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    About AfriClimate AI

Our Mission
To advance climate and AI research in Africa by:

Building local skills
Training researchers and practitioners across the continent

Context-aware R&D
Research grounded in African climate and socioeconomic realities

AI solution deployment
Moving from prototype to operational climate services

Local datasets
Improving access to high-quality African observational data



    Deep Learning Indaba Origins 

Deep Learning Indaba, Kigali 2025



    Lecture Structure

Part A : Short Range Forecasting (“Weather”)

Part B: Long Range Forecasting (“Seasonal Forecasts”) 



Weather as an initial value problem: turn of the  20th 
Century

 



What do current forecasts look like?
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Bringing the noise: 
AI models



The first PoC:Hurricane Michael forecasts
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AI model development seems to reinforce itself spurring more and more developments!

AIFS

GraphDop

Lang et al. (2024)
GNN with shifted 
window attention

Alexe et al. (2024)
GNN with on-the-fly 
neighbourhood search

Prithvi WxC

Schmude et al. 
(2024)
Masked 
Auto-Encoder





The future of AI? 

14

Traditional 
Numerical 
Weather 
Prediction

Observations Physics Data 
Assimilation Physics Forecast

Hybrid 
Weather 
Prediction

Observations Physics Data 
Assimilation AI Forecast

Full Weather 
Prediction Observations AI Data 

Assimilation AI Forecast



Accuracy was comparable but degraded with time
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GraphCast
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• Encoder learns node 
attributed translated from 
grid to multi-mesh

• Multi-mesh made from 
iterative refinement: 
regular icosahedron (12 
nodes, 20 faces, 30 edges) 
iteratively refined six times

• Processor then performs 
message passing on 16 
unshared GNN layers

• Similar roll-out as 
FourCastNet



Multi-mesh ablation studies
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GraphCast – without multi-mesh Without multi-mesh – HRES GraphCast – HRES

Blue is better



Through deep ensembling and parameter-shared 
conditional normalisation 
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Noise injected across all 
layer-normalization layers this allows 
more structured functional modulation 
across layers maintaining spatial 
coherence

Deep ensembling used to 
generate model ensemble 
(independently initialize 
parameters for several 
models for training)



Graph transformers are easy to adapt for variable 
resolution models
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Are these models operationally useful?
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Drawing fair comparisons

• For fair comparisons we note that there are different types of 
forecasts:

• Deterministic (i.e., one ensemble member)
• Probabilistic 

• AI models are trained on ERA5 data, e.g., for rainfall this is not 
always realistic and we need to correct towards satellite estimates 
instead

• Physics-based Numerical Weather Prediction output should also be 
corrected towards satellite estimates
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How do we define forecast utility?

•  

Miscalibratio
n

Discriminatio
n

Uncertaint
y

1Gneiting et al. (2025).  https://doi.org/10.48550/arXiv.2506.03744

https://doi.org/10.48550/arXiv.2506.03744


1- and 9- day lead time

20242025 used as test 
years



What is Seasonal Forecasting? 

What does the next three 90 days look like?

Source: Norwegian Meteorological Institute



 

C3S

UK 
MET

ECCC

DWDCMCC

Meteo 
France

Seasonal Forecasting Models

Copernicus Climate Change Service (C3S) seasonal forecast service by the ECMWF



 ENSO and Drivers of Seasonal  Forecast Skill

The arrival of El Niño. llustration by NOAA/Climate.gov
Source: WMO and Lenssen, N. J. L., L. Goddard, and S. Mason, 2020: Seasonal 
Forecast Skill of ENSO Teleconnection Maps. Wea. Forecasting, 35, 2387–2406



Importance of Seasonal Forecasting

Some transfer function



Seasonal Model Bias and Its Sources

Seasonal Model Bias and Its Sources

Slingo J, Palmer T. Uncertainty in weather and climate prediction. Philos 
Trans A Math Phys Eng Sci. 2011 Dec 13;369(1956):4751-67. doi: 
10.1098/rsta.2011.0161. PMID: 22042896; PMCID: PMC3270390.



Impact-Based Model vs  Traditional Evaluation

Correlations, RMSE and Probabilistic Measures

Metrics Based on Indices

Impact-Based Model vs  Traditional Evaluation



How good are Seasonal Models out of the “box” on an 
Impact Basis?
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Nikraftar, Z., Mbuvha, R., Sadegh, M., & Landman, W. A. (2024). Impact-based skill evaluation of seasonal 
precipitation forecasts. Earth's Future, 12, e2024EF004936. https://doi.org/10.1029/2024EF004936

https://doi.org/10.1029/2024EF004936


Impact Based Evaluation – HPD in Flood Prone Regions
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Model performance with respect to the number of heavy precipitation days exceeding 10 mm 
and the 75th percentile of the reference data (nwd10q75): a) Kendall's Tau coefficient, b) 
Percent bias, and Taylor diagram for c) SEA, d) WCE, e) SAS, and f) CNA regions, 
respectively. 

Impact Based Evaluation – HPD in Flood Prone Regions



Quantile Mapping Linear Scaling

Bias Correction of Seasonal Forecasting ModelsBias Correction of Seasonal Forecasting Models



(a) The Season-Net architecture and, (b) Conv-LSTM component within the Season-Net framework

AI In Seasonal Forecasting



Motivation for AI Methods



Bias Correction Results – Brier Skill Score 

Brier Skill Score (BSS) over Africa 
(rows 1&2) during SON season and 
North America (rows 3&4) during JJA 
season over Season-Net (column 1), 
LS (column 2), and QM (column 3). 
The average over IPCC regions is 
presented in the table ate the right side 
of each row. The bias colour bar is 
constrained to the range of [-0.5, 0.5] 
for consistency in visualization over 
different maps.
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Warm Days Frequency (WDF) - 
counts the number of days exceeding 
35°C 

RMSE maps for WDF index in the test 
period over Africa (rows 1&2) during 
the SON season and North America 
(rows 3&4) during the JJA season 
over Season-Net (column 1), LS 
(column 2), and QM (column 3). The 
average over IPCC regions is 
presented in the table ate the right 
side of each row. The bias colour bar 
is constrained to the range of [0, 10] 
for consistency in visualization over 
different maps 

Impact Based Evaluation – Warm Days Frequency (WDF)) 
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Persisted AI Weather Model Results

Antonio, B., Strommen, K. and Christensen, H.M., 2026. Seasonal forecasting using the GenCast probabilistic 
machine learning model. Climate Dynamics, 64(4), p.148.



ImvulaNet:  Forecast Co-Production for Local Impact
Farmer Sourced Local Rainfall and Yields 

Integrated Decision Support tool for farmers

Source: Landman, W. A., Archer, E. R., & Tadross, M. A. (2020). Citizen science for the 
prediction of climate extremes in South Africa and Namibia. Frontiers in Climate, 2, 5.

 



Caveat: The Data Scarcity Curveball

Evolution of the number of weather stations used in the GPCC full-data product over 
Africa (T.DINKU)



Data Scarcity Hurts Weather Forecasting

Percentage reduction in the surface pressure analysis uncertainty with simulated additional surface 
observations over Africa (ECMWF, 2025)



Turn to Global Proxies?



But Which Proxy? …RainCheck Africa

https://africlimate-research.github.io/Rain
CheckAfrica/



Key Takeaways

Part A — Short-Range Forecasting
• AI models (GraphCast, GenCast, AIFS, Prithvi WxC) now 

rival physics-based NWP, at a fraction of the compute
• Probabilistic skill — calibration, discrimination & 

uncertainty (IDR) — matters as much as raw accuracy
• Hybrid AI–physics systems are the near-term operational 

reality

Part B — Seasonal Forecasting
• Correlation & RMSE can mask poor skill on the impacts 

that matter  heavy rain days, warm spells, drought
• Bias correction (linear scaling, quantile mapping, 

Season-Net) is essential before forecasts are usable
• Emergence of persisting AIWP for Seasonal and sub 

seasonal time scales
• AI narrows the gap here too, but gains remain regionally 

uneven

From Research to Impact
Forecast skill only creates value once it reaches the people who act on it. Co-production with farmers and national met 
services model output into trusted, decision-relevant information.



Quiz Time: Join on Slido

https://app.sli.do/event/nCP9ZbfHnNTq9N8scZjmjV
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Thank you

shruti@afrilimate.ai
rendani@afrilimate.ai

https://africlimate.ai/ 
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