaseline for questionnaire survey


nn Questionnaire survey was conducted Questionnaire survey was conducted 
exploring people’s attitudes to coal, electricity exploring people’s attitudes to coal, electricity 
and health impacts of domestic coal and health impacts of domestic coal 
combustion and their willingness to accept combustion and their willingness to accept 
LSF.LSF.


FindingsFindings


nn 79% electrified, 21% non79% electrified, 21% non--electrified houseselectrified houses


Sampled Households


79%


21%


electrif ied 


non-electrif ied 


nn Electrified households:  57% burn coal for Electrified households:  57% burn coal for 
space heatingspace heating


Electrified Households


57%


43% that burn coal


that do not burn
coal


nn 80% of the households that burn coal are 80% of the households that burn coal are 
electrified and 20% are nonelectrified and 20% are non--electrified electrified 


nn Matches Matches HoetsHoets (1994): electrifying (1994): electrifying 
households may not solve the problem of households may not solve the problem of 
township pollution township pollution –– households still burn coal households still burn coal 
for space heatingfor space heating


nn Note: Coal is burnt in winter (June Note: Coal is burnt in winter (June –– August) August) 
when it is cold, it is then that people cook on when it is cold, it is then that people cook on 
their coal stoves both in electrified and nontheir coal stoves both in electrified and non--
electrified households.electrified households.


nn To save money because electricity is To save money because electricity is 
expensive. People’s economic status’ is expensive. People’s economic status’ is 
such that they cannot afford to use such that they cannot afford to use 
electricity for all their energy needs electricity for all their energy needs 
(poverty)(poverty)


nn To keep warm. Shacks are cold in winterTo keep warm. Shacks are cold in winter


Why Do People with Electrified Houses 
Burn Coal?


Employment Status' of Electrified 
Households


58%


8%


34%
employed


self employed


not employed


58% of the heads of interviewed households 58% of the heads of interviewed households 
are employed, however, their average are employed, however, their average 


income levels are low (R800income levels are low (R800--R1500) with a R1500) with a 
few exceptionsfew exceptions
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How much electricity can the How much electricity can the 
households afford to buy?households afford to buy?


Electricity Units Purchased Per 
Month (R)


45%


35%


7%


6%
3% 4%


0-50


51-100


101-150


151-200


201-250


>250


nn 55% 55% -- coal smoke affects people’s health: coal smoke affects people’s health: 
causes suffocation and headaches when they causes suffocation and headaches when they 
inhale the smoke during ignition. 2% of which inhale the smoke during ignition. 2% of which --
coal smoke could have chronic effects on health.coal smoke could have chronic effects on health.


People’s Perceptions of Health Impacts of 
Coal Combustion 


Does Coal Smoke Affect 
People's Health?


55%


23%


22%


yes


no


do not know


nn People are ignorant of the chronic effects People are ignorant of the chronic effects 
of coal combustion: of coal combustion: 


nn They said that if one does not inhale the They said that if one does not inhale the 
smoke during ignition then there is no smoke during ignition then there is no 
negative effect of using coalnegative effect of using coal


nn Difficult to phase out coal: awareness Difficult to phase out coal: awareness 
campaign requiredcampaign required


nn Alternative fuel must be readily availableAlternative fuel must be readily available


Would People Buy an Alternative Would People Buy an Alternative 
Fuel to Coal?Fuel to Coal?


nn 55% of respondents said they would buy a low 55% of respondents said they would buy a low 
smoke fuel (LSF) if it burnt longer than coal, smoke fuel (LSF) if it burnt longer than coal, 
produced less smoke and the same amount of produced less smoke and the same amount of 
heat as coal.heat as coal.


nn 18% would need to see and test LSF18% would need to see and test LSF


nn 27% would not buy LSF 27% would not buy LSF 
Would People Buy a Low Smoke 


Fuel?


55%


27%


18%


yes


no


do not know


ConclusionConclusion


nn Electricity cannot eliminate coal burning, Electricity cannot eliminate coal burning, 
people want their houses to be electrified people want their houses to be electrified 
but they still want to burn coal for space but they still want to burn coal for space 
heatingheating


nn There is an opportunity to introduce a There is an opportunity to introduce a 
solid  low smoke fuel if its ignition and solid  low smoke fuel if its ignition and 
heating properties are like those of coal heating properties are like those of coal 


Policy ImplicationsPolicy Implications


nn This research could be used by policy makers to This research could be used by policy makers to 
determine whether to focus on electrifying determine whether to focus on electrifying 
township homes or on introducing low smoke township homes or on introducing low smoke 
fuels (LSF)fuels (LSF)


nn An awareness campaign would have to be conducted An awareness campaign would have to be conducted 
about health impacts coal of combustion and about health impacts coal of combustion and 
advantages of using LSFadvantages of using LSF


nn The people would also need to allowed to test these The people would also need to allowed to test these 
LSF and see if they meet their energy needsLSF and see if they meet their energy needs
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Future WorkFuture Work


nn To analyze remaining data To analyze remaining data -- SowetoSoweto


nn To conduct questionnaireTo conduct questionnaire--based based 
interviews in a township in interviews in a township in WitbankWitbank (coal (coal 
mine proximity) mine proximity) 


nn To measure indoor air pollution (Soweto To measure indoor air pollution (Soweto 
and and WitbankWitbank)  and to analyze elemental )  and to analyze elemental 
composition of PMcomposition of PM2.52.5 and PMand PM1010
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J.-L. Melice,  Climate variability at sub-Antarctic Marion Island since 1960 
 

J.-L. Melice 
IRD, Laboratoire d'Oceanographie Dynamique et de Climatologie, France 

 
and 

 
 Mathieu Rouault 

 Chris Reason 
 Johann Lutjeharms 

 
 
Marion Island (47S, 38E) climate has dramatically changed since 1960. During the last 40 
years, a significant increase of the pressure and of the air and sea surface temperatures is 
observed together with a significant decrease of the rainfall and a northward shift of the wind 
direction. We show that the trend in the pressure observed at Marion is linked to a change in 
phase and amplitude of the Semi Annual Oscillation (SAO) index and could explain the trends 
observed in the temperature, wind direction and rainfall. The changes observed in the SOA 
index can be linked to recent trends in the lower stratospheric polar vortex which, according to 
Thomson and Solomon (2002), are due largely to ozone loss. 
 
REFERENCE 
Thomson, D.W.J. and S. Solomon (2002). Interpretation of recent Southern Hemisphere 
climate change. Science. 296, 895-899. 
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Marion Island (47S, 38E) climate has dramatically changed since 1960. During the last 
40 years, a significant increase of the pressure and of the air and sea surface temperatures 
is observed together with a significant decrease of the rainfall and a northward shift of the 
wind direction. We show that the trend in the pressure observed at Marion is linked to a 
change in phase and amplitude of the Semi Annual Oscillation (SAO) index and could 
explain the trends observed in the temperature, wind direction and rainfall. The changes 
observed in the SOA index can be linked to recent trends in the lower stratospheric polar 
vortex which, according to Thomson and Solomon (2002), are due largely to ozone loss. 
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Ladislav Metelka, Non-Linear SLP Variability In North Atlantic Region In Winter 
Period 
 

Ladislav Metelka 
Czech Hydrometeorological Institute, Czech Republic 

 
 
 
 
 

The North Atlantic Oscillation (NAO) is the most significant oscillatory system in North 
hemisphere extratropics. It can be simply described with the help of standardized anomalies of 
SLP differences between one station in Icelandic region and the other in the region of Azores 
or in SW Europe. More sophisticated approach to the NAO is based on Principal Component 
Analysis (PCA) of SLP or geopotential heights at low tropospheric levels in North Atlantic 
region. As PCA is linear method, the results of PCA are influenced by the application of linear 
method to the non-linear problem (interpretation of the results of non-rotated vs. rotated PCA, 
etc.).   Neural networks belong to Artificial Intelligence (AI) systems. One of the special kinds 
of neural networks, so called “autoassociative neural network” is able to perform the non-linear 
counterpart of PCA. This method has been used in our study for the non-linear description of 
winter North Atlantic SLP variability. Due to the fact that the original SLP values in nearby 
grid points are highly intercorrelated, linear PCA has been used for data pre-processing (for 
dimensionality reduction only, not for description of the individual oscillatory systems). Then 
the autoassociative neural netowork non-linearly combining several linear PCA scores to a 
single non-linear score has been built.   Results of our study indicate that the SLP variability in 
North Atlantic region is non-linear in its origin. It is indicated by: 

- the shift between positions of NAO centers in the positive and negative NAO phases 
- some non-linear links between NAO and other NH oscillatory systems (especially 

Scandinavian Oscillation) which can not be revealed with the help of linear methods 
- signs of “rotational exchange” of the individual centers of SLP anomalies during the 

transition between positive and negative NAO phase. 
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NONNON--LINEAR SLP VARIABILITY IN NORTH LINEAR SLP VARIABILITY IN NORTH 


ATLANTIC REGION IN WINTER PERIOD ATLANTIC REGION IN WINTER PERIOD 


((applicationapplication ofof autoassociative neural network))


Ladislav Metelka
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CHMICHMI


1. INTRODUCTION


2. DATA, DATA PRE-PROCESSING


3. AUTOASSOCIATIVE NEURAL NETWORK


4. RESULTS 


5. CONCLUSIONS


OUTLINEOUTLINE


9th 9th InternationalInternational Meeting on Meeting on StatisticalStatistical ClimatologyClimatology, , CapeCape TownTown, , SouthSouth AfricaAfrica, 24, 24--28 May, 200428 May, 2004


CHMICHMI 1. INTRODUCTION1. INTRODUCTION


NorthNorth AtlanticAtlantic SLP variability:SLP variability:


Atmospheric and oceanic processes + interactions ocean-atmosphere


complex, non-linear


LinearLinear methodsmethods ofof descriptiondescription (e.g. PCA):(e.g. PCA): Some problems


(PCA: non-rotated vs. rotated, method of rotation,


interpretation of the results, …)


9th 9th InternationalInternational Meeting on Meeting on StatisticalStatistical ClimatologyClimatology, , CapeCape TownTown, , SouthSouth AfricaAfrica, 24, 24--28 May, 200428 May, 2004


CHMICHMI 1. INTRODUCTION1. INTRODUCTION


PCA PCA describesdescribes severalseveral independentindependent oscillatoryoscillatory modesmodes


NAO = North Atlantic Oscillation


SCAND = Scandinavian Oscillation


EATL / WRUS = East Atlantic / West Russian Oscillation


EA = East Atlantic Pattern


EA-JET = East Atlantic Jet


GoalsGoals ofof thethe study:study:


• non-linear description of North Atlantic SLP variability


• non-linear relations between PCA-based oscillatory modes


9th 9th InternationalInternational Meeting on Meeting on StatisticalStatistical ClimatologyClimatology, , CapeCape TownTown, , SouthSouth AfricaAfrica, 24, 24--28 May, 200428 May, 2004


CHMICHMI 2. DATA AND DATA PRE2. DATA AND DATA PRE--PROCESSINGPROCESSING


ReanalyzedReanalyzed monthlymonthly meanmean SLP SLP fromfrom NCARNCAR


• grid: geographical 2.5 x 2.5 degrees


• period: from JAN 1948 to DEC 1998


• region: 90W – 50E, 10N – 80N


Geographical grid irregular (zonal distances decrease poleward) –


transformation to more „regular“ grid


9th 9th InternationalInternational Meeting on Meeting on StatisticalStatistical ClimatologyClimatology, , CapeCape TownTown, , SouthSouth AfricaAfrica, 24, 24--28 May, 200428 May, 2004


CHMICHMI 2. DATA AND DATA PRE2. DATA AND DATA PRE--PROCESSINGPROCESSING


Seasonal SLP anomalies calculated


for 3 overlapping „ winter“  seasons


(NDJ, DJF, JFM)


„ Seasonal“  data set: 151 seasons, 275 grid points in „regular“ grid


This data set pre-processed by non-rotated LPCA


(Linear Principal Component Analysis)


for dimensionalty reduction
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CHMICHMI 2. DATA AND DATA PRE2. DATA AND DATA PRE--PROCESSINGPROCESSING


LPCA1LPCA1


Loadings Correlations with original SLP


NAO, explained variability: 35%
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CHMICHMI 2. DATA AND DATA PRE2. DATA AND DATA PRE--PROCESSINGPROCESSING


LPCA2LPCA2


Loadings Correlations with original SLP


SCAND, EA, explained variability: 17%
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CHMICHMI 2. DATA AND DATA PRE2. DATA AND DATA PRE--PROCESSINGPROCESSING


LPCA3LPCA3


Loadings Correlations with original SLP


EATL/WRUS (???), explained variability: 12%
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CHMICHMI 2. DATA AND DATA PRE2. DATA AND DATA PRE--PROCESSINGPROCESSING


LPCA components linearly independent


but


do any non-linear links between LPCA components exist?


If so, is it possible to combine (non-linearly) the LPCA components


to more general „non-linear PCA“ (NLPCA) mode?


And if so, how to do that?


AUTOASSOCIATIVE NEURAL NETWORKAUTOASSOCIATIVE NEURAL NETWORK


(non-linear counterpart to linear PCA)


9th 9th InternationalInternational Meeting on Meeting on StatisticalStatistical ClimatologyClimatology, , CapeCape TownTown, , SouthSouth AfricaAfrica, 24, 24--28 May, 200428 May, 2004


CHMICHMI 3. AUTOASSOCIATIVE NEURAL NETWORK3. AUTOASSOCIATIVE NEURAL NETWORK


55--layer layer perceptronperceptron networknetwork
Layers:Layers:


„IInput“, „CCoding“, „BBottleneck“, 


„DDecoding“ and „OOutput“


Activations:Activations:


I, B and O = linear, C and D = tanh


Network training:Network training:


Input and output data vectors identical (processed data)


Input vector signal non-linearly „compressed“ to a scalar variable (layer B) 


and then non-linearly „decompressed“ back to the original vector space 


with minimal loss of informationminimal loss of information


(network output close to the network input as possible )


9th 9th InternationalInternational Meeting on Meeting on StatisticalStatistical ClimatologyClimatology, , CapeCape TownTown, , SouthSouth AfricaAfrica, 24, 24--28 May, 200428 May, 2004


CHMICHMI 3. AUTOASSOCIATIVE NEURAL NETWORK3. AUTOASSOCIATIVE NEURAL NETWORK


AANN AANN trainingtraining::
•• ScoresScores ofof LPCA 1LPCA 1––3 3 insertedinserted intointo bothboth inputinput („I“) („I“) 


andand outputoutput („O“) („O“) layerslayers
•• BEP (BEP (BackBack ErrorError PropagationPropagation) ) trainingtraining algorithmalgorithm, , 


crosscross--validatedvalidated withwith „„earlyearly stoppingstopping“, “, weakweak WeigendWeigend
regularizationregularization, „ensemble“ , „ensemble“ approachapproach


AANN:AANN:
quasi-optimal non-linear compression of LPCA scores 1–3 into a single 


value (non-linear PCA score - „NLPCA score“ - in layer „B“) 
followed by


quasi-optimal non-linear „reconstruction“ of the original LPCA scores
from a single value („NLPCA score“ in layer „B“)
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CHMICHMI 3. AUTOASSOCIATIVE NEURAL NETWORK3. AUTOASSOCIATIVE NEURAL NETWORK


TrainedTrained network network splitsplit intointo „„ encodingencoding“  part“  part


(layers I – C – B)


andand „„ decodingdecoding“  part“  part


((layerslayers B –– D –– O))


„„ EncodingEncoding“  part:“  part:


Quasi-optimal non-linear signal compression


„ Decoding“  part:


Quasi-optimal non-linear signal decompression


(opposite to the „encoding“ part)


9th 9th InternationalInternational Meeting on Meeting on StatisticalStatistical ClimatologyClimatology, , CapeCape TownTown, , SouthSouth AfricaAfrica, 24, 24--28 May, 200428 May, 2004


CHMICHMI 4. RESULTS4. RESULTS


Relations between LPCA and NLPCA scores


Dots:
„Observed“ LPCA scores (vertical axis) vs. NLPCA score (horizontal axis) 


as simulated by „encoding“ part of the AANN


Lines:
NLPCA score (horizontal axis) vs. „reconstructed“ LPCA scores 1–3 
(verical axis) for 20% to 90% quantiles of NLPCA as simulated by 


„decoding“ part of the AANN


9th 9th InternationalInternational Meeting on Meeting on StatisticalStatistical ClimatologyClimatology, , CapeCape TownTown, , SouthSouth AfricaAfrica, 24, 24--28 May, 200428 May, 2004


CHMICHMI 4. RESULTS4. RESULTS


3D graph of LPCA scores 1-3 „reconstructed“ from NLPCA score (quantiles


20% to 90%, step 5%) with the help of „decoding“ part of the AANN
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CHMICHMI 4. RESULTS4. RESULTS


Correlations NLPCA:
More regular coverage of the region


Explained variability: 45% 
(LPCA mode 1 = 35%,
LPCA mode 2 = 17%,
LPCA mode 3 = 12%)


Correlations
LPCA 1 - 3
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CHMICHMI 4. RESULTS4. RESULTS


SLP anomalies as 


„ reconstructed“  from


NLPCA quantiles 20% 


to 90% (step 5%) 


with the help of


„ decoding“  part of


the AANN:


• „rotational“ exchange


of the NAO centers


• interaction between


NAO and SCAND


9th 9th InternationalInternational Meeting on Meeting on StatisticalStatistical ClimatologyClimatology, , CapeCape TownTown, , SouthSouth AfricaAfrica, 24, 24--28 May, 200428 May, 2004


CHMICHMI 5. CONCLUSIONS5. CONCLUSIONS


• Autoassociative neural network = non-linear counterpart of linear PCA


• Explained variability - a single NLPCA mode better than the 1st linear
mode (LPCA mode 1 = 35%, NLPCA mode = 45%)


• Correlations with the original SLP field: LPCA modes better near the
centers of the individual oscillatory systems, NLPCA better between the
centers, smoother field of correlations


• Description of the non-linear mode of winter North Atlantic SLP 
variability 


• Description of some non-linear interactions of (linearly independent) 
LPCA modes
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P.S Moatshe,  Verification of South African Weather Service operational seasonal 
forecasts. 
 

P.S Moatshe 
South African Weather Service, South Africa 

 
and 

 
 Willem Landman, 

 
 

The value of evaluating forecast accuracy from the user’s perspective is important. Through 
understanding of forecast performance, it helps decision makers to determine when and how to 
respond to expected climate anomalies. Evaluation of seasonal forecasters also can help 
planners reduce their vulnerability to climate, because they can plan more informed and 
prepare more effectively.   A probability forecast can be evaluated using different skill scores, 
but in this case the Ranked Probability Skill Score (RPSS) is used. RPSS is the Ranked 
Probability Score (RPS) of the forecast compared with the RPS of the forecast of climatology 
that assigns 33.3% for each three equi-probable categories. The RPSS measures the 
cumulatative error between the categorical forecast probabilities and the observed category 
relative to some reference forecast. If the dominant forecast category was observed, the RPSS 
is positive (performing) and if not the RPSS is negative (under-performing). RPSS is zero 
when there is no skill. 
 
The SAWS issues probabilistic seasonal forecasts every month. These forecasts are a result of 
expert interpretation of output from a large variety of seasonal forecast models. Verification of 
five January to March (JFM) season is presented at different lead-times ranging from zero to 
four months. 
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Verification of SAWS Verification of SAWS 
Operational Seasonal Operational Seasonal 


Rainfall ForecastRainfall Forecast


By


Peggy Moatshe


Content


Ø Definition
– Forecast quality and value


– Why do we make a seasonal forecasts
Ø Verification data and measure 
Ø Conclusion


Definition


Ø Verification of a forecasts is the 
process of determining the quality of 


forecasts
Ø Any forecast verification method involves 


comparison between  matched pairs of 
forecasts and the observations to which they 


pertain


Forecast quality and value


Ø Quality: the correspondence between 
forecasts and observations 
- accuracy, skill, reliability


Ø Value: the economic (or societal) worth of 
forecasts
- Forecasts only have value if people use them


- Use- make a decision or take an action which 
would not otherwise have been made


Why do we make a seasonal 
forecasts?


Ø Because there is a need to know the future 
expectations in order to make better 
decisions


Ø Forecast verification must help users to 
derive full value from forecasts and 
estimate its economic value


Ø Therefore there is a need to verify seasonal 
forecasts, since the ultimate goal is to 
support better decision making


Verification data and measure


Ø Verification data
w Operational probabilistic forecast from 


1998 to 2002 with 1-month lead-time


Ø Verification measure
• Ranked Probability Skill Score (RPSS) 


with the reference of climatology averaged 
value of the predictand
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Conclusion


Ø Most of the seasonal forecasts have high 
skill and this can help in decision  making


Ø 1999 and 2000 for SON is not skillful but 
there is improvement


Ø The winter rainfall region shows skill 
mostly when predicting for winter
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Cont…….


Ø There is a need to verify the seasonal 
forecast in order to support a decision 
making


Ø Seasonal forecast verification must be 
updated from time to time


Ø A need to perform more verification is a 
priority
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G V Motsa,  Atmospheric sulphur transport over the South African Highveld. 
 

G V Motsa 
Climatology Research Group, University of the Witwatersrand, South Africa 

 
and 

 
 Stuart Piketh 

 
 

 
Industries located on the South African Highveld introduce a wide range of anthropogenic 
primary pollutants directly into the atmosphere, including particulates such as ash, soot and 
dust ;  gases such as nitrogen dioxide, nitrous oxide and sulphur dioxide. The industrial 
Highveld region accounts for 90% of South Africa’s scheduled emissions. Secondary 
pollutants, such as nitric acid, sulphuric acid and sulphates are formed over time from primary 
pollutants through chemical conversions and oxidation in the atmosphere. 
 
This research will focus on sulphur dioxide concentrations in the atmosphere over the Highveld 
and how these concentrations change with altitude and time. The main aim is to demonstrate 
trends in sulphur transport over the Highveld. Peak concentrations of sulphur dioxide in the 
atmosphere will be established and their exact locations -especially in relation to sources on the 
Highveld - will be determined. The rate of decrease in sulphur dioxide concentrations in 
plumes over space and time will also be determined. 
 
The preliminary results indicate that sulphur dioxide concentrations over the Highveld are 
above background levels especially over and near sources. Highest sulphur dioxide 
concentrations occur at altitudes between 1500-2000m. These preliminary findings indicate tall 
stack emissions as the main source of sulphur dioxide in the atmosphere. 
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Factors governing sulphur Factors governing sulphur 
dioxide concentrations over dioxide concentrations over 
the South African Highveld.the South African Highveld.


G. MotsaG. Motsa and S. J Pikethand S. J Piketh


20042004


IntroductionIntroduction


§§ South Africa, and especially its industrial South Africa, and especially its industrial 
Highveld, is a significant source of Highveld, is a significant source of 
anthropogenic and natural aerosols and anthropogenic and natural aerosols and 
trace gases trace gases 


§§ This region produces more than 1 million This region produces more than 1 million 
tonnes of sulphur dioxide a yeartonnes of sulphur dioxide a year


Introduction cont.Introduction cont.


§§Sulphur dioxide enhances the planetary Sulphur dioxide enhances the planetary 
albedo and warms the atmosphere albedo and warms the atmosphere 


§§has effect on flora and fauna has effect on flora and fauna 
§§causes acid depositioncauses acid deposition
§§can have numerous implications on the can have numerous implications on the 


environmentenvironment


Introduction cont.Introduction cont.


§§sparse data and knowledge exists on sparse data and knowledge exists on 
emission, deposition and transportemission, deposition and transport


§§previous studies concentrated on previous studies concentrated on 
transport into and out of Highveld, transport into and out of Highveld, 
deposition and ground level deposition and ground level 
concentrationsconcentrations


Aim of researchAim of research


§§ Primary aim of this research is to establish Primary aim of this research is to establish 
sulphur dioxide concentrations over the sulphur dioxide concentrations over the 
Highveld and determine their transport Highveld and determine their transport 
pathways out of the source area.pathways out of the source area.


HypothesesHypotheses


§§ Sulphur dioxide levels over Highveld are Sulphur dioxide levels over Highveld are 
highest downwind of coalhighest downwind of coal--fired power plantsfired power plants


§§ Sulphur dioxide levels are elevated due to Sulphur dioxide levels are elevated due to 
persistent atmospheric stability and persistent atmospheric stability and 
recirculation of polluted air massesrecirculation of polluted air masses
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Description of study areaDescription of study area


§§ CoCo--ordinates ordinates 25.225.2°°--28.228.2°°S S 
and 28and 28°°--3131°°E E 


§§ Approximately 1200mApproximately 1200m--
1700m above sea level 1700m above sea level 


§§ Source area for most of Source area for most of 
South Africa’s major rivers South Africa’s major rivers 
including the Vaalincluding the Vaal


§§ Important agricultural areaImportant agricultural area


§§ Abundance of coal and Abundance of coal and 
other mineralsother minerals


Data and methodologyData and methodology


§§ SAFARI 2000 database SAFARI 2000 database 


§§ Vertical and horizontal distribution Vertical and horizontal distribution 


§§ TrendsTrends


§§ Backward trajectories using HYSPLITBackward trajectories using HYSPLIT--44


§§ MapsMaps


§§ Synoptic charts Synoptic charts 


Findings: Case studyFindings: Case study


§§ 2222ndnd August 2000 chosen as case studyAugust 2000 chosen as case study


§§ Concentrations high over industrial sources Concentrations high over industrial sources 
reaching maximum values above 200ppbreaching maximum values above 200ppb


§§ High sulphur dioxide concentrations at High sulphur dioxide concentrations at 
altitudes of 1500altitudes of 1500--2000m.2000m.


§§ Increased sulphur dioxide concentrations Increased sulphur dioxide concentrations 
between Secunda and Witbank were between Secunda and Witbank were 
probably due to northprobably due to north-- westerly flowwesterly flow


Spatial change of SOSpatial change of SO22
concentrationsconcentrations


Vertical profile through plumeVertical profile through plume


Profile (22 Aug 2000)
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Findings cont.Findings cont.


§§ Concentration in middle of plume ~150ppbConcentration in middle of plume ~150ppb


§§ Industrial sources: main source of sulphur Industrial sources: main source of sulphur 
dioxide emissions over Highvelddioxide emissions over Highveld


§§ Low pressure system prevailed but wind Low pressure system prevailed but wind 
speeds were low (averaging 10 knots) speeds were low (averaging 10 knots) 


Conclusion Conclusion 


§§ Amounts of sulphur dioxide emitted and Amounts of sulphur dioxide emitted and 
present in the atmosphere are high and present in the atmosphere are high and 
above background levelsabove background levels


§§ Results from research should be of interest, Results from research should be of interest, 
as they will indicate a trend in which these as they will indicate a trend in which these 
emissions are distributed over the Highveldemissions are distributed over the Highveld
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NS Mpandeli,  Use And Value of Seasonal Climate Forecasts in Rabali Area 
 

 NS Mpandeli 
Agriculture Research Council - Institute for Soil, Climate and Water, South Africa 

 
and 

 
 MT Bila 

 T Ramudzwagi 
 K Mahuluhulu 

 E Archer 
The IPPC and the climate-impacts modeling work undertaken at IIASA, amongst others, point 
to the possibility of the southern African region being negatively impacted by climate 
variability and change. Much progress has been made in atmospheric modeling work, 
including general circulation models and seasonal forecasts although much still needs to be 
done. Despite the lack of certainty in the use of such models, there is sufficient progress that 
has been made to begin considering how such products could possibly be used by 
agriculturalists in their decision-making processes. With this as backdrop, the use and value of 
seasonal forecasts as a potential agricultural risk-management tool by farmers in the Northern 
Province, Rabali area is examined. This paper furthers the debate on the user uptake of 
climatological and meteorological products in the southern African region. Several questions 
are addressed including: When do farmers normally require such information? How is such 
information currently collated and used? How are forecasts currently perceived and how could 
this perception, if negative, be improved? 
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The use and value of seasonal 
forecasts in Rabali area,Limpopo


Province, South Africa.


• N. S. Mpandeli1, C. H. Vogel2, E. Archer3


• 1ARC-Institute for Soil, Climate and Water.
• 2University of Witwatersrand, School of Geography, 


Archaelogy and Environmental Science.
• 3University of Cape Town, Climate Systems Analysis 


Group. Department of Environmental Science & 
Geographical Science


Introduction


• Previous assessments (Hulme, 1996, 
IPCC, 1998)


• Why agriculture is important in Limpopo
Province?


• Institutional support :
– Challenges faced by farmers
– Dissemination of information 


Objectives


• Verify the use and value of seasonal climate 
forecast.


• Ascertain levels of farmers understanding 
and perception.


• Increase awareness about the importance 
and value of seasonal climate forecast 
information in the area.


• Evaluate the effectiveness of the seasonal 
climate forecast information in the area


Geographical location


• 30° 30’ East longitudes and 24° 58’ South 
latitude


• Area 15 km from Makhado
• Altitude is between 600-700m 
• Highest amount of rainfall 1150mm in Nov 


& Jan 
Temperature between 10°C to 41°C, with an 


average of 29°C


Need When Support


Theme
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Methodology


• Two types of data collection were used:
• Survey instrument
• Participatory Rural Appraisal


Biophysical/Social background 
             
 


       Rabali 


Coping 


 Agriculture 
 extension, 
 institution, 
 challenges 


Seeds 
access 


Forecasts 
(External & 
Traditional) 


Major themes constraining uptake of forecasts


Results
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Institutional support


Summary and Conclusions


• Good institutional setup
• Good understanding of target 


community
• Dryland area
• External climate forecast information is 


needed before the beginning of the 
season.
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SK Mulaudzi,  An estimate of emissions from domestic biofuel combustion in Southern 
Africa. 
 

SK Mulaudzi 
University of Witwatersrand, South Africa 

 
 
 
 
 

 
Combustion of fuelwood, charcoal and non-woody biofuels is a daily practice for about half of 
the world’s population. Combustion of biofuel is a major source of trace gases, with domestic 
biomass burning contributing about 17% carbon dioxide (CO2), 13% carbon monoxide (CO) 
and 6% nitrous oxide (N2O) to the global budget. In Africa,  where there is a growing 
population, domestic biofuel emissions are particularly an important source of trace gases. The 
most important source of biomass fuels in Africa is wood fuel (Fuel wood and charcoal), crop 
residues and animal dung. In this project, the amount of fuel (wood, dung or crop residues) 
used in rural households across Southern Africa is measured daily over winter and summer 
months. This data is used to estimate the trace gas production from domestic fires throughout 
Southern Africa. The research also compares the trace gas emissions between different 
Southern African countries and discusses the seasonal changes in emissions. 
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An estimate of emissions from domestic An estimate of emissions from domestic biofuelbiofuel
combustion in southern Africa.combustion in southern Africa.


ByBy
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May 25, 2004May 25, 2004


Climatology Research Group,Climatology Research Group,
University of the WitwatersrandUniversity of the Witwatersrand


Introduction


§§Biomass is an important source of energy for Biomass is an important source of energy for 
75% of the population living the developing 75% of the population living the developing 
countries and provide about 15% of the world’s countries and provide about 15% of the world’s 
primary energy.primary energy.
§§Biomass burning is important because it leads Biomass burning is important because it leads 
to the emission of COto the emission of CO22, CO, NO and CH, CO, NO and CH44..
§§These emissions have consequences for: These emissions have consequences for: 
global warming, atmospheric chemistry, acid global warming, atmospheric chemistry, acid 
precipitation and health impactprecipitation and health impact


Intro cont.


§ Research conducted in Southern Africa shows 
that combustion of biomass fuels is a major 
source of trace gases in the region


§ Consumption rate has been measured in 
southern Africa before, but the data was 
collected only at one time of the year.


§ To accurately calculate the annual contribution 
of biomass burning to regional trace gas 
budgets, seasonal emission data needs to be 
calculated.


Objectives


n The objectives of this research are to:
ü Calculate the trace gas emissions from biofuel


combustion over southern African countries
ü Investigate the emissions from different fuel 


types
ü Investigate the seasonal variation in emissions 


from biofuel combustion
ü Compare the emissions of trace gases between 


different southern African countries


Methodology


ü Sampling procedures
§ The project covers the countries of RSA, Mozambique, 


Zimbabwe, Malawi, Zambia, Botswana and Namibia.


§ In each country, three sites were chosen for data 
collection.


§ A stratified sampling method was employed with a site in 
the southern, central and northern part of each country.


§ Household on each site was selected on a free sampling 
basis.


Study sites
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Method cont.


ü Materials and data collection
§ Weighing balance scale, log-book and a pen 


were distributed at each site.
§ Occupants recorded for each cooking session
v Biofuel type
v Biofuel quantity
v Number of people
§ Global positioning system (GPS) was used to 


obtain the coordinates of each site


Emission calculations


v Emissions  were calculated as follows:
• Emission estimate  = BC x MCF x EF
• Where:
v MCF is the moisture correction factor
v BC is the biofuel consumption rate (kg of wood per 


person per month)
v EF  is emission factor.
Ø EF for CO2, CO and NO are based on-line 


measurements conducted in Zimbabwe (Ludwig et al, 
2003) while EF for CH4 is from similar measurement from 
West Africa (Brocard and Lacaux, 1998).


• Emission estimate values were multiplied by the rural 
population of each country so as to get g C per country 
per month.


Results


§ Seasonal variation of emissions in 
different south African countries. 


Seasonal variation of CO2 emissions


0


0.05


0.1


0.15


0.2


0.25


0.3


M
oz


Zim
b


Mal


Zam
b


Bos
tw


Nam RSA


Countries


Tg
 C


 y
r-1


Winter


Summer


Seasonal variation of NO emissions


0
0.05


0.1
0.15


0.2
0.25


0.3
0.35


0.4


M
oz


Zim
b


M
al


Zam
b


Bos
tw


Nam RSA


Countries


G
g


 N
 y


r-1


Winter


Summer







3


Results cont.


n Emissions from different fuel type


CO2 emissions from different biofuel types
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Results cont.


n Annual emissions from southern African 
countries


5.952.130.1581.7159 212Total


2.000.730.0560.5719 389RSA


0.230.080.0060.071 344Namibia


0.060.020.0010.02865Botswana


0.530.220.0190.256 951Zambia


1.10.380.0170.2010 133Malawi


1.210.420.0340.368 390Zimbabwe


0.820.300.0250.2412 140Mozambique


CO2 CO NO               CH4
(Tg C yr-1)  (Tg C yr-1)    (Gg N yr-1)  (Gg C yr-1)                         


Emission estimatesRural
population
(2003)
Thousand


Countries Conclusion


n Emission estimates follow a seasonal pattern 
similar to consumption rate


n Highest emissions are from fuel wood due to 
high fuel wood consumption rate


n RSA contributes the most to biofuel emissions in 
the region with Botswana the least


n Rural population number also contributes to the 
quantity of emissions that have been released to 
the atmosphere from different southern African 
countries.
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T Ndarana,  The performance of the Eta model when its data assimilation is removed 
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The South African Weather Service is currently running the fourth version of the operational 
Eta model with a 32 kilometre horizontal resolution and 45 vertical Eta levels.  The model has 
its own data assimilation procedure which is a twelve hour process and takes about 22 minutes 
(15.7% of the total run time) to run on the Cray SV1. The procedure involves the use of twelve 
hour old global fields from the NCEP global spectral model on the Global Telecommunication 
System (GTS) as initial guess and boundary conditions, three dimensional variational analysis 
and four three-hour incremental runs. 
 
The aim of this study is to test the model performance when the data assimilation process is 
removed.  To obtain the model initial conditions, the latest GTS fields which contain 
observations that cover the whole spectrum of observation types are employed.  These are 
made available at 09h00 and 21h00 (GMT) on a daily basis. 
 
The model accuracy, skill and reliability for both the operational and the experimental model 
runs are evaluated and compared.  This is done for both 24 and 48 hour forecasts.  The 
evolution of the skill of the different models investigated.  The statistics of each system are 
evaluated against each model own analyses.   



Mark New,  Estimating Oceanic Precipitation fields in the Pre-Saetellite era 
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Richard Washington 

 
 

 
A fundamental limitation of gridded precipitation datasets is the paucity of observations over 
the oceans in the pre-satellite era. We have evaluated the capabilities and limitations of 
reconstructing seasonal oceanic precipitation, using land-based precipitation records. The 
reconstruction method is based on eigenvector projection, where eigenvectors (or 'EOFs') of 
precipitation variability in the CMAP merged, gauge and satellite-based, precipitation dataset, 
with near-global coverage from 1979-present, are projected onto land-only data. The approach 
has considerable skill in parts of the Tropics where interannual variability is mainly associated 
with ENSO activity.  In non-ENSO years (for the tropics) and for all years in most of the 
extratropical oceans, reconstruction skill is substabtially reduced in areas more than 1000km 
from land data points. 
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On the Reconstruction of 
Oceanic Precipitation


Mark NewMark New


Richard Washington Richard Washington •• Dimitrios EfthymiadesDimitrios Efthymiades
School of Geography, University of OxfordSchool of Geography, University of Oxford


Why?


EOF Projection


T
obsobs


T
obsobs EEPP Λ=��=C


)()(),( txEtxP obsobs α=


)()(),( txEtxP subset
obsrec α=


restxEtxP subset
obsobs += )()(),( α


Evaluation 1: Split-sample


nn Define Define EOFs EOFs using CMAPusing CMAP


nn Two definition periodsTwo definition periods


uu 19801980--1989 & 19901989 & 1990--19981998


nn Projection onto 1980Projection onto 1980--19981998


nn Evaluation outside definition periodEvaluation outside definition period
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Evaluation 2: Model Data


nn Define Define EOFs EOFs using NCEPusing NCEP


uu 19801980--1998 (19 years)1998 (19 years)


nn Projection onto 1949Projection onto 1949--19791979


nn Evaluation outside definition periodEvaluation outside definition period


Conclusions


nn Reasonable skill in tropics and N AtlanticReasonable skill in tropics and N Atlantic


nn Assumes EOF patterns are stationaryAssumes EOF patterns are stationary


nn Higher skill areas may persist before 1980Higher skill areas may persist before 1980


nn Provide a qualitative picture of variabilityProvide a qualitative picture of variability


nn Need error estimatesNeed error estimates


nn Limited by nature of precipitation fieldsLimited by nature of precipitation fields


nn Other predictors?Other predictors?
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Mark New,  Probabilistic Regional Climate Prediction:  Potential And Pitfalls 
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In the last few years simple and intermediate-complexity climate models have been used in 
Monte Carlo experiments to provide estimates of the probability distribution of future global 
mean temperature.  While these results are useful for quantifying the limits to our present 
ability to predict future climate on global scales, they provide little information of relevance at 
the regional and local scales at which impacts and adaptation options are assessed.  New 
developments in Monte Carlo simulations of coupled AOGCMs will in the next few years offer 
the potential for probabilistic predictions at regional scales and, with appropriate downscaling, 
at local (sub GCM-resolution) scales.  Provision of limits and/or probability distributions for 
future climate at these scales offers impacts and adaptation researches a powerful opportunity 
to assess options in a risk-based framework.  However, these conditional probability 
distributions for future climate and its impacts are much easier to misinterpret that scenario-
based approaches, as they provide the end-user with the illusion that they are unconditional 
probabilities. 
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L. D. Ntsangwane,  Investigating the optimal use of a super ensemble over southern 
Africa 
 

L. D. Ntsangwane 
South African Weather Service, South Africa 

 
and 

 
 Willem Landman 

 Richard Sewell 
 
 

 
The ensemble rainfall simulations for the 29-year period for the December to February (DJF) 
season from five General Circulation Models (GCMs) are considered to investigate the optimal 
use of a super ensemble over Southern Africa.  The number of ensemble members from each 
GCM varies from 9 to 24 with 63 ensembles members in total.  One possible approach of 
incorporating model sensitivities into ensemble forecasting systems is to combine ensembles 
run from two or more GCMs.  The statistical approach known as the Kolmogorov-Smirnov test 
is used to test the hypothesis that the simulations PDF from the individual ensemble systems 
are taken from the same population.  The results of the five GCM ensembles show that, at 90% 
level of significance all the GCMs are somehow significantly different.  Therefore, all the 
GCM ensembles are combined to propose an effective ensemble size.  This will however, lead 
to probabilistic forecasts that are skilful over a greater portion of the region and a greater 
portion of the time series.  The Rank Probability Skill Score (RPSS) is used to calculate the 
effective ensemble size of a super ensemble suite.  In addition, the results indicate that even 
after combining all the GCM ensembles, not all the 63 ensemble members of a super ensemble 
are required for optimal skill. 
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n Introduction
Ø Uncertainty about the atmosphere


n Objectives of the study
n Data and Methodology


n Results and Discussion
n Conclusions and Recommendations
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n Atmospheric processes constant
n OR strictly periodic


n Easily described mathematically
n Weather forecasting would also be easy


n Meteorology would be boring
n And …


��
�


n Uncertainty is the driving force behind the 
collection and analysis of large data sets


n Uncertainty necessitates employment of 
probability tools


�����
����


n To investigate if the individual ensemble 
systems draw their forecast probability 
density function (PDFs) from the same 
population;


n To propose an effective ensemble from a 
super ensemble obtained from those GCMs
which draw their forecast PDFs from different 
populations
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��
�
n Ensemble simulations 


from 5 GCMs
q CCM3.2
q ECHAM4.5


q NCEP-MRF9
q COLA T63
q NASA-NSIPP1


n ECHAM4.5 simulated 
January rainfall ensemble 
of respectively 1974 (La 
Niña) and 1983 (El Niño)


n SAWS DJF rainfall data


La Niña


El Niño


iridl.ldeo.columbia.edu/SOURCES/.IRI/.FD
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n If more than one individual 
ensemble system always 
draw their PDFs from the 
same population, then 
there can be no benefit 
from combining these 
PDFs


n The K-S test is to be used 
to test the hypothesis that 
the simulation PDF from 
the individual GCMs are 
taken from the same 
population
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Example of a PDF


Uncertainty in
initial atmospheric


state


Uncertainty in
future atmospheric


state


Ensemble forecast from model 1 explores
part of the future uncertainty  


Ensemble forecast from model 2, run from same
set of initial states, typically explores additional 


future uncertainties


From the same set of initial states, different 
models will typically produce a different 
set of forecast outcomes 
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.0226]
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.1318]


[0.000, 
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A high p value indicates a high probability of the PDFs of two GCMs being the same
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n A high p value indicates a high probability of 
the PDFs of two GCM ensembles being the 
same


n All GCM’s PDFs have found a PDF from 
which it has a significant difference with 
(90%)


n Therefore, we cannot disqualify any GCM 
from participating in the multi-model 
ensemble
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n Combine ensemble simulations from all the GCMs
considered – there are 63 members in the super 
ensemble (SE)


n We want to determine the effective ensemble size 
from the SE of 63. Is it 3,or 9, or 22, or all of them?


n Since we are making forecasts for three categories 
(A N B), the minimum number of members should 
be three (using only 1 or 2 results in at least one 
category always missed)
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n Randomly select subsets of 3 members from the 63 
(members in a subset should not repeat)


n E.g. use 4 ensemble members: [1 2 3 4]
n Subsets of 3 look like this: (1 2 3), (1 2 4), (1 3 4), (2 3 4)
n Calculate the (ranked probability skill score) RPSS for 


each subset, take the average RPSS over the subsets
n Randomly select subsets of 4 members, calculate the 


RPSS,  then take average RPSS
n Repeat until all members have been considered
n Compare the RPSS associated with each subset from the 


63 members
n The highest RPSS indicates the effective ensemble size 
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n For seasonal forecasting, it may be recommended 
to include as many GCM forecasts as possible in a 
multi-model approach


n Even after combination, not all the ensemble 
members of the SE are required for optimal skill


n Only 29 ensemble members from 63 produced 
highest average RPSS


n We do not know, however, how many ensemble 
members from each GCM is included


#������'�
���


n Identify the contribution from each GCM in 
the effective ensemble size


n Determine whether or not the effective 
ensemble size can produce higher RPSS 
than the individual GCMs
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Heiko Paeth,  A Dynamical-Statistical Approach For Seasonal Forecast Of Subsahelian 
Rainfall Using Cross Validated Model Output Statistics 
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Rainfall over sub-Saharan West Africa is subject to large interannual variations, strongly 
affecting  agricultural planning. This study deals with the  predictability of interannual rainfall 
anomalies during the rainy season  (June-September) over  sub-Sahelian West Africa. First, 
regional and global near-surface predictors for  sub-Sahelian precipitation are derived from 
multi-model ensemble output.  Second, a cross validated stepwise multiple regression model is 
developed,  choosing physically motivated predictors. This statistical model  is used as model 
output statistics system (MOS) to forecast the  rainy season. This attempt goes one step further 
than eg. the Krishnamurti approach by deriving observed rainfall anomalies  from simulated 
variables other than rainfall in order to avoid systematic errors and uncertainties in the 
modelled convection, cloud and rainfall processes.  The forecast skill of the MOS system is 
found to be small but  significantly larger than zero. A low-cost method for operational 
seasonal  forecast is proposed.    Sub-saharan rainy seasonal precipitation (RSP) is closely 
connected with  tropical Atlantic sea surface temperature (SST). However, there is also a  
significant teleconnection to El Niño and La Niña events in the eastern  equatorial Pacific. In 
addition, RSP reveals a strong negative correlation  with sea level pressure (SLP) over the 
tropical Atlantic and the West  African subcontinent, indicating the West African monsoonal 
strength.    The most important  predictors for observed precipitation are represented by the 
SLP variables,  regional mean and gradient, rather than the simulated rainfall itself.  Compared 
with the null-hypothesis based on randomized predictor chronology,  the multi-model 
predictability is statistically significant. The validation  reveals a significant forecast skill, 
especially with respect to  small rainfall anomalies. Given the  distinct autocorrelation of 
tropical SST, this study holds the prospect of  operational seasonal forecast over a broad sub-
Sahelian region with low-cost  methods. 
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A dynamical-statistical approach for  
seasonal forecast using cross-validated 


model output statistics


Heiko Paeth and Andreas Hense, Meteorological Institute, University of Bonn
hpaeth@uni-bonn.de


I . Introduction


I I . Data sets and region of interest


I I I . An example: MOS for  subsahelian rainfall


IV. Perspectives for  operational forecast


V. Summary


Outline:


Motivation


Ø operational weather forecast usually limitied to a couple of days given the chaotic behavior  
of the atmosphere and the non-linear err ror  growth
Ø on the other hand, longer-term forecast highly relevant to a broad user community dealing 
with:


- agriculture


- hydrological resources


- tourism


- planning of energy resources


- governmental aid programs


...


Ø research work of the recent decades has revealed that the seasonal climate is predictable in 
some parts of the globe under certain conditions:


- surface parameters drive the atmospheric processes and are themselves predictable


- mainly SST and very often in relation to ENSO


- also snow and vegetation cover in preceding seasons


Var ious approaches of seasonal forecast


Ø single NWP or  climate model exper iment (mostly based on extrapolated SST) 
provides one forecast of the for thcoming season:


PRE(real-climate)=PRE(run)


Ø an ensemble of model exper iments is carr ied out with different initial conditions 
or  SST extrapolations: ensemble mean is forecast and var iability of the ensemble 
members gives the range of uncer tainy:


PRE(real-climate)=PRE(ensemble)


Ø superensemble forecast based on a number of different models: according to the 
reliabili ty of the models in the past, a weighted forecast is determined:


PRE(real-climate)=w1 · PRE(model1) + … + wn PRE(modeln) = 
�


wi · PRE(modeli)


Ø HERE: quasi-superensemble approach, but additionally with cross-validated 
MOS:


PRE(real-climate)=
�


wi · PRE(modeli) + 
�


wi · VARi(model)


���� major  advantage: uncer tainties of cloud and rainfall paramter ization avoided


Data sets


superensemble


MOS var iables


reference observational data: satisfying representation of Afr ican rainfall var iabili ty


Region of interest


Example: Guinea Coast region in boreal summer


Simulated rainfall as
a predictor  for


observed rainfall


r 2=16%
r 2=20%


JJAS=67% of
total annual rainfall


PRE(real-climate)=PRE(ensemble)
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Observed SST and simulated SLP as 
a predictor  for  observed rainfall


May SST: r2 = 36% JJAS SLP: r2 = 40%


Conceptual idea of the Model Output 
Statistics
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Statistical design of the MOS


1000 iteratons:


� mean


� 95% confidence
interval


Predictability from 9 predictors (Hindcast)


Ø Predictability by increasing number 
of factors (1=climatological mean)


Ø Contr ibution to total predictabil ity
bei each factor :


• observed SST
• simulated rainfall
• simulated SLP


Robustness of the predictor  ranking over  
1000 iterations


Ø simulated SL P more impor tant 


than observed SST


Ø numer ical par t of the forecast 


appraoch is valuable instead of 


forecasting the rainy season from its 


statistical relationship to preceding 


SST


Cross validation of the MOS


Ø MSE of the regression model


Ø MSE infer red from cross validation


� 45% of interannual rainfall var iability 
are explainable with some cer tainty


marks the optimal number of predictors
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Vertical extension of the MOS


PRE(real-climate) = 
�


wi · PRE(modeli) 


PRE(real-climate)=
�


wi · PRE(modeli) + 
�


wi · VARi(model)


Forecast potential due to SST autocorrelation


Concept of a numer ical-statistical forecast


trained
MOS


over hindcast
per iod 


perturbations
in SST


extrapolation for
ensemble forcast


•agr iculture


• hydrological 
measures


• energy planning


• relief actions by
the state


Decision Support
System


operational system


SST
extrapolation


(ensemble)


SST
observations
January-May


ECHAM4 …
Juni-Sept.
(superens.)


Forecast of seasonal rainfall
amount over a broad region


statistical model (MOS)


SST
autocorrelation
and idealized
seasonal cycle


preparatory steps


Summary and Conclusions


Ø The potential of seasonal forecast is highest in the low latitudes where 
persistent SSTs account for  a large part of atmospher ic var iability.


Ø MOS represents a useful extension of present-day seasonal forecast 
approaches, par ticular ly for  precipitation which suffers from uncertain 
parameter ization in the models.


Ø A cross validation of the MOS is necessary in order to avoid an
artificial overfit by the statistical model.


Ø With a small number of ground-based predictors 45% of interannual 
rainfall var iability over subsahelian Afr ica can be accounted for .


Ø Even better  results may be obtained, when the free atmosphere is taken 
into consideration.


Ø Deficiency 1: A superensemble of dynamical predictors would greatly 
improve the believe in the presented forecast system.


Ø Deficiency 2: The forecast only holds, if the statistical transfer  functions 
are stationary in time.
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Climate change analysis can also be viewed as a decision or selection process of the scenario - 
greenhouse gases (GHGs), GHG plus sulfate aerosols (SUL), or natural variability - which is 
most probable in view of the observations. This decision can be made by means of the 
Bayesian decision theory. Based on NCEP reanalysis data and model data from multi-model 
ensembles under control and GHG(+SUL) conditions, it is questioned whether the observed 
climate characteristics during the 20th century are classified in the undisturbed case or one of 
the two changed climates. It is also addressed to which extent the Bayesian decision results are 
sensitive to the choice of the prior probability for the three climate scenarios and the estimate 
of natural variability.    Two application studies have been made: (1) A two-dimensional 
approach refers to the lower tropospheric and stratospheric temperature. (2) A one-dimensional 
approach uses the index time series of the Arctic Oscillation (AO).    In terms of temperature, it 
is found that the observed anomalies from the late 1990s onward stand out from natural 
variability, even if small prior probability is assigned to the disturbed climates. The observed 
AO index anomalies during the 1990s are also classified in the simulated GHG scenario, but 
recently the signal drops down. Instead, the long-term AO trends reveal a clear climate change 
signal, which is robust against the choice of the prior. The estimate of the natural variability is 
a crucial factor in the Bayesian decision theory, but does barely affect the results in terms of 
the AO. 
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A Bayesian decision method for climate
change analysis with two applications


Heiko Paeth, Seung-Ki M in and Andreas Hense


Meteorological Institute, University of Bonn


Are the recently observed characteristics of the Arctic 


Oscillation (AO) and tropospheric-stratospheric tempe-


rature still consistent with natural climate fluctuations 


or indicative of anthropogenic global warming?


Basic issue:


Decadal-means and trend of AO index; annual-means 


of global-mean T2M/T70


Parameters:


Method: Bayesian classification and its sensitivity to varying 


Prior and different assumptions of natural variability 
University of Cologne University of Bonn


�


�


�


�


Data sets


T2M/T70


AO


ECHAM3/LSG                  1880-2049           2           GHG+SUL


University of Cologne University of Bonn
�


�


�


�


Observed AO characteristics


spatial structure


temporal structure


University of Cologne University of Bonn
�


�


�


�


Simulated AO characteristics


⇐ GHG ensemble means


⇐⇐⇐⇐ GHG+SUL ensemble means


⇐ GHG single runs (recent versions)


⇐⇐⇐⇐ GHG+SUL single runs (recent versions)


University of Cologne University of Bonn
�


�


�


�


Observed and simulated T2M/T70


⇐ control run


⇐⇐⇐⇐ GHG ensemble runs


⇐ GHG+SUL ensemble runs


NCEP reanalyses
University of Cologne University of Bonn


�


�


�


�


AO: PDFs and misclassification


GHG


GHG+SUL


CONTROL
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University of Cologne University of Bonn
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T2M/T70: two-dimensional PDFs


GHG


GHG+SUL


CONTROL


T2M anomaly (°C)


University of Cologne University of Bonn
�
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�
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AO: multi-model climate change signal


multi-model ensemble portion of total var iance by radiative forcing
der ived from two-way analysis of var iance


University of Cologne University of Bonn
�


�


�


�


T2M: climate change signal


ensemble portion of total var iance by radiative forcing (GHG-only)
der ived from one-way analysis of var iance: some selected areas


University of Cologne University of Bonn
�


�


�


�


Bayesian approach


cond(c|d)   =   ���� ( cond(d|f)   · p(f|c) ) df   · p(c)   · p(d)-1


Poster ior i L ikelihood Pr ior
of the


forecast


Pr ior
of the


climate


Weigh-
ting


factor


University of Cologne University of Bonn
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Bayesian result: 10-year means of AO
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⇐⇐⇐⇐ σσσσo =obs. ·10


⇐⇐⇐⇐ σσσσo =obs. / 10
GHG


GHG+SUL


CONTROL
University of Cologne University of Bonn
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Bayesian result: 10-year means of AO
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Bayesian result: 30-year trends of AO
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Bayesian result: annual means of T2M/T70
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⇐ GHG forcing


⇐⇐⇐⇐ GHG+SUL forcing


University of Cologne University of Bonn
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Summary


1. The observed AO is subject to an intensification since the 1960s. At the same 


time, global tr opospher ic (stratospher ic) temperature is increasing (decreasing).


2. Var ious climate models simulate these observed features under  greenhouse


warming conditions.


3. The observed decadal-mean AO is not consistently attr ibuted to climate change 


given the most recent drop.


4. The observed interdecadal AO trends are well classified into the greenhouse 


climate from the 1960s onward.


5. The same holds for  tr opospher ic-stratospher ic temperature since the 1980s.


6. Even climate change sceptists would suppor t these classification results.


7. The prescr ibed var iance of the observations has only a minor  effect.  


8. This Bayesian decision approach is not appropr iate to detect causal 


relationships given the climate change attr ibution of ear ly 20th century AO 


character istics. 


9. The evidence of the signals depends on whether  the real-climate trends continue


in the 21st century.
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If we are interested in the extremal events such as the extreme intensity of the wind, the high 
flood levels of the rivers or extreme values of environmental indicators then we are rather 
interested in the tails of the underlying distribution than in its central part. A goodness-of-fit 
test usually concerns the central part, hence it does not provide us with a sufficient information 
on the shape of tails. Our primary goal is to study more closely the shape of the tail.     The 
authors recently constructed several nonparametric tests of one-sided hypotheses on the value 
of the Pareto-type tail index of the innovation distribution in the linear autoregressive model. 
The tests are nonparametric and are based on the series of residuals with respect to an 
appropriate estimator of the AR parameters; more precisely, they are based on the empirical 
process of maximal residuals of non-overlapping segments of such series. Inverting the tests in  
the Hodges-Lehmann manner, we obtain strongly consistent estimators.     The estimators are 
applied to the series of the maximal daily temperatures and precipitation at the Czech Republic 
station in the period 1961-2000. 
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Uncertainty, scientific credibility and related issues concerning global climate change    The 
contribution by WG1 to the TAR presents new and stronger evidence that most of the warming 
over the 20th century (in total 0.6 ±  0.2°C) is attributable to human activities and that the 
human influence will continue to change atmospheric composition throughout the 21st century.  
It has to be noted, however, that the extent to which it is possible to distinguish between the 
anthropogenic influence and the background of natural climate variability, remains debatable  -  
despite the progress which has been made to reduce uncertainty.  In addition, projections of the 
climate of the future, which are to a large extent supplied by global climate models with their 
own limitations and uncertainties, are inherently not very specific either.  An example is the 
projection supplied in the TAR of a global average surface warming from 1990 to 2100 
ranging from 1.4 to 5.8°C, based on a number of climate models and on the full range of 
emission scenarios provided in the SRES.  Compared with the earlier IS92 range of 1.0 to 
3.5°C  as reported in the SAR, the TAR range is significantly greater, with the upper-end 
significantly higher as well.    This paper presents a critical analysis of the latter as well as 
other findings of the IPCC in its assessment reports (with focus on the TAR) concerning 
climate change science and also reviews and analyses the relevant debates and criticisms in this 
regard.  The extent to which anthropogenic factors are responsible for observed climate 
changes is considered, with reference to the associated disagreements.  These can largely be 
ascribed to the numerous uncertainties about global climate change which still exist.  In the 
light of these uncertainties, together with the fact that the complexity and unpredictability of 
the earth's climate system and the interactions among its components are apparently still 
underestimated, this paper argues that scientists should acknowledge that  accurate projections 
of the future climate together with its impacts are still not possible at this stage.  Considering 
the lack of sufficient hard evidence, and in order not to loose scientific credibility, this paper 
concludes that is crucial to play open cards and to distinguish clearly between the 'facts' and the 
'fiction' regarding global climate change. 
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It is well established that performances of numerical models are very sensitive to initial and 
boundary conditions.  The regional atmospheric modelling system (RAMS) that is used to 
simulate with high resolution the climate dynamics in Puerto Rico is highly sensitive to soil 
moisture initial conditions.  Incorrect initial conditions will generate misleading modelling 
results.  Therefore, this research effort is focused on the development of reliable estimates of 
soil moisture.  Remote sensing measurements, artificial neural networks and a transfer function 
model are used to estimate soil moisture process in Puerto Rico on a daily and monthly basis.  
Preliminary results of an on-going project will be presented in this research work.    The 
components of water balance system are: precipitation, runoff, evapotranspiration, and 
groundwater loss.  The driver of the soil moisture system is the amount of precipitation that 
occurs in a given area and time.  The runoff is highly dependent on the rainfall intensity, 
roughness, vegetation and soil type.  The evapotranspiration is mostly associated to rainfall 
intensity, air temperature, and wind velocity.  The amount of percolation will also depend on 
rainfall intensity, soil, and vegetation type.  The major assumption of this research establishes 
that the soil moisture is a function of the following observable variables: precipitation, air 
temperature, elevation, soil type, and vegetation index.  Therefore, a transfer function (TF) 
model is suggested to represent the interactions of the variables involved in the soil moisture 
process.  The proposed model pretends to represent the spatial and temporal variability.  The 
spatial variability will be modelled by using a self organized neural network (NN) including 
the following input patterns: vegetation index, rainfall, air temperature, soil type, and elevation.  
The spatial variability will provide a reasonable number of homogenous regions and inside of 
each region a temporal variability will be model by using the transfer function model.  The 
input variables of the TF model are: rainfall, air temperature and the output of the TF model is 
the soil moisture.  The TF model represents the stochastic behaviour of the soil moisture for a 
specific soil type, vegetation index, and elevation.  Thus, the outputs of the TF model will 
provide estimation of soil moisture taking into account the spatial and temporal variability.  
The outputs of the transfer function will be daily and monthly maps at 1 km2 of resolution of 
Puerto Rico soil moisture.     Satellite data is obtained from NASA Goddard Space Flight 
Center at the Distributed Active Archive Center (DAAC).  The MODIS sensor provides air 
temperature and vegetation index for Puerto Rico at 1 km2 of resolution.  Two passes of 
instantaneous air temperature are given on a daily basis.  One pass represents about the 
maximum temperature and the other the minimum temperature; since the fist pass occurs about 
noon and the second one during the night.  Since MODIS does not provide air temperature 
when clouds are present, a second NN is designed to interpolate air temperature under the 
presence of clouds.  The Backpropagation algorithm with the Levenberg-Marquardt (LM) 
learning rule was used to accomplish this interpolation task.  The LM learning rule was used to 
accelerate the convergence of the NN.  The input patterns of the NN are: elevation, vegetation 
index and rainfall.  The target of the NN was the air temperature obtained from MODIS and 
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•• Using active remote sensing observations.Using active remote sensing observations.
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•• Using passive remote sensing observations.Using passive remote sensing observations.
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ht,i=soil moisture at grid i and time t.
rt,i= rainfall at grid i and time t
Tt,i= air temperature at grid i and time t


= random noise at grid i and time t
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ECHORain Precipitation Gauge


Em5 data logger


ECHO Water Content Probes


ECHOTemp Temperature Sensor
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ECH2O Probe


The ECH2O Probe measures the dielectric constant to 
estimate volumetric water content.  The dielectric constant is 
obtained by finding the rate of change of voltage applied to 
the sensor once it is buried in the soil. 
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Comparison of volumetric water content with probe output 
for a single prob seven soil types, silty clay (SC), silt loam 
(SL-A and SL-B), silty clay loam (SCL), loam (L), sandy 
loam (SdL), and loamy sand (LS).
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from 52 weather stations.  The daily cumulated rainfall for Puerto Rico was obtained from 
radar data at 5 km2 of resolution.  The air temperature that comes from stations was provided 
by the National Climate Data Center and the daily rainfall data was provided by the National 
Weather Service.  Elevation and soil type were provided by the Laboratory of Remote Sensing 
from the University of Puerto Rico. 



CJ Rautenbach,  LIKELY FUTURE CHANGES IN TEMPERATURE AND RAINFALL 
IN THE KOMATI RIVER CATCHMENT BASIN 
 

CJ Rautenbach 
University of Pretoria, South Africa 

 
and 

 
 Stuart Piketh 

 Jonas Mphepya 
 

 
Climate change and variability has received a large amount of attention over the past three 
decades. Concerns about rapidly changing global surface temperatures in response to elevated 
concentrations of greenhouse trace gases such as Carbon dioxide have legitimately been raised. 
In 2002 the International Panel on Climate Change (IPCC) issued a series of studies that 
evaluated the scientific basis for climate change as well as the most likely problems that may 
result and the ability of nations around the world to adapt to these changes.  Southern Africa 
was identified as one of the regions of the world that would not adapt easily to changing 
climates, in particular increases in extreme events, mostly as a result of a lack of resources. 
Given the aforementioned it is important for southern African nations to start to plan for the 
possible impacts that may arise from increases and or decreases in such climatic factors as 
temperature and rainfall. With this in mind Eskom has started to evaluate the implications of 
possible climate change to current and future power utility operations and locations. The 
research has two primary objectives that are pursued as a measure of precaution to prepare for 
likely changes in future climates:  
 

- To determine whether any IPCC General Circulation Model (GCM) inter-model 
consistency appears in future anthropogenic climate change projections over South 
Africa with specific emphasis to the Komati river catchment.  

- To identify any significant trends in more recently observed climate patterns that concur 
with consistent IPCC GCM future climate change projections. 

   
The research has been subdivided into three main activities. The first is to study climate change 
simulations produced by six of the most advanced GCM’s in the world. Inter-model 
consistency increases the validity of the predictions. Predictions over the next fifty years are 
considered. The second component attempts to evaluate the changes within the Komati river 
catchment. This has been done by nesting a higher resolution model (DARLAM) within the 
larger scale CSIRO GCM. Last, an attempt is made to use observational data from the Komati 
River catchment from surface weather stations to evaluate if any changes in surface 
temperature, rainfall and mean surface pressure have been detected over the past thirty years. 



Jaxk Reeves,  Detection Of Undocumented Changepoints: Revisions Of The Two-Phase 
Regression Model 
 

Jaxk Reeves 
Statistics Department, University Of Georgia, USA 

 
and 

 
Robert Lund 

XiaoLan Wang 
 
 

 
This presentation examines detection and adjustment of climatic series for undocumented 
changepoint times, primarily from single site data. The two-phase regression model techniques 
currently used are demonstrated to be biased toward the conclusion of an excessive number of 
unobserved changepoint times. Simple statistically defensible revisions of these methods based 
on work by the authors is presented. 
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Detection of Undocumented Detection of Undocumented 
ChangepointsChangepoints: 2: 2--Phase RegressionPhase Regression


Jaxk ReevesJaxk Reeves, UGA Statistics Dept. 


Robert LundRobert Lund, UGA Statistics Dept.


XiaoLanXiaoLan WangWang, MSC, Canada 


IMSC-9 Conference


May 25, 2004


Capetown, South Africa


Outline of Presentation


• Effects of Changepointson Climatological
Estimates


• Location of  Undocumented Changepoints


• Errors in Standard Detection Method


• Corrected Method(s) for Changepoint Detection


Effects of Changepointson 
Climatological Estimates


• Most common effect is mean shift at changepoint


• Easy to adjust for when changepoints are known 
and meteorological series is stationary                


• Major difficulty is determination of whether 
apparent shift is real or due to randomness                     


Classical  Changepoint Problem
(known changepoint)


X i = �
1 + � i ,    i=1, 2, …, c-1


X i = �
2 + � i ,    i=c, c+1, …, n


• If changepoint ‘c’  is known, then perform           
2-sample t-test to test whether mean prior to 
changepoint is significantly different from mean 
after changepoint.


Classical  Changepoint Problem
(unknown changepoint)


X i = �
1 + � i ,    i=1, 2, …, c-1


X i = �
2 + � i ,    i=c, c+1, …, n


• If changepoint ‘c’  is unknown, perform 2-sample  
t-test at all possible changepoints (1<c<n), and find  
the ‘c’  such that |t| is maximized.


• Determine whether there is statistically significant 
evidence that a value of |t| as large as was observed 
would not have occurred by chance, if there were 
no changepoint.


Classical  Changepoint Problem


• The standard test statistic at a fixed point is a            
t-statistic with n-2 df (or, equivalently, if shift 
direction is irrelevant, an F-statistic ~ (1, n-2) df).


• However, the maximum of  (n-2) F-statistics is not
an F-statistic, nor any standard statistic.


• If the individual F-statistics were independent, the 
distribution of the max F statistic would be easy to 
obtain, but they’ re highly dependent.
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95%-ile of Fmax Distribution


- We wish to find the 95%-ile of Fmax distribution when 
there is no changepoint.


c
nc


FF
12


max max
−≤≤


=


)2/(1)95(.,2,195max,.95,.2,1 −−− << nnn FFF


- The lower bound is correct if the changepoint time 
is known and the upper bound is correct if the F-
statistics were independent of each other. The true 
value lies between.


Example with n=100


Two-Phase Regression Model 
Xt = � 1 +α1t + � t ,    t = 1, 2, …, c-1


Xt = � 2 +α2t + � t ,    t = c, c+1, …, n


- This model represents a possible shift of slope 
and intercept at changepoint, c.


- Critical statistic is:
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SSESSE
F


Full
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- This is an F(2, n-4) statistic under the null hypothesis 
for a known changepoint, c.


95%-ile of Fmax Distribution


- As before, we wish to find the 95%-ile of Fmax
distribution when there is no changepoint.
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- Hinkley(1969,1971) suggested that the 95%-ile of the 
above Fmax could be approximated by F(3, n-4, .95). 
This erroneous conjecture has unfortunately been 
adopted by many climatologists.


Results for n=100, 500, 1000
( = 0.05)


-2.61-2.62-2.70Hinkley


13.001  3.0113.09Lower Bound


817.42647.24336.91True 95%-ile


9969.944969.40968.17Upper Bound


NeFNeFNeF


n = 1000n = 500n = 100


Two-Phase Regression Models (TPRMs)


2.Step- and/or trend- change TPRM
(Easterling & Peterson 1995):


.and/or   ift changepoin a is  Time
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)N(0,~}{Let 2
t εσε


[ ]  ally. theoretic)( )( where


),(
)2/(


1/)(
max 


     ift signigicanlly statistica is at  change-stepA 


2)2(
max


)2,1(
max


)2,1(
max


H


1
max


0


ptpF


pF
NSSE


SSESSE
FF


c


NN


N
c


Nc


−−


−


≤≤


=


>�
�


�
�
�


	


−
−


==


1.Constant TPRM, assuming the series
has no trend (e.g., Alexanderson 1986):


     . ift changepoin -step a is  Time


   ,


1   ,


21


2


1


µµ
εµ
εµ


≠
�
�
�


≤<+
≤≤+


=


c


Ntc


ct
X


t


t
t


22


11


ˆ


ˆ


X


X


=


=


µ
µ


3.Step-change TPRM (Wang 2003):


                       . ift changepoin-step a is  Time
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Ø “no trend assumption” might be unrealistic 
for the changing climate system
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Higher false alarm rate
- won’t show in “perfect scenarios”
- eased up by a good reference 
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Relatively lower
“step-size to noise”


ratio 


High 
“step-size to noise”


ratio 


WO4/WS3à CON
(April 1, 1997)


39 mth
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has a lower
power of 


detection than 


Ø trend-changes can be rooted in true climate change/variability


overfit


An Important Result


• Hinkley’s method yields rejection thresholds 
which are far too liberal. This means that 
spurious changepoints are detected. Since 
many climatologists have been using 
Hinkley’s method to detect undocumented 
changepoints, the result is that there are 
probably fewer undocumented changepoints
than currently believed. 


Further Work


• As many have noted, the Fmax statistic, under 
the null hypothesis, has a strong tendency to 
yield changepoints near the boundaries of the 
time series. 


• It might be advantageous to modify the Fmax


statistic such that the overall rejection 
probability under null is still α, but such that  
rejection is more uniformly spread over the 
time series.


Probability of Rejection as Function 
of c under null hypothesis
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G.W. Reuter,  Severe convective storms with large hail and F3-F4 tornadoes in Alberta, 
Canada 
 

G.W. Reuter 
Department Of Earth and Atmospheric Sciences, University of Alberta, Canada 

 
and 

 
 M Dupilka 

 
 

 
During the past 20 years there have been three tornadic thunderstorms in Alberta with 
intensities of  F3 or greater on the Fujita scale.  These events were: the Edmonton tornado of 
31 July 1987, the Holden tornado of 29 July 1993, and the Pine Lake tornado of 14 July 2000. 
A detailed synoptic analysis of these storms was done with the emphasis on surface moisture 
and storm tracks. All three cases supported the Smith and Yau conceptual model of severe 
thunderstorm outbreaks in central Alberta. In each case the environment  had a capping 
inversion to build up potential instability, and large values for the convective available 
potential energy and wind shear. However, the storms differed in the triggering mechanism to 
break the cap and release the latent instability. The Holden and Pine Lake storms were 
triggered and developed along a well defined dryline. In contrast, the Edmonton tornado had 
no dryline; instead the boundary layer was uniformly moist. The three cases also showed 
differences in the temperature advection. For the Pine Lake storm there was mid-upper level 
cooling whereas, for the Edmonton and Holden cases there was low level warming but little or 
no mid-upper level cooling. A comparison of the tracks of the tornadoes showed that the Pine 
Lake and Holden storms moved consistently in both direction and speed. The Edmonton 
tornado, however, made an abrupt change in direction and speed. Thus, extrapolation of 
tornado movement would not be a viable nowcasting technique in this case. 
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Severe Convective Storms with Large Hail 
and F3-F4 Tornados in Alberta, Canada


Gerhard Reuter, Max Dupilka, and Julian Brimelow


Department Earth and Atmospheric Sciences
University of Alberta


Edmonton Canada 


Tornado Climatology


������ ����


ØØ ���	
���
�����������
��������
��
�	�����������	
���
�����������
��������
��
�	��������


ØØ �������
���
�����������
���
��������������
�������
���
�����������
���
��������������



Largest of the hailstones collected from the 
Narrow Hills hailstorm on 2 July 2003               
- 220 g, maximum dimension 8.9 cm.


Thin section of the largest hailstone collected from Narrow Hills


Thin section of 
another Narrow Hills 
hailstone-- the hail 
embryo (frozen 
droplet) is clearly 
visible.


CLOUD MODEL:
• Water loading
• Cloud entrainment
• Profiles of LWC and W


HAIL MODEL:
• Time dependent
• Conservation of mass
• Wet and dry growth 
• Melting of hailstone
• Shedding of excess water
• 1D steady-state updraft


HEAT EXCHANGE


Accretion of ice


Deposition


Sublimation
Accretion of             


water


Conduction


TS TA


TS < TC


TS > TC


THE HAILCAST MODEL
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Case: 11 July 1985 hail storm 
Hailstone Height and Diameter.


FORECAST FOR 4 JULY 2000


HAIL FORECASTS FOR THE CANADIAN  
PRAIRIES


• Used ~1500 prognostic GEM GRIB soundings at ~ 50-km grid spacing
• Verified HAILCAST between 2 May and 20 September 2000
• Verification data included surface hail observations from MSC, SPC, 


WMI, crop insurance claims; lightning, satellite and reflectivity data
• 570 hail reports (450 from Alberta)
• 76 days hail days, 47 days with hail exceeding 2 cm in diameter


Proposed Model Coupling for 
Making Hail and Tornado Warnings
GEM Model    (to forecast mesoscale storms) 


� T (z) and qv (z)  at grid points


1D Cloud Model (for inner core of storm) 
� w(z), qc (z), Tc (z), “storm duration”


Hail Growth Model (to forecast hail size) 
� D(t)


Tornado Spin-up Model (to forecast tornado strength)
� d


�
/dt


The three worst tornado cases 


Alberta Tornados


YQF


YYC


Pine Lake


Holden


Edmonton


120 W 115 W 110 W
49 N


54 N


59 N


0 1 2 100 km


60 N


Edmonton Edmonton F4F4
31 July 1987 - 27 deaths and 
250 million dollars of property 
damage


Holden F3
29 July 1993 - destroyed several 
well constructed brick and 
mortar farm buildings


Pine Lake F3
14 July 2000 - 12 deaths more 
than 130 injuries and over 13 
million dollars damage
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�� F4 (winds  333F4 (winds  333--418 km/h)418 km/h)
•• Tennis ballTennis ball--sized hail  sized hail  


•• 27 deaths  300 injuries27 deaths  300 injuries
•• 250 million dollars of property damage250 million dollars of property damage


�� Struck the afternoon of  July 31 1987 between 3:00 and 4:00 pmStruck the afternoon of  July 31 1987 between 3:00 and 4:00 pm


•• Damage swath 37 km in length from 100 m to more than 1000 m in Damage swath 37 km in length from 100 m to more than 1000 m in widthwidth


•• At least 2 people rendered unconscious by blows from hailstonesAt least 2 people rendered unconscious by blows from hailstones


(Photo courtesy of Jim Renick)


"����#
$������
��"����#
$������
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������%�&����������%�&����


• F3 tornado
• 4 cm hailstones


• 12 fatalities
• 100+ injuries


����������!�� ��������&'����������!�� ��������&' (��������� �&��������&'(��������� �&��������&' "����#
$���&�����%�������&'"����#
$���&�����%�������&'


500mb Height (dm)500mb Height (dm)


Sea Level Pressure (mb)Sea Level Pressure (mb)


Tephigrams
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14 07 0029 07 9331 07 87 Date


302060Duration (min)


141719dewpoint ( °C )


232625temperature ( °C )Surface


2.74.33.3TG ( °C/100 km )


-4.43.04.012h � T ( °C )


350145103wind direction


719wind speed (m s-1)850 mb


-2.80.60.4 12h � T ( °C )


225180171wind direction


232429 wind speed (m s-1)500 mb


F3F3F4Tornado intensity


004503452100Start time (UTC)


Pine LakeHoldenEdmonton 
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Tracking of the Thunderstorm
The thunderstorm cell is tracked using the The thunderstorm cell is tracked using the maximum height of themaximum height of the
40 40 dBZdBZ reflectivityreflectivity from the CAPPI radar at Carvel.from the CAPPI radar at Carvel.
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Proposed Model Coupling for 
Making Hail and Tornado Warnings
GEM Model    (to forecast mesoscale storms) 


� T (z) and qv (z)  at grid points


1D Cloud Model (for inner core of storm) 
� w(z), qc (z), Tc (z), “storm duration”


Hail Growth Model (to forecast hail size) 
� D(t)


Tornado Spin-up Model (to forecast tornado strength)
� d


�
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storm updraft (z)


Between level z0 , w0 and level  z, w is given by


where the Convective Available Potential Temperature 
(CAPE) is defined as 
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Doubling time for spinup


• If one assumes that over a time interval t0 to t1 the 
convergence Div remains constant, then integration over 
the time interval gives


• Therefore, the vorticity increases at an exponential rate 
with a doubling time, T2, of 
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Numerical weather prediction (NWP) is an initial-boundary value problem in which the 
governing equations are integrated forward from a fully determined initial state.   An optimal, 
physically consistent initial state, consisting of values of meteorological variables at points of a 
regular three-dimensional mesh at a particular time, is the product of a data assimilation 
process in which irregularly spaced observations of many types are blended statistically with 
short-range forecasts.  The more accurate the estimate of the initial conditions, the more 
accurate the model forecasts. 
 
The NWP systems of the world are currently fed by a wide variety of observing systems, each 
subjected to stringent testing before being introduced operationally.  The results of such testing 
presented at WMO-sponsored workshops in 1997 and 2000 led to conclusions on the 
contributions of these systems to large-scale forecast skill at short and medium range.  The 
global observing system has since been significantly enhanced through the launch of several 
new satellites and instruments.  New strategies for observation targeting and the design of 
optimal observation networks are also enhancing the efficacy of conventional measurements, 
such as radiosonde and aircraft data.  At the same time the emphasis is shifting more and more 
to the smaller scales as model resolutions increase and ‘nowcasting’ techniques for severe 
weather prediction mature.  Precipitation is being assimilated at several centres. 
 
Intensive studies have been carried out in global and regional modelling systems to assess the 
impact of the new data, and of the established data types in the changing observation 
environment.  Further studies have considered the role of well-managed cooperative regional 
programmes such as EUCOS (Eumetnet Composite Observing System) and AMDAR (Aircraft 
Meteorological DAta Relay) in facilitating new adaptive observing system concepts designed 
to shift resources from well-observed to poorly-observed areas.  Results and recommendations 
from the recent Third WMO Workshop on the Impact of Various Observing Systems on 
Numerical Weather Prediction, where such studies were the focus, will be reviewed with 
emphasis on the contrasting needs of more and less observation-affluent regions of the world 
and, in particular, the southern African situation.  
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Trends in Observations for 
Numerical Weather Prediction


Hilarie Riphagen
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NWP is an initial-value problem:
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Initial state for NWP
(see http://www.wmo.int/hinsman/sog/1.htm)
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Re-design of the GOS
(see http://www.wmo.ch/web/www/OSY/gos-redign-of-GOS.html)


v 	 ��
������
� ��� 	�
1��� ������� ��	���8��� ����� ������
� ���������  	�
���	�������������
�� 	�� � ���������
	�� �!�����1��� ��� ��������� ����� ����
�	�������������
� . , ) +$) 2
, +$# 2& $) (&* % +$, ) * (� # +�2��� �.�+�"1��D$3 +�* �$# ;6* % +$, ) ��"8(&* +�. .-, )-"1� > �-#  $'�, ) 5/2& $3�) * % , ��(� * �12!��)1, 20+$# 2& $�/'�# , 20+1* ,  $) (�� �$A 5$A 9 20�1(0(&+�* ,  $)! �.�* � �8E������! ) + > , 5�+�* ,  $)
(0;&(&* �$�#"


v 	 ��� 	�����	����1	���� 	��������������� ��� ��������� � ��
�������� ����� ����	����
� ��
������ $������� 	�
�� � � � 	�� � ������� ��	
� ���!� ������� ��� � ����	�����	�
%
���� 	�
�&� �
��������� ��	�� � �����


v 	 ��� 	�����	����1	���� 	��������� ������� ����� 8��������� ��� � 
1	
� ����	
�1��� ��� � 	�� � ���� ��
������ $������'����� ���������1��� ��������� ��	�
�
�������	���������	�� ��	�� ��� ���(�����
��������� ��	�� � �����


v 	 ����������� ��	�� ����������� ��� � � ����� � �������� ��������� 
���� �����
�
� ���(��� �����


Re-design of the GOS
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THe Observing-system Research and 
predictability experiment (THORpex)


(see Shapiro and Thorpe, 2002: Proposal to WWRP/WGNE)
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THe Observing-system Research and 
predictability experiment (THORpex)


(see Shapiro and Thorpe, 2002: Proposal to WWRP/WGNE)
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Re-design of the GOS
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Alpbach, Austria, March 2004
(http://www.wmo.int/web/www/GOS/Alpbach2004/Agenda-index.html)
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Purpose of Workshop
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South African involvement
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�
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�
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��� R)_�?\� � �N�
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�*;��
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�����"�
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�
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�
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Global studies: Summary


v 	 ����������� ��	���
����
���	
� ��� � � � ���	
� ��� � � � ���	
� ��� � � � ���	
� ��� � � � ����	�� 	�� ��� ���)�:����� ����� �)#������ ��������� �
��	��&
����� � � ������ �� � � ��	�� 	�� �����#��	�� � 	���� � � � &� ������� � ����� ��������� ��������� �
� ������� � ���


v � 	���� �������������� 	���� �������������� 	���� �������������� 	���� �������������8����� �� ��������� ����������������� � 	��� ���-���16 B�(J�� � 	������������
���!��� �����1������������	���� ����	�
1� ��
�� 	��1� ��� ��� � �1������� ���/��	�� �����
��� ����� 
1� � ����� ' ����������	����
��� 	���� � ��������� ����� �
� ��
���� ����� 	���� ���������������� ����� �
� .  -%<(&+�* �$# # , * �@=1, +�(62& $% % ��2&* ,  $)� *  /2& $3�) * �$% +�2&*�* � ��'  � :%B3 (&+�5��� �.�(&+�* �$# # , * �/"�+1* +/ > �:%B# +:) "� *  �'�%  > , "1�@�!��+�(
3�% �-�$�$) * (�, )!2
#  $3 "�;F(!, * 3 +�* ,  $) (� , )!+�* +$% 51��* , ) 5�2& :) * ���&* A


v ' � � 
�� 	
 �' � � 
�� 	� �' � � 
�� 	
 �' � � 
�� 	� ����	�� 	������ ����������� ����������� &������ ��� �
v 	 �����%���  	�
���%���  	�
���%���  	�
���%���  	�
�������� ����� �'� �'� ��
1� ��	���� ����� &� ������� � 	��
�B	��8����	�� � ���!�%
1	�� ���
	�� ��� ��	�
1������	�����	��������� ���-	�
�
���� 	�� �������  	�
1� ��� ��������� �
��������� ��	�� � �������������-����	���	��&� ������� �  � �����


Regional studies: Summary


v � ������� � �  � ��� � ����� ����	����%���� �����'��������� 	�� � �������������������� � � ����� ����	�
��
 ���-� ����� � ����� 	��������

��	�� ��� � � � ���	�� ��� � � � ���	�� ��� � � � ���	�� ��� � � � ����	�� 	�� ������ ��� ����� ���( �������������� ������
����� 	���� � ���������1����� 
������ 	 ����� ����	��8	(
1� ��	��!������� � � ����� ����	�
��� ���� 	���� 	���
����8	�������� ��� H � ���1��� ��� � ����� � �����8 � ���;��������� 	�� � ����	�� ��	�� ��� � � � �����


v � 	���	�� 7 � 	�� �� 	���	�� 7 � 	�� �� 	���	�� 7 � 	�� �� 	���	�� 7 � 	�� � HH HH ��	��������	��������	��������	���������� ��
�� ��� � 	�� � ����� ��	������ ��� � 	�� ����� ��	  ��� 
����
� � ���
� � � ��������� 	�� ��������� � � ����� ����	�
��B��	�� � �� ��� ���� ��� ��
�	������


v 4 ���������������B����� ��� ��	�� � � 
���� 	��#���
� ����� �A �,�16�,@16�,�16�,@16���!����� � ��	�� 	 ��� 	�� 4 ��� 	����!��� ��
�� ��� � 	���� ����	�� ���- � ��� �����  	�
������ 	�� � �����&
�	�����	��1��������� � � ���� ����	�
�� �
v ' � � 
�� 	
 �' � � 
�� 	� �' � � 
�� 	
 �' � � 
�� 	� ����	�� 	���	���	���� �������NK ������� � � ���(L@� ����	�
���� � � � ��� �������#����� �������
�����	�� 	����(J���	������ ����� � 	������ � � ����	���
�	�� � � ��� �8	���� ��� �����
� ����� �����A 
��������
�� 	�� � ���	�� 	��1��	�� ����	�� ��	��A �������� ��
�� ��	�� � 8	�� ��	�
�
���� 	�
�8��
� ����� ����	���� �1	�


Regional studies: Summary


v
1�� �
 � � ���1:� �� � � ���1�� �
 � � ���1:� �� � � ���-��	�� 	���	���	���������� 	�� � 8������� � � ����� ����	�
���	����� B	�� � ��������������� �
�(J���������� ����� ��	���	�� � 
�� 	
 ����	�� 	N B��	������ ����	�����	���� 	����������� ����� ��� ���
	�� � H ����	�� �����  �������� � &� �� ��� ��	�� � ���
�


v � 	���� ������������ 	���� ������������ 	���� ������������ 	���� ����������� ��������� ��	�� � ������K ���1����
�� 	�� � �� � �����AL!	�� ��
1� ��	�� � � ������� � 	����B	�������������������� ��	����� ���-� ����� ����	������ ����� ���A B	�� ��������� ���
� ������	�� ��������� 
1���������� ��� ��� ����	�� 	� ���!�1����� � H � 	������� ��� ��
�	���� �A �	������� � � ��� �����������I� ������� � 	�������	�� 	� ���@����� �  � 
1	
� � ����	�������	�� ��� � � � ����	
� 	��� 	��'
���� � ��
�� � ���
�6�'����� � 	�� � � � � 	�� � 
�� 	� �B������� 	���� � � ������� �� � � ��� �
� ������� � �'� ����������� ����������	���
��� 	 �����f� H ��
�������� 	������������������������	�� ��	��8����
���	�� '  � � 
�	� (�:����� � ' ����� � 
�	�	���� � ������� 	�� ��� 	�
���� �����


v
� � 4 $ ���� 4 $ �� � 4 $ ���� 4 $ � � � ������K ' �/2? � ��� ����� 	��!��� ��� � � ������	
� ��� � � � �
�QL!������� 	
������� � � �1��� ����	�
��  ������ 8��� �����  � 
�	������ ��� ��������� � ����������� 	 ��� �'� �������� �����1� �� ��� 	�� ����� ��� ����� 	�
��8���� � ������������� ��	�� � ����������� ��������� 	��
�	���� ��	�� ��� �����
� �����!�����1��� ��� �����%���� �������


Adaptive Systems


v h%�*<=9
E����6� ;+� ��F:��ZN��� ��B:�@<:� � R3� B:B3�6�����G	�9
� ���
� � ��� �
U:^ D �����%_be c%^


v 8�R��:�6�-< �N9
���"�
	�� �9*?�9
E����
� ;+��� � 96�3���
����� � � ;+� � Z���
�
� �
� F
��� � �
F��-?Q� � � � �6F3� R
�GF���	
�� R
� 96��F
RG�3�
ZN�6��B:� �	��59����
�N�


v M 	�� � B:�����6��� <G9�� Pb���
��� F6���*?\� � � � �
F3� R��:F
�
	��b� �3�:B:9
� �
	��
� B:�
���6���
B3�6���
�
�
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Targeting Á ³ ³�«fÅ ¹ ² ¾ ° ±�¹ º ½�¶fÅ ± ° ² ³ µ � � � � ´
v


� �L� ��� �L� �L�T� � �L��� � ��	�ÙT�� L� � ¢�� �L� ÙL� � �
� � �L£D�  L� � � ��� Ø � �L ��L� � � �� Ú�T� � �L� �@�  ��L¢  L�T£-� �f��� � ¢���f� � � ��L�LÙL�����L� �Ú� �L�L� �f�Ú� ��¡L� �� L�
� ��� �  ��f�T�T�T���L� � ���������� �
v ×  T� �L� �L � �ÙT�L� �� ��-�  L� � �L� ���T� �T ��L� �f�T� � �L� � �� T�@�  Ú� �L� ¡T�LØ � �f�T� ��� � ����� �T¡L� £��T�@�L� �f�£-���LÙ�� �T� �Ú� �T�-�f��ÙT� �f�/� ��¡T� �L ��
� �T�T�  L� � � ��� Ø � �T ��L� � � �� /�� ��Ú� �T� �T� ����� �L� ��� �L�f���T� � �L� ���
v ���T� ¡L�T� �  �¡Ú� ��� �L���L� ���f��� �����L� ���� T� � � ¢f�  T¡Ú� �T��� �Ú� ��¡L� �L L���  ������ � �/����L� ¡L�L� �  �¡/� ��� �����L� ���f��� �����T� �L�� L� � � ¢f�  L¡/� �L��� �/� �L¡L� �L ����  �� ��� � �/����T� ¡L�T� �  �¡Ú� ��� �L���L� ���f��� �����L� ���� T� � � ¢f�  T¡Ú� �T��� �Ú� ��¡L� �L L���  ������ � �/����L� ¡L�L� �  �¡/� ��� �����L� ���f��� �����T� �L�� L� � � ¢f�  L¡/� �L��� �/� �L¡L� �L ����  �� ��� � �/�T�T� �T� �f�T� � �L L�
���LÙ�� ��L� �L� �f�L� � �� T�
���TÙ�� ��T� �T� �f�T� � �L L�
���LÙ�� ��L� �L� �f�L� � �� T�
���TÙ�� �£Ú��!f� £-�L� � ¢�� £��T� �T� �/� �L�Ú� �f� � � ���L�������L� �T�L�"� �L� ��� ���f�TÙ��f�  T¡��  L����� ���L¡£-��!f� £-��� � ¢�� £��L� �L� �/� �L�-� �f� � � ���������L�L� �L�T��� �L� ��� ���f�LÙ��f�  L¡��  L����� ����¡£Ú��!f� £-�L� � ¢�� £��T� �T� �/� �L�Ú� �f� � � ���L�������L� �T�L�"� �L� ��� ���f�TÙ��f�  T¡��  L����� ���L¡£-��!f� £-��� � ¢�� £��L� �L� �/� �L�-� �f� � � ���������L�L� �L�T��� �L� ��� ���f�LÙ��f�  L¡��  L����� ����¡��-���L� ����# � � ��������-���T� ����# � � ��������-���L� ����# � � ��������-���T� ����# � � �������� �L���T��¢�$��L� L£-�T� �Ú¡L�� T�L� �T� � ¢���T¢  L�L£Ú� � �T� � ¢
���T� �L� £-�  ����-�  �� �T� £��T� � �� � �T���L�L¢�$T�T� T£-�L� �-¡T�� L�T� �L� � ¢���L¢  T�L£-� � �L� � ¢
���L� �T� £Ú�  ����Ú�  �� �L� £��L� � �L � �L���T��¢�$��L� L£-�T� �Ú¡L�� T�L� �T� � ¢���T¢  L�L£Ú� � �T� � ¢
���T� �L� £-�  ����-�  �� �T� £��T� � �� � �T���L�L¢�$T�T� T£-�L� �-¡T�� L�T� �L� � ¢���L¢  T�L£-� � �L� � ¢
���L� �T� £Ú�  ����Ú�  �� �L� £��L� � �L %� � �T£ � �L�� � �L£D� ���� � �T£ � �L�� � �L£D� ���


� �L� ���f���f�L£-�����T�f� � � �T� � �� �T� ���f�L�f�L£������L�f� � � �L� � �� �L� ���f���f�L£-�����T�f� � � �T� � �� �T� ���f�L�f�L£������L�f� � � �L� � �
v �IÙ����Ú�L��� �T� � �L� � �T ��@�L� ���f��� � ���/� �L� ¡��L� ���-�T��� �L� � �T� � �L �����T ��/� ���Ú� ��¡T� �T ���� �L�T�� �T� ¡��T� �  L¡-� ���T L� � � � �L�@�T� �Ú� ��� �L� � ���/� �/���@�f�� ��f� � � �f�-� ��¡L� �L L���
v &��L�f�  L¡-� ���T �� � � � ���Ú� �T ��f� � � � �/� ��¡L� �L ���L�fÙ����L� �T£��L T� �L� ¢@���L� �L� �f�L� � �L L�'�f�� -�T�Ú� ���f�L Ú� ��  ��f� ���L� ��� �L� ���f���f��� �f� � � �
v ()� ÙL� � �L�L�"� �L ��f��	�ÙL�� �� �Ú� ��� �L�T���  �� �L ��f� � � � �Ú� ��¡T� �T ��'�f�� /���-�f��� �L� ¢@� �L�  � T�����
v ����ÙL��L� �L� ¡L�L� �  �¡�� ���f� � � � �L� ���-� �L�/£��L�f����� � ���f� � �f�-ÙT� � � � * �L� � �T -���L�L���f�T� �f��� � �� T���� �L� �LÙT� � �L�@�T ��Ú� �T�L� �L��¢@�T� � �����@� ���/� �L�� T� � � � � �T� � �T -�T ����T���L� �L¢ £-�T L�����L�� Ú���T� � £Ú�L��L�L�f�L� �f�  L¡Ú� ¢f� � �L£��
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 �-�1+�(!31% �8 1.��  $= (&�$% > +�* ,  $)
(0�-) (!, * , > , * ; � , (�) ����"1��"/.  $%
�! $% �/(0 -'���, (&* , 2&+�* ��"
+�"�+$' * , > �/(0;&(0* �$�!(
A


����, (�, (6 $) �@�!��* �  �"-A A A


» Î�² ¹ Ê Ë ± Ð¾ º ½ ¾ Ñ ¾ ½ ¯ ¹ É± Ö Á ³ ° Ñ ¹ Ë ¾ ± º Á


� � ��� � � � �
	 � �� � � � � �
� � � � � � � � ��� � � � � �
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Optimal network design example


v � ��� � �����*�-� ����� � 	���� 	���� ���1����������� 	�� � ����� 	�� ����J�� � ������� �����	�� ����	����
������� � ���� �1� � � ����� ���� � ��� � ��� ����� ���B�
���� ��� ������b1 	������ ���
��� ����� 
1� � �������� ������� � 	�����
�� � ��	�� �������������


v 	 ����������� �����
B	�������� � ��	���� 	���� ����������������� ����� �  �����-� ����� � 	���	�� ��� ����� 	�� ����	��8	���	�� � 	�� � ����	������ ����� ���;��	��1��������	 � ������
�� � ��������	�� ��� 	�����	�� � 	���� � � � �K � ����� �������
� ������ � ��	���	�� ���� ����	
� 	(L �


v 	 ������� ��� ��	�������� � ��	�������� ����� �8��	��8� ��������� ����� � 	��B������ ����� ��� ����	
������ H ��  ��
�� � ��������	����8���������	���
�� ����� �� ��� ��	�� � ���(
������ ���������� ���
� 	���� ���1����������������� ��	�� � ������ ���-����	�� �����-	�����
�� � ��	�� �� ��� ��
�	���� ���


Adaptive systems: Summary


v � ��������� 	�� � ���( B����� � H ��	���	���������� ����� 	��������8����
1� 	����
� � ���K �Ú������� ����� � ����������� � � �&������� ��� ���/�-���� ���/L-	���� ' � 4�'�� ����� �
�����������1� � 	�� ����� ����� 	� 	���� ������� � 	������ ��� ��� �� 	�
�� � � � 	�� � ���������
��������� ��	�� � ���������� ��� 
�����
1����� �- B	���	���� � ���������� �����A �� ���������  � � ������
� ���1����� 
����� � ��� ����� � H ��������� ����� � ��������� �  H �����1��� ������	�� ��	��8� �
	�
���� ���������������������������'
�������� 	����� I���
� ����� �8������� ����	����
��	���	������������  �	���� � ����������� ����	�����	������ � 
�	�� � ������������ ��������� ��� ���
����1� �������
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JW Roberts,  Spatio Temporal Correlation Analysis of NDVI in the Succulent Karoo 
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Chris Jack 
 
 
The use of the Normalized Difference Vegetation Index in studies of the relationship between 
vegetation and rainfall are widespread. Both the spatial and temporal relationships between 
neighbouring pixels in the succulent Karoo biome were analysed using a Spatial Temporal 
Correlation Filter (STCF). The STCF calculates the correlation of NDVI values through time 
with those of the surrounding pixels through time. The mean correlation value is then assigned 
to the centre pixel. The filter moves onto the adjacent pixel and repeats the process. Two kernel 
sizes were used 3X3 and 5X5. Results from each are reported. The analyses attempted to 
identify areas that change through time in a similar way.  
 
The succulent Karoo biome of southern Africa is part of the greater Cape floral Kingdom. 
Levels of endemism and species richness in the biome are unrivalled. Land use practices 
namely cropping and grazing have denuded large areas in the biome. Continued agricultural 
expansion and overstocking pose major threats to the biomes floral diversity. Assessing the 
anthropogenic impacts and climate related changes imposed on the biome are especially 
important. Using NDVI and Interpolated rainfall data to assess these impacts provides 
extremely valuable data. 
 
Time series analysis of NDVI and interpolated rainfall data are usually performed on the 
premise that rainfall is the dominant driving force in seasonal vegetation change. In the 
succulent Karoo this premise may not stand. Land use, irrigation of croplands and the influence 
of river systems receiving their rainfall at times other than the dominant winter rainfall regime 
all hinder the analysis. It is therefore important to know where seasonal vegetation response is 
both spatially and temporally homogenous 
 
Analysis was performed for the time period 1985-2003 and for various seasonally defined 
periods: DJF, MAM, JJA & SON. Results from both the 3X3 and 5X5 Kernel were stratified 
into classes containing the following correlation values, 0.91 or stronger (class 1), 0.9 – 0.71 
(class 2), 0.7 – 0.51 (class 3) and –0.5 – 0.5 (class 4). Class 1 identifies largely undisturbed 
areas of the lowland plains of the Namaqualand region. Class 2 correspond to areas with 
increased elevation and rough topography. Class 3 may be classified as a transition zone 
between class 2 and class 4 as the two classes are found in close proximity to each other. Class 
4 is associated with irrigated agriculture and areas around major river systems such as the 
Orange and Olifants rivers.  
 
  Results indicate that large areas of the biome show relatively good correlation values; these 
are however variable depending on the size of the kernel used and time period in question. 
Results will contribute to a statistical analysis of the relationship between rainfall and 
vegetation growth on an intra seasonal time scale 
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Spatio Temporal Correlation 
analysis of NDVI in the Succulent 


Karoo 1985-2003


Wesley Roberts, Bruce Hewitson, 
Emma Archer &  Chris Jack


Introduction


• Succulent karoo biome
• Biota South project
• Unrivalled levels of species diversity and 


endemism
• Impact of land use
• Climate change
• Methodologies developed for regular 


assessment of vegetation health


Introduction continued
• Remotely sensed imagery NOAA AVHRR 


& Interpolated rainfall surfaces


• Tool for monitoring vegetation health / 
change


NOAA AVHRR Precipitation


Why we performed the Study


• Distribution of vegetation cover


• Relationship between vegetation growth 
(NDVI) & precipitation (rainfall surfaces)


• Local scale factors affect the outcome of 
statistical analysis


• Precipitation in the succulent Karoo


• Seasonal vegetation response to 
precipitation should be invariant


Why NOAA AVHRR & NDVI?
• Late 70’s NOAA polar orbiting satellites
• Temporal vs. spatial resolution
• Differing absorption properties 


– band 1 & band 2
NDVI = (NIR-RED) / (NIR+RED)


• NDVI correlates well with 
– Green leaf biomass, leaf area index, annual net 


primary productivity


Methodology
• Spatio temporal correlation filter
• Compare adjacent pixels change through 


time
• Pearson correlation coefficient (r)
• Mean correlation assigned to centre pixel
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Methodology continued


• Time periods: DJF, MAM, JJA, SON.
• 4 classes of correlation values.
• Classes plotted in a GIS (ArcView3.3).
• Class 1, class 2, class 3, class 4.


Results


3X3 Kernel 1985-2003


>  0.9


> 0.7


> 0.5


0. 5 - -0.5


Seasonal Images(3X3) 1985-2003 Seasonal Images(5X5) 1985-2003 


Stop 1: R383


Class 4


Highlights influence of 


Rivers and local 
agriculture


Stop 2: West of 
Bitterfontein


Class 1


Flat low lying strong 
correlations
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Discussion


• Distinct patterns


• Namaqualand 


• Reasonably strong correlations over the 
entire biome


• Influence of major river systems


• High correlations on the lowland areas 
restricted to DJF & JJA


Discussion Continued 


• Spatial distribution of classes


• Seasons


• Stable vs. Variable


• Vegetation undergoing phenological change 
governed by local resource availability


• Fog????????


Discussion Continued


• Ground truthing


• Paper map & GPS


• Class characteristics


• Class 1, 2, 3,4


• Spatial response of vegetation homogenous


Conclusions


• Effective tool for determining the spatial extent of 
homogenous vegetation change


• Results help to determine where precipitation is 
the dominant driving force


• 3X3 & 5X5 kernel


• Local scale factors


• Results used in statistical analysis of relationship 
between precipitation and vegetation growth
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Alan Robock,  Detection Of The Effects Of Volcanic Eruptions On Climate 
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Large tropical volcanic eruptions, such as the 1963 Agung, 1982 El Chichon, and 1991 
Pinatubo eruptions, have a detectable influence on global climate.  These effects include 
tropical cooling, but only summer cooling with winter warming in the midlatitudes of Northern 
Hemisphere.  These climate response is modulated by the phase of the quasi-biennial 
oscillation at the time of the eruption and includes the indirect impacts of volcanically-induced 
ozone depletion.  The effects of smaller eruptions with troposphere-only emissions or sulfur-
poor stratospheric emissions, such as the 1980 Mt. St. Helens eruption, are not detectable.  
High latitude eruptions, such as the 1783 Laki eruption, produce quite different effects.  This 
talk will discuss the ways that volcanic eruptions perturb not only the radiative balance of the 
planet, but also atmospheric dynamics, and describe the patterns that have been detected with 
observations and simulated with global climate models.  Detection of mid- and high latitude 
influences, particularly in the winter, requires a large number of ensemble members to 
overcome weather noise.  Our recent simulation of the effects of the Pinatubo eruption, 
including the effects of the quasi-biennial oscillation, used 24-member ensembles and was able 
to successfully model the climate response during the next two Northern Hemisphere winters. 
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Due to the complexity of rainfall regime in Southern Africa, it is difficult to monitor drought in 
real time with a chart showing percentage from normal or anomaly in total rainfall. Drought 
occurs often in Southern Africa in all climatic areas at all times of the year with different 
intensity, spatial extension and duration. Agricultural drought (3 to 6-month time scales) and 
hydrological droughts (1 to 2-year scale) are often decoupled. The standardized precipitation 
index (SPI) is a simple index based on rainfall only that can measure drought at different time 
scales (3, 6, 12 and 24 months) with spatial homogeneity. The SPI is linked to the probability 
occurrence of dry or wet events. The SPI allows monitoring operationally any location with a 
30-year time series The SPI can also be used to monitor excess moisture during a wet season 
that can aggravate consequences of floods. This may indicate a saturated catchment conducive 
to flood development if rainfall continues. It was recently used in many parts of the world and 
South Africa but never in Southern Africa as a whole. This first application on the 0.5x0.5 
degree resolution 1901 1999 rainfall dadaset developed by Mitchell et al (2004) at CRU permit 
to observe some spatial and temporal characteristics of the droughts. Furthermore, their 
distribution is particular with: The strongest droughts have happened during the mature phase 
of El Niño 
 
There is considerable decadal variability in the spatial extension and intensity of droughts. 
Droughts lasting 3 years are not uncommon 
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Intensity and spatial extension of droughts 
at different time scale since 1901 in 


Southern Africa
MATHIEU ROUAULT


Oceanography DPT


University of Cape Town


•Drought is a regular and recurrent feature of South African 
climate. It occurs in all climatic areas at all time of the year with 
different intensity, spatial extension and duration. 


•A drought is a deficiency of precipitation over an extended period 
of time but drought can have different time scale in regard with its 
impact on society. 


•A common time scale for agricultural droughts is the season where 
a drought can be defined by a period of anomalous low precipitation 
resulting in extensive damage to crops. 


•Hydrological drought is associated with the effects of precipitation 
shortage on a longer time  scale (6 months to 2 years) and its effect 
on surface or subsurface water supply. 


•Hydrological or agricultural drought can be out of phase and 
impact on various economic sectors can be different. 


The Standardised Precipitation Index was designed to state that 
it is possible to simultaneously experience wet conditions on one 
or more time scales, and dry conditions at other time scales, 
often a difficult concept to convey in simple terms to decision-
makers. 


The SPI was formulated by Tom Mckee, Nolan Doesken and 
John Kleist of the Colorado Climate Cente r in 1993. 


Hayes et al (1999) show how the SPI can be used operationally to
detect the start of the drought, its spatial extension and temporal 
progression. 


The SPI is based on the probability of precipitation for a given
time period. The SPI allocate a single numeric value to the 
precipitation, which can be compared across regions with 
different climates. 


SPI Value Drought Category occurrence


2.00 and above  Extremely wet      2.3 % 


1.5 to 1.99          Very wet               4.4 % 


1. to 1.49            Moderately wet 9.2 % 


-0.99 to 0.99     Near normal      68.2 % 


-1.00 to -1.49    Moderately dry   9.2 % 


-1.50 to -1.99      Severely dry        4.4 % 


-2.00 and less      Extremely dry     2.3 % 


Dark blue: extremely wet (2 < SPI < 3); Blue: very wet (1.5 < SPI < 2); Dark green: wet (1 < 
SPI < 1.5); Green: a bit wet (0.5< SPI < 1);  Brown: extremely dry (-3 < SPI < -2);Red: very 
dry (-2 < SPI < -1.5); Orange: dry (-1.5 < SPI < -1); yellow: a bit dry (-1 < SPI < -0.5); 


1992


Dark blue: extremely wet (2 < SPI < 3); Blue: very wet (1.5 < SPI < 2); Dark green: wet 
(1 < SPI < 1.5); Green: a bit wet (0.5< SPI < 1);  Brown: extremely dry (-3 < SPI < -
2);Red: very dry (-2 < SPI < -1.5); Orange: dry (-1.5 < SPI < -1); yellow: a bit dry (-1 < 
SPI < -0.5); 
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1995 1983


1970 1933


1916 1949
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1924


1916     230       38 % Neutral


1924     220       36 % El Nino


1933     265       44 % El Nino


1949     227       38 %  Neutral


1970     265       44 % El Nino


1983     280       47 % El Nino


1992     307       51 %  El Nino


1995     282       47 %  El Nino


1906     180    30 %  El Nino


1933     245    41 %  El Nino


1983     243    40 %  El Nino


1984     177    30 %  Neutral


1992     244    40 %  El Nino


1993     250    42 %  El Nino 


1995     278    48 %  El Nino


1996     201    33 %  Neutral


Percentage  of Southern Africa south of 10 S affected by 
drought  for the eight worst droughts at the end of April. 


6-months scale (SPI <-1) 2-years scale (SPI<-1)


6 months SPI at the end of April


1983 1970


1992 1926


1933 1949


1945 1952
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6 months SPI at the end of April


1965 1968


1966 1947


1979 1922


1987 1927


6 months SPI at the end of April


1964 1984


1993 1973


1982 1995


1998 1946


Number of  dry districts, summer rainfall, 6 monthes SPI
Solid line: mean number, red line 9 year moving average


Number of  wet districts, summer rainfall, 6 months SPI at the end of 
April. Solid line: mean number, red line 9 year moving average


Number of  wet and dry districts, summer rainfall, 6 months SPI
Solid line: mean number, red line 9 year moving average
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Abstract:  In this paper evaluation of wet and dry periods of southwestern region of Iran (Aras 
and Urmia basins) is carried out using graphical represention and calculation based on 
mathematical modeling. Monthly precipitation records of twenty stations for a period of 33 
years, from 1970 to 2002 were chosen and fluctuations of each period with respect their 
numbers were plotted on a semi -logarithmic scale and the regression equations were obtained. 
Accordingly since the longest wet and dry period happens only once in each period, it is 
possible to estimate the durations of wet and dry periods for each station using the semi 
logarithmic graphic representation mentioned above.   
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Simon Christian Scherrer,  Trends In Swiss Alpine Snow Days -  The Role Of Local And 
Large Scale Climate Variability 
 

Simon Christian Scherrer 
Swiss Federal Office Of Meteorology And Climatology (MeteoSwiss), Switzerland 

 
and 

 
Christof Appenzeller 

 
 
 

Swiss Alpine snow cover is varying substantially on interannual to decadal time scales. Since 
the late 1980s a large decrease in snow days has been observed for stations below 800m 
altitude. In this work multiple linear regression models are used to quantify the importance of 
seasonal mean local temperature and precipitation to explain the observed variability and 
trends in Swiss Alpine snow days for the period from 1958 to 1999. The role of large-scale 
European-North Atlantic climate variability is also discussed.  Results show that local as well 
as large-scale predictor models can account for a modest fraction of ~32 to 45% of the 
observed snow day variability. However, it appears that at low locations the recent decrease in 
snow cover can be mainly attributed to an increase in seasonal mean temperature. Seasonal 
mean precipitation does neither explain large amounts of variability nor affect recent trends in 
a substantial manner. Differences are found for the northern and southern parts of Switzerland 
concerning the influence of large scale climate modes. Interannual snow day variability of the 
northern Swiss Alpine slopes is almost unaffected by the North Atlantic Oscillation (NAO). 
Decadal trends however can be explained via temperature only by a model that includes the 
'NAO index' as explanatory variable. For the southern Swiss Alpine region the NAO is not just 
explaining the decadal scale trends but also a substantial part of interannual variability via 
temperature and to a small degree via precipitation.  In respect of global warming, these results 
suggest that a possible change to more frequent positive NAO winters could amplify the 
decrease in low altitude snow cover much more than expected from an averaged global 
temperature increase alone. 
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Trends in Swiss Alpine snow days
The role of local and large scale climate variability
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Swiss snow variability


§Savognin (1990)


§Klosters (1999)


§Engadina


§Davos (1999)
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Swiss Alps: geographical setting


European Alps


Europe


Swiss Alps


~1000 km


45°N


60°N
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Swiss snow data set, setting


snow days:
days with 
snow height
> 5cm


DJF data
1958-1999


alt. range:
275-2540m
asl


110 Swiss Alpine snow height stations


France Germany


Austria


Italy
S-Swiss


N-Swiss


~100km
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Overview


u Basic characteristics of DJF Swiss Alpine snow days


u 1958-1999 snow day trends – direct link to NAO?


u Linear statistical models: seasonal predictors/predictands


n How good can local „seasonal“ Temp and Precip explain 
Swiss Alpine seasonal snow day variability and trends?


n What is the influence of large-scale climate modes on 
Swiss Alpine seasonal snow day variability and trends?


u Conclusions
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DJF snow days: basic characteristics


Median snow days(%)
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u saturation for stations above   
~1300 m asl


u absolute variability largest 
for station altitudes between
500 and 1200 m asl


u best altitudes for modeling: 
500 to 1200 m asl
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Swiss mid-winter snow day trends
15 year running trend
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Interannual variability: NAO vs. snow


1931-1999


DJF NAO index
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NAO regression on DJF temperature


Appenzeller et al., 2001
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K
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Local linear Temp/Precip models


εβα +⋅+⋅= DJF
station


DJF
station


DJF
stationSD PrecipTemp


u Temperature interpolated to station height using 5 nearest 
of 66 temperature stations in total  


u Precipitation interpolated to station height using 10 nearest 
of 360 precipitation stations in total  
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Local linear models: explained variability


u Multiple R2 small
u Precipitation plays minor role in N-Swiss


3545Temp and Precip


2335Temp


148Precip


Local


S-SwissN-Swiss


Multiple R2(%)
stations < 1300m aslpredictors


model 
type
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Temp and Precip model trends I


obs. 1958-1999 trend
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Temp and Precip model trends I
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Ponly model trend


obs. 1958-1999 trend


N-Swiss S-Swiss
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Temp and Precip model trends I
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Ponly model trend


obs. 1958-1999 trend


T and P model trend
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Temp and Precip model trends II


Trend units:
days/42 years


Temperature
only


Precipitation
only


latitudeS-Swiss N-Swiss
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Large-scale linear SLP models
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station SLPSD


'#
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εα


u large-scale sea level pressure EOF‘s over the Euro-Atlantic 
region


u first 6 modes used
n 1st mode is NAO


u optimal model: step-wise optimization (AIC)
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Large-scale linear models: 
explained variability


u Multiple R2 small
u NAO plays a role in S-Swiss, but not in N-Swiss


3243PC1-6


1237PC2-6


206PC1 (NAO)
large 
scale


S-SwissN-Swiss


Multiple R2(%)
stations < 1300m aslpredictorsmodel type
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Optimal SLP mode model trends


obs. 1958-1999 trend
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Optimal SLP mode model trends


obs. 1958-1999 trend
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Optimal SLP mode model trends


obs. 1958-1999 trend
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SLPPC2-6model trend


SLPPC1-6 model trend
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Conclusions


u DJF Swiss Alpine snow days show large interannual variability


u statistically significant negative trends were found in the late 20th 
century


u local and large scale models account only for a modest fraction of 
the observed interannual variability


u local models:
decrease in low altitude snow cover can be mainly attributed to an 
increase in temperature


u large scale models:
n interannual variability: several modes required
n decadal trends: NAO is able to explain the recent trends
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Climate change NAO scenarios:
Possible impact on Swiss Alpine snow


obs.


+1% CO2 increase after 1990


after Gillett et al., 2003
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Large-scale low/high pass model results


8857low pass filtered


8835original datalarge 
scale


S-SwissN-Swiss


% of stations 
including NAO in 


optimal SLP model
kind of data 
preparation


model type
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Swiss mid-winter snow day trends
15 year running trend
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North Atlantic Oscillation
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Jürg Schmidli,  Statistical Downscaling Using GCM Precipitation As A Predictor.  An 
Evaluation For The European Alps 
 

Jürg Schmidli 
Atmospheric And Climate Science ETH, Switzerland 

 
 
 

 
Conventional statistical downscaling methods for precipitation are prone to problems of 
'missing' sensitivities, i.e. sources of variability not represented in the chosen predictors. Using 
GCM simulated precipitation as a predictor is likely to minimize such problems. This study 
evaluates the potential of using GCM-simulated precipitation downscaling in the European 
Alps. The evaluation is based on reanalyses (NCEP, ERA40) which are considered as quasi-
perfect GCMs and allow comparison of interannual variations from downscaled results and 
observations.    Four statistical downscaling methods operating on a daily time scale are 
investigated. Two methods require GCM simulated precipitation as their only predictor. Two 
more sophisticated methods require in addition some proxy of the large-scale flow. The simple 
downscaling methods can serve as a benchmark for more complicated downscaling methods 
such as neural networks or regional climate models.    The downscaling methods are evaluated 
over the European Alps on a seasonal basis for the 15 years 1979-1993. The evaluation 
statistics encompass several diagnostics, including mean precipitation, and statistics 
representative of heavy precipitation and drought spells. In addition to biases, we put some 
emphasis on the representation of observed interannual precipitation variationswhich are 
considered as a manifestation of climate sensitivities.    The highest skills are obtained for the 
winter season, when the precipitation climate is driven by synoptic-scale disturbances. The 
lowest skills are found for the summer season, when local convection is more dominant. The 
results of this study imply that GCM-simulated precipitation can carry interesting information 
on regional precipitation variability even in a region of complex terrain. 



David Sexton,  Constraining Probalistic Climate Predictions By Model Reliability 
 

David Sexton 
Hadley Centre For Climate Prediction And Research, Met Office, United Kingdom 

 
and 

 
Mat Collins  
Glen Harris 

James Murphy 
 Mark Webb 

Uncertainty in climate prediction is not only due to uncertainty in future emissions, 
atmospheric composition and natural variabiltiy but also due to the way climate models 
represent the real world. To explore the modelling uncertainty, we have produced a 'physics 
ensemble' of 53 atmosphere models coupled to a thermodynamic ocean 'slab' where each 
member differed from the Hadleey Centre's standard slab model, HadSM3, by a perturbation to 
one of 29 physics parameters. These slab models, which are relatively quick to run to 
equlibrium, are forced with 1x and 2x pre-industrial CO2 levels.  From these runs, we 
estimated the equilibrium annual mean global mean temperature response to doubling CO2 
levels, often called climate sensitivity. For this model and experimental set-up, the relative 
probabilty for different values of climate sensitivity can be estimated. A problem with this 
calculation is that the ensemble members differ in quality and reliability; IPCC TAR (The 
Intergovernmental Panel on Climate Changes Third Assessment report) faced a similar 
problem basing their uncertainty range on future warming on models from different climate 
centres.We therefore develop a Climate Prediction Index, based on the root mean square errors 
of 32 model 20-year means from suitable observational mean data sets, to measure the relative 
quality of the ensemble members. Weighting by model reliabilty changes the 90% confiidence 
interval from 1.8-5.7K to 2.4-5.7K. By doing this, we hope to give more weight to climate 
models that best represent the important physical feedbacks for climate change. As the mean 
climate is not necessarily a direct measure of how well a model represents these feedback 
processes, we show some preliminary results investigating the extent to which the mean 
climate constrains future climate change. 
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Constraining probabilistic climate 
predictions by model reliability, in 


an ensemble of climate model 
simulations


David Sexton, Mat Collins, Glen Harris, James 
Murphy, Mark Webb


9th IMSC conference, Cape Town , May 2004
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Introduction


n Motivation


n Perturbed physics ensemble


n Climate Prediction Index


n Estimating probability distribution


n Ways to improve analysis


n Future work
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Motivation


n For a given forcing scenario, we need to produce 
probabilistic predictions for risk assessment for any 
climate variable for any region


n Need to include uncertainty in the way the climate 
models represent the real world


n Need ensemble of GCM runs


n Want to systematically explore processes and their 
effect on climate predictions


n Perturbing ill-constrained model parameters is the 
first step in generating ensembles
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Ensemble climate prediction
•Parameters and their 
ranges elicited from 
experts.


•Run perturbed physics 
ensemble e.g. Quantify 
Uncertainty in Model 
Predictions (QUMP) or 
climateprediction.net


•Each member differs from 
control by changing a 
physics parameter


•Run a ‘slab’ model 
experiment to estimate 
climate sensitivity


“Parameter” Perturbations
Large Scale Cloud


• Ice fall speed


• Critical relative humidity for formation


• Cloud droplet to rain: conversion rate + 
threshold


• Cloud fraction calculation 


Convection


• Entrainment rate


• Intensity of mass flux 


• Shape of cloud (anvils) (*)


• Cloud water seen by radiation (*) 


Radiation


• Ice particle size/shape


• Cloud overlap assumptions


• Water vapour continuum absorption (*) 


Boundary layer


• Turbulent mixing coefficients: stability-
dependence, neutral mixing length


• Roughness length over sea: Charnock
constant, free convective value


Dynamics


• Diffusion: order and e-folding time


• Gravity wave drag: surface and trapped lee 
wave constants 


• Gravity wave drag start level 


Land surface processes


• Root depths


• Forest roughness lengths


• Surface-canopy coupling


• CO2 dependence of stomatal conductance 
(*)


Sea ice


• Albedo dependence on temperature


• Ocean-ice heat transfer 6


Frequency distribution of 
climate sensitivity


Run 53 ensemble members







Global modelling and Probability Predictions


james.murphy@metoffice.com 2


7


Climate Prediction Index


Red: control run Blue: perturbed run
8


Ensemble statistics
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CPI versus climate sensitivity


Produce a 
Monte Carlo 
ensemble by 
uniformly 
sampling 
parameter 
space 
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Accounting for nonlinearity


Use 13 
multiple 
parameter 
perturbation 
runs to 
estimate 
nonlinearity
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Global Climate Sensitivity


Conditional on:


•Choice of 
observations 


•Choice of 
parameter space 
and how it is 
sampled


•Choice of climate 
model
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Effectiveness of each component 
in index
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Relevance of CPI


n Evaluating mean present-day climate is a NECESSARY BUT 
NOT SUFFICIENT condition for a good prediction.


Good 
predictor


Bad 
predictor


Bad skill Good skill
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Ways to improve analysis (i) –
constraining future climate


With low entrainment rate 
run


Without low entrainment 
rate run
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Ways to improve analysis (ii) –
evaluating climate processes


e.g. cloud processes (Williams et al 2003)
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Ways to improve analysis (iii) -
Statistical improvements


• check normalisation


• account for interdependence of data within each 
variable


• account for interdependence between 
components


• include observational uncertainty
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Ways to improve analysis (iv)
n Multiple parameter perturbations allow for:


– include interactions between parameters


– quantification of regional changes


– no bias towards standard model version


– more realistic present-day climates


n Production of a 128 member slab-model 
ensemble with multiple parameter 
perturbations and sulphur cycle on is 
underway…
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CPI versus climate sensitivity


Produce a 
Monte Carlo 
ensemble by 
uniformly 
sampling 
parameter 
space 
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Design of second ensemble


Pick models so 
that:


• There is a 
reasonable spread 
in (predicted) 
climate sensitivity


• Each centile has 
a reasonably good 
(predicted) CPI


• They are also 
spread in model 
parameter space


Perturb several parameters at once
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Time-dependent PDFs


Run 16 
transient 
coupled model 
experiments.


Contribute 
results to 
IPCC by Sept 
04


Can now 
include 
historical 
constraints
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Haney Forcing Term
Different 
global mean 
Haney forcing 
indicates likely 
differences in 
climate 
sensitivity and 
patterns of 
climate 
change
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Summary


n Produced a perturbed physics ensemble to 
incorporate modelling uncertainty in predictions.


n Currently use mean climate to constrain prediction but 
working on new methods.


n Production of ensembles of slab model and coupled 
model runs underway.


n Need to explore “Structural” uncertainty . Multi-model 
comparisons will help e.g. CFMIP project


n Will always want to avoid obtaining the “right results 
for the wrong reasons”.
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Does scaling approach work?


Can we reproduce the 
ensemble spread by scaling 
the pattern of change from 
one ensemble member up 
and down according to 
climate sensitivity ?


This approach is commonly 
used to estimate uncertainty 
when only a single GCM 
simulation is available.
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Current and Future Work
n Improvements in analysis


– Scaling slab-model patterns to augment transient ensemble


– Improvements to Climate Prediction Index


– Cloud feedbacks


n Extreme events and regional model ensembles


n Sulphur and terrestrial carbon cycles


n Model uncertainty in detection and attribution


n We want lots of climate centres to produce “physics” 
ensembles. Building a European-wide system 
(ENSEMBLES)
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Leonard Smith,  PROBABILISTIC SEASONAL FORECAST IN THEORY 
AND PRACTICE 

 
Leonard Smith 

Centre for the Analysis of Time Series Department of Statistics, London School of Economics, 
United Kingdom 

 
 

 
 
 

The DEMETER project has successfully produced multi-model multi-initial condition seasonal 
forecasts with a lead time of six months over a period of several decades. After an overview of 
the available hindcast dataset, consisting of nine initial conditions each evolved under seven 
global coupled atmosphere-ocean models initialised four times each year, a number of 
questions on the interpretation, evaluation and application of the DEMETER dataset are 
addressed. It is argued that these three issues are fundamentally linked; issues as basic as the 
"correct" approach to "bias correction" will have fundamental implications not only on forecast 
evaluation and ensemble design, but also on the utility of the ensemble forecast system in 
application.  Central to these questions is the clear distinction between two goals:  does one 
view the ultimate goal of a multi-model multi-initial condition ensemble prediction system as 
providing insight into some hypothetical "True" probability distribution function of likely 
futures, given our current limited knowledge? or is the goal to extract the probability 
distributions of each of the available models and their relation to the single realization target 
(which might be "Truth", but in the case of DEMETER is an ERA-40 reanalysis). It is argued 
that, ideally, one would condition a seasonal forecast on the joint distribution of all forecast 
information (admitting that this argues for the inclusion of models with relatively 'low skill' but 
'high information' content). Practical applications, however, require practicable methods; 
current deployable methods in the agricultural and health sectors which were used within 
DEMETER are noted, and the search for consistency tests to evaluate proposed methods is 
reported. 
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Justifying Action under Uncertainty
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Leonard Leonard SmithSmith


Centre for the Analysis of Time Series,Centre for the Analysis of Time Series,


London School of  EconomicsLondon School of  Economics


Pembroke College, OxfordPembroke College, Oxford


Antje Antje Weisheimer, Tim Palmer, Kevin Judd, Renate Weisheimer, Tim Palmer, Kevin Judd, Renate HagedornHagedorn


OverviewOverview


•• Introduction to multimodel multiIntroduction to multimodel multi--IC ensemblesIC ensembles
•• DEMETER seasonal model simulationsDEMETER seasonal model simulations
•• DEMETER runs as probability forecastsDEMETER runs as probability forecasts
•• Challenges of imperfect modelsChallenges of imperfect models
•• DEMETER runs as bounding boxesDEMETER runs as bounding boxes
•• Applications Applications 


MultiMulti--model ensemble systemmodel ensemble system
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•• DEMETER system: 7 coupled global circulation modelsDEMETER system: 7 coupled global circulation models


•• HindcastHindcast production for: 1987production for: 1987--1999 (19581999 (1958--2001)2001)


9 member ensembles9 member ensembles


ERAERA--40 initial conditions40 initial conditions


SST and wind perturbations SST and wind perturbations 


4 start dates per year4 start dates per year


6 months 6 months hindcastshindcasts


MultiMulti--model Multimodel Multi--initial condition Seasonal Forecasting at initial condition Seasonal Forecasting at 
ECMWF… ECMWF… 


Overview


MultiMulti--model Multimodel Multi--initial condition Seasonal Forecasting at initial condition Seasonal Forecasting at 
ECMWF… and golf.ECMWF… and golf.


Overview
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Consider an ensemble of golf balls, placed on the green by a Consider an ensemble of golf balls, placed on the green by a 
player who cannot see the hole.player who cannot see the hole.


Consider an ensemble of golf balls, placed on the green by a Consider an ensemble of golf balls, placed on the green by a 
player who cannot see the hole…player who cannot see the hole…
Why might this be considered a PDF forecast for the hole?Why might this be considered a PDF forecast for the hole?


How does adding a second player help?How does adding a second player help?
Note that these points are sampling different distributions,Note that these points are sampling different distributions,
And even if the input noise is Gaussian, the output(s) is not!And even if the input noise is Gaussian, the output(s) is not!


Or a third?Or a third?
Can a combination of  imperfect models be coherently Can a combination of  imperfect models be coherently 
interpreted as a (physically relevant) probability forecast? interpreted as a (physically relevant) probability forecast? 


How can we best use these distribution both in practice and in How can we best use these distribution both in practice and in 
improving our theory?improving our theory?
(Extract their information content, not their component values)(Extract their information content, not their component values)
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How can we best use these distribution both in practice and How can we best use these distribution both in practice and 
in improving our theory?in improving our theory?
In reality we are playing on a 1,000,000In reality we are playing on a 1,000,000--dimensional green. dimensional green. 
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What is a Probability Forecast?What is a Probability Forecast?


The options:The options:
•• empirically accountable forecastempirically accountable forecast
•• subjective (but well defined) image of our uncertainty/beliefsubjective (but well defined) image of our uncertainty/belief
•• any curve which has been normalised to unit area and  any curve which has been normalised to unit area and  


mathematically manipulated in a certain manner.mathematically manipulated in a certain manner.


In no case can a single probability forecast be judged ‘ right’  oIn no case can a single probability forecast be judged ‘ right’  or r 
‘wrong’ . We need to look at a series of forecasts (if we can ‘wrong’ . We need to look at a series of forecasts (if we can 
agree on how to assign probabilities in the first place!)agree on how to assign probabilities in the first place!)


Shell and Cal ISO will do this if we give/sell them seasonal Shell and Cal ISO will do this if we give/sell them seasonal 
probability  forecastsprobability  forecasts..


What is a Probability Forecast?What is a Probability Forecast?


Given:Given:
•• a complete, finite set of mutually exclusive eventsa complete, finite set of mutually exclusive events
•• some symmetry assumptionssome symmetry assumptions


Dice, coins, roullette


Then we can construct a pretty good (empirically) PDF.Then we can construct a pretty good (empirically) PDF.


What is a Probability Forecast?What is a Probability Forecast?


These are good assumptions for rolling dice:These are good assumptions for rolling dice:


Not so good for rolling gold bars!Not so good for rolling gold bars!
Probabilities assigned to random events are rather different Probabilities assigned to random events are rather different 
than probabilities which reflect only our ignorance.than probabilities which reflect only our ignorance.
It is best to bet on (or sell) only the former!It is best to bet on (or sell) only the former!


Predictability


Pictures from Tim Palmer


We would like to quantify these variations We would like to quantify these variations 
in predictability with probability forecasts…in predictability with probability forecasts…


HighHigh


MediumMedium


LowLow


What is a Probability Forecast?What is a Probability Forecast?
Given:Given:
•• a dynamical perfect model (which is chaotic)a dynamical perfect model (which is chaotic)
•• full knowledge of the observational  noisefull knowledge of the observational  noise
•• observations extending into the infinite pastobservations extending into the infinite past


•• finite but large computational resourcesfinite but large computational resources


We canWe can notnot give exact probabilities, but we can form an give exact probabilities, but we can form an 
consistent initial ensemble which will yield accountable consistent initial ensemble which will yield accountable 
probability forecasts (the best that finite probability forecasts (the best that finite nn counting counting 
statistics will allow). statistics will allow). 
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Thus even with a perfect deterministic Thus even with a perfect deterministic 
model, model, the futurethe future is but a PDF.is but a PDF.


(and there is no clear  distinction between (and there is no clear  distinction between 
weather  forecasting and seasonal weather  forecasting and seasonal 
forecasting, given infinite computational forecasting, given infinite computational 
resources…)resources…)


In the imperfect model scenar io, In the imperfect model scenar io, 
accountable probability forecasts  do not accountable probability forecasts  do not 
appear to be well defined! appear to be well defined! 
(Judd and Smith, 2004).(Judd and Smith, 2004).


The use of multiThe use of multi--model ensembles model ensembles 
implies the imperfect model case…implies the imperfect model case…


Smith (2002) Chaos and Predictability in Encyc Atmos Sci


But But thesethese ensemble members are ensemble members are notnot drawn from the same drawn from the same 
distribution as the verification.distribution as the verification.
(If indeed, the verification even has a [model(If indeed, the verification even has a [model--free] distribution!)free] distribution!)
And in the multiAnd in the multi--model context, it is inconsistent to assume so!model context, it is inconsistent to assume so!


ExampleExample forecasts of a Chaotic Circuitforecasts of a Chaotic Circuit
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What is a Probability Forecast?What is a Probability Forecast?
Given:Given:
•• a collection of imperfect  dynamical model a collection of imperfect  dynamical model 
•• incomplete knowledge of the observational  noiseincomplete knowledge of the observational  noise
•• finite observationsfinite observations
•• a system of finite duration, short relative to its recurrence ta system of finite duration, short relative to its recurrence timeime


Scientific simulation has no initial distribution from which to Scientific simulation has no initial distribution from which to 
sample for an accountable initial ensemble.sample for an accountable initial ensemble.


The Bayesian paradigm does not even aim for accountable The Bayesian paradigm does not even aim for accountable 
forecastsforecasts


This is, of course, the general case for geophysical systems.This is, of course, the general case for geophysical systems.


A Bayesian walks into a casino…
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Information Content (not initial appearance!)Information Content (not initial appearance!)
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Multi-model ensemble system
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•• DEMETER system: 7 coupled global circulation modelsDEMETER system: 7 coupled global circulation models


•• HindcastHindcast production for: 1987production for: 1987--1999 (19581999 (1958--2001)2001)


9 member ensembles9 member ensembles


ERAERA--40 initial conditions40 initial conditions


SST and wind perturbations SST and wind perturbations 


4 start dates per year4 start dates per year


6 months 6 months hindcastshindcasts
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Conceptual background
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TwoTwo--month lead time SST month lead time SST hindcastshindcasts (from (from HagedornHagedorn et al.,2004).et al.,2004).


TwoTwo--month lead time SST month lead time SST hindcastshindcasts (from (from HagedornHagedorn et al.,2004).et al.,2004).


Verification


Multi-model
Rank by 
skill in 
ensemble 
mean


Model ID


Single Pacific grid pointSingle Pacific grid point


Same grid point JJA 1987Same grid point JJA 1987


Tropical Pacific grid Tropical Pacific grid 
point JJA 1986point JJA 1986


Four models “miss.”Four models “miss.”
Ensemble mean “spot on.”Ensemble mean “spot on.”


Five models “miss”  nowFive models “miss”  now
but a different subbut a different sub--set!set!


Two formerly “bad” are    Two formerly “bad” are    
now “best”now “best”
Ensemble “captures”Ensemble “captures”


How might a multiHow might a multi--model ensemble derive skill?model ensemble derive skill?


All models “miss.”All models “miss.”
Ensemble also?Ensemble also?


TwoTwo--month lead time SST month lead time SST hindcastshindcasts (from (from HagedornHagedorn et al.,2004).et al.,2004). TwoTwo--month lead time SST month lead time SST hindcastshindcasts (from (from HagedornHagedorn et al.,2004).et al.,2004).


A fair interpretation would dress A fair interpretation would dress 
each of these finite collections of each of these finite collections of 
delta functions into a smooth delta functions into a smooth 
distribution function, and then distribution function, and then 
evaluate the skill of each.evaluate the skill of each.


The “best”  distribution function can The “best”  distribution function can 
be tuned by some skill score, say, be tuned by some skill score, say, 
ignorance, but it is defined by some ignorance, but it is defined by some 
achievable forecast goal achievable forecast goal 
(not perfection!). (not perfection!). 


We need not assume this final We need not assume this final 
distribution is a probability distribution is a probability 
forecast!forecast!
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simulationsimulation


forecastforecast


From simulation to From simulation to 
empirical forecast empirical forecast 
in one step?in one step?


Conceptual background (probabilistic view)
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“Dressing”  a Simulation
(from simulations to forecasts)


nn Kernels based on historical forecast errors or forecast goals Kernels based on historical forecast errors or forecast goals 
(min ignorance) can be used to “dress”   multi(min ignorance) can be used to “dress”   multi--model runs:model runs:


uu For a single forecast (one member ensemble) For a single forecast (one member ensemble) 
historical errors can be added directly to current historical errors can be added directly to current 
forecast to produce a “statistical ensemble”forecast to produce a “statistical ensemble”


uu For an ensemble forecast minimum ignorance For an ensemble forecast minimum ignorance 
kernels (or historical  “best member”  errors).kernels (or historical  “best member”  errors).


uu Enter the linear notion of “bias correction.”Enter the linear notion of “bias correction.”
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But is this too much to ask for from an ensemble of imperfect moBut is this too much to ask for from an ensemble of imperfect models?dels?


Although this yields a smooth distribution function, it is unlikAlthough this yields a smooth distribution function, it is unlikely that a ely that a 
physical scientist would want to call it a probability forecast,physical scientist would want to call it a probability forecast, as the as the 
models are (each)  known to be imperfect models are (each)  known to be imperfect a prioria priori..


Bayesian model averaging fails to be internally consistent for tBayesian model averaging fails to be internally consistent for the same reason.he same reason.


�#����������0�������������4"�����"��"%�
����#�"��
Challenges to probability forecasts from imperfect models


Each of the models is imperfect.


The ad hoc assumption that their distribution can be 
mapped into uncertainty in the verification is unsupported.


We might aim to:We might aim to:
•• extract information, not scenarios.extract information, not scenarios.
•• condition on their joint distribution, rather than some condition on their joint distribution, rather than some 


averaging over an averaging over an ad hocad hoc model class…model class…


Or might we ask for less than physically meaningfulOr might we ask for less than physically meaningful
probability forecast?probability forecast?


Outside the Perfect Model Scenario, Outside the Perfect Model Scenario, the questionthe question is the key.is the key.
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For Questions Like:


§ How good is an ensemble forecast?
§ Does the ensemble capture truth?
§ How large should an ensemble be?


The probability that the Bounding Box captures the 
“target” is a useful property of a good ensemble…


…which does not carry the  baggage of a probability forecast.
And can be defined by current ensembles in high-D spaces…


How can we best use these distribution both in practice and How can we best use these distribution both in practice and 
in improving our theory?in improving our theory?


Bounding boxes for each model.Bounding boxes for each model.


Any two ensemble members almost certainly define a box.Any two ensemble members almost certainly define a box.


MultiMulti--model bounding box.model bounding box.
We needWe need notnot assume that the hole is just another draw from assume that the hole is just another draw from 
the same distribution!the same distribution!
The target is just the target, nothing more.The target is just the target, nothing more.


§ Let E be the ensemble, 
§ yi ∈ E the n ensemblemembers, and
§ x* the target 


§ Probability that yi is smaller/larger than x*


)Pr( *xyp ileft ≤=
)Pr( *xyp iright >=


§ Probability that BB includes x*


1-dim )(1)1(Pr n
right


n
leftBB ppd +−==


n
left


n
left pp )1(1 −−−=


d-dim (independent coordinates)


∏
=


−−−=≥
d


j


n
jleft


n
jleftBB ppd


1
,, )1(1)1(Pr


PrBB = f (pleft,d,n)
symmetric ensemble


pj,left= 0.5 pj,left = 0.01


Ensemble size and the probability of capturing the verification.


A realistic probability of capture is relative high even in highA realistic probability of capture is relative high even in high dimensional spaces.dimensional spaces.
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Bias corrected T2MBias corrected T2M
Grey Red Yellow Green  sum


----------------------------------
Grey    0.14 0.14 0.06 0.00  0.34
Red 0   0.14  0   0.02  0.16
Yellow  0.12 0.05 0.19 0.02  0.38
Green    0   0.03  0   0.10  0.13
sum 0.26 0.36 0.25 0.14  1.00


Most boxes remain the same (57%).Most boxes remain the same (57%).
GG to to RR and and RR to to GG symmetric ~2% (no gain)symmetric ~2% (no gain)
YY to to GG 12% (widening but worsening!)12% (widening but worsening!)
GG to Y   6% (still wide but captures) to Y   6% (still wide but captures) 
GG to to RR 14% (narrower but still misses)14% (narrower but still misses)


After Bias “Correction”After Bias “Correction”
_______
Before |


|


The first three weeks show a significant “ outside the box”  anomaly. 


SOI-Index: 1 month lead (DJF)


0.740.74


0.940.94


UKMOUKMO


0.380.38


0.860.86


MPIMPI


0.740.74


0.950.95


LODYCLODYC


0.630.630.440.440.620.620.670.670.700.70RPSSRPSS


0.920.920.840.840.930.930.930.930.940.94CorrelationCorrelation


INGVINGVECMWFECMWFCNRMCNRMCERFACSCERFACSMultiMulti--
ModelModel


�-�
������������,
����).-	 #���4��� �������
��������5���� �6


SOI-Index: 1 month lead (DJF)


�-�
������������,
����).-	 #���4��� �������
��������5���� �6


The sign of every major anomaly (except the last) is clearly indicated.


XX


Malaria predictions (0º,35ºE)
���#$:���-+�.#�
)�+31���.+�� ���#	 ���


��1��3��-�
������������,
����).-	 #���4��� �������
��������5���� �6


We need empirical verification against malaria cases, We need empirical verification against malaria cases, 
rather than ERArather than ERA--40.40. F


F


F
F


F
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Crop growth monitoring system
� �
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����.��.��+�	 
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The Question is where/when to shift to statistics…The Question is where/when to shift to statistics…


➘➘ ����-�/�)�����	 ���������-�/�)�����	 �����


➘➘ ��
����.���0�.����
����.���0�.��


➘➘ �
�+.�����)0��	 .��+��0���	 ��,
���
�+.�����)0��	 .��+��0���	 ��,
��


�-/4�.)�-/4�.)##	 
�.
��	 
�.
��


➘➘ �.�4-+���*���
���.�4-+���*���
��


➘➘ �-+�.�-+�.##	 
)�+�����	 /+��	 
)�+�����	 /+��


Model error is that which  remains once we Model error is that which  remains once we 
have done all we know (or can afford) to do…have done all we know (or can afford) to do…


AfterAfter we we improve the model classimprove the model class, , 
take take ensembles over modelsensembles over models, , 
and over and over initial conditions.initial conditions.


Data and Verification on-line


> ?.��
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§ Most continents are well bounded
§ Localized regions of consistent failure: 
§ Coasts of Africa, South America (cold 


surface currents, stratus clouds)
§ Spread underestimation in the tropics 


(Caribbean, Indonesia) → model 
improvements?


§ ~50% more resources could enable the 
state-of-the-art multi-model ensemble to 
include ERA-40 globally with a high 
probability


Conclusions Inside/outside BB


AND


σσσσENS ≥≥≥≥ or <<<< σσσσCLIM


1-3 months lead 4-6 months lead


--0.010.01


0.360.36


UKMOUKMO


--0.250.25


0.030.03


MPIMPI


0.260.26


0.290.29


LODYCLODYC


0.270.270.240.240.230.230.230.230.300.30RPSSRPSS


0.350.350.340.340.520.520.510.510.500.50CorrelationCorrelation


INGVINGVECMWFECMWFCNRMCNRMCERFACSCERFACSMultiMulti--
ModelModel


Malaria predictions (0º,35ºE)
���#$:���-+�.#�
)�+31���.+�� ���#	 ���
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End-user modelling
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http://data.ecmwf.int/data
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Verification
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Potential Economic Value
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	 �C �:�$�σ


��
	 �C �:�


Wheat Yield Prediction PDFs
using downscaled DEMETER data for Spain
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DEMETER MM-Results: NAO-Index 
(DJF)
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NAO-Index: 1 month lead (DJF)


0.090.09


0.310.31


UKMOUKMO


0.080.08


0.230.23


MPIMPI


0.190.19


0.490.49


LODYCLODYC


0.070.070.210.210.170.170.150.150.240.24RPSSRPSS


0.370.370.430.430.440.440.480.480.680.68CorrelationCorrelation


INGVINGVECMWFECMWFCNRMCNRMCERFACSCERFACSMultiMulti--
ModelModel
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DEMETER data T2m from 1989-1998 6-hourly


1-3 months lead 4-6 months lead


Fraction outside BB (       )
BBrP̂


DJF (start: Nov) JJA (start: May)


Fraction outside BB (       )
BBrP̂


σσσσENS/σσσσCLIM


1-3 months lead 4-6 months lead
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DJF JJA


Estimate of Minimum Ensemble Size
to capture target with PrBB= 95%


n < 63 n ≥ 63


Potential improvements
and cost savings


DJF JJA


Multi-Model vs. Single-Model Ensemble
Minimum 


Ensemble Size in 
Single Model 
Ensembles







14


This distribution represents the evolution of several thousand This distribution represents the evolution of several thousand 
full GCM climate model runs; but what should we call it?full GCM climate model runs; but what should we call it?


It is not a PDF…It is not a PDF…


$$$($$$(������������/#�����"�/#�����"�(��(��


Tue 17:30 “Sorry Wrong Number” . (Tue 17:30 “Sorry Wrong Number” . (EratoErato) ) 


Model Class: Every model is drawn from a model class, this Model Class: Every model is drawn from a model class, this 
defines the mathematical structure of the model.defines the mathematical structure of the model.


Model Inadequacy: The union of all available model classes is a Model Inadequacy: The union of all available model classes is a 
model class, and it does not contain an empirically adequate model class, and it does not contain an empirically adequate 
model.model.


Subjective Probabilities conditioned on a fixed information set Subjective Probabilities conditioned on a fixed information set 
are both objective and irrelevant to environmental forecasting.are both objective and irrelevant to environmental forecasting.


What is a probability forecast?What is a probability forecast?


Jargon Normalization:


What is a Probability Forecast?What is a Probability Forecast?


The Indistinguishable States approach yields an 
accountable ensemble iff the model is perfect.


OneOne--month lead SST for JJA 1988 at a tropical Pacific grid point.month lead SST for JJA 1988 at a tropical Pacific grid point.


Verification
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Possible approaches to representation of 
model error
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Leonard Smith,  Ensemble Climate Modeling:  WHat Can IT Teach Us Within An in-
sample Science 
 

Leonard Smith 
Centre for the Analysis of Time Series Department of Statistics, London School of Economics, 

United Kingdom 
 

 
 
 
 

By the nature of the problem addressed, climate modelling is an in-sample science. This is true 
on at least two counts: first, the time-scale of the forecasts is significantly longer than the 
lifetime of the simulation model(s) used; second, both the transient nature of the boundary 
conditions (external forcing and atmospheric composition) and slow rate at which new data is 
obtained limits the scope of traditional approaches like cross-validation. There are fundamental 
limitations to what we can be sure of, even on what we can assign meaningful probabilities to, 
in this situation (see L.A. Smith, (2002) Proc. National Acad. Sci. USA, 4 (99): 2487-2492). If 
we are to realise the potential of ensemble experiments, it is important to clarify the questions 
the experiment is to address at the design stage. Several competing goals are discussed in the 
context of multi-model, multi-parameter-value, multi-initial condition ensemble modeling. It is 
critical to distinguish (at the design stage) between (a) making the best forecast possible today, 
in the knowledge that it may be shown to be physically irrelevant (in, say, 10 years time) well 
before the verification time; (b) investigating the behavior of today's model(s) so as to provide 
a more useful forecast model(s); (c) bounding likely future behaviours (that is, giving probable 
limits under each model, without a clear indication of their probability in practice) and (d) 
suggesting specific, pivotal observations to allow repeated reinterpretation the forecast range 
(using past and suggesting future model simulations) as time passes. The common disparity 
between the variables of interest in potential application (regional, seasonal, and extreme) and 
the variables most discussed in model evaluation (global, annual averages) is used to illustrate 
the importance of a true initial condition component within the ensemble mix for climate 
studies in each case above. 
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Leonard A SmithLeonard A Smith


Centre for the Analysis of Time Series,Centre for the Analysis of Time Series,


London School of  EconomicsLondon School of  Economics


&&


Pembroke College, OxfordPembroke College, Oxford


With thanks to: Dave With thanks to: Dave StainforthStainforth, Dave Frame  , Dave Frame  
and Myles Allenand Myles Allen


I’m not suggesting we say nothing, only that we avoid saying I’m not suggesting we say nothing, only that we avoid saying 
things that are demonstrably inconsistent, misleading  and sillythings that are demonstrably inconsistent, misleading  and silly..
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Foundational questions on the role of probability Foundational questions on the role of probability 
forecasts in predictability remain open!forecasts in predictability remain open!


Two styles of climate experiment:Two styles of climate experiment:


Traditional Approach:Traditional Approach:
•• take the biggest model money can buy,take the biggest model money can buy,
•• run it “ once”  (in a transient experiment),run it “ once”  (in a transient experiment),
•• examine averages statistics (climate variables)examine averages statistics (climate variables)


TwentyTwenty--first Century Approach:first Century Approach:
•• take a twentieth century model,take a twentieth century model,
•• run “ it”  many times,run “ it”  many times,
•• examine distributions over averaged statistics. examine distributions over averaged statistics. 


“once”  < 128“once”  < 128


“many”  > 4096,“many”  > 4096,


“it”     ?chip set?“it”     ?chip set?


Question: What do the numbers that come out of such Question: What do the numbers that come out of such 
experiments really mean?experiments really mean?


•• issue of accuracyissue of accuracy
•• issue of relevanceissue of relevance


Two styles of climate experiment:Two styles of climate experiment:


Traditional Approach:
• take the biggest model money can by,
• run it “ once”  (in a transient experiment),
• examine averages statistics (climate variables)


TwentyTwenty--first Century Approach:first Century Approach:
•• take a twentieth century model,take a twentieth century model,
•• run “ it”  many times,run “ it”  many times,
•• examine examine distributionsdistributions over averaged statistics. over averaged statistics. 


Open Questions:Open Questions:
•• which averages are physically meaningful?which averages are physically meaningful?
•• how to interpret  these distributions?how to interpret  these distributions?
•• how to design them? how to design them? 
•• how to sample them in real time?how to sample them in real time?


Two styles of climate experiment:Two styles of climate experiment:


Traditional Approach:
• take the biggest model money can by,
• run it “ once”  (in a transient experiment),
• examine averages statistics (climate variables)


TwentyTwenty--first Century Approach:first Century Approach:
•• take a twentieth century model,take a twentieth century model,
•• run “ it”  many times,run “ it”  many times,
•• examine examine distributionsdistributions over averaged statistics. over averaged statistics. 


Open Questions:Open Questions:
•• which averages are physically meaningful?which averages are physically meaningful?
•• how to interpret  these distributions?how to interpret  these distributions?
•• how to design them? how to design them? 
•• how to sample them in real time?how to sample them in real time?
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A model run requires:A model run requires:
• a mathematical structure
• constants (pi)
• parameters (freezing point of water)
• initial fields (2m temperature, pressure, SST) 


•• evolved fields (and statistics) to report back.evolved fields (and statistics) to report back.


A model run requires:A model run requires:
• a mathematical structure
• constants (pi)
• parameters (freezing point of water)
• initial fields (2m temperature, pressure, SST) 


These are numbers, effectively real numbers.These are numbers, effectively real numbers.


A model run requires:A model run requires:
•• a mathematical structurea mathematical structure
•• constants (pi)constants (pi)
•• parameters (freezing point of water)parameters (freezing point of water)
•• initial fields (2m temperature, pressure, SST) initial fields (2m temperature, pressure, SST) 


These are numbers, effectively real numbers.These are numbers, effectively real numbers.


This is a discrete mathematical structure.This is a discrete mathematical structure.


It is easier to sample over real numbers, as it requires only a It is easier to sample over real numbers, as it requires only a 
distribution function, so consider this first.distribution function, so consider this first.


Three Sampling Strategies:Three Sampling Strategies:


Physical relevance:Physical relevance:
(goal: an objective PDF forecast)(goal: an objective PDF forecast)


Prior Uncertainty:Prior Uncertainty:
(goal: a Bayesian uncertainty (goal: a Bayesian uncertainty 
analysis)analysis)


A child’s squiggle:A child’s squiggle:
(goal: unclear)(goal: unclear)


Not well defined unless model structure is Not well defined unless model structure is 
(literally) perfect.(literally) perfect.


Extremely expensive; not a physically Extremely expensive; not a physically 
meaningful probability forecast.meaningful probability forecast.


Uncomfortably difficult to rule out, once Uncomfortably difficult to rule out, once 
normalised, given the goals implied by normalised, given the goals implied by 
common usage of the results…common usage of the results…


Bertrand’s paradoxBertrand’s paradox (discussed by (discussed by PoincarePoincare via a glass of wine) asks a question via a glass of wine) asks a question 
of which prior to use (identical to the one asked by Myles yesteof which prior to use (identical to the one asked by Myles yesterday). rday). 
This paradox can be resolved  (addressed) when continually updatThis paradox can be resolved  (addressed) when continually updating a prior;  ing a prior;  
but it is fatal when dealing with a onebut it is fatal when dealing with a one--off (climate) forecast.off (climate) forecast.


Bayesian Approach:Bayesian Approach:


•• a mathematical structurea mathematical structure
•• constants (pi)constants (pi)
•• parameters (freezing point of water)parameters (freezing point of water)
•• initial fields (2m temperature, pressure, SST)initial fields (2m temperature, pressure, SST)


The goal here is not a probability forecast, in the sense that aThe goal here is not a probability forecast, in the sense that a physicist physicist 
views one, but rather to propagate all initial uncertainties views one, but rather to propagate all initial uncertainties (through each (through each 
model structure)model structure). . 


The result would be interesting, but perhaps the resources couldThe result would be interesting, but perhaps the resources could be better be better 
spent elsewhere if the goal is information about the Earth.spent elsewhere if the goal is information about the Earth.


Sampling issues:Sampling issues:


true constants(?)true constants(?)
not smoothnot smooth
mixingmixing


The fact that the initial conditions are mixing simplifies samplThe fact that the initial conditions are mixing simplifies sampling for finite ensembles.ing for finite ensembles.


But there is no Bayesian method of sampling But there is no Bayesian method of sampling unsmooth unsmooth parameter surfaces, and parameter surfaces, and 
BB--sampling this space requires much expert input (much more than sampling this space requires much expert input (much more than covariancescovariances!)!)


Expert opinion “varied”Expert opinion “varied”


A climate model is more like the Stanford Linear A climate model is more like the Stanford Linear ColliderCollider……


Objective aObjective a--Forecast Approach:Forecast Approach:


•• a mathematical structurea mathematical structure
•• constants (pi)constants (pi)
•• parameters (freezing point of water)parameters (freezing point of water)
•• initial fields (2m temperature, pressure, SST)initial fields (2m temperature, pressure, SST)


The goal here is an accountable probability forecast.The goal here is an accountable probability forecast.


This requires finding the distribution that the real world is drThis requires finding the distribution that the real world is drawn from, and awn from, and 
then drawing from this distribution conditioned on our uncertainthen drawing from this distribution conditioned on our uncertainty in the ty in the 
truetrue parameter values.parameter values.


Sampling issues:Sampling issues:
each is imperfecteach is imperfect


no ‘ true’  valuesno ‘ true’  values
still mixingstill mixing
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These distributions represent the evolution of several thousand These distributions represent the evolution of several thousand full GCM full GCM 
climate model runs; but what should we make of it if not a PDF…climate model runs; but what should we make of it if not a PDF…


����������	����������	
�	��������	�
�	��������	�


Stainforth et al 2004


Model Improvement Approach:Model Improvement Approach:


•• a mathematical structurea mathematical structure
•• constants (pi)constants (pi)
•• parameters (freezing point of water)parameters (freezing point of water)
•• initial fields (2m temperature, pressure, SST)initial fields (2m temperature, pressure, SST)


The goal here is effectively to improve our model(s).The goal here is effectively to improve our model(s).


Probability forecasts under each model are treated more as distiProbability forecasts under each model are treated more as distinct shotgun nct shotgun 
blasts at an unseen target (or golf balls on a green), rather thblasts at an unseen target (or golf balls on a green), rather than designing a an designing a 
shotgun shell with “ truth”  as one of the pellets.shotgun shell with “ truth”  as one of the pellets.


Sampling issues:Sampling issues:


Observations guideObservations guide


?may be constant??may be constant?


on manifold, on manifold, 
not multinot multi --normalnormal
still  mixingstill  mixing


The aim is consistency with the past, and guidance for the The aim is consistency with the past, and guidance for the 
future (both research and observations). future (both research and observations). 
Until the model variations are consistent in probability, it is Until the model variations are consistent in probability, it is 
hard to defend any interpretation as a probabilistic forecast. hard to defend any interpretation as a probabilistic forecast. 


Sampling for UnderstandingSampling for Understanding
We are faced with a high dimensional space, an image which 
is a distribution (not a number), purely in-sample evaluation, 
and no system recurrence.


Perhaps the greatest danger is posed by false positives.Perhaps the greatest danger is posed by false positives.


These can be avoided by:These can be avoided by:
•• Well formulated Well formulated a prioria priori questionsquestions
•• Relatively well IC sampled control parameter distributionRelatively well IC sampled control parameter distribution
•• Small IC samples of interesting parameters (verified via Small IC samples of interesting parameters (verified via 


resampling)resampling)


To verify any  “ interesting”  effects spotted after the fact willTo verify any  “ interesting”  effects spotted after the fact will
require rerequire re--running the entire experiment if we are not careful!running the entire experiment if we are not careful!


Imagine that there was one coin with two heads in Cape Town…Imagine that there was one coin with two heads in Cape Town…


What then do the ensembles tell us, if not a What then do the ensembles tell us, if not a 
probability forecast?probability forecast?


They tell us about our model; they tell us what to watch out forThey tell us about our model; they tell us what to watch out for..


They guide model improvement and observational programs. They guide model improvement and observational programs. 


They tell us all that we can know tomorrow, given what we They tell us all that we can know tomorrow, given what we 
know today.know today.


Our models can be much more useful, if we drop the pretence Our models can be much more useful, if we drop the pretence 
(implied by the questions we ask) that they are near perfect!(implied by the questions we ask) that they are near perfect!


����������������������������������������������	��	��������������	���	������������������	��	��������������	���	��������������������
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Points for more discussion:Points for more discussion:
Without an IC ensemble, we have Without an IC ensemble, we have zerozero information on extreme events in a information on extreme events in a 
transient experiment.transient experiment.


The dimensionality implies we will The dimensionality implies we will nevernever get joint distributions get joint distributions 
(Not even 5 variables for each country that signs up for Kyoto!)(Not even 5 variables for each country that signs up for Kyoto!)


Even with IC ensembles, we must allow a projection operator fromEven with IC ensembles, we must allow a projection operator from modelmodel--
state space to  observation space.state space to  observation space.
__________________________________________________________________________________________________________
We can and should avoid the force of arguments that run:We can and should avoid the force of arguments that run:
•• If any one of the models proves to be good, this forecast is miIf any one of the models proves to be good, this forecast is misleading;sleading;
•• If all the models prove to be poor, this forecast is misleadingIf all the models prove to be poor, this forecast is misleading;;
•• The models do not currently agree (hence not all can prove to bThe models do not currently agree (hence not all can prove to be good)e good)
Therefore this forecast is misleading. Therefore this forecast is misleading. 


Why embrace probability theory yet refuse to give probability foWhy embrace probability theory yet refuse to give probability forecasts?recasts?


Points for more discussion:Points for more discussion:
Without an IC ensemble, we have Without an IC ensemble, we have zerozero information on extreme events in a information on extreme events in a 
transient experiment.transient experiment.


The dimensionality implies we will The dimensionality implies we will nevernever get joint distributions get joint distributions 
(Not even 5 variables for each country that signs up for Kyoto!)(Not even 5 variables for each country that signs up for Kyoto!)


Even with IC ensembles, we must allow a projection operator fromEven with IC ensembles, we must allow a projection operator from modelmodel--
state space to  observation space.state space to  observation space.
__________________________________________________________________________________________________________
We can and should avoid the force of arguments that run:We can and should avoid the force of arguments that run:
•• If any one of the models proves to be good, this forecast is miIf any one of the models proves to be good, this forecast is misleading;sleading;
•• If all the models prove to be poor, this forecast is misleadingIf all the models prove to be poor, this forecast is misleading;;
•• The models do not currently agree (hence not all can prove to bThe models do not currently agree (hence not all can prove to be good)e good)
Therefore this forecast is misleading. Therefore this forecast is misleading. 


Why embrace probability theory yet refuse to give probability foWhy embrace probability theory yet refuse to give probability forecasts?recasts?


Never think:  P(x)  but rather always think P(x | Never think:  P(x)  but rather always think P(x | II ),),
Then refuse to give probability forecasts unless you can avoid  Then refuse to give probability forecasts unless you can avoid  P(x | P(x | FalseFalse).).
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(Or How I Learned to Stop Worrying and Love Model Inadequacy)


Leonard A. Smith, Leonard A. Smith, AntjeAntje Weisheimer, Milena Cuellar, Kevin Judd & Myles AllenWeisheimer, Milena Cuellar, Kevin Judd & Myles Allen
London School of EconomicsLondon School of Economics


&&
Pembroke College, OxfordPembroke College, Oxford


www.maths.ox.ac.uk/~lennywww.maths.ox.ac.uk/~lenny
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climateprediction.net will repeat this simple 
experiment with 100,000 runs of HCM3 (the UK 
model used in the last IPCC report)
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Pot Shots


nn Ensemble runs only test within a model class (union).Ensemble runs only test within a model class (union).
nn Are current models simple enough to admit Bayesian (linear) tricAre current models simple enough to admit Bayesian (linear) tricks ks 


for quantifying model inadequacy?for quantifying model inadequacy?
nn What are the current spatial & temporal credibility ratios?What are the current spatial & temporal credibility ratios?


uu Minimum scale average required to bound / min model resolution.Minimum scale average required to bound / min model resolution.
nn The uncertainty estimated is only that within our modelling paraThe uncertainty estimated is only that within our modelling paradigm, digm, 


reality is never bound by our understanding of it : remember Nepreality is never bound by our understanding of it : remember Neptune!tune!
nn (We can only test internal consistency.)(We can only test internal consistency.)
nn What some (?all?) packages are sometimes unstable?What some (?all?) packages are sometimes unstable?
nn If the details of the distributions differ between sets of modelIf the details of the distributions differ between sets of models, what s, what 


(if anything) can we say?(if anything) can we say?
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Tim Staeger,  Statistical Separation Of Natural And Anthropogenic Signals  In Observed 
Surface Air Temperature Time Series 
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and 

 
Christian-D. Schonwiese 

 
 

 
In this study observed surface air temperature time series are statistically analysed with respect 
to natural and anthropogenic forcing. The data represent global or hemispheric averages, 
respectively, as well as regional data (areas means on a global scale, European grid-point data). 
The period considered covers approximately the recent century. The analysis method applied is 
stepwise regression, including EOF techniques and moving analysis in time, where low-
dimension regression models are evaluated explaining a maximum of observed variance. 
Thereby, natural forcing is represented by variations of the solar constant, explosive volcanism, 
El Nino (ENSO), and the North Atlantic Oscillation (NAO), anthropogenic forcing by CO2 
equivalents (greenhouse gases, GHG) and tropospheric sulphate (SU).  On a global or 
hemispheric scale these forcing parameter time series explain c. 65   80 % of the observed 
temperature variance where greenhouse gases dominate followed by solar activity forcing. The 
SU signal appears to be problematical. The way to a more regional consideration (as well as 
the analysis of precipitation and air pressure data) leads to an increase of stochastic variability 
(noise) and in turn to both less explained variance and less confidence of the GHG signal. 
Although the most pronounced GHG signals are found in the mid-continental areas of the 
northern hemisphere, maximum confidence is related to oceanic and tropical regions. It is 
concluded that the large-scale average, in particular global, of surface air temperature is most 
appropriate to detect anthropogenic forcing on climate by means of observations.
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Which parts of  the variations in observed temperature
are assignable to natural and anthropogenic forcings?


Are anthropogenic signals distuingishable from noise?


Approach


Causes for the structures in the time series under
consideration are being postulated.


A pool of potential regressor time series is collected 
out of the forcings / processes considered.


A selection routine is applied to obtain a multiple 
linear regression model.


→ Stepwise Regression


The effects are seen to be linear and additive.


Forcings / processes considered


- Greenhouse gases (GHG)


- El Niño - Southern Oscillation (SOI)


- Explosive volcanism (VUL)


- Solar forcings (SOL)


- North atlantic oscillation (NAO)


- Tropospheric sulphate aerosol (SUL)
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Variations of the Solar constant 1500 - 2001 after Lean: Explosive volcanism: first three PCs out of 16 zonal means of 
volcanic radiative forcing after Grieser:


Southern-Oscillation-Index annual mean 1876 – 2001 (CRU)
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NAO index 1850 - 2001 after P.D. Jones:
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Significance test of the regression coefficients:
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t-test:


ν: degrees of freedom


ri.,part: partial correlation coefficient of Ri


j: lenght of time series
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Significance of  signals:


A signal has to be distuingished sufficiently from noise:
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Given a Gaussian distributed noise term, the significance of a signal
to noise ratio can be computed.


significance of the greenhouse signal:
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A signal has to be distuingished sufficiently from noise:


What is noise?


Case 1: noise represents chance:


To obtain the component representing chance, the residual is
separated into a structured and unstructered component.


( ) ( ) ( ) ( )txnoisetxRtxRtxR polytrend ,,,, ++=


The question to be answered here:


Is the greenhouse signal distuingishable from chance?


What is noise?


Case 2: noise comprises of natural variability and unexplained
variance


The question to be ansewered here:


Is the greenhouse signal distuingishable from variability of non-
anthropogenic origin?
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Case 2: noise = natural variability + unexplained


Existing area means, temperature annual means 1901 - 2000


Data fields:


Spatial distinction leads to area means which are not independent, 
because they all describe a part of the same field of meteorological
data.
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Transformation of the data field into principal components, which
contain structures of the whole field:


→ EOF-Transformation
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EOF: spacial components


PC: time dependent components


λ: Eigen value


Empirical Orthogonal Functions:


data field →
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↓


Stepwise
Regression←
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signal fields,


residual field


Treatment of data fields


1 2 3 4 5 6 7 8 9 10


p
ro


ze
n


tu
al


e 
T


ei
lv


ar
ia


nz


0


5


10


15


20


25


30


35


40


45


50
Temperatur, Jahresmittel 1878 - 2000, global, 34 Gebietsmittel


Eigen spectrum:


 


First PC and EOF of the global temperature field 1878 – 2000:


1. PC; e.V.: 40.7% Variance spectrum of the 1. PC


1. EOF


 


GHG signal field for the year 2000 relative to 1901 in [K]: GHG signal field, seasonal means for 2000 relative to 1901 in [K]:


NH winter NH spring


NH summer NH autum
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Solar signal field for 2000 relative to 1906 (first sunspot
maximum analyzed) in [K]:


NAO signal field winter 1993 relative to mean values 1901-2000 
in [K]:


 


Sulfate signal in the global 
temperature field 1901 - 2000:


For 1970 relative to 1901


 


For 2000 relative to  1901
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Explained variance of the full model and of single forcings
for the global temperature data field 1878 - 2000


Significance of the GHG 
signal for 2000 relative to 
1901 in percentages:


 


Case 1: noise represents 
chance


Case 2: noise = natural 
variability + unexplained


 


Significance of the GHG 
signal for 2000 relative to 
1878 in percentages:


 


 


Case 1: noise represents 
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Case 2: noise = natural 
variability + unexplained
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1. PC; e.V.: 53,1% Varianzspektrum der 1. PC


1. EOF
 


First PC and EOF of the european temperature field 1878 – 2000:
GHG signal field Europe for 2000 relative to 1878 in [K]:


 


 


 


Significance of the european
GHG signal for 2000 relative 
to 1878 in percentages:


Case 1: noise represents 
chance


Case 2: noise = natural 
variability + unexplained
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Explained variance of the full model and of single forcings
for the european temperature data field 1878 - 2000


NAO in the european
temperature field:


NAO signal field in winter
1925 relative to mean
values 1901-2000 in [K]


Significance of the NAO 
signal in Winter 1925 in 
pecentages


Case 2: complete residual 
and natural variability as 
noise (without NAO)
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Signficance of the GHG signal in the german mean
temperature 1878 - 2000:


Case 1: noise represents chance
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Signficance of the GHG signal in the german mean
temperature 1878 - 2000:


Case 1: noise = natural variability + unexplained
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Explained variance of the full model and of single forcings
for the german mean temperature 1878 - 2000


SLP Europe 1896 – 1995:


GHG signal field annual
mean 1995 relative to 1896 
in [hPa]


Significance of the GHG 
signal annual mean
1995 in percentages


Case 1: unstructured
residual component as 
noise


 


 


NAO in the european SLP 
field:


NAO signal field winter
1989 relative to mean
values 1896-1995 in [hPa]


 


 


Significance of the GHG 
signal annual mean
1995 in percentages


Case 1: unstructured
residual component as 
noise
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Explained variance of the full model and of single forcings
for the european SLP field 1896 - 1995


Precipitation Europe 1900 –
1998:


GHG signal field annual
totals 1998 relative to 1900 
in [mm]


Significance of the GHG 
signal annual totals
1998


Case 1: unstructured
residual component as 
noise
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NAO in the european
precipitation field:


NAO signal field winter
1989 relative to mean
values 1900-1998 in [mm]


Significance of the NAO 
signal winter 1989


Case 1:unstructured 
residual component as 
noise
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Explained variance of the full model and of single forcings
for the european precipitation field 1900 - 1998


Comparism of explained variances for the full models and  
for single forcings for different temperature data sets
1878 - 2000:
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Time moving analysis


Global mean temperature 1856 - 2003, window width: 100 yr
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Global mean temperature 1856 - 2003, window width:  80 yr
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Time moving analysis:


German mean temperature 1856 - 2003, window width: 100 yr


0


5


10


15


20


25


30


35


40


45


18
56


-1
95


5


18
61


-1
96


0


18
66


-1
96


5


18
71


-1
97


0


18
76


-1
97


5


18
81


-1
98


0


18
86


-1
98


5


18
91


-1
99


0


18
96


-1
99


5


19
01


-2
00


0


data window


ex
p


la
in


ed
 v


ar
ia


n
ce


 [%
]


GES


GHG


NAT


SOL


NAO


Time moving analysis:
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German mean temperature 1856 - 2003, window width: 80 yr
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Time moving analysis: Conclusions


Explained variance is highest in global and hemispheric mean
temperatures (ca. 70% - 80%) and is reduced in data sets with
high spacial resolution.


On the global scale, GHG forcing is most important and 
significant.


On the european scale NAO is dominant – GHG forcing is not
significant.


Time moving analysis shows a growing meaning of GHG 
forcing compared to natural forcings, especially since around
1985 on the global scale.
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David B. Stephenson,  An Overview of EOF / PCA Techniques in Climate Research 
 

David B. Stephenson 
Department of Meteorology, University Of Reading, United Kingdom 

 
 
 
 

This talk will provide an overview of Empirical Orthogonal Function (EOF) techniques used in 
climate research. Since the 1950s, EOF analysis (or Principal Component Analysis) techniques 
have been widely used in climate analysis. This talk will attempt to address the following eight 
questions: 
 

- What is EOF/PCA analysis? 
- Why do climate scientists use these techniques? 
- How has EOF/PCA research evolved since 1950? 
- What exactly is a physical/dynamical mode? 
- What is a modal expansion? 
- Which is more physical: the North Atlantic Oscillation or the Arctic Oscillation? 
- What about more regional modes in the Northern Hemisphere? 
- Where are we going next? 

 
It is hoped that this talk will raise several issues for further discussion and in so doing will  
capture much of the variance in current EOF thinking! 




Dr. David Stephenson
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One-point DJF SLP correlation map


basepoint
(Iceland)


strong
teleconnection


(Azores)


weaker 
teleconnection


(Pacific)


red: positive
blue: negative


correlation
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A. Ångström (1935) Teleconnections of 
climatic changes in present time, Geogr. 
Annal., 17, 243-258


“the weather at a given place is not an 
isolated phenomenon but is intimately 
connected with the weather at adjacent 
places”


Chief causes of teleconnections:
I. Local extension of a given feature
II. Propagation of weather systems
III. Existence of changes of great extension 
that affects local weather:


1. Energy reaching the Earth
2. Atmospheric circulation
3. Other
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Image source: Jim HURRELLFor more details about the NAO refer to: http://www.met.rdg.ac.uk/cag/NAO
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The most dominant pattern
in the Northern Hemisphere


NAO web page:
www.met.rdg.ac.uk/cag/NAO
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Arctic Oscillation


EOF1 at 1000hPa


Annular mode patterns are similar from Earth’s surface to 50+km


Northern Annular Mode


EOF1 at 10hPa
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What if no correlation between Azores and Pacific?
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SLP correlation maps with NAO/AO indices
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n Maximise something that is 


simple and important (domain 
total variance!)


n Easy to do using SVD for large 
data sets


n Not overly sensitive to outliers 
or distributional assumptions


n Produce uncorrelated PCs
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n Does not exploit physical 
information to simplify the 
EOFs


n Depends on the choice of 
domain


n Takes no account of local 
spatial or temporal dependency


n Not based on a probability 
model (descriptive technique)


n Resulting PCs are linear 
functions of the non-linearly 
evolving variables
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Dáithí Stone,  The End-To-End Attribution Problem:  From Emissions To Impacts 
 

Dáithí Stone 
AOPP, Department Of Physics, University Of Oxford, United Kingdom 

 
and 

 
 Myles Allen 

 
The attribution of recent changes in global mean climate to anthropogenic activities is now 
well established.  Of course, it is not global mean climate but rather local episodic extreme 
weather events that often have the largest impacts.  While the attribution of climate change at 
more regional scales is now being examined, this research is still restricted to continuous 
quantities.  Here we present a transfer of a methodology used in epidemiology for the 
attribution of episodic events.  Key to this approach is the consideration of the risk of the event  
occurring, rather than the occurrence itself.  Given restrictions on our knowledge of the climate 
system, it is important to recognise that this risk is in fact a probabilistic quantity and should be 
treated accordingly.  Tests of the application of this technique to the simple Lorenz 1963 
system will examined. 
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Hadley
Centre


Detection of anthropogenic climate change in Africa and 
other continental regions and human contribution to the  


European heatwave of 2003
Peter Stott


Hadley Centre for Climate Prediction and Research
Met Office


Gareth Jones, John Mitchell , Jamie Kettleborough (RAL), 
Daithi Stone (Oxford), Myles Allen (Oxford)


n Attribution of near-surface temperature 
changes
– Determination of spatio-temporal fingerprints of 


anthropogenic and naturally forced changes using 
climate models


– Optimal detection (linear regression)


n Continental-scale attribution
– Africa and 5 other continental-scale land regions
– North America (multiple models)


n Human contribution to the European 
heatwave of 2003
– First application of end-to-end attribution 2


Hadley
Centre


Near-surface global temperature 
anomalies, 1861-2003


Analysed by the Hadley Centre and the University of East Anglia 
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Hadley
Centre


Estimates of changes in the average temperature of the 
northern hemisphere over the past one to two millennia 
based on reconstructions from empirical (‘proxy’) data.


From Mann et al, EOS, 84, 256-258, 2003. 4
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Centre


Global mean surface air temperature from 
1000 year control simulations compared with 


recent instrumental record


5


Hadley
Centre


Validation of internal variability
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Hadley
Centre


Human activities have changed the composition of the 
atmosphere since the pre-industrial era


33% rise


100% rise
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Hadley
Centre


Aerosol and its direct effect on climate


Solar radiation
scattered back =
cooling influence
on climate


Sulphur dioxide
emissions


Aerosol in the
boundary layer
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Hadley
Centre


Aerosol particles cool climate by making clouds more reflective


Some
sunlight


reflected


More sunlight
reflected–


cooling effect


Brighter clouds‘Normal clouds’


Relatively clean
lower atmosphere


Polluted
lower atmosphere
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Natural and anthropogenic forcings
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Centre


Increasing greenhouse gases and 
aerosols
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Hadley
Centre


Explosive volcanic eruptions and 
changes in solar output
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Hadley
Centre


Both anthropogenic and natural 
factors


14


Hadley
Centre


“There is new and stronger evidence that 
most of the warming observed over the last 
50 years is attributable to human activities.”
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HadCM3 patterns of temperature change
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PDFs of attributed temperature changes
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Optimal detection 
is linear regression
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Regional attribution
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Centre


Regional attribution (Stott, GRL, 2003)
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Hadley
Centre


HadCM3 simulation of  20th century 
temperature changes in Southern Africa


Observations 
(black)
HadCM3 model 
simulations 
(green)
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Hadley
Centre


Detection and attribution of temperature 
changes in Africa


Warming from 
greenhouse gases and 
temperature changes 
from other 
anthropogenic factors 
are detected in Africa
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Estimated natural (red) and combined 
anthropogenic and natural contributions to 


temperature change in Africa
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Hadley
Centre


Scaling factors for G, SO, NAT for six continental 
regions


Warming from 
greenhouse gases 
detected in all regions. 
Greater uncertainty in 
contributions from 
aerosols and natural 
factors


23


Hadley
Centre


T
em


p
er


at
u


re
 c


h
an


g
e 


 °° °°
C


1.0


0.5


0


-0.5


Observed temperature change over
North America, Asia and Europe


and model simulation with natural and man-made factors


1900 2000


observations


1900 2000


North America Asia Europe


24


Hadley
Centre


T
em


p
er


at
u


re
 c


h
an


g
e 


 °° °°
C


1.0


0.5


0


-0.5


Observed temperature change over
North America, Asia and Europe


and model simulation with natural and man-made factors


1900 2000


observations Natural factors


1900 2000


North America Asia EuropeEurope







5


25


Hadley
Centre


T
em


p
er


at
u


re
 c


h
an


g
e 


 °° °°
C


1.0


0.5


0


-0.5


Observed temperature change over
North America, Asia and Europe


and model simulation with natural and man-made factors


1900 2000


observations Natural factors Natural + man


1900 2000


North America Asia Europe
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Detection of a human influence on North American 
climate (Karoly et al, Science, 2003)


Decadal variations of North American mean temperatures
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Calculating fraction of risk of extreme 
weather events attributable to 


anthropogenic causes


European summer 
temperatures
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European summer temperatures : 2003 
hottest year in last 500 years (Luterbacher et 


al, 2004)
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Fraction of risk 
attributable to 


external forcing


n How would the climate be different if X 
had not occurred?


n For a specific weather event, we need:
– P0: probability of event if X is 


absent
– P1: probability of event if X is 


present
– 1 - P0/P1: fraction of current risk 


attributable to X
– Estimate distributions of P0 and P1 


consistent with current knowledge.


Allen, 2003, 
Nature
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31


Hadley
Centre


Internal variability : Power spectra of 
European mean temperature
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Hadley
Centre


Calculation of fraction of risk of 
extremely hot European summers 


attributable to anthropogenic factors
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Summary


n “ There is new and stronger evidence that most of the 
warming observed over the last 50 years is attributable 
to human activities”  (IPCC TAR, 2001)


n Significant climate change has been detected  in Africa
– Warming in Africa is attributable to anthropogenic 


greenhouse gas emissions
– Significant anthropogenic warming detected on other 


continental areas including Europe, North America, Asia
n Attributable risk can be calculated for specific events


– The European summer of 2003 was very likely the hottest 
in at least 500 years (Luterbacher et al, 2004, Nature)


– Past human activity has very likely more than doubled the 
risk of a European heat wave of the magnitude of 2003
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3 coupled climate models with different 
sensitivities and aerosol forcing
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3 coupled models with multi-member 
ensembles with different forcings


HadCM3 red
PCM green
GFDL blue
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Scaling factors on G (greenhouse gases), SO 
(aerosols), NAT (solar and volcanic)


HadCM3


PCM
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Potential underestimate of climatic response to solar 
forcing (Stott et al, J Clim in press)


- Current climate models 
could underestimate the 
temperature response to 
solar forcing
- But even with an 
enhancement of response 
to solar forcing of a factor 
of 2 or 3, greenhouse 
gases explain most of 
warming observed since 
1950 


Attributed trends (K/50 yrs)
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Uncertainty in future global mean 
temperature 


Stott and Kettleborough, 
Nature, 2002 
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Decadal mean temperature changes


Comparison between 
observations  (solid line) 


and ensemble mean of 
HadCM3 simulations 


including both 
anthropogenic and natural 


forcings (dashed line) 
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Detection of human influence on sea-level pressure (Gillett et 
al , Nature, 2003
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Detection of reduction in Arctic sea ice extent 
(Gregory et al, GRL, 2002)


Arctic extent 1970-1999
(% per decade)
HadISST1                 -2.5
HadCM3 ALL          -2.5
HadCM3 NAT          -0.4
HadCM3 CTL(95%) -2.1
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Observational constraints on 
predictions
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Hadley
Centre


Scaling model projections


A model that under- or 
over- estimates the climate 
response by a certain 
fraction will continue to 
under- or over- estimate it 
by a similar fraction in 
future.
This assumption seems to 
be valid for scenarios of 
steadily increasing forcing 
- less good for stabilisation 
scenarios
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PDFs of year at which global warming reaches 1.5K relative 
to 1990s
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Scaling to 20th century observed temperature 
changes brings predictions into better agreement


Predicted warming relative to 1990s
HadCM3 red
PCM green
GFDL blue


Predicted warming relative to 1990s
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Uncertainty in global mean temperature becomes 
better constrained as climate change signal 


becomes stronger.
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 Dave Stainforth 

Predictions of climate change produced by general circulation models can only be verified 
against historical observations.  However, due to sampling issues the observational constraints 
are consistent with a wide range of possible futures. Thus, for establishing the robustness of the 
prediction of some future variable we must examine the full historical climate variable space.  
It is of considerable interest therefore to establish which direction of that variable space is most 
important, both in order to constrain the future prediction and to focus efforts in model 
development.  Here we conduct a modelling study using the CMIP2 quasi-ensemble to 
investigate how intermodel variations in future predictions relate to variations in the 
reproduction of historical quantities.  Details of the technique and the modelling tests will be 
presented.



Peter Stott,  Detection Of Anthropogenic Climate Change In Africa And Other 
Continental Regions And Attribution Of The Increasing Likelihood Of Extremely Hot 
Summer Temperatures. 
 

Peter Stott 
Hadley Centre For Climate Prediction And Research, Met Office, United Kingdom 

 
 

and 
 

Daithi Stone 
Myles Allen 

 
 

We show that anthropogenic increases in annual mean temperatures have  been detected on 
individual continents including in Africa, North  America, and Europe. Motivated by the 
extremely hot summer in Europe  in 2003, we examine the increasing likelihood of hot 
European summers  and show that a large fraction of the risk of very hot summers can  already 
be attributed to anthropogenic causes. 
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Detection of anthropogenic climate change in Africa and 
other continental regions and human contribution to the  


European heatwave of 2003
Peter Stott


Hadley Centre for Climate Prediction and Research
Met Office


Daithi Stone (Oxford), Myles Allen (Oxford)


n Attribution of near-surface temperature 
changes
– Determination of spatio-temporal fingerprints of 


anthropogenic and naturally forced changes using 
climate models


– Optimal detection (linear regression)


n Continental-scale attribution
– Africa and 5 other continental-scale land regions
– North America (multiple models)


n Human contribution to the European 
heatwave of 2003
– First application of end-to-end attribution 2
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Centre


Near-surface global temperature 
anomalies, 1861-2003


Analysed by the Hadley Centre and the University of East Anglia 
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Estimates of changes in the average temperature of the 
northern hemisphere over the past one to two millennia 
based on reconstructions from empirical (‘proxy’) data.


From Mann et al, EOS, 84, 256-258, 2003. 4
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Global mean surface air temperature from 
1000 year control simulations compared with 


recent instrumental record
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Validation of internal variability
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Human activities have changed the composition of the 
atmosphere since the pre-industrial era


33% rise


100% rise
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Aerosol and its direct effect on climate


Solar radiation
scattered back =
cooling influence
on climate


Sulphur dioxide
emissions


Aerosol in the
boundary layer
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Aerosol particles cool climate by making clouds more reflective


Some
sunlight


reflected


More sunlight
reflected–


cooling effect


Brighter clouds‘Normal clouds’


Relatively clean
lower atmosphere


Polluted
lower atmosphere
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Natural and anthropogenic forcings
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Increasing greenhouse gases and 
aerosols
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Explosive volcanic eruptions and 
changes in solar output
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Both anthropogenic and natural 
factors
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“There is new and stronger evidence that 
most of the warming observed over the last 
50 years is attributable to human activities.”
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HadCM3 patterns of temperature change
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PDFs of attributed temperature changes
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Optimal detection 
is linear regression
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Regional attribution
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Regional attribution (Stott, GRL, 2003)
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HadCM3 simulation of  20th century 
temperature changes in Southern Africa


Observations 
(black)
HadCM3 model 
simulations 
(green)
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Detection and attribution of temperature 
changes in Africa


Warming from 
greenhouse gases and 
temperature changes 
from other 
anthropogenic factors 
are detected in Africa
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Estimated natural (red) and combined 
anthropogenic and natural contributions to 


temperature change in Africa
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Scaling factors for G, SO, NAT for six continental 
regions


Warming from 
greenhouse gases 
detected in all regions. 
Greater uncertainty in 
contributions from 
aerosols and natural 
factors
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North America Asia Europe
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Detection of a human influence on North American 
climate (Karoly et al, Science, 2003)


Decadal variations of North American mean temperatures
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Calculating fraction of risk of extreme 
weather events attributable to 


anthropogenic causes


European summer 
temperatures
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European summer temperatures : 2003 
hottest year in last 500 years (Luterbacher et 


al, 2004)
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Fraction of risk 
attributable to 


external forcing


n How would the climate be different if X 
had not occurred?


n For a specific weather event, we need:
– P0: probability of event if X is 


absent
– P1: probability of event if X is 


present
– 1 - P0/P1: fraction of current risk 


attributable to X
– Estimate distributions of P0 and P1 


consistent with current knowledge.


Allen, 2003, 
Nature
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Internal variability : Power spectra of 
European mean temperature
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Calculation of fraction of risk of 
extremely hot European summers 


attributable to anthropogenic factors
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Summary


n “ There is new and stronger evidence that most of the 
warming observed over the last 50 years is attributable 
to human activities”  (IPCC TAR, 2001)


n Significant climate change has been detected  in Africa
– Warming in Africa is attributable to anthropogenic 


greenhouse gas emissions
– Significant anthropogenic warming detected on other 


continental areas including Europe, North America, Asia
n Attributable risk can be calculated for specific events


– The European summer of 2003 was very likely the hottest 
in at least 500 years (Luterbacher et al, 2004, Nature)


– Past human activity has very likely more than doubled the 
risk of a European heat wave of the magnitude of 2003
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3 coupled climate models with different 
sensitivities and aerosol forcing


-0.63.4GFDL


-0.62.1PCM


-1.13.3HadCM3


Aerosol 
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Sensitivity
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3 coupled models with multi-member 
ensembles with different forcings


HadCM3 red
PCM green
GFDL blue
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Scaling factors on G (greenhouse gases), SO 
(aerosols), NAT (solar and volcanic)


HadCM3


PCM


GFDL
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Potential underestimate of climatic response to solar 
forcing (Stott et al, J Clim in press)


- Current climate models 
could underestimate the 
temperature response to 
solar forcing
- But even with an 
enhancement of response 
to solar forcing of a factor 
of 2 or 3, greenhouse 
gases explain most of 
warming observed since 
1950 


Attributed trends (K/50 yrs)
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Uncertainty in future global mean 
temperature 


Stott and Kettleborough, 
Nature, 2002 
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Decadal mean temperature changes


Comparison between 
observations  (solid line) 


and ensemble mean of 
HadCM3 simulations 


including both 
anthropogenic and natural 


forcings (dashed line) 
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Detection of human influence on sea-level pressure (Gillett et 
al , Nature, 2003
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Detection of reduction in Arctic sea ice extent 
(Gregory et al, GRL, 2002)


Arctic extent 1970-1999
(% per decade)
HadISST1                 -2.5
HadCM3 ALL          -2.5
HadCM3 NAT          -0.4
HadCM3 CTL(95%) -2.1
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Observational constraints on 
predictions
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Scaling model projections


A model that under- or 
over- estimates the climate 
response by a certain 
fraction will continue to 
under- or over- estimate it 
by a similar fraction in 
future.
This assumption seems to 
be valid for scenarios of 
steadily increasing forcing 
- less good for stabilisation 
scenarios
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PDFs of year at which global warming reaches 1.5K relative 
to 1990s
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Scaling to 20th century observed temperature 
changes brings predictions into better agreement


Predicted warming relative to 1990s
HadCM3 red
PCM green
GFDL blue


Predicted warming relative to 1990s
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Uncertainty in global mean temperature becomes 
better constrained as climate change signal 


becomes stronger.
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Matthew Swann,  Extreme Winter Wind And Precipitation In North-Western Europe:  
Dataset Comparison And Interannual Variability. 
 

Matthew Swann 
Climatic Research Unit, University Of East Anglia, United Kingdom 

 
and 

 
Tom Holt 

 
 
 

This work describes the development stages of a seasonal forecasting model designed to 
predict daily extremes of wind speed and rainfall over north-western Europe in winter.   
European extremes of wind speed and rainfall are embedded in the mean westerly extratropical 
circulation and are, therefore, influenced by a number of large-scale processes which are 
persistent on seasonal timescales. These potential predictors include, for example, the North 
Atlantic Oscillation (NAO), the sea surface temperature field over the North Atlantic, and 
upper air circulations (e.g. Thompson et al., 2002; Frankignoul et al., 2003). The predictor 
processes are partially coupled, and have been shown to vary on interannual timescales (e.g. 
Rodwell and Folland, 2002).    Before considering predictor/predictand relationships, it is 
essential to perform a detailed study of the predictands. This preliminary analysis determines 
the optimum statistical model, helps identify the most appropriate methodology, and is the 
basis of this discussion.    The predictands are total daily precipitation and maximum daily 
wind speed, taken from station records and the ECMWF ERA40 reanalysis.  The station data 
are used to assess the extent and nature of smoothing of extremes in the reanalysis data. First, 
the statistical properties of each variable from the two datasets are compared by creating 
frequency distributions at selected coincident points.  To assess extremes, the analysis 
compares the properties of the Generalised Extreme Value distribution for the variables in each 
dataset at the chosen points. The overall interannual variability of the datasets is examined by 
comparing Principal Component Analysis (PCA) scores for leading modes of the precipitation 
and wind fields. 




1


Seasonal forecasts of Seasonal forecasts of 
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DJF 95DJF 95thth percentile exceedance frequencypercentile exceedance frequency
Seasonal (DJF) frequency of 95th percentile exceedence of maximum 
daily wind speed for Helgoland, Germany, and corresponding ERA40 


gridbox (rxy=0.86)
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Seasonal (DJF) frequency of 95th percentile exceedence of maximum daily 
wind speed for Hohenpeissenberg, Germany, and corresponding ERA40 


gridbox (rxy=0.82)
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DJF 95th percentile exceedance frequencyDJF 95th percentile exceedance frequency
Seasonal (DJF) frequency of 95th percentile exceedence of 


maximum daily wind speed for Den Helder, Netherlands, and 
corresponding ERA40 gridbox (rxy=0.70)
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Seasonal (DJF) frequency of 95th percentile exceedence of 
maximum daily wind speed for Twenthe, Netherlands, and 


corresponding ERA40 gridbox (rxy=0.83)
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Rainfall: dataset comparisonRainfall: dataset comparison
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3. 3. Spatial variability of extreme Spatial variability of extreme 
eventsevents
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PC2: composite DJF rainfall anomalies PC2: composite DJF rainfall anomalies 
(standardised). Six lowest years from PCA (standardised). Six lowest years from PCA 
timeseries used to derive compositestimeseries used to derive composites
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4a. Predictands: conclusions and 4a. Predictands: conclusions and 
implicationsimplications
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5a. Seasonal forecast model: 5a. Seasonal forecast model: 
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5b. Seasonal forecast model: 5b. Seasonal forecast model: 
development prospectsdevelopment prospects
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Mark Tadross,  Uncertainty In Producing Regional Climate Change Scenarios For 
Southern Africa 
 

 Mark Tadross 
CSAG, University of Cape Town, South Africa 

 
 
 

 
Using a regional model to downscale climate change predictions from GCMs involves several 
aspects of uncertainty: GCMs have different biases when simulating the climate, the correct 
physical schemes to use with an RCM are unclear, as is the correct representation of the land 
surface in an RCM. All the above are further complicated by a severe lack of observational 
data with which to test these models. The talk will address these issues in an effort to deal with 
some of these uncertainties. 
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Subseasonal variability in MM5: 
pick a climate, any climate


M. Tadrossa, B. Hewitsona, C. Jacka, W. Gutowskib, M. 
Newc


a Climate Systems Analysis Group, University of Cape Town.


b Dept. Geology & Atmospheric Science, Iowa State University.


c Climate Research Group, University of Oxford.


Betts 
M iller
(BM)


Kain 
Fr itsch
(KF)


Kain 
Fr itsch 2
(KF2)


MRF PBL X X X


ETA PBL X X X


Experiment: Test different combinations of 
Convection and Planetary Boundary Layer (PBL) 
schemes


Interannual variability:
• DJF 1988/89 (wet year)


• DJF 1991/92 (dry year)


Important aspects of this talk:


• Simulated number of raindays


• Diurnal cycle of rainfall, latent heat flux (LH); the 
influence on surface temperature


• Diurnal cycle of short wave (SW) flux and clouds; bias 
of the ETA PBL


• Long-term (seasonal) biases are explainable from 
biases in the diurnal cycle and number of 
raindays


CRU: DJF 1988/89 CMAP: DJF 1988/89


88 - 91 rainfall 88 - 91 rainfall


Defined 
regions:


Tropics
17-12S,17-33E


Southeast
28-20S,25-33E


Southwest
28-20S,17-25E


MM5 total rainfall bias 
w.r.t. CRU observed (mm):


• MRF PBL increases rainfall in 
tropics and southeast


• Over dry southwest and tropics 
during dry year (1991/2) rainfall 
increases through: BM, KF2, KF


• Interannual variability dependent on 
MM5 configuration


Tropics


Southwest


Southeast


MM5 number of raindays + 
CRU estimate:


• Betts Miller simulates 10-12 too few 
raindays


• Kain Fritsch schemes simulate 20-30 
too many raindays � double no. 
raindays over southwest


• Increasing raindays through BM, 
KF2, KF reflects trends in total 
precipitation over dry regions 
and/or dry years


Tropics


Southwest


Southeast
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MM5 surface temperature 
bias w.r.t. CRU observed 
(°C):


• Kain Fritsch schemes mostly too cold


• Betts Miller mostly too warm


• Temperature biases reflect rainday 
biases 


Tropics


Southwest


Southeast


Diurnal cycle of rainfall and 
soil moisture change:


• Pattern of diurnal cycle same for wet 
and dry season. Difference is in 
amplitude of cycle


• Rainfall minimum during the morning 
(in satellite data) better captured in 
Betts Miller


• KF2/ETA smallest amplitude cycle 
with peak rainfall during morning


• Diurnal cycle of atmospheric specific 
humidity reflects inverse of soil 
moisture changes


Diurnal cycle of 
surface energy:


• At 12Z lower short 
wave (SW) flux 
associated with 
MRF PBL - closer 
agreement with 
Surface Radiation 
Budget (SRB) 
modelled flux


• Sensible heat flux (SH) 
follows similar 
pattern to SW flux


• Lower latent heat flux (LH)
at 12Z associated with
Betts Miller scheme -
lower rainfall and
moisture availability


• High BM/MRF surface
temperatures due to
low LH and SH
fluxes. 


• Low KF2/ETA
temperature bias due
to high LH and SH
fluxes


SRB  
flux


Equivalent potential temperature ( θθθθe ) at 12Z:


• θθθθe below 500 hPa higher in MRF PBL for seasonal average and non
raindays - ETA PBL too cool and moist ?


• BM/MRF only configuration convectively unstable to above 500 hPa


Diurnal cycle at 1 
hourly resolution 
(dotted lines are for 
rain/non raindays):


• KF/ETA rainfall peaks too   
early. BM/MRF rainfall 
peaks too late but more 
realistic


• BM/MRF captures ‘skewed’ 
diurnal cycle of SW 
because of high CLW 
during afternoon


• Increasing number raindays in 
BM/MRF simulation 
reduces bias w.r.t. 
Observations


• BM/MRF simulates CRU 
diurnal temperature range


Summary:


• MM5 climate is affected by choice of convection/PBL scheme:
1) MRF PBL best simulates observed SW diurnal cycle
2) BM convection best simulates observed rainfall diurnal cycle


• MM5 simulates an optically thin atmosphere leading to +ve biases in
both SW flux and OLR.


• Number of simulated raindays excessive for Kain Fritsch schemes
and too few for Betts Miller


1) Kain Fritsch simulates low intensity rainfall
2) Betts Miller simulates high intensity rainfall 


• Possible improvements through convective ‘trigger’ functions e.g.
relax BM trigger function increases no. raindays, peak rainfall occurs
earlier in the day, surface heating is reduced (through increased LH
flux).





CCRM User
File Attachment
M. Tadross.present(1).pdf



Mark Tadross,  Midlatitude Wave Patterns Associated With The Start Of The Growing 
Season In Southern Africa. 
 

 Mark Tadross 
CSAG, University of Cape Town, South Africa 

 
 
 

 
The onset of the growing season in southern Africa is an important seasonal characteristic. 
Evidence is presented for the influence of synoptic variability on onset. Mid-tropospheric 
height anomalies are classified using self organising maps and positive anomalies to the south 
and east are shown to be associated with an early start. GCM simulations of these anomalies 
are also compared to the observations and the implications for forecasting discussed.
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Mid-tropospheric waves associated with 
the onset of the maize growing season: is 


there predictability ?


aM. Tadross,   aB.C. Hewitson,   bM.T. Usman


aClimate Systems Analysis Group, University of Cape Town, South Africa.
bFederal University of Technology, Minna, Nigeria.


Why study onset ?


• Identified as a priority (number 1) forecast need by the 
Agricultural sector in most SADC countries (DMC, 
RRSU 2003):


Subsistence farmers often do not have the resources for a 
second planting should the first fail, therefore planting at the
correct time is critical


• Identifying the atmospheric dynamics important for onset will 
enable us to estimate the impacts of climate change on 
food security.


• Changes in onset may be related to total seasonal 
rainfall.


• Dynamics driving onset variability may drive other 
intra-seasonal rainfall characteristics e.g. dry spells etc.


Methods adopted for this study:


• Onset criteria: Starting 3rd August (1 month before earliest 
onset); first dekad (10 days) to have 25mm of rain, followed by 
at least 20mm in the following two dekads (required for successful 


germination of maize, AGRHYMET, 1996)


• SOM methodology:


Ø mean onset pentad (after August 3rd)


Ø divide years into early/late onset if +/- 1 standard deviation 
from mean


Ø map early and late onset years to SOM - get frequency 
distributions for each set


Ø construct early-late frequency anomalies to identify patterns 
that are more prevalent during early/late onset


Mean no. of stations  (1979-1999) 
used to fix CMAP rainfall


West Zimbabwe


Central Zimbabwe


Southwest Zimbabwe


Free State South Africa


Self Organising Map (SOM) of CMAP pentad rainfall


Free State Southwest Zimbabwe Central Zimbabwe


West 
Zimbabwe


Frequency of pentad rainfall 
during the onset month


EARLY


LATE
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Free State Southwest Zimbabwe Central Zimbabwe


West 
Zimbabwe


Frequency of pentad 
rainfall during August


EARLY


LATE


Free State Southwest Zimbabwe Central Zimbabwe


West 
Zimbabwe


Frequency of daily geopotentials 
during the onset month


EARLY


LATE


Frequency of DJF 500 hPa 
daily eddy geopotentials 


ERANCEP
CSIRO


ECHAM


LOW frequency


HIGH frequency


Onset correlation with JJA SST anomalies


ANN approach: Central Zimbabwe 
onset with JJA SST as predictors


First 20 years training with bootstrapping
Last 3 years independent


Linear model
R2= 0.504 (full data/full model)
R2= 0.162 (full data/best booted model)


Nonlinear model
R2= 0.879 (full data/full model)
R2= 0.578 (full data/best booted model)


Upper 95% confidence level


Lower 95% confidence level


Summary:


• There has been a general trend for later onset over parts of 
Zimbabwe and South Africa since 1979, though this trend 
is seen in the CCWR data to be part of longer term 
variability.


• Late onset is associated with heavier rainfall which provides
adverse agricultural conditions.


• Early onset over Zimbabwe may be preceded by heavier 
rainfall over northeast Madagascar during August (also 
coincident with +ve geopotential anomalies)


• Early onset over parts of the region is associated with positive 
eddy geopotential heights to the southeast of the continent
and GCMs may have trouble capturing these anomalies


• Longer and more reliable datasets north of South Africa are 
required to take the research further
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Warren James Tennant,  The Importance Of Rainfall Characteristics In Forecasting And 
Verification 
 

Warren James Tennant 
South African Weather Service, South Africa 

 
 
 

 
Spatial and temporal variability of rainfall is difficult to quantify. Rainfall observation 
techniques all suffer from inadequacies in one way or another such that it is difficult to 
establish the spatial integral of rainfall in a specific area. Gauges only provide spot 
measurements, while satellite and radar measurements are difficult to calibrate for different 
synoptic situations.    This study looks at a large number of rain gauges in the Pretoria area to 
investigate rainfall characteristics on daily and monthly time-scales. The aim is to determine to 
what extent in-homogeneity in daily convective-type rainfall is transferred to the longer time-
scales and how these high-density measurements match up with satellite and radar 
measurements.    The effect of rainfall observations on forecast model development and the 
verification of rainfall forecasts is also investigated. The period of study for this case is January 
to March 2004. 
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The Importance of Rainfall 
Characteristics in 
Forecasting and 


Verification


Warren Tennant


Weather and Climate


WEATHER
refers to the 
conditions existing 
at one time or on a 
particular day


CLIMATE is used 
to sum up what the 
weather is usually 
like at a particular 
place over a longer 
period of time


Observing Rainfall


Rain Gauge
Spot measurement only


Satellite
Uses primarily cloud top characteristics that do not 
relate directly to rainfall amount/intensity


RADAR
Calibration of Z-R relationship difficult


Limited coverage in time (historically) and space 
(within 150km of RADAR)
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Errors in observations


SYNOP errors?
Rainfall Characteristics - DJF: 
Cross-correlation matrix


100Spatial 
variance


-9100Dry 
20mm


-733100Dry   
1mm


-93525100RD > 
20mm


-10154157100RD > 
1mm


-930318868100Total


Spatial 
variance


Dry 
20mm


Dry 1mm
RD > 
20mm


RD > 
1mm


Total
0.999%
0.950%


Variance of sorted seasonal total 
rainfall for northeastern SA


Steady monotonic 
increase across middle 
three quintiles
Significant 
discontinuities 
exclusively in outer 
quintiles
Do terciles form an 
arbitrary cut in data (in 
this region) making 
forecasting more 
difficult?
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Typical Area Average Rainfall related to the Number 
of Stations used
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Area Rainfall Integrals
Spatial variance of 
rainfall is such that area 
integrals of spot 
measurements have a 
high degree of 
uncertainty


With enough stations the 
uncertainty decreases –
but in SA we only have a 
handful of stations per 
degree grid box


Typical Area Average Rainfall related to the Number 
of Stations used
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Rain Gauges – not enough! Summary
Existing and historical rainfall observation data 
does not capture the high level of spatial 
variability in summer rainfall
Remote sensing is an obvious path to follow but 
still needs work (this however doesn’ t solve the 
problem of historical data voids)
Rainfall characteristics need to be considered 
much more carefully when developing forecast 
systems


Forecasting Rainfall is no joke! 
Or is it?
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Warren James Tennant,  Downscaling GCM Forecasts To Intra-Seasonal Rainfall 
Characteristics 
 

Warren James Tennant 
South African Weather Service, South Africa 

 
 
 
 

 
Seasonal forecasts typically only provide outlooks of rainfall and temperature anomalies 
averaged over the entire season. However, there is increasing pressure from users of seasonal 
forecast guidance for intra-seasonal rainfall characteristics such as rain days, length of dry 
spells etc.  Forecast frequencies of daily circulation archetypes, determined using a SOM 
analysis, are related to rainfall characteristics using neural networks. This methodology and 
some results will be presented. 
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Downscaling GCM 
Forecasts to Intra-Seasonal 


Rainfall Characteristics


Warren Tennant


Challenge of Downscaling
Phenomena have 
predictability limits 
roughly equivalent to 
their life-span


Seasonal forecasting 
relies on slower evolving 
boundaries


Timing of events are 
unpredictable but what 
about characteristics?


Downscaling: RCMs & MOS


RCM is highly sensitive 
to the position of the 
nest boundary


limited use of GCM input


Model Output Statistics 
attempt to optimize 
GCM input


Assumes model error is 
systematic


Performance of GCMs


GCMsrainfall 
simulation:


Daily statistics have 
biases


In southern Africa 
many models rain too 
much too often


Features smaller than 
model resolution not 
properly resolved


Performance of GCMs


GCMsrainfall 
simulation:


Inter-annual variability 
not adequately captured


In this example: The 
best performing model 
in daily statistics is 
worst for inter-annual


Interannual DJF Rainfall


Performance of GCMs


Observed SOI


Model natural


variability (noise) Model spread (uncertainty)


Strong Signal


Weak Signal


Atmospheric GCMs can simulate large-scale features of 
the circulation under strong SST forcing
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GCMs as Predictor Tools 


GCMsdemonstrate 
the ability to simulate 
the large-scale 
circulation changes 
between wet and dry 
DJF seasons in South 
Africa


Shown here by zonal 
mean KE


Diagnostic Study: Rain & KE
Barotropic (vertical 
mean) Kinetic Energy


Southward displaced 
zonal jet stream assoc. 
with wet DJF


Baroclinic (shear) 
Kinetic Energy


Higher levels of shear 
KE over RSA assoc. 
with wet DJF


Loss of data through averaging Self-Organizing Maps: example
Organizes patterns into a 
2-D array with similar 
patterns near each other
Begins with a random 
value at each node


Self-Organizing Maps: example
Organizes patterns into a 
2-D array with similar 
patterns near each other
Begins with a random 
value at each node 
Updates the node through 
an iterative training 
process using the input 
data


Self-Organizing Maps: example
Organizes patterns into a 
2-D array with similar 
patterns near each other
Begins with a random 
value at each node 
Updates the node 
through an iterative 
training process using 
the input data
Has the advantage that it 
spans the full continuum 
of the data space
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Self-Organizing Maps: daily data
Calculate daily Kinetic 
Energy of barotropic and 
baroclinic flow of 13-
year COLA hindcast
Train 12-node SOM to 
get DJF archetypes from 
1986-1999
Map daily GCM forecast 
fields to SOM and get:


Node frequency
Mapping error


GCMs: Large-scale Circulation


2-D histogram of node 
frequencies shows that 
the GCM does 
simulate a change in 
daily circulation 
patterns between wet 
and dry years


Dry Seasons Wet Seasons
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Neural Net Design (NevProp4)
48 predictors


Barotropic/baroclinic KE
SOM node freq.
SOM node mapping error


24 hidden nodes (non-linear)
7 predictands


Rain total, rain days & dry 
spells (1, 10 & 20mm)


Train 13-years (DJF) with 
bootstrapping (1987-1999)
Test 5-years (2000-2004)


Skill of DJF Rainfall Forecasts
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Inter-annual variance
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Skill of DJF Rainfall Forecasts


DJF Season Rain Days > 1mm
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Skill of DJF Rainfall Forecasts


DJF Season Dry Spell Length 1mm
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Summary and Conclusions
Period of atmospheric 
model climate short –
affects training and 
significance testing


GCMs demonstrate 
reasonable skill with the 
large-scale circulation


Need to maximize the 
use of GCM guidance in 
seasonal forecasts


We need to improve our 
understanding of rainfall 
variability


Nature of variability


Causes of variability


Some rainfall 
characteristics may be 
more predictable owing 
to their better association 
to the large-scale 
circulation
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Anneke Thackrah,  Climate Change: Is The Brown Locust Trying To Tell Us Something? 
 

Anneke Thackrah 
ARC - Institute For Soil, Climate And Water, South Africa 

 
and 

 
Francois Engelbrecht 
Hannes Rautenbach 

Margaret Kieser 
 

 
The brown locust, Locustana pardalina (Walker) is endemic to the semi-arid Karoo regions of 
South Africa and southern Namibia, and is a constant threat to food security within the 
southern African region. As part of a project to develop a Brown Locust Early Warning System 
(BLEWS), the locust breeding region was defined using brown locust control data for the 
period 1984 to 2001. A comparison of the brown locust breeding regions defined in 1937 
(Faure), 1958 (Lea) and 2001 (Kieser) reveals a significant westward shift in the eastern 
boundary. During the period 1984 to date, limited hatching was reported in the eastern Karoo, 
which influenced the subsequent closure of the Middleburg poison depot and its relocation to 
Upington. In contrast, the southwestern limits of the outbreak region appear to have expanded.      
Simulations of climate change by two high-resolution regional climate models (DARLAM and 
C-CAM), forced by fully coupled Ocean-Atmosphere General Circulation models (AOGCMs), 
provide much insight into the observed changes in outbreak regions. Modelling results indicate 
that a general westward shift of cloud bands that normally produce summer rainfall over the 
western and central interior of Southern Africa can be expected in response to Global 
Warming. A general increase in annual rainfall across the Karoo can indeed be observed at 
various weather stations from the early 1900s, with an associated westward shift of the winter 
and early summer (July - December) 150 mm isohyte. This corresponds almost exactly to the 
westward shift in the eastern boundary of the locust outbreak area, and suggests that the wetter 
conditions are unsuitable for brown locust breeding (increased vegetation cover reduces the 
availability of suitable oviposition sites).  In contrast, the expansion of the brown locust 
outbreak area in the drier southwest (100-150 mm) may reflect enhanced breeding success due 
to improved soil moisture conditions for egg hatching. 
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CLIMATE CHANGE:
Is the Brown Locust trying 


to tell us something?


CLIMATE CHANGE:CLIMATE CHANGE:
Is the Brown Locust trying Is the Brown Locust trying 


to tell us something?to tell us something?


A. Thackrah (ARCA. Thackrah (ARC--ISCW, SA)ISCW, SA)


F.A. Engelbrecht (Pretoria University)F.A. Engelbrecht (Pretoria University)
M.E. Kieser (ARCM.E. Kieser (ARC--PPRI, SA)PPRI, SA)


L. Maritz & J. Malherbe (ARCL. Maritz & J. Malherbe (ARC--ISCW, SA)ISCW, SA)
C.J. de W. Rautenbach (Pretoria University)C.J. de W. Rautenbach (Pretoria University)


ARC  •  LNR


F Man has been plagued by locust since he began 
to grow crops 


F Earliest records: 2420 - 2270 B.C.
F Anti Locust officers appointed: 700 B.C.


IntroductionIntroduction


F Brown locust Locustana pardalina (Walker)


F Endemic to the semi-arid Karoo, Bushmanland 
& Southern Namibia regions


F During past 50 years, chemical control confined 
swarming populations in breeding region


F With only short term invasions of neighboring 
countries (1986)


F Brown locusts are very well adapted to arid areas


F Brown locust feeds mainly on grasses & staple foods 
(maize, wheat)


F Swarms can fly over 100 km / day


F Eat their own weight in food a day. 
[Summer grain crops (+R5 billion) are at risk]


©  D. Brown©  D. Brown


Brown locusts have 
the potential to 


devastate agriculture 
throughout Southern 


Africa


Brown locusts have Brown locusts have 
the potential to the potential to 


devastate agriculture devastate agriculture 
throughout Southern throughout Southern 


AfricaAfrica


F Short life cycle
F Drought resistant egg 


stage


F High frequency of 
outbreaks


F Persistence of swarming
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F As part of a project to develop a brown locust early 
warning system, the locust breeding region was defined


F A comparison of breeding regions defined in 1937 
(Faure), 1958 (Lea) and 2001 (Kieser) revealed a 
significant westward shift in eastern boundary


AimAim


To investigate:


Why the change in the brown locust 
breeding region over the last 70 
years ?


Observed changes in breeding regionObserved changes in breeding region
F Breeding region defined by:


F Faure & Marais (1937)
F Lea (1933 - 1958)


F Kieser (1984 - 2001)


F West ward shift


F Middelburg Control 


depot in 1997 


relocated 


to Upington


F South western 


boundary 


expanded


Investigate possible changes in rainfall Investigate possible changes in rainfall 


F Annual rainfall surfaces developed by ARC-ISCW


(70 years)


F 30 year periods (Jul – Jun)


F 1929/30 to 1958/59


F 1979/80 to 2000/01 (1986/87 & 1994/95 missing)
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Investigate possible changes in rainfall Investigate possible changes in rainfall 
(early summer)(early summer)


F Rainfall station data (ARC-ISCW, SAWS)


F 1900 – 2001(75 years data)


F Determine mean rainfall (Jul – Dec) for periods:


F 1933 – 1958 (Lea,1958)


F 1984 – 2001 (Kieser, 2001)


F Interpolate station data Using IDW


Klipfontein


Bakensrug


Vosburg


Klipfontein


Bakensrug


Vosburg


Klipfontein


Bakensrug


Vosburg


Kalabasput
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Investigate possible changes in Investigate possible changes in 
vegetation vegetation 


F Fluctuations in grass cover = A response to seasonal 
changes in rainfall 


F Higher rainfall = increased grass cover and 
possibly longer grasses


F Good grass cover unfavourable for brown locust 
breeding 


F Locust prefer bare soil with scattered short grass cover 
as oviposition sites


F Grazing management affects veld condition


F Census data (1880-1980) shows reduction in 
grazing stocking rates in Karoo – Possibly resulting 


in increased grass cover


Fluctuations in 
grass cover north of 
Hofmeyer (Photos: T Hoffman)


1925


1989


1993
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F Temporal resolution = 10 daily


F Available from March 1985


F Spatial resolution = 1 x 1 km 
F Available from ARC-Institute 


for Soil, Climate and Water


Normalized Difference Vegetation Index (NDVI)


NDVI is a measure of vegetation “greenness” (level of 
photosynthetic activity in the observed vegetation) 
F Calculate annual cumulative NDVI (Jul - Jun)


Extract  pixel values:
<1000 (low)
1000 – 2000 (moderate)
>2000 (high)


Vegetation activity (NDVI) variabil ity (1986 - 2000)
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Global/Regional Climate model Global/Regional Climate model 
simulations simulations 


F Darlam (60 x 60 km)


F CSIRO Mk 3 (200 x 200 km)


F Periods: 


F 1991-2000 (recent) vs 1961-1970 (past)


F 2021-2030 (future) vs 1991-2000 (recent)


F CSIRO Mk 3 simulation 1991-2000 vs 1961-1970


F Darlam (60 x 60 km) 1991-2000 vs 1961-1970 F Darlam (60 x 60 km) 2021-2030 vs 1991-2000
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F The distribution of the brown locust outbreak region 
appears to be a dynamic response to fluctuation in rainfall 
patterns and the associated vegetation cover 


ConclusionConclusion
F Theory of possible changes in rainfall patterns over 
southern Africa was discussed


F Regional and global climate models simulate a 
general westward shift of cloud bands in time


F Rainfall data (surfaces & stations) indicates increased 
rainfall over arid regions in SA 


F Isohytes shifted westwards


F The brown locust breeding region shifted westwards as 
response to fluctuation in rainfall patterns and associated  
vegetation cover 


Summary of Last 3 PresentationsSummary of Last 3 Presentations
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1985/86 Plague 38600 ?


1986/87 No 14


1987/88 Large 1123


1988/89 Plague 12642


1989/90 Large 1392 36553


1990/91 Serious 357 1142


1991/92 Large 1603 18131


1992/93 No 0 72


1993/94 Plague 9565 34581


1994/95 Large 663 20895


1995/96 Plague 6577 24489


1996/97 Plague 8081 75890


1997/98 Small 80 1018


1998/99 No 0 2


1999/2000 Plague 9021 40115


2000/2001 Large 1101 29553


2001/2002 Moderate 120


Season Outbreak 
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F Maximum NDVI composites calculated by extracting 
the maximum pixel value out of all NDVI images for a 
10-day period (minimize effects of cloud 
contamination)


F Determine 3 dekad moving average NDVI image 
(eliminate most of the clouds in the images)


F Cumulative NDVI calculated for season (Jul - Jun)


F Extract  pixel values


F <1000


F 1000 – 2000


F >2000
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Amanda Townsend,  Tracking The Evolution Of UK Extreme Temperature Trends 
 

Amanda Townsend 
University Of East Anglia, United Kingdom 

 
and 

 
Jean Palutikof 

Gareth Janacek 
 
 

 
As part of a project to understand the changing character of extreme temperature events over 
the British Isles during the twentieth century, long time series of observed daily maximum and 
minimum temperatures have been collected. The selection of records has been made bearing in 
mind the need for good geographical spread.  Each time series has been tested for 
inhomogenieties and these have been removed where necessary.    The occurrence of extremes 
has been explored by fitting Generalized Extreme Value (GEV) distributions to annual maxima 
and minima drawn from the winter (DJF) and summer (JJA) seasons.  Thus, the time series of 
extremes for analysis are: highest and lowest values of winter daily maximum temperatures; 
highest and lowest values of winter daily minimum temperatures; highest and lowest values of 
summer daily maximum temperatures; highest and lowest annual values of summer daily 
minimum temperatures.  In each case, one value is drawn from each three month time period.  
The technique of Maximum Likelihood Estimates has been used to estimate the GEV 
parameters.    A 30-year moving window has been applied to each of the eight time series, 
progressing by one year at each time step.  The parameters of the GEV distribution fitted to 
each 30-year segment have been calculated and used to determine 20-year return values. The 
30 year period ensures a stable and sufficiently large enough dataset in order that unbiased 
parameter estimates can be calculated. The moving window approach allows exploration of 
changes though time, smoothed for clarity.      From the GEV parameters, 20-year return values 
have been calculated for each station and then analyzed for trends. While none of the resulting 
series are precisely linear against time, linear regression offers a useful foundation for trend 
detection. The magnitude and direction of the trends have been determined using linear 
regression with the statistical significance determined from the Kendall-Tau test.  With the 
exception of winter extreme cold minimum temperatures (which show a cooling trend of 
between  -0.83°C/century and -3.22°C/century) all of the time series display some evidence of 
a warming trend.  The six longest station records for cold tail summer minimum temperatures 
display the most consistent rise in extreme temperatures during the last century with trend 
magnitudes of 1.59°C/century to 3.18°C/century.     Understanding the possible causes of these 
trends will form the next stage of the study.  As a first step, certain covariates are to be added 
into the GEV analysis to establish their likely effects on these trends, these include sea level 
pressure and specific humidity. Results from this analysis will be presented at the meeting. 




1


9th International Meeting on 9th International Meeting on 
Statistical Climatology, May 2004, Statistical Climatology, May 2004, 


Cape Town, South Africa Cape Town, South Africa 11


Tracking the evolution of UK Tracking the evolution of UK 
extreme temperature trendsextreme temperature trends


*Climatic research unit, University of *Climatic research unit, University of 
East Anglia, Norwich, NR4 7TJ, East Anglia, Norwich, NR4 7TJ, 


United KingdomUnited Kingdom
**Hadley centre, **Hadley centre, Met Office, Fitzroy Met Office, Fitzroy 


Road,Exeter,EX1 3PB,Road,Exeter,EX1 3PB,
United KingdomUnited Kingdom


A.M.Townsend*, J.P. Palutikof** & G. Janacek*A.M.Townsend*, J.P. Palutikof** & G. Janacek*


9th International Meeting on 9th International Meeting on 
Statistical Climatology, May 2004, Statistical Climatology, May 2004, 


Cape Town, South Africa Cape Town, South Africa 22


DataData
Temperature station locations
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OutlineOutline


§§ GEV and regression analysisGEV and regression analysis


§§ Incorporating covariates into the GEVIncorporating covariates into the GEV


§§ Relationship with NAORelationship with NAO


§§ ConclusionsConclusions


§§ Future plansFuture plans
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MethodologyMethodology
§§ Seasonal Maxima and Minima  Seasonal Maxima and Minima  


Winter Winter –– December, January and FebruaryDecember, January and February
Summer Summer –– June, July and AugustJune, July and August


§§ 30 year moving window 30 year moving window –– lag 1lag 1
stability and sizestability and size


§§ Generalised Extreme Value (GEV) distributions fitted to the extrGeneralised Extreme Value (GEV) distributions fitted to the extremes.emes.
Maximum likelihood estimatesMaximum likelihood estimates
20 year returns20 year returns


§§ Ordinary Least Squares regressionOrdinary Least Squares regression
Kendall Kendall TauTau


§§ Generalized least squares regressionGeneralized least squares regression
Accounts for serial dependenceAccounts for serial dependence


§§ Incorporating covariates into the GEV distributionIncorporating covariates into the GEV distribution
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Generalized Least SquaresGeneralized Least Squares
§§ Autoregression Autoregression 


Real or long term persistenceReal or long term persistence
Inflated type I errorInflated type I error


§§ Generalized least squares (GLS)Generalized least squares (GLS)
accounts for the autocorrelation in the residualsaccounts for the autocorrelation in the residuals
More efficient than OLSMore efficient than OLS


used in Econometrics and Hydrology (Stedinger, Tasker, 1985)used in Econometrics and Hydrology (Stedinger, Tasker, 1985)
developed by Cochrane & Orcutt (1949)developed by Cochrane & Orcutt (1949)
PraisPrais-- Winsten methodWinsten method
A transformation randomizes the error termA transformation randomizes the error term
No Autocorrelation No Autocorrelation –– GLS same as OLSGLS same as OLS


§§ modelmodel
yytt = �  + 


�
= �  + 


�
tt + �+ � tt,,


�� tt = ���= ��� tt--11 + + �� tt,, t = 1,……., Tt = 1,……., T
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Covariates methodCovariates method
§§ NonNon--stationary model stationary model 


YYtt ~ GEV ( �  (t), �  (t), �  (t))~ GEV ( �  (t), �  (t), �  (t))
mm


§§ LL( �  , �  , �  ) = ( �  , �  , �  ) = -- �  { �  { loglog � (� (tt) + (1 + 1/ � () + (1 + 1/ � (tt)) )) loglog [[RR]+ []+ [RR]]--1/ � (1/ � (tt)})}
tt=1=1


§§ Where  Where  
R =R =1 +1 + �� ((tt) (() ((YYtt –– �� ((tt))/))/ �� ((tt)))) for t = 1,…, m,for t = 1,…, m, and     R>0and     R>0


§§ Model Model 
YYtt ~ GEV ( �  (t), � , � ),~ GEV ( �  (t), � , � ),


§§ Where Where 
�  (t) = � 0 + � 1t + � 2*NAO (t) �  (t) = � 0 + � 1t + � 2*NAO (t) 


§§ Smith R. L (1989), Coles (2001), Katz et al (2002)Smith R. L (1989), Coles (2001), Katz et al (2002)
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ConclusionsConclusions
§§ GLS over OLSGLS over OLS


§§ Covariates methodologyCovariates methodology


§§ NAONAO


§§ Future plansFuture plans
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Silke Trömel,  A Model Fitting Analysis Of Monthly Precipitation Data 
 

Silke Trömel 
J.W. Goethe University, Department Of Meteorology and Geophysics, Germany 

 
and 

 
Christian-D. Schoenwiese 

 
 
 

A method for statistical modelling of climate time series and its application to monthly 
precipitation totals of the 20th century is presented. The statistical model describes the time 
series under consideration by non-stationary probability density functions with two time-
dependent parameters. It depends on the precipitation regime, whether the Gumbel or Weibull 
distribution achieves complete description of the data. Thereby the location and scale 
parameter or the scale and shape parameter, respectively, may vary containing structured 
components like linear or non-linear trends, constant or significantly changing annual cycles 
and episodic components. So reliable estimates of these structured components can be 
evaluated and the analytical description of the time series allows probability assessments of 
extreme values for every time step of the observation period as well.    In this way 
observational German precipitation data can be explained as a realization of a Gumbel-
distributed random variable. Mainly in western Germany positive trends in both the parameters 
of the distributions are detected. Together with changes in the amplitude and the phase angle of 
the annual cycle in the scale parameter they reflect seasonal differences in the probability 
development of exceeding, for example, the 180 mm monthly total precipitation threshold. 
Winter and spring months show positive changes while the late summer months reveal 
negative changes or a slight increase of this probability.     
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DataData
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MethodologyMethodology
§§ Seasonal Maxima and Minima  Seasonal Maxima and Minima  


Winter Winter –– December, January and FebruaryDecember, January and February
Summer Summer –– June, July and AugustJune, July and August


§§ 30 year moving window 30 year moving window –– lag 1lag 1
stability and sizestability and size


§§ Generalised Extreme Value (GEV) distributions fitted to the extrGeneralised Extreme Value (GEV) distributions fitted to the extremes.emes.
Maximum likelihood estimatesMaximum likelihood estimates
20 year returns20 year returns


§§ Ordinary Least Squares regressionOrdinary Least Squares regression
Kendall Kendall TauTau


§§ Generalized least squares regressionGeneralized least squares regression
Accounts for serial dependenceAccounts for serial dependence


§§ Incorporating covariates into the GEV distributionIncorporating covariates into the GEV distribution
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Generalized Least SquaresGeneralized Least Squares
§§ Autoregression Autoregression 


Real or long term persistenceReal or long term persistence
Inflated type I errorInflated type I error


§§ Generalized least squares (GLS)Generalized least squares (GLS)
accounts for the autocorrelation in the residualsaccounts for the autocorrelation in the residuals
More efficient than OLSMore efficient than OLS


used in Econometrics and Hydrology (Stedinger, Tasker, 1985)used in Econometrics and Hydrology (Stedinger, Tasker, 1985)
developed by Cochrane & Orcutt (1949)developed by Cochrane & Orcutt (1949)
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Covariates methodCovariates method
§§ NonNon--stationary model stationary model 


YYtt ~ GEV ( �  (t), �  (t), �  (t))~ GEV ( �  (t), �  (t), �  (t))
mm


§§ LL( �  , �  , �  ) = ( �  , �  , �  ) = -- �  { �  { loglog � (� (tt) + (1 + 1/ � () + (1 + 1/ � (tt)) )) loglog [[RR]+ []+ [RR]]--1/ � (1/ � (tt)})}
tt=1=1


§§ Where  Where  
R =R =1 +1 + �� ((tt) (() ((YYtt –– �� ((tt))/))/ �� ((tt)))) for t = 1,…, m,for t = 1,…, m, and     R>0and     R>0


§§ Model Model 
YYtt ~ GEV ( �  (t), � , � ),~ GEV ( �  (t), � , � ),


§§ Where Where 
�  (t) = � 0 + � 1t + � 2*NAO (t) �  (t) = � 0 + � 1t + � 2*NAO (t) 


§§ Smith R. L (1989), Coles (2001), Katz et al (2002)Smith R. L (1989), Coles (2001), Katz et al (2002)
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Winter resultsWinter results
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Winter relationship with the NAOWinter relationship with the NAO
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ConclusionsConclusions
§§ GLS over OLSGLS over OLS


§§ Covariates methodologyCovariates methodology


§§ NAONAO


§§ Future plansFuture plans
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R.P Tshikalanke,  Spatial and Temporal Variations in Domestic Biofuel Consumption 
rates in Southern Africa. 
 

R.P Tshikalanke 
University of Witwatersrand, South Africa 

 
 
 
 

Biomass burning leads to the production of trace gases and aerosols, which influence the 
atmospheric chemistry. The magnitude of these emissions is comparable to those of fossil fuel. 
Studies have indicated that four types of biofuels are used in Southern Africa, namely wood, 
agricultural residues, charcoal and animal dung. The amount of biofuel consumed at a single 
part in time has been measured at representative sites around Southern Africa. The seasonal 
variation of biofuel consumption has, however not been quantified. Three households were 
selected for long term data monitoring within Southern Africa. The occupants were given 
weighing scales and logbooks were they are recording the number of kilograms used everyday 
for three cooking session (breakfast, lunch and dinner). The study aims to investigate the 
spatial and temporal variation in biofuel consumption rates throughout Southern Africa. It will 
also investigate environmental factors influencing the use of domestic fuel. This data, together 
with population data will be used to calculate biofuel consumption rates for Southern Africa. 
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Spatial and Temporal Variations in Domestic Biofuel Spatial and Temporal Variations in Domestic Biofuel 
Consumption rates in Southern Africa.Consumption rates in Southern Africa.


By
Tshikalanke R.P. , Otter, L.B. and Piketh, S.J. 


Introduction


q More than half of the world’s population, 
majority of which comes from the 
developing world uses biofuels as their 
source of energy.


q In rural regions of Africa, most of the 
energy requirements are met by biofuels, 
namely; fuel wood, charcoal, agricultural 
residues and animal dung.


Intro. Cont.


q Biofuel burning leads to the emission of CO2, 
CO, NO, CH4 and other gases.


q Emissions from biofuels are also contributing to 
global warming and acid precipitation.


q Biofuel emissions also have heath impacts.
q Because of the widespread use of biofuels in 


Southern Africa, biofuel burning is thought to be 
a significant source of trace gases in the region.


q To accurately quantify this source, the biofuel 
consumption in the region needs to be 
measured.


Objectives


q To quantify biofuel consumption rates in 
Southern Africa


q To investigate the temporal and spatial variation 
in the consumption rates of various fuel types 
over Southern Africa.


Assumptions


q The research assumes that all rural areas 
of Southern Africa use biofuel.


q That three sites are representatives of the 
country.


Methodology


ü Sampling sites
q The project covers seven countries, namely; 


South Africa, Mozambique, Zimbabwe, Malawi, 
Zambia, Botswana and Namibia.


q A stratified sampling method was employed with 
a site in the southern, central and northern part 
of each country.


q Household on each site was selected on a free 
sampling basis.


q A total of 21 sites were deployed over Southern 
Africa for a long-term data collection
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Study sites in Southern Africa
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Data collection


q Weighing balance 
scale, log-book and 
writing materials were 
distributed at each 
site.


Data collection


q Occupants recorded, 
for each cooking 
session,


Ø Type of biofuel
Ø Quantity of biofuel


Ø Number of people


Data analysis


Consumption  rates were calculated using the 
following equations:


Ø Consumption rate (kg.person.d-1) = kg of fuel in a  
day/number of people in the household.


Ø Kg person-1 m-1 * rural population = Kg/ m-1


These values were then added on a season or 
year to obtain seasonal and annual consumption 
rate for the country.


Annual consumption rate per country


Countries                            Rural population         consumption rate
(thousands)      (Mg/county/yr)


South Africa 19  389                            19.18
Mozambique 12 140                              14.61
Malawi                                       10 13                                      8. 05 
Zimbabwe 8  390                        11.51
Zambia 6  951                    7. 03
Namibia 1  344                     2. 21 
Botswana 865                       2.12
Total                                           59 212          64.71


An estimate of biofuel usage in Southern 
Africa
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Seasonal variations in biofuel consumption 
over Southern Africa
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Biofuel consumption in Namibia
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Biofuel consumption in Mozambique
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Conclusion


q Three forms of biofuel are used in Southern 
Africa. These are:  - fuel wood


- Charcoal
- Maize residues


q -Wood is the main source of energy 
-The use of maize residue is influenced by season


q Factors influencing consumption rates are:
-Biofuel availability
-Distance between house and biofuel source
-Availability of electricity
-Poverty
-Population density and cultural factor
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Thanks for your attention 
and i wish well.
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Hans Von Storch, Limits Of Historical Reconstructions Using Indirect Evidence 
 

Hans Von Storch 
GKSS Research Centre, Institute For Coastal Research, Germany 

 
 
 
 
 

 
We test how much variability at centennial timescales is lost when past climates are 
reconstructed from proxy data. We use data from an atmosphere-ocean climate model 
simulation of the last 1000 years, forced with estimates of natural and anthropogenic forcings, 
and the method of Mann et al. (1998) (1) to estimate Northern Hemisphere temperature from 
grid-point temperatures (with white noise added) in realistic locations. We find that the low 
frequency variability is greatly underestimated when the predictors contain 50% or more noise. 
The inclusion of more predictors from Africa and Asia results in only minor improvement. 



Jin-Song Von Storch,  On Statistical Dissipation In GCM-Climate. 
 

Jin-Song Von Storch 
Meteorological Institute / University Of Hamburg, Germany 

 
 
 
 

 
This work deals with the dissipation that affects the statistical  behavior of a climate variable.  
The hypothesis is tested that the  statistical dissipation of large-scale variables in a climate 
model is significantly influenced by the temporal variations of the model's small scale 
variables.  The test is done with the T21 ECHAM4 atmospheric GCM by varying model's 
representation of small-scale variables in two different ways.  First, the strength of the 
horizontal diffusion is modified. Secondly, white noise unrelated to the state of the large-scale 
variables is added to variables with the  smallest scales (wave numbers equal to and smaller 
than 18). It is  found that the statistical dissipations of large-scale variables (e.g.,  vorticity at 
wavenumber equal to and larger than 6) depend on the  intensity of small-scale fluctuations, no 
matter whether they are  induced by modifying the horizontal diffusion or by adding noise. The  
stronger the small-scale fluctuations, the stronger are the  dissipations of the large-scale 
variables. This result suggests that  the simulation of low-frequency climate variations and the 
prediction  of climate change responses depend on the model representation of  small-scale 
climate components. 



NM Walton,  Characterization of the Cape Town Brown Haze 
 

NM Walton 
University Of Witwatersrand, South Africa 

 
and 

 
 S Piketh 

 
 

Visibility impairment occurs as a result of the scattering and absorption of light by particles 
and gases in the atmosphere. It is described as the haze which obscures the clarity, colour, 
texture, and form of what is seen through the atmosphere. Primary particles, secondary 
particles (sulfates and nitrates),  water particles and nitrogen dioxide gas can cause significant 
atmospheric visual impacts (Latimer and Samuelsen, 1978). Cape Town, a major local and 
international tourist attraction, experiences high pollution levels during winter with the 
occurrence of a brown smog or ‘brown haze’. To evaluate the impact of the haze on visibility 
impairment, the Cape Town Brown Haze II project was undertaken during July and August 
2003. The plume visual impact screening model, VISCREEN, was used for an initial data 
analysis.  Two screening criteria were used to assess the potential impacts: plume contrast and 
∆E. Plume contrast is the relative difference in light intensity of two view objects while ∆E is a 
measure of the perceived difference in brightness and colour between a plume and the 
background over a range of colours in the visible light spectrum (USEPA, 1992). The plume 
visibility model, PLUVUE II, was then used to model plumes from the Table View and 
Bellville areas to calculate visual range reduction and atmospheric discolouration over the 
surrounding areas.  
 
Latimer, D.A and Samuelsen, G.S., 1978: Visual impact of plumes from power plants:  
A theoretical model, Atmospheric Environment, 12, 1455-1465. 
 
U.S. Environmental Protection Agency., 1992: Workbook for Plume Visual Impact Screening 
and Analysis (revised),  EPA-454/4-88-015, October 1992,  U.S. Environmental Protection 
Agency, Research Triangle Park, NC. 
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Aerosol contribution to the 
Cape Town Brown Haze


N. Walton and S.J Piketh


Climatology Research Group


University of the Witwatersrand


Introduction


• Cape Town Brown Haze has been a significant 


problem since late 1970’s.


• Brown Haze occurs during winter months (April 


– September).


• Haze extends over most of the City of Cape 


Town.


Brown Haze Study I


• Vehicles are the principal 
source (65%).


• Low level emitting 
industries next most 
significant cause (22%).


• Wood and coal fuels 
(11%).


• Natural sources (2%).


Source contributions to the brown haze:


(Wicking-Baird et al., 1997)


Brown Haze Study II


• Field campaign carried out between 22nd July 
– 28th August 2003.


Aerocommander 690A


Trace gas instrumentsFTIR 


PCASP-100X VOC cannister


Airborne Instrumentation


Air pollution episodes during 
CTBH2 study
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Visibility modeling


• Viscreen


- Determine the visual impact parameters for 
a plume from a single source.


- Level 1 and 2 screening analysis.
• Two screening criteria:


- Plume contrast        relative brightness of the 
plume compared to a viewing background


- Delta E        colour difference parameter
• Screening criteria exceeded if contrast > 0.05 


and delta E > 2.
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Geometry of plume and observer 
lines of sight used in Viscreen
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Visibility modeling


• Viscreen: Screening criteria exceeded at Table 
View and Bellville 


Level 3 analysis required.


• Pluvue II


- Level 3 analysis


- Calculate visual range reduction and 
atmospheric discolouration over CCT.


Plume visibility model: Pluvue II


• Four parameters for predicting plume visual impact:
a) reduction in visual range
b) contrast of the plume
c) blue-red ratio of the plume
d) colour change perception parameter (� E)


• Model emissions from Table View and Bellville on:
- 22 August (brown haze day) 
- 23 August (non-brown haze day)
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Conclusion


• Emissions from Table View and Bellville 
contribute to the polluted conditions experienced


plume from Table View has most visual  
impact.


• Further detailed analysis using Pluvue II to be 
undertaken to model haze emissions from Table 
View and Bellville areas.
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Xiaolan Wang,  Using Non-Stationary Generalized Extreme Value Models To Assess 
Historical And Possible Future Changes Of Extreme Wave Heights In Northern 
Hemisphere Oceans 
 

Xiaolan Wang 
Climate Research Branch, Meteorological Service Of Canada, Canada 

 
and 

 
Mr. Val Swail 

 
 

In this study, we review and extend previous studies on changes of wave heights, focusing on 
both observed and possible future changes in the North Atlantic and in the North Pacific. Two 
wave hindcasts are used here as observed waves for 1958-1997: a global wave hindcast based 
on the 10-m winds taken from the NRA (i.e., the reanalysis of the National Centers for 
Environment Prediction, National Center for Atmospheric Research), and a detailed North 
Atlantic wave hindcast produced with intensively reanalyzed surface winds over the North 
Atlantic basin.      The observed relationships between sea level pressure (SLP) and significant 
wave height (SWH) are used to construct climate change scenarios of SWH: Projections of 
seasonal extreme SWH are made using non-stationary generalized extreme value (GEV) 
models. The GEV models are trained using the NRA SLP and the observed SWH data for 
1958-1997. The SWH scenarios are constructed using seasonal mean SLP and squared SLP 
gradient fields from a coupled climate model (CGCM2) under three different forcing scenarios. 
The projected (and observed) trends/changes in SWH are assessed by conducting a trend 
analysis, in which linear trends are evaluated against quadratic trends.      Both oceans had 
significant changes in both winter and fall seasonal extremes (and means) of SWH during 
1958-1997; they are also projected to have significant changes in the 21st century under all 
three forcing scenarios. The rate and sign of the projected future SWH changes are not constant 
throughout the 21st century; and in some regions, these appear to be quite dependant on the 
forcing conditions. Often, the projected SWH changes are characterized either by faster 
increases in the late decades than in the early decades, or by decreases in the early decades 
followed by increases, depending on the forcing scenario and the specific location. The rate of 
SWH change appears to have a positive relationship with the rate of increase in the greenhouse 
gases forcing.     Changes in ocean wave heights are associated with changes in storm tracks 
and cyclone activities over the oceans. In the projected warmer climate, the North Pacific 
storm track rotates clock-wise in winter (JFM), with more frequent occurrence of strong 
cyclones in the southeast and northwest of the North Pacific; while the storm track over the 
northeast Atlantic slightly rotates clock-wise in fall (OND), with more frequent occurrence of 
strong cyclones in northern Europe and over the Norwegian Sea. 
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Using nonUsing non--stationary GEV models to assess stationary GEV models to assess 
historical and possible future changes of historical and possible future changes of 


climate extremesclimate extremes**


byby


Xiaolan (Leona) Wang Xiaolan (Leona) Wang and Val R. Swailand Val R. Swail


Climate Research Branch, Meteorological Service of CanadaClimate Research Branch, Meteorological Service of Canada


*Mainly based on a chapter  in “ Atmosphere Ocean I nteractions – Volume 2”  
by Wang & Swail (Editor: W. Perrie), WIT Press (in press). 


(Generalized Extreme Value)
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l Questions & datasets
l Historical changes in extreme SWH


l Nested RMs & non-stationary GEV models
l Possible future changes in extreme SWH


l GEV models with covariates
- method for “downscaling” extremes


l Related atmospheric circulation changes
l Summary


Significant Wave HeightOutline
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Has this occurred Has this occurred 
more and more more and more 


often? often? 
How often will this How often will this 
occur in the future  occur in the future  
of warmer climate?of warmer climate?


Photo source: Natural Resources of Canada


Climate change?


What is the implication 
for extreme events?
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Data sets:
1. Seasonal maxima of Significant Wave Height (SWH)


Source: 6-hourly data of 2 reanalyses of waves
(global & detailed N. Atlantic)


– “observations”
Previous studies
revealed good


SLP-SWH 
relationships


2. Seasonal mean SLP & SLP gradient index - predictors:
Sources: 1) NCEP reanalysis (NRA) – “observations”


2) CGCM2 simulations – projections
(3 forcing scenarios; 3 runs per scenario.)


Periods: 
1) IPCC IS92a: 1850-2100 (251 yr.)
2) IPCC SRES A2 & B2: 1990-2100 (111 yr.)                           
3) SWH & SLP “observations”: 1958-97 (40 yr.)
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• Seasonal extremes (non-Gaussian, climate change) à nested GEV models:
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Non-stationary
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Assessment of observed trends in SWH (1958-1997)


• (For comparison) Seasonal means (Gaussian) à nested regression models:
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Likelihood ratio tests Ł significance of trends, goodness of fit


best fit


best fit


Observed changes can be well represented as linear trends in ht and � t
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20-yr return values - changes (cm)
(2000’s – 1975’s)


Observed changes Observed changes –– N. PacificN. Pacific


Means – changes (cm/yr)


Winter (JFM) (Shading: at least 5% significance)


20-yr return values (m) as of 1975


�����


2000’s return periods of
1975’s “20-yr events”


An extreme SWH of 11 m occurs ~twice as often now as it did 25 yr ago.


What is the 
implication?
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Observed changes Observed changes -- North PacificNorth Pacific


Means – changes (cm/yr)


Winter  (JFM)


2000’s return periods of
1975’s 20-yr events


An extreme event of a fixed size occurs ~twice as often now as it did 25 yr ago.


Fall (OND)


Means – changes (cm/yr)


2000’s return periods of
1975’s 20-yr events
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Observed changes Observed changes –– N. AtlanticN. Atlantic


Means - changes (cm/yr)


2000’s return periods of
1975’s 20-yr events


An extreme SWH:
~twice as often now
as it did 25 yr ago.


Winter


20-yr return values (m) as of 1975


20-yr return values 
- changes (cm)
(2000’s – 1975’s)
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Observed changes Observed changes -- North AtlanticNorth Atlantic
Winter


Means – changes (cm/yr)


2000’s return periods of
1975’s 20-yr events


Fall


Means – changes (cm/yr)


2000’s return periods of
1975’s 20-yr events


An extreme SWH:
~twice as often now
as it did 25 yr ago
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Step 1: Projections of seasonal mean SWH (“quasi-Gaussian”)


Redundancy Analysis: Obs’d SLP – SWH relationships 
Predictor: De-trended PCs of SLP anomalies
Predictand: De-trended PCs of SWH anomalies 


Assumption: 
Observed SLP-SWH relationships hold in future climates


CGCM2 simulated 
anomalies of 


seasonal mean SLP


Observed
SLP - SWH
relationship


Projected 
anomalies of 


seasonal mean 
SWH


Projections 
of future 
seasonal 


mean SWHObserved baseline 
climate of mean SWH
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Step 2: Projections of seasonal extreme SWH (non-Gaussian)


- Fit five nested GEV models with covariates: 


Pt: Seasonal mean SLP anomaly 
Gt: Seasonal anomaly of squared SLP gradient


 )log(  and    where(
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- Likelihood ratio tests Ł Significance of the regressions
& goodness of fit of GEVs


Results:       - independent of both Pt and Gt


- correlated with Pt and Gt in both seasons.tµ


tσ
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Significance of the observed relationships Significance of the observed relationships )~ .,.(ˆ  1 tt Pei µρ


Fall


Winter


Fall


Shading: at least 5% significance


North Pacific North Atlantic







Wang & Swail 2004 13


Step 2 (cont’d): Projections of seasonal extreme SWH


The model of best fit:


Procedure:


tttt GPGEV 212 ˆˆˆˆ  whereˆˆˆ( ρρµµξσµ ++=),, 0


Projections of future changes in SWH extremes
(size/frequency changes)


),, ξσµ ˆˆ)(ˆ(2 tGEV trend


t=1, 31, 61 and 91
(1990, 2020, 2050, 2080)


Observed
relationship


ttt GP 21
ˆˆˆˆ ρρµµ +0 +=


Projected 
location 
parameter tµ̂


CGCM2 simulated 
and tP tG


2
210 ˆˆˆ)(ˆ ttttrend αααµ ++=


Trend analysis
(RMs) on tµ̂
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Similar patterns, but weaker
GHG forcing (B2) scenario 
Ł smaller changes: both seasons


Shadings: quadratic trends of at 
least 5% significance


mostly non-linear!


N. Pacific N. Pacific -- Seasonal Seasonal extreme SWHextreme SWH: Projected changes by 2080 : Projected changes by 2080 –– 3 scenarios3 scenarios
(2080’s minus 1990’s)


up to 70 cm


up to 130 cm


up to 100 cm


up to 100 cm
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North Pacific


Trends in the projected � t
(3 scenarios)


Winter


Accelerated


increase-rates


Fall
Nearly constant


increase-rates
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Contour  interval: 1.0 m


1990’s 20-yr. 
return values (m)


9 
m


6 m


Fall extreme SWHFall extreme SWH: Projected changes by 2080 (: Projected changes by 2080 (A2 scenarioA2 scenario) ) 


Contour  interval: 4 yr . Hatching: per iods � 12 yr .


1990’s climate:
once every 20 yr.


2080’s climate:
once every 4-8 yr.


In 1990’s climate:
once every 20 yr


In 2080’s climate:
once every 4-8 yr 


or 3-4 times every 20 yr


up to 100 cm


up
 to


 5
0 


cm
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N. PacificN. Pacific - Projected changes by 2080 Projected changes by 2080 –– A2 scenarioA2 scenario


up to 70 cm


up to 100 cm


up to 100 cm


Seasonal means Seasonal extremes


up to 45 cm


up to 45 cm
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Similar  patterns, but different
forcing à different changes 
in the northeast Atlantic


Weaker GHG forcing (B2) 
Ł smaller  changes


(also true in fall)


N. AtlanticN. Atlantic -- extreme SWHextreme SWH: Projected changes by 2080 : Projected changes by 2080 -- 3 scenarios3 scenarios


Mostly non-linear  changes!
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Trends in the projected      
(A2 scenario)
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Fall
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N. AtlanticN. Atlantic -- Fall extreme SWHFall extreme SWH: Projected changes by 2080 (: Projected changes by 2080 (A2 scenarioA2 scenario))


Projected return periods 
as of year 2080


Contour interval: 4 yr. Shading: � 12yr.


1990’s 20-yr. 
return values (m)


Contour interval: 1.0 m


Contour interval: 15 cm


Changes (cm) in 
20-yr return values


up to 100 cm


In 2080’s climate:
SWH of 13 m -
~twice as often
as it does now 


13 m


���������
	��� �
��� 	����
	��������
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N. AtlanticN. Atlantic - Projected changes by 2080 Projected changes by 2080 –– A2 scenarioA2 scenario


Seasonal means Seasonal extremes
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Increased # of 
strong cyclones


# of strong cyclones:     (19à 30)
# of other cyclones:     (23à 18)


# of all cyclones:     (42à 48)


# of strong (but 
not extreme) cyclones


Extreme SWH changes
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West- & southeast-ward expended Icelandic low
~     positive NAO
~     SLP gradient & stronger westerly


Related SLP climate changes (2080s Related SLP climate changes (2080s –– 1970s) 1970s) –– N. AtlanticN. Atlantic
(IS92a scenario)
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Extreme SWH changes
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SummarySummary
1. Projected changes: 1) slower than the observed ones;


2) not simple continuation of the observed trends,      


especially in the fall season.


fall - observed
1958-1997


fall - observed
1975-2000


1990-2099


1990-2080


Means à


Extremes à
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Summary (cont’d)Summary (cont’d)


2. Changes projected for the 21st century:


> Nonlinear, accelerated change-rates                                                           
> Both oceans à significant increases in both seasonal 


extreme/mean wave heights in some areas


3. Implication of climate change: 


Warmer climate à More frequent extreme events                       


e.g., A2 forcing scenario: 


By the late 21st century: ~2-4 times as often as it does now.
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Summary (cont’d)Summary (cont’d)


4. Weaker GHG forcing (B2) scenario à smaller changes, 
especially in the northeast Atlantic


(response of ocean wave heights to the anthropogenic forcing).


5. Climate change scenarios à various sources of uncertainty


- Characterization of uncertainty: ongoing research
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-- The End The End --


Thank you very much!Thank you very much!
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Redundancy Analysis (RA)*
Linear regression:  Yp = EY + CYX CXX


-1 (X - EX)
where Yp --- linear prediction of Y
EX, EY --- expected values of X, Y
CXX, CYX --- variance & covariance matrices


While searching for a hierarchy of best-correlated pairs 
of pk and ak, RA also seeks to maximize the associated 
predictand variance:


Predictand modes ak --- leading EOFs of the linear prediction Yp
Predictor modes pk --- patterns of predictor X that are best 


correlated with ak


*similar to CCA, but it seeks to derive more meaningful 
correlation pairs of predictor and predictand.
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Step 1: Projections of seasonal mean SWH (“quasi-Gaussian” )
Redundancy Analysis => Observed SLP – SWH relationships: 


Linear regression: Hp = EH + CHP CPP
-1 (P - EP)


RA model training:
Predictor P: NRA SLP anomalies


Predictand H: Obs SWH anomalies


Basic Assumption: The observed SLP-SWH relationships also hold under the
different forcing conditions of possible future climates.


This procedure was repeated for each member (run) of the 3-member ensemble 
simulations of SLP for each of the 3 forcing scenarios. 


===> 3 ensembles of 3 member-projections (9 sets) of seasonal mean SWH.


CGCM2 simulated 
anomalies of 


seasonal mean SLP


Observed
SLP - SWH
relationship


Projected 
anomalies of 


seasonal mean 
SWH


Projections 
of future 
seasonal 


mean SWHObserved baseline 
climate of mean SWH


Use de-trended leading PCs of 
seasonal anomalies relative to 
the baseline (1961-90) climate
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Step 3: Assessment of projected changes    
Ł trends in the projected location parameter


Fit three nested regression models:


Likelihood ratio tests Ł significance of linear/quadratic trends


For each scenario, we have an ensemble of 3 projections. 
The 3 projections = 3 samples at each sampling time (year).
Ł N = 110 x 3.
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North Pacific


Trends in the projected seasonal
mean SWH – 3 scenarios


Winter


Accelerated


increase-rates


Fall


Nearly constant


increase-rates
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Trends in the projected
winter mean SWH


IS92a scenario - mean A2 scenario - mean


IS92a scenario - mean A2 scenario - mean


IS92a scenario - mean A2 scenario - mean


A2 Ł basically
linear trends
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Xiaolan Wang,  Assessment Of Observational Biases And Trends In Canadian 
Cloudiness 
 

Xiaolan Wang 
Climate Research Branch, Meteorological Service Of Canada, Canada 

 
and 

 
Dr. Francis Zwiers 

Mr. Val Swail 
Mr. Ted Yuzyk 

 
We have analyzed the hourly cloudiness record (in tenths of the sky dome) at 103 Canadian 
stations where observations were made by human observers. The records at 56 stations span 
the period from January 1953 to April 2003, while the remaining 47 stations have shorter 
records (35-49 years). All records are nearly complete. These records were first subjected to an 
intensive assessment of observational biases, and were subsequently analyzed for trend by 
means of logistic regression. This assessment involved statistical change-point analyses, station 
metadata investigation and visual inspection of the time series in question. Changes in 
observing practices and observer training, frequent observer changes, relocation, etc. were 
found to introduce significant step-changes in cloudiness time series, especially in the period 
before the latest version of Canadian Manual of Surface Weather Observations (MANOBS) 
was published in January 1977. We carried out the analyses for each of the 11 cloudiness 
conditions (from clear sky to overcast: 0/10 - 10/10) separately, while preserving consistency 
among the 11 categories.    The results of our analyses show that observational biases in 
Canadian cloudiness records are too numerous and too significant to ignore. Some biases are 
such that trends estimated from unadjusted cloudiness data can be far from reality. After 
removing the effect of observational biases, the overall trends of Canadian cloudiness features 
more frequent occurrence of clear sky, nearly overcast (9/10) and overcast conditions, and less 
frequent occurrence of broken sky conditions in daytime; while nighttime trends feature more 
frequent medium-heavy cloudiness conditions and less frequent clear sky and light (1-2 tenths) 
cloudiness. Overall nighttime cloudiness has increased during the past half century, which is 
consistent with the strong increase in daily minimum temperature that has been observed in 
Canada.
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Assessment of observational biases and trends Assessment of observational biases and trends 
in Canadian cloudinessin Canadian cloudiness


byby


Xiaolan (Leona) Wang, Xiaolan (Leona) Wang, Francis ZwiersFrancis Zwiers and Val Swailand Val Swail


Climate Research Branch, Meteorological Service of Canada (MSC)Climate Research Branch, Meteorological Service of Canada (MSC)


Ted YuzykTed Yuzyk


Atmosphere Monitoring and Water Survey Directorate, MSCAtmosphere Monitoring and Water Survey Directorate, MSC


l Data
l Methodologies
l Artificial steps & observed trends
l Summary
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l Data source:                                                    
Hourly human-obs of sky-cloudiness at 103 stns, since 1953.


Data & Procedures


l Primary data: Monthly counts of occurrence of each 
category, for day-time & night-time separately.                        


- Day-time: {9 AM, 10 AM, …, 4 PM}; Night-time: {9 PM, 10 PM, …, 4 AM}


- Observer-shift (agency) changes: mostly at 4 or 5 PM local time


l In Canada: Cloudiness – in tenths of the sky-dome                
à 11 categories: 0 (clear-sky), 1/10, …, 10/10 (overcast)


l Normal approximation - unsatisfactory 


l Observation of occurrence:                                      
“yes” (it occurs) or “no” (it doesn’t occur)                    


Ł the monthly counts have binomial distributions
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Logistic Regression Analysis
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Logistic Regression Analysis
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Month t with m(t) obs, a specific cloudiness is seen s(t) times:


Frequency                      Ł Log odds 


5


Step detection procedure (day-time & night-time separately)


1. Regression analysis 
Ł A list of possible steps for each category at each station


{9 AM,10 AM,…,4 PM} {9 PM,10 PM,…,4 AM}


2.  Time series visualization: 1) to ensure cross-categories 
consistency: a jump (drop) ~ a drop (jump) at least
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A few more examples


A big drop ~ small jumps
A big jump ~ small drops
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Step detection procedure (cont’d)


2.  Time series visualization: 
1) to ensure cross-categories consistency; 
2) to remove change-points that are not steps 


(e.g., phase change-points)


Decadal fluctuation


Multi-decadal fluctuation
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Step detection procedure (cont’d)
3. Intensive station metadata investigation 


Ł possible causes 
Ł exact points of change


e.g., Feb. 1970 in one category, and 
Apr., Jun., & Sept. 1970 in 3 others


Statistical models      Estimate of step position:


Metadata


Actual change in April 1970
(one step, not four!)
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Examples of steps and possible causes:


Station class:
Agency & 


obsvr type/duty


Office relocation &
WO4à ATO/WO4
& MANOBS chng


ATO/WO4à WO4
Obsvrs chngs


MANOBS chng


AWOS


Elv change


? (no SIRs)


WO4/WS3 à CON
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AES&FSSà FSS
WO4à ATI


MOTà CONObsvrs chng


Obsvrs chng


Obsvrs chngs
(poor quality)


Obsvg area change
WO4->ATI


Change of
observers


ATI/WO4à CON


ATOà MTR


MTRà CON


Obsvrs chng


? (no SIRs)
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Adjust for the detected steps 
à “homogeneous” series for estimating trends:


– 1) to the longest segment of each category à homogeneity


2) to the common longest segment à cross-categ. consistency


– Multinomial analysis + numerical optimization 
à zero-sum of adjustments to all categories


for each step at each station à 

=


=
10


0


1
k


kπ
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Estimate linear trends
using the adjusted time series of log odds:
– All months together (annual cycle removed)                      
à overall trends 


(N = 420 ~ 604 à good estimates of trends)


– Seasonality? à Trends in each calendar month


(N = 35 ~ 51)
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More apparent in 
summer (Jun.-Sep.)
& winter (Nov.-Jan.)


Day-time clear-sky (all months)
Confidence level of trends (No. of stns)


0.95 to 1   (69)
0.8  to 0.95   (8)
0  to 0.8   (8)


-0.8  to 0   (6)
-0.95 to -0.8   (4)
-1  to -0.95   (8)


More frequent
day-time
clear sky 


Day-time 9-tenths (all months)
Confidence level of trends (No. of stns)


0.95 to 1   (64)
0.8  to 0.95   (4)
0  to 0.8   (4)


-0.8  to 0   (5)
-0.95 to -0.8   (7)
-1  to -0.95  (19)


More frequent day-time
9-10 tenths cloud cover


Squares: 56 stns of data for
604 months or 50+ yr.
(Jan.1953 – Apr.2003)


Circles: 47 stns of data
for 35-49 yr.


Confidence level of trend
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March day-time clear-sky
Confidence level of trends (No. of stns)


0.95 to 1   (29)
0.8  to 0.95  (18)
0  to 0.8   (19)


-0.8  to 0   (22)
-0.95 to -0.8   (12)
-1  to -0.95   (3)


August day-time clear-sky
Confidence level of trends (No. of stns)


0.95 to 1   (61)
0.8  to 0.95  (14)
0  to 0.8   (20)


-0.8  to 0   (5)
-0.95 to -0.8   (1)
-1  to -0.95   (2)


August


March
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Day-time 2-tenths (all months)
Confidence level of trends (No. of stns)


0.95 to 1   (6)
0.8  to 0.95   (6)
0  to 0.8   (9)


-0.8  to 0   (10)
-0.95 to -0.8   (9)
-1  to -0.95  (63)


Day-time 6-tenths (all months)
Confidence level of trends (No. of stns)


0.95 to 1   (12)
0.8  to 0.95   (4)
0  to 0.8   (7)


-0.8  to 0   (9)
-0.95 to -0.8   (11)
-1  to -0.95  (60)


Day-time:
Less frequent 


1-3 & 6-8 tenths
cloud  cover


More apparent in
winter (Nov.-Mar.)
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June day-time 6-tenths cloudiness
Confidence level of trends (No. of stns)


0.95 to 1   (9)
0.8  to 0.95  (13)
0  to 0.8   (11)


-0.8  to 0   (24)
-0.95 to -0.8   (18)
-1  to -0.95  (28)


December day-time 6-tenths cloudiness
Confidence levle of trends (No. of stns)


0.95 to 1   (4)
0.8  to 0.95   (7)
0  to 0.8   (9)


-0.8  to 0   (21)
-0.95 to -0.8   (27)
-1  to -0.95  (35)


December


June
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Monthly mean day-time cloud amount
Confidence level of trends (No. of stns)


0.95 to 1   (35)
0.8  to 0.95   (8)
0  to 0.8   (9)


-0.8  to 0   (7)
-0.95 to -0.8   (8)
-1  to -0.95  (36)


Mostly increased
(more apparent in summer)


Mostly decreased




=


⋅=
10


1


categoryth  offrequency   theis )(     where)()(amount  Cloud
k


kk kttktCA ππ
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July mean day-time cloud amount
Confidence level of trends (No. of stns)


0.95 to 1   (29)
0.8  to 0.95  (17)
0  to 0.8   (19)


-0.8  to 0   (18)
-0.95 to -0.8   (11)
-1  to -0.95   (9)


Increased
day-time CA


July Sunshine (113 stns)
Confidence level of trends (No. of stns)


0.95 to 1   (9)
0.8  to 0.95  (14)
0  to 0.8   (18)


-0.8  to 0   (33)
-0.95 to -0.8   (19)
-1  to -0.95  (20)


Decreased sunshine hours


July:


Cloud Amount (CA)


Sunshine hours
(only 1 step in 3 of 113 stns)


Regionally averaged
Time series
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Regionally averaged time series (July)


Corr = - 0.81
(99.9% conf.: 0.43)


Sunshine hours:


Day-time
cloud amount:
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Night-time 5-tenths (all months)
Confidence level of trends (No. of stns)


0.95 to 1   (66)
0.8  to 0.95  (13)
0  to 0.8   (9)


-0.8  to 0   (5)
-0.95 to -0.8   (5)
-1  to -0.95   (5)


Night-time 9-tenths (all months)
Confidence level of trends (No. of stns)


0.95 to 1   (71)
0.8  to 0.95   (8)
0  to 0.8   (8)


-0.8  to 0   (3)
-0.95 to -0.8   (2)
-1  to -0.95  (11)


Night-time: 
More frequent 


3-5 & 8-9 tenths 
cloud cover
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Day-time 
2-tenths 


cloud cover


Less frequent occurrence
of 1-tenths (& 2-tenths) 
cloud cover in the west


Night-time 1-tenth (all months)
Confidence level of trends (No. of stns)


0.95 to 1   (20)
0.8  to 0.95  (11)
0  to 0.8   (7)


-0.8  to 0   (17)
-0.95 to -0.8   (1)
-1  to -0.95  (47)


Night-time clear-sky (all months)
Confidence level of trends (No. of stns)


0.95 to 1   (37)
0.8  to 0.95   (7)
0  to 0.8   (13)


-0.8  to 0   (7)
-0.95 to -0.8   (12)
-1  to -0.95  (27)


Less frequent 
clear-sky & 6-7 tenths 


cloud cover


Night-time:
Less frequent 


1-2 tenths
cloud cover 


in most areas
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Increase in most areas


Monthly mean night-time cloud amount
Confidence level of trends (No. of stns)


0.95 to 1   (54)
0.8  to 0.95  (10)
0  to 0.8   (11)


-0.8  to 0   (7)
-0.95 to -0.8   (7)
-1  to -0.95  (14)


Regionally averaged time series
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Regionally averaged night-time cloud amount (adjusted)


5.75
6.04


99.99% confidence


4.94
5.55


~100.00% confidence


Rate of increase: 
(in % of the mean) 


99.68% confidence


5.52
5.94


6.06
6.45


99.74% confidence


1.23% per decade


1.49% per decade


2.30% per decade


0.97% per decade


Wang et al. 2004 24


Averaged over southern CanadaAveraged over southern Canada


5.74
6.13


99.996 % confidence 1.29% per decade


Monthly mean
night-time


Cloud Amount:


Monthly mean
daily min. Temp.:


-6


-4


-2


 0


 2


 4


 6


 8


 1950  1955  1960  1965  1970  1975  1980  1985  1990  1995  2000  2005


South of 60N


"trend"


Corr. = 0.163
(99.9% conf.: 0.127) 
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SummarySummary
l Statistical models


à estimate of step position and statistical significance    


à need metadata & time series visualization tools


l Underlying statistical distribution of the data
Occurrence counts à binomial distributions


à Logistic regression


non-linear Ł linear


]1,0[)( ∈tπ
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Summary (cont’d)Summary (cont’d)
l Artificial steps: too numerous & too significant to ignore


l Unadjusted data à unrealistic trends 


Significant increase


Slight decrease (raw data)


Slight decrease


Significant increase (raw data)


No trend


Significant increase (raw data)


No trend


Significant decrease (raw data)
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Summary (cont’d)Summary (cont’d)


Day-time:     clear sky & 9-10 tenths cloudiness        


broken sky conditions


à more apparent in summer & winter


à S. Canada:    day-time cloud amount ~    sunshine hours


Night-time:     3-5 & 8-9 tenths cloudiness


clear sky & 1-2 tenths cloudiness


à overall night-time cloud amount ~ daily min. T


l Overall trends of Canadian cloudiness:
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–– The End The End ––


Thank you very much!Thank you very much!
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Summary (cont’d)Summary (cont’d)


Monthly mean cloud amount )()(
10


1


tktCA
k


k

=


⋅= π


Increase of 99.99% confidence Raw data: Decrease of 99.55% confidence


biased by 
this segment


Wang et al. 2004 30


Clear sky & overcast: easy to determine. Why steps?


1) Manual of Surface Weather Observations (MANOBS): 
(7 versions, all before spring 1977)


Rounding convention or category definition change:


Jan. 1957 – Jan. 1977:
“100%” à overcast; 
“90% < CA < 100%” à 9/10;
“0 < CA < 10%” à 1/10.


Other periods:
“ round to the nearest tenth” ;
(“CA � 95%” à overcast)
“0 < CA < 10%” à trace.


During 1957-1977:
- Fewer reports of 
overcast & clear-sky


- More reports of 
1- & 9-tenths


(seen at many stations)
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Clear sky & overcast: easy to determine. Why steps? (Cont’d)


2) Relocation à sky-dome/visibility change:


Location A


1-tenth


Location B


Clear sky


9-tenths


6-tenths
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A.M. Webb,  The nature of the upwelling cell south of Madagascar 
 

A.M. Webb 
Department Of Oceanography, University of Cape Town, South Africa 

 
and 

 
 R. E Lutjeharms 

 E Machu 
 
Upwelling in the ocean plays a crucial role in the ecology of many coastlines of the world and 
dramatically affects the weather and climate of the adjacent land masses. Most extensive 
upwelling regimes are found along the west coasts of continents and are fairly well understood. 
It is unusual for new upwelling systems still to be discovered. One such newly found upwelling 
cell is south-east of Madagascar. This upwelling cell was predicted from basic theory and as a 
result subsequently identified in thermal infrared satellite imagery as well as satellite images of 
ocean colour (Lutjeharms and Machu, 2000). This has lead to a research cruise making specific 
observations in the region as part of the Dutch/South African ACSEX II expedition on the 
Dutch research ship Pelagia. The initial results of this cruise confirmed that there indeed is an 
upwelling process that occurs at this location (Machu et al., 2002).  Further analyses have now 
been undertaken and show the nature of the upwelling as well as the likelihood of the 
retroflection of the East Madagascar Current south of Madagascar. It is shown that the East 
Madagascar Current carries a core of Red Sea Water as it passes the continental shelf off 
south-eastern Madagascar. Inshore of the current there are indications of cooler and saltier 
water as a result of upwelling. Satellite and other products suggests that the current generates a 
cyclone that traps shelf water and carries it away, while an anticyclone forms as part of the 
retroflection. This dipole pair then moves off towards the South African coastline (De Ruijter 
et al., 2004). 
 
De Ruijter, W.P.M., H.M. van Aken, E.J. Beier, J.R.E. Lutjeharms, R.P. Matano and M.W. 
Schouten, (2004). Eddies and dipoles around South Madagascar : formation, pathways and 
large-scale impact. Deep-Sea Research I, in press. 
Lutjeharms, J.R.E. and E. Machu, 2000. An upwelling cell inshore of the East Madagascar 
Current. Deep-Sea Research I, 47(12): 2405-2411. 
Machu, E., J. R. E. Lutjeharms, A. M. Webb and H. van Aken, 2002. First hydrographic 
evidence of the southeast Madagascar upwelling cell. Geophysical Research Letters, 29(21), 
2009, doi:10.1029/2002GL015381. 



R Wilby, Limits To Downscaling Predictability / Skill 
 

 R Wilby 
Climate Change Science, Environment Agency, United Kingdom 

 
 
 
 
 

This talk will draw on a decade of downscaling intercomparison studies to review issues of  
predictability and skill in downscaling techniques; raising notably the debate of to what degree 
it is important to select one approach over another.  In addition, the talk will present recent 
developments and results arising from the Statistical and Regional dynamical Downscaling of 
Extremes for European regions (STARDEX) project which has focused on rigorous and 
systematic inter-comparison and evaluation of statistical, dynamical and statistical-dynamical 
downscaling methods. 
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Limits to downscaling 
predictability and skill


Robert Wilby
Climate Change Unit


rob.wilby@emvironment-agency.gov.uk


….or...
where do we go from here with 


inter-comparison studies?


First…a reality check...


• Intensified urban heat island


• Air quality


• Flood risk (rivers, tidal, and urban)


• Water security


• Biodiversity


London Climate Change Partnership, 2002. A climate change impacts in London 
evaluation study. Final Technical Report, Entec UK Ltd.


What are “stakeholders” 
really worried about?


Outline
• What have we learnt from a decade of 


downscaling inter-comparison studies?


• Contemporary study - EU STARDEX


• Policy significance - UK flood risk


• Concluding remarks


An abridged chronology of 
inter-comparison studies
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Selected SDS inter-comparison studies
Region/site(s) Techniques Authors
UK WG, TF Semenov and Barrow (1996)
Iberia TF various Winkler et al. (1997)
New Zealand TF, RCM Kidson and Thompson (1998)
USA WG, TF Wilby et al. (1998)
Europe TF, RCM Murphy (1999)
USA WG, TF, RCM Mearns et al. (1999)
USA/Mexico TF, CP Cavazos (1999)
Iberia AN, TF Zorita and Von Storch (1999)
Europe TF various Huth (1999)
USA WG/TF, RCM Wilby et al. (2000)
New Zealand TF various Mpelasoka et al. (2001)


TF various Schoof and Pryor (2001)
USA TF various Widmann et al. (2003)
USA TF, RCM Hay and Clarke (2003)
UK TF/WG, RCM Goodess et al. (2003)
UK TF/WG, RCM Reynard et al. (2004)
Western USA TF, RCM Wood et al. (2004)


AN = Analogue; TF = Transfer Function; WG = Weather Generator; CP = Circulation Patterns


Reminder of parallel activities within the 
RCM community (PRUDENCE)


Changes in summer 
precipitation by the 2080s 
under SRES A2 emissions 
projected by four RCMs
Source: Frei (pers. comm.)


What have we learnt?
• SDS techniques are highly versatile and do add value
• Choice of SDS method, predictor variable suite, predictor 


domain extent/location, training period, season definition, 
etc. affect results


• SDS and RCM methods have comparable skill for current 
climate; BUT scenarios typically differ for the future


• There is no universally optimal downscaling technique
• Rather, the ‘optimal’ SDS technique depends on logistical 


considerations (off-the-shelf, predictor archive, time, 
personal preference, local needs, resources, etc.)


• Capture of extreme events remains problematic


STARDEX (Statistical and Regional 
dynamical Downscaling of 
Extremes for European regions)


http://www.cru.uea.ac.uk/projects/mps/


PRUDENCE


STARDEX


MICE


Dynamical vs. statistical downscaling: 
the STARDEX objectives


• To rigorously and systematically inter-compare and 
evaluate statistical versus dynamical downscaling methods 
for the reconstruction of observed extremes and the 
construction of scenarios of extremes for selected 
European regions.


• To identify the more robust downscaling techniques and 
to apply them to provide reliable and plausible future 
scenarios of temperature and precipitation-based extremes 
for selected European regions.
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STARDEX downscaling methods
• Canonical correlation analysis
• Artificial neural networks
• Two-stage analogue technique
• Conditional resampling
• Regression analysis
• Conditional weather generator
• Potential precipitation circulation index (cluster analysis)
• Critical circulation patterns (fuzzy rules)
• Local rescaling of GCM simulated precipitation


Principles of verification


• Predictor dataset : NCEP reanalysis


• Predictand datasets: “FIC dataset” and regional sets


• Assess variations in skill by region


• Benchmark stations within regions


• Core indices


Study Regions
The ‘FIC dataset’


Study Regions


UK: 6 stations


Iberia: 16 stations
Greece: 8 stations


Italy: 7 stations


Alps: 10 stations


Germany:
10 stations


The ‘FIC dataset’


Partners/regions


xxCNRS
xUNIBE


xxxxxxDMI
xxxxxxFIC


xxETH
xxUSTUTT-IWS & FTS


xxAUTH
xADGB
xxARPA-SMR


xxKCL
xxxxxxUEA


ItalyUKGermanyAlpsGreeceIberia


Core indices
(downscaled directly or calculated from downscaled daily series)
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Principles of verification (cont.)


• Core indices computed for DJF, MAM, JJA, SON, ANN


• Verification period: 1979-1994 (for compatibility with 
ECMWF-driven regional models)


• Training period: 1958-1978 and 1995-2000


• Statistics: RMSE, SPEARMAN-RANK-CORR for each 
station/index


UK – 90th percentile rainday amounts


KEY:
1. CCA
2. CCA
3. ANN
4. ANN
5. ANN
6. RBF
7. MLP
8. RBF
9. CR
10. WGEN


Iberia – 90th percentile rainday amounts


KEY:
1. CCA
2. ANN-GA
3. ANN
4. RBF
5. CR
6. WGEN


Greece – 90th percentile rainday amounts


KEY:
1. CCA
2..SMR
3. SMR
4. SMR
5. WGEN
6. MREG
7. ANN
8. CCA


Greece – Tmax 90th percentile


KEY:
1. CCA
2..SMR
3. SMR
4. SMR
5. WGEN
6. MREG
7. ANN


Distribution of precipitation stations in relation 
to grid-boxes used for downscaling in Iberia


12.5°W 10.0° 7.5° 5.0° 2.5° 0.0° 2.5° 5.0°E
32.5°


35.0°


37.5°


40.0°


42.5°


45.0°N


W1 W2 W3


W4 W5 W6


W7 W8 W9


W10 W11 W12


E1 E2 E3


E4 E5 E6


E7 E8 E9


E10 E11 E12
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Western Iberia (11 sites)
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Station averages


RBF - yellow, GA-RBF – red, SDSM – green
Bars denote the 95% confidence range from the 20 member ensemble of SDSM
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Southeast Iberia (5 sites)


Station averages


Valencia
RBF (single-site) - blue, RBF - yellow, GA-RBF – red, SDSM - green


Summary of STARDEX interim findings
• Variations in skill between stations tend to be greater than 


those between methods and regions


• Skill for winter typically greater than summer, and some 
indices are more robust than others (e.g., px5d, pxcdd) 


• A ’best’ method cannot, therefore, be selected at this stage


• The reason(s) for this might be:


– non-homogeneity/brevity of station data


– inherent limitations/variability in predictability


– station-scale too fine


Case study: 
Implications of climate change 
for flood frequency in the UK


Thames in flood at Wallingford, January 2003.


Flood and Coastal Defence Project 
Appraisal Guidance


“In the view of the current uncertainty……. the
sensitivity analysis of river flood alleviation schemes
should take account of potential increases of up
to 20% in peak flows over the next 50 years……. 
It will often be preferable to consider design options
which allow the possibility of future incremental
adaptation ” 


MAFF, FDCPAG1, May 2001


Study catchments


1976-2000
(1989-1995)HourlyPDM96001


1968-1999
1985-1994HourlyPDM74001


1971-2001
DailyCLASSIC54057


1921-2002
DailyCLASSIC54001


1975-1999
HourlyPDM42012


1958-2001
DailyPDM40005


1883-2002
DailyCLASSIC39001


1962-2000
1987-1994HourlyPDM30004


1967-2001
1985-1992HourlyPDM28039


1969-2000
DailyCLASSIC27009


Data 
availability 
of daily 
mean flow


Data 
availability 
of hourly flow 
and 
catchment 
average 
hourly rainfall


Temporal 
resolution


ModelCatchmen
t number
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Downscaling methods
• Change factor method (UKCIP02 scenarios)


• Resampling UKCIP


• Hybrid regression-weather generator method (SDSM)


• Direct use of regional climate model (HadRM3)


• Resampling HadRM3 output


5-day rainfall 
frequency curves 
for the River Severn


Baseline 1961-1990


Observed


Regional Climate Model


Statistical modelling


2080s


UKCIP02


Regional Climate Model


Statistical modelling
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RCM
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Low Med
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High High Min Max B2 A2 A2 Min Max


27009 -2.2 -3.6 -3.8 -4.2 7.0 -3.8 10.7


28039 6.4 -2.5 -2.6 -5.5 -28.1 20.4 -14.0 -26.7 94.2


30004 -3.5 -5.6 -9.9 -13.1 -27.7 7.7 -12.0 -27.9 13.1


39001 -1.6 -1.6 0.0 2.8 16.7


40005 -0.5 -1.5 -3.9 -3.7 -23.6 10.7 -13.8 -37.2 61.3


42012 2.5 3.2 4.6 5.0 -9.0 28.3 3.5 -72.9 474.9


54001 -2.1 -2.7 -5.4 -6.7 10.4 6.8 -19.4


54057 1.2 1.2 3.0 4.4 -14.5


74001 6.6 8.3 16.1 21.9 -12.5 15.8 16.3 -2.1 35.4


96001 0.1 -0.9 -3.1 -4.6 -21.5 15.6 -8.9 -18.5 31.8
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Summary of flood-study findings
• Current Government guidance appears to remain 


appropriate, albeit rather precautionary 


• BUT impacts are location and catchment-specific


• Changes in flood frequency depend on downscaling method


• Only one climate model (HadCM3) and two scenarios (A2 
and B2) were deployed in the study


• The chosen GCM is relatively dry in summer affecting 
autumn recharge and winter flood peaks


Concluding remarks


Reflections
• SDS methods yield added-value to GCM products


• SDS skill ultimately constrained by the predictability of the 
local variable(s) of interest; differences between methods 
can be relatively small at given locations (current climate)


• Land-surface feedbacks still not properly addressed


• Uncertainty due to SDS techniques being captured by 
ensemble approaches to aid decision-making


• Inter-comparisons should become impacts focused 
(e.g., flood frequency estimation, water resource plans)


• Results need to be translated for decision makers
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Xuebin Zhang,  On The Estimation Of Exceedance Over A Threshold 
 

Xuebin Zhang 
Climate Research Branch, Meteorological Service Of Canada, Canada 

 
and 

 
Gabriele Hegerl 
Francis Zwiers 

 
 

Indices of climate extremes have been developed and maintained for the purpose of monitoring 
climate change. They are also potentially useful for climate change detection studies. A 
number of such indices are defined as the number of days in a year or season that daily values 
exceeded a time dependent threshold. These thresholds are typically defined as an annual cycle 
of daily percentiles that are estimated from a base period such as 1961-1990. Time series of the 
frequency of exceedance above the  estimated thresholds are often analyzed for trends. Using 
Monte Carlo simulation, we demonstrate that these time series may contain artificial jumps at 
the beginning and end of the base period. This would make these exceedance frequency time 
series unsuitable for monitoring and detecting climate change. A bootstrap resampling 
procedure is proposed to estimate exceedance frequencies during the base period effectively 
removes  the inhomogeneity. 
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Xuebin Zhang, Climate Research Branch, MSC


Gabriele Heggerl, Duke University


Francis Zwiers, CCCma


Jesse Kenyon, Duke University


Avoiding inhomogeneity in 
percentile-based indices of 


temperature extremes


Artificial jump and trend in indices


Base 


Out-base


Trend


Jump


Outline


• Estimation of indices
• Monte Carlo simulation


– Biases in indices
– Sources of biases


• Bootstrap procedure
• Conclusions


Estimation of temperature indices


• Exceedance rate
– Annual count of days when daily temperature is 


greater than a pre-defined percentile (e.g. 90th)


• Thresholds estimation
– Base period (1961-90)
– Sub-sampling windows


• 5-consecutive-day moving (5CD) window 
• 5-day spaced by 5 day (5SD) window


• 25-consecutive-day (25CD) moving window


– Quantile estimator
• Empirical quantile (more than 10 formula)
• Fitting a distribution (additional uncertainty if underlying 


distribution unknown


Monte-Carlo simulation


• Daily data simulation
– AR(1) with lag-1 day correlation alpha
– 60-yr 


• Sub-sampling windows
– 5CD, 5SD, and 25CD 


• Quantile estimation
– Empirical quantile
– Fitting a Gaussian distribution


Empirical quantile
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Relative bias in exceedance rate Statistics of quantile and exceedance


0.005


Sampling error leads to overestimation 
of exceedance


threshold


Error
Error


Error in exceedance


Causes of bias for the base period


• Sample data property 
– Variance under-estimation from auto-


correlated data 
– tendency for underestimating quantile


• Bias in threshold estimate 
– Over estimation by empirical quantile


Ø Exceedance rate not sensitive to this error


– Under estimation by fitting a distribution
Ø Negative bias in exceedance rate


• Rectification error
• Larger sample reduces bias


Causes of bias for the out-base period


• Sample data property 
– Variance under-estimation from auto-correlated data


• Bias in threshold estimate 
– Over estimation by empirical quantile


Ø Under estimation of exceedance rate


– Under estimation by fitting a distribution
Ø Over estimation of exceedance rate


• Sampling uncertainty
– Positive bias in exceedance rate


• Larger sample reduces bias


A solution


• Not possible to produce accurate estimate for 
both in-base and out-of-base periods


• Consistency important 
• Exceedance for in and out-base periods 


estimated similarly 
• A bootstrap procedure for in-base period


– Leave the year from the data
– Construction of 30-yr block
– Estimate threshold and exceedance
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It works! Implication I: extreme temperature indices for 
Canada


Exceedance over 90th percentile


Exceedance over 99th percentile


Computed by
bootstrap


Implication II: climate change detection


• Trend detection 
• Climate change detection


– Weak signal from noisy data
– Jump in obs, signal, noise data 


– Hard to separate jump from real signal
– False detection possible


Conclusions


• Accurate estimate of exceedance not possible
– Base period


• Quantile estimate bias


• rectification error 


– Out-base period
• Overestimation of exceedance due to sampling uncertainty


• Quantile estimate bias
• Complication of autocorrelation


• Recommendations
– Larger 25-consecutive-day moving window
– Bootstrap procedure for in-base period


• Careful analysis important
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Xiaogu Zheng,  Interannual Variability Of Seasonal-Mean Fields 
 

Xiaogu Zheng 
NIWA, New Zealand 

 
and 

 
Carsten Frederiksen 

 
 
We propose a method for studying the influence of intraseasonal variability on the interannual 
variability of seasonal mean fields. The method, using monthly mean data, provides estimates 
of the interannual variance and covariance, in the seasonal mean field, associated with 
intraseasonal variability. These estimates can be used to derive patterns of interannual 
variability associated with physical processes that vary significantly within a season, such as 
atmospheric blocking, or intraseasonal oscillations. Removing this intraseasonal component 
from the total interannual variance/covariance, one can define a “slow” component of 
interannual variability that is closely related to very slowly varying (interannual/supra-annual) 
external forcings and internal dynamics. Together these patterns may help in our understanding 
of the source of climate predictive skill, and also the influence of intraseasonal variability on 
interannual variability.     As an example, the methodology is applied to diagnose physical 
processes that play major roles in the variability of DJF New Zealand temperatures. 
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Interannual Variability of 
Seasonal Means Arising from 


Intraseasonal Variability


Xiaogu Zheng 
NIWA, New Zealand


and
Carsten S. Frederiksen


BMRC, Australia


Statistical model of monthly mean within a season


ymyym
��x +=


A monthly anomaly of climate variable from mean annual cycle


is represented as 


1,2,3m =


Y1,...,y =


y
�


month number


year number


seasonal population mean


anomaly due to external forcing and low frequency internal 
dynamics (interannual) - Climate Signal
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�


monthly residual


Intraseasonal Weather Noise
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Statistical model for seasonal mean
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� Interanual variability arising from 


intraseasonal variability


History and applications


1. Potential predictability of seasonal means (Madden 1976)


)V(


)V(
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y


x


µ is potential predictability, 
80% in tropics and 50% in mid-latitudes
30% for monthly mean in mid-latitude


2. Decomposition of cross covariance matrix 
of two seasonal mean fields (Zheng and Frederiksen 2004)


3. Estimation of yµ


Research is underway


Estimation of
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Diagnosing sources of predictability and uncertainty 
of DJF NZ temperature


1. Decompose cross covariance matrix 
of DJF SH 500Pha field and DJF Temperature field into


2. Singular value decomposition for each component


plot pressure eigenvector and temperature eigenvector


eigenvalue is a index of the importance of the patterns  


),V( yoyo εε ′


and residual component, i.e.


Intraseaonal component, i.e.


),V(),V( yoyoyoyo xx εε ′−′


Singular Value Decomposition


T
nnnmmmnm ×××× = VDU


nm×
Cross covariance matrix between 
MSLP and NZ rainfall


mm×U


nn×V


EOFs, circulation influence NZ rain


nm×D
Diagonal matrix, 
significance of the relation


EOFs, NZ rain respond to circulation
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Sources of climate signals


500h 
EOF


Temperature 
EOF


Nov. SST and DJF temperature PC
Correlation


A statistical prediction scheme


PC1 = +Nov.NZ.SST (28%)


PC2 = +SON.S.Tahiti.SST
-Nov.S.Australia.SST (38%)


Temp = PC1*EOF1 + PC2*EOF2


Sources of intrasesonal variability Intraseasonal patterns may be predictable 
from the beginning of the season


PC1: MJ has 45 days quasi-cycle


PC2 and PC3: if Dec 1 in the blocking 
developing mode.


Other patterns are unpredictable
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Modes of variation – some 
introductory remarks

Ian Jolliffe
Universities of Reading, Aberdeen, 

Southampton
i.t.jolliffe@reading.ac.uk

What are ‘modes of variation’

• Should they be
– Defined by the physics

– Explainable by the physics after the fact

• Or can they be
– Purely empirical  - defined by the mathematical 

or statistical techniques that find them

How do we find ‘modes of 
variation’

• Using physics alone (not at this meeting)

• Using descriptive statistical techniques
– If so, which techniques? 

– The choice depends on what we mean by ‘ variation’

– If variation = variance, then PCA/ EOF analysis is the 
obvious choice

• Using a model-based statistical approach – a 
different sort of ‘mode of variation’?

EOFs or not?

• The great advantage of PCA/EOFs is that 
statistically we know exactly what we are finding 
even if we sometimes have trouble physically 
interpreting what comes out

• Drawbacks/restrictions
– Linearity

– Physical interpretation (sometimes)

– Results partly determined by properties of the technique 
rather than the data (but also true of all(?) competitors) 

Competitors to EOFs

• Mainly achieve one of the following
– Non-linearity

– Simplification of numerical/physical interpretation 
(sometimes more numerical than physical)

– Modes of variation that link two or more data sets

• A key question for any competitor is ‘Do we 
understand what the technique is doing beyond 
producing pretty pictures?’
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A FEW REMARKS ON
PCA TECHNIQUES IN CLIMATE 

RESEARCH

OTHER APPLICATIONS OF PCA

• e.g., PCA as a classification tool
(alternative to cluster analysis)

• “non-standard” applications
– With fixed time (PCA of trend magnitudes, 

Huth this Tuesday)
– With fixed space (relationships between 

climate elements at a single station; prefilter
prior to weather type / air mass classification)

SOME METHODOLOGICAL 
REMARKS

• Careful selection of methodological
options
– mode (2 choices for fixed variable; S x T)

• S-mode doesn’t produce “circulation types”!!!

– similarity matrix 
– rotation

SOME METHODOLOGICAL 
REMARKS

• Interpretation of results to be done Ł
careful check: is output real or artifact?
– Several ways to check it, including:

• Stability of rotated PCs

• Simple structure
• Composite analysis
• Congruence PC loading x corresponding 

correlation map

PCA in detection of atmospheric 
circulation modes

• Non-linearity !  (Metelka later today)
• Verification of reality: mode compositing

– NAO x AO: Cash et al. (JAS 2002) – modes 
on aquaplanet

• PC1 annular
• But: composites of PC1 high-amplitude events 

two-sausage-like (= NAO-like)
• Ł “AO” doesn’t occur in reality

– Shorter averaging period than 1 months 
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9 IMSC 1

A regional 
Intensity-Duration-Frequency 
curves based on precipitation 
scaling properties in Belgium

D. Gellens
9 IMSC 2

Introduction and purpose

9 IMSC 3

Presentation outline

§ Introduction and purpose

§ Observation networks

§ Extreme values distribution 

§ Regional approach  for estimating at-site fractiles

§ Modeling the I.D.F. curves
l Modeling the regional growth curves parameters

l Scaling properties of extreme means 

l Modeling the extreme means

§ Practical results

§ Conclusions
9 IMSC 4

Observation networks

§ Daily precipitation (8h-8h)

§ Long-term records 

§ Aggregation time steps: 1, 2, 3, 4,

5, 7, 10, 15, 20, 25 and 30 days

§ 10 min recording rainguages

§ Aggregation time steps: 10 min, 

20 min, 30 min, 1 h, 2 h, 6 h, 

12 h, 24 h, 48 h, 72 h, 96 h, 

120 h, 144 h and 168 h. 

9 IMSC 5

Extreme values distribution

§ GEV distribution 

F(x)= exp {  - (1-
�
(x- � )/ � )1/ �  }  with 

�
(x- � )/�  <1,

�  is the location parameter, �  the scale and 
�
 the 

shape

§ for 
�
=0 GEV corresponds to a Gumbel distribution 

F(x)= exp {  - exp (- (x- � )/ � ) }

9 IMSC 6

Regional approach for estimating the at-site 
fractiles

§ Regional homogeneity of the L moments ratios

(Hosking and Wallis, 1997)

§ Adequation test according to various distributions 
e.g. GEV, lognormal, 

Pearson type III, …

(ZDIST tests)
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9 IMSC 7

Regional GEV distribution parameters
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§ PWM estimators (L-moments)

§ at-site means � ks , regional L-CV � R and regional 
L-skewness � 3

R (Hosking et al., 1985)
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9 IMSC 8

Regional GEV distribution parameters
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kTks
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§ Asymptotic expressions of the variance of the 
PWM fractileestimates (Gellens, 2002) while 
combining the regional approach with data 
extension procedure

§ Comparison with other procedures

9 IMSC 9

Regional growth curves

9 IMSC 10

At-site fractiles

9 IMSC 11

§
�
=

�
(k) and � =� (k)

§ Purpose: 
l express the fractiles as a function of k and extend the 

range of k values

l combine information from the two networks
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Modeling the regional growth curves parameters

9 IMSC 12

Parameter �
paramètre régional d'échelle αααα

α = -0,0177Ln(k) + 0,2316

R2 = 0,9306

α = 0,2274k-0,0716

R2 = 0,9492
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3

9 IMSC 13

Scaling properties of extreme means  

mean annual extreme precipitation Uccle

ln bo = 0,2644 ln k + 3,6762

ln bo = 0,4891ln k + 3,3196
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9 IMSC 14

Modeling the at-site means 

§ Fixed versus arbitrary intervals

§ Model based on simple scaling properties (power 
laws) for particular ranges of k values

§ Climatological and hydro-meteorological data

§ Regional model of the

at-site means depending

on a single at-site 

characteristic and

regional slopes values

9 IMSC 15

Modeling the at-site means 

§ Model based on power laws per range of k

§ integrating the ratio of the arbitrary (A) versus 
fixed (F) intervals (regional Hershfield factors)
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9 IMSC 16

Modeling the at-site means 

§ the at-site means are depending on a single at-site 
characteristic 

§ 2 angular points k0=1.028 and k1=5

§ 3 regional characteristic slopes c0=0.2640, 

c1= 0.3544 and c2=0.4688

9 IMSC 17

Practical results: Intensity-Duration-
Frequency curves and Reduced I.D.F. 

kTFs
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���

�

§ Practical information for specialized customers

§ Useful information for answering to the public and 
authorities

§ Useful to assess to frequency/return period of 
particular events

§ Extend the range of k values

§ Regional Reduced I.D.F. 

9 IMSC 18

local I.D.F.

regional Reduced I.D.F.
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9 IMSC 19

At-site mean 5-day extreme 
precipitation  

9 IMSC 20

Conclusions

§ Regional procedures have been adopted for
l assessment of the regional growth curves 

l Assessment of the scaling properties

multi-fractal model can describe the evolution of the 
extreme means 

§ Reduced regional I.D.F. curves

§ All the fractilesare obtained by scaling it with the 
at-site 5-day extreme values means

9 IMSC 21

A regional 
Intensity-Duration-Frequency 
curves based on precipitation 
scaling properties in Belgium

D. Gellens
9 IMSC 22

At-site fractiles

9 IMSC 23

Regional GEV distribution parameters
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9 IMSC 24

Regional GEV distribution parameters

where the X j are the ranked observations
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The unbiased estimator 
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9 IMSC 25

Data extension procedure combined with the 
regional approach

§ Rather short reference period 1951-1995

§ Few “historical”  reference station

§ Possible temporal inhomogeneitiesdue to record 
interruptions and a.o.b.

§ Method of the fractilesbased on the regional GEV 
distribution to fill the “gaps” and extend the data 
set to the reference period 1910-1995 (Gellens, J. of 
Hydrol., 2002)

§ Efficient for mean correlation larger than 0.5

9 IMSC 26

Modeling the I.D.F. curves and the extreme 
means 
§ Purpose: 

l express the fractiles as a function of k and extend the 
range of k values

l combine information from the two networks

§ Modeling the growth curves parameters

§ Modeling the at-site means

§ I.D.F.

§ Regional reduced I.D.F.

9 IMSC 27

Verification on the location parameter �

regional localisation parameter ξξξξ

ξ = 0,016Ln(k) + 0,8548

R2 = 0,9772

ξ = 0,8539k0,019

R2 = 0,9781
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Regional growth curves

9 IMSC 29

Regional reduced I.D.F. 

§ Separation of the at-site and regional factors

§ Practical objective
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