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Schematic illustration of the differences 
between the real world (a) and the world 
as represented by GCMs (b)



Reasons why downscaling of GCM 
output is useful for operational 
seasonal forecasting (1)

� There are important differences between the 
real world and its model representation

� Small-scale affects (such as topography) 
important to local climate could be poorly 
represented in the GCM

� Variables such as streamflow may not be 
represented explicitly by the GCM



� GCMs are not perfect and their forecasts are 
subject to error (i.e., parameterization schemes 
are not perfect)

� Spatial biases: GCM climatology may have 
rainfall maximum displaced

� Temporal biases: GCM climatology may have 
seasonal cycle wrong

� In developing countries, limited research funds 
could be directed to statistical post-processing 
of output from international centres

Reasons why downscaling of GCM 
output is useful for operational 
seasonal forecasting (2)



Two empirical approaches…

� Perfect Prog(nosis): no attempt to correct for 
possible GCM biases; GCM forecasts are 
assumed to be perfect

� Model Output Statistics (MOS): influence of 
specific characteristics included directly into 
equations



Perfect Prog

� In development:
� 0 = ƒpp(x0)

� In implementation:
� t = ƒpp(xt)



MOS

In development AND 
implementation:

� t = ƒMOS(xt)



Paper on Perfect Prog









Examples of 
complex problems:



Paper on MOS









Robustness 
of approach 
established



CCA diagnostics

� Anomalously low (high) GCM 850 hPa gpm
heights over SA associated with above 
(below) average DJF rainfall

� Pattern corresponds with observed low-level 
large-scale structure of rain or drought 
producing systems

� Pattern remains robust for varying CCA 
training periods



MOS LEPS scores



MOS –
Retro-Active Forecasts
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Categorized rainfall MOS forecasts for DJF 2001/02. A
refer to above- and N to near-normal equi-probable 
rainfall categories. LEPS scores are shown with the 
predicted categories, calculated from 30 years of cross-
validated rainfall forecasts. LEPS scores significant at 
the 95% level of confidence are indicated with a “*”, and 
those significant at the 99% level, with “**”. 

(a) CCA mode 2 predictor 
map of the 30-year training 
period used in the MOS 
equations relating GCM 
predicted 850 hPa 
geopotential heights to DJF 
regional rainfall. Shaded 
regions depict areas of 
significant loadings at the 
95% level of confidence. 
(b) DJF 2001/02 850 hPa 
geopotential height 
anomalies in gpm, based 
on the 30-year climate 
period of 1970/71 to 
1999/2000. 

Experimental Long-Lead Forecast Bulletin, 10, 75-77

Forecasts of Southern African DJF Rainfall Using Model Output Statistics
contributed by W. A. Landman,  L. Goddard and A. Barnston



Sensitivity to different 
domain configurations

















MOS-PP Combination

� Set up a MOS set of equations using simulation 
data (i.e., DJF SSTs for DJF output)

� Use forecast fields from the SAME GCM at lead-
times as input in MOS equations
– Reminiscent of Perfect Prognosis
– Difference: GCM data was used to set up the 

prediction equations instead of observed fields



ECHAM4.5-MOS Skill
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MOS-PP Combination

� GCM biases are 
taken into 
consideration in a 
much more 
representative way

� A new set of MOS 
equations do not 
have to be set up with 
each forecast lead-
time

� Forecast fields 
produced at lead-times 
are not as good as the 
simulation fields

– Previous MOS work has 
shown that at short 
lead-times, little skill is 
lost for the summer 
rainfall season

� � � � � � � � � 	 
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Experimental Design

� MOS: ECHAM4.5 
simulation rainfall for 
DJF

� “Perfect Prognosis”: 
ECHAM4.5 forecast 
rainfall from November 
SST forcing (0-month)

� Predictand: Southern 
African regional DJF 
rainfall 

� Optimal CCA
– Simulation data
– 24-member ensemble 

mean
– Best mean correlation 

obtained from 3-year-out 
cross-validation defines 
best MOS model (48yrs)

� Forecasts (0-month)
– Ensemble of 12 members
– RPSS for three categories 

over 27 years
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Best MOS Model
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MOS Model Climate and 
Forecast Years

27 MOS models are designed:
– 1950/51-1972/73 (23 yrs) � 1973/74
– 1950/51-1973/74 (24 yrs) � 1974/75
– …etc…
– 1950/51-1998/99 (49 yrs) � 1999/2000



RPSS of 27-Year MOS-PP 
Forecasts
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The “ poor” forecast of JFM 2004

Issued 12 2004
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New forecast approached 
captured wet conditions



6 Wettest and 6 Driest Years

1

2
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Near-Normal

Dry
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RPSS of 12-Year MOS-PP 
Extremes
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Summary (MOS-PP)

� Both Perfect Prognosis and MOS can skillfully recalibrate 
GCM output over southern Africa

� The MOS-PP system
– Combines advantages of two techniques

� Only one prediction equation set per season required

� GCM biases are better addressed

� MOS predictor patterns make physical sense
� MOS-PP produces best skill over the north-eastern 

interior of South Africa
� MOS-PP system is better able to predict for above-normal 

and below-normal seasons than near-normal seasons



Assessing the predictability of extreme
rainfall seasons over southern Africa

Paper has been accepted for 
publication in the 

Geophysical Research Letters



Method

� ECHAM4.5 simulation data (only provides an 
estimation of the upper limit of forecast skill) 
over 45 years

� Statistical post-processing of GCM rainfall fields 
to regional rainfall indices

� RPSS and ROC (wet or dry extremes are more 
predictable) probabilistic skill estimates (3-year-
out cross-validation) for 4 climatological seasons 



From 3 to 5 categories

� 3 equi-probable category forecasts:
– 33.3  33.3 33.3

� 5 equi-probable category forecasts:
– 20 20 20 20 20

Accurate prediction of the probabilities of rare events 
(outer pentiles) is the aim of this analysis



Skill for 5 categories (45-years)



Skill for extremely wet and dry 
seasons
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DJF leading spatial patterns



MAM leading spatial patterns




