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Acerca de AfriClimate Al

Nuestra misién
Impulsar la investigacion sobre clima e IA en Africa:

Desarrollando capacidades locales
Formando a investigadores y profesionales en todo el continente

I+D adaptada al contexto
Investigacion basada en las realidades climaticas y
socioeconomicas africanas

Despliegue de soluciones de IA

Del prototipo a los servicios climaticos operativos

Research & Development
Datos locales

Mejorar el acceso a datos de observacion africanos de calidad



Origenes: el Deep Learning Indaba

Deep Learning Indaba, Kigali 2025



Estructura de la clase

Parte A: prediccion a corto plazo («el tiempo»)

Parte B: prediccion a largo plazo («predicciones estacionales»)




El tiempo como problema de valores iniciales: a
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¢.,Como son las predicciones actuales”




Predicciones probabilisticas

Prediccion determinista
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The accuracy of weather forecasts has improved

Accuracy is measured as the difference between the forecast and subsequent weather. This is based on
the ‘500 hPa geopotential height’ which is a common meteorological metric used to measure air pressure.
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Aportar el ruido:

modelos de |IA
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La primera prueba de concepto: previsiones del huracan

Michael

(b) Minimum Pressure at Eye
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°N 47.25
1.005 | o ® FourCastNet Mean
S ® Truth
-
39.25 "
1.000 -
L] - .
W Truth o X
31.25 e FourCastNet L
Mean c 0.995 e
FourCastNet = .
} Uncertainty .
. - .
23.25 X L.
0.990 - =
= - - »
15.25 N
0.985 » .
.
7.25 |
97.0 92.0 87.0 82.0 77.0 °w 0 12 24 36 48 60 72 84 96

Forecast Time (Hours)



Alexe et al. (2024)
GNN con busqueda de
vecindad sobre la marcha

GenCast

Price et al. (2023)
Diffusion model

“ Lang et al. (2024)
GNN con atencién de
ventana desplazada

NeuralGCM

. Kodhkov et al. (2023)
e Encoder—decode_r_v_\_/i;_h _________
-~ ___ —dynamic physics-based core
2022 2023 2024 Schmude et al.
, : : . | (2024)
iEl desarrollo de modelos de |A parece retroalimentarse e impulsar cada vez mas avances! 5 ioencoder
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General timescales of developments

1990s-2000s DLWP through time - architectures
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¢ El futuro de la IA?

Prediccién numérica
del tiempo tradig . - Asimilacion -
Observaciones Fisica e dies Fisica Prediccion

Prediccién

P, Asimilacion
hibrida . . ..
Observaciones de datos Prediccion
Prediccién totalmep . Asimilacion o
con IA Observaciones e Qeres Prediccion
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La precision era comparable, pero se degradaba con

el plazo
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GraphCast

e El codificador aprende los d) Encoder — e) Processor f) Decoder
atributos de los nodos —=— ==
trasladados de la malla
regular a la multimalla

*  Multimalla obtenida por
refinamiento iterativo: un
1cosaedro regular (12 nodos,
20 caras, 30 aristas)
refinado seis veces

m° M
* Después, el procesador @ @
realiza el paso de mensajes
en 16 capas GNN no

compartidas

* Despliegue similar al de 16
FourCa<tNet



Estudios de ablacion de la multimalla

GraphCast — sin multimalla Sin multimalla — HRES GraphCast — HRES
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Mediante conjuntos profundos y normalizacion
condicional con parametros compartidos

Y ool giy &

Single Input Sample
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Los conjuntos profundos

generan el conjunto del
modelo (parametros
inicializados de forma

independiente para varios

modelos en el
entrenamiento)

R
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Ensemble of Pmdi&ions
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Se inyecta ruido en todas las capas
de normalizacion, lo que permite une
Model Ensemble Noise Injection modulacion funcional mas
estructurada entre capas

manteniendo la coherencia espacial
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Los graph transformers se adaptan facilmente a
modelos de resolucion variable

I Stage D '—\

Rollout
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Prithvi WxC
https://arxiv.org/pdf/2409.13598

* Trained on MERRA-2 data (NASA reanalysis)
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Hybrid approaches: fully learning all
parameterizations
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.Son utiles estos modelos en operacion?
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Hacer comparaciones justas

« Para comparar con justicia, hay que tener en cuenta que existen
distintos tipos de predicciones:
« Deterministas (es decir, un solo miembro del conjunto)
 Probabilisticas

* Los modelos de IA se entrenan con ERAS; para la lluvia esto no
siempre es realista y hay que corregir hacia las estimaciones
satelitales

 La salida de la prediccion numérica basada en la fisica también
debe corregirse hacia las estimaciones satelitales

23



;. Como definimos la utilidad de una prediccion?

Any scoring rule S(x, 0) used to define the skill of a model’s predicted
outcomes x ~X against actual observations o~Y is proper if

E[S(y,0)] < E[S(x,0)] for y~Y

MAE, CRPS, Log-likelihood etc. are all proper scoring rules and can be
broken down into

Sx = (Sx — Scar) — (Sref - Scal) + Sref

Mala Discriminacion Incertidumbre
calibracién

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



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

Plazos de 1y 9 dias

Annual CRPS with reference to climatology
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¢ Quée es la prediccion estacional?

¢, Como seran los proximos 90 dias?

Real and Perceived Forecast/Projection Confidence for Mid-Summer Rainfall over SADC mue problem Boundary value problem _
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Modelos de prediccion estacional

Servicio de predicciones estacionales del Servicio de Cambio Climatico de Copernicus (C3S), a cargo del ECMWF

‘ Met Office
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El ENSO y las fuentes de la habilidad de la prediccion

estacional

Neutral Conditions
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La llegada de El Nifio. llustracién de NOAA/Climate.gov

El Nino shifts rainfall patterns
in different parts of the world

@ Drier than normal Wetter than normal

Regional anomalies vary depending on the season

Fuente: OMM y Lenssen, N. J. L., L. Goddard, and S. Mason, 2020: Seasonal
Forecast Skill of ENSO Teleconnection Maps. Wea. Forecasting, 35, 2387-2406



Importancia de la prediccion estacional

The prediction scheme o

1. Phenomena to be predicted should contain a climate signal (e.g. ENSO) in the 3 = 5 AND SANITATION
data; 2. Observed and model time series must be over sufficiently long enough = o5

periods so that robust statistical relationship can be developed; 3. and sorie
form of quality control of the observed data had taken place.
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Sesgo de los modelos estacionales y sus fuentes
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Sesgo de los modelos estacionales y sus fuentes

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: PMC32760390.
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Evaluacion basada en impactos frente a la tradicional

Impact-Based
Assessment

™
£93
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SIS

Top-Down Hazard
Information

Métricas basadas en indices

Flood Prediction

Drought Prediction
Impact-Based Forecast
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Wildfire Prediction

Impact-Based Assessment

Translates forecasts into meaningful Temperature Extremes

information for decision-making

Traditional Assessment Correlaciones, RMSE y medidas probabilisticas

Captures weather patterns compared to
reference data = ROC Diagram o7

GFDL: 5-year-out cross-validation over 32 years
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acionales «de serie»

¢ Qué tan buenos son los modelos es

en términos de impacto?

IPCC Regions

A ﬁl l ADVANCING 75 1
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50 1
’ F (9]
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10.1029/2024EF004936 Forecasts o 01
Key Points: Zahir Nikraftar', Rendani Mbuvha'? ©, Mojtaba Sadegh™* ©, and Willem A. Landman®
® 35 models demonstrate notable skill —251
in forecasting seasonal variability of 'Machine Intelligence and Decision Systems (MInDS) Research Group, School of Electronic Engineering and Computer
Iscipitation, pticilatly in e Science, Queen Mary University of London (QMUL), London, UK, School of Statistics and Actuarial Science, University of
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o UK-Met and Météo-Fi = South Africa, *Department of Civil Engineering, Boise State University, Boise, ID, USA, —501
tently outperform other models, “#United Nations University Institute for Water, Environment and Health, Hamilton, ON, Canada, *Department of
demonstrating superior accuracy and Geography, Geoinformatics and Meteorology, University of Pretoria, Pretoria, South Africa
liability in various regions and -150 -100 =50 0 50 100 150
scasons .
* OuwImock b Famovorkoffrs Abstract. We introduce an impact-based framerwork to valuate seasonal forecast mode skl in capturing Longitude
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Sessments, paricularly n wildfre-and  €Xtreme weather and climate events over regions prone to natural disasters such as floods and wildfires. Selected IPCC Regions in North America Selected IPCC Regions in Africa
flood-prone regions using seasonal Forecasting hydroclimatic extremes holds significant importance in an era of increasing hazards such as 30
forecast models wildfires, floods, and droughts. We evaluate the performance of five Copernicus Climate Change Service (C3S) 80 - g-@
seasonal forecast models (CMCC, DWD, ECCC, UK-Met, and Météo-France) in predicting extreme e St
Supporting Information: precipitation events from 1993 to 2016 using 14 indices reflecting timing and intensity (using absolute and 70 = S 20
Supportng Tnformation may be found in  locally defined thresholds) of precipitation at a seasonal timescale. Performance metrics, including Percent Bias,
the online version of this article. Kendall Tau Rank Correlation Score, and models’ discrimination capacity, are used for skill evaluation, Our 60 10
findings indicate that the performance of models varies markedly across regions and seasons. While models
Comemondence to: generally show good skill in the tropical regions, their skill in extra-tropical regions is markedly lower. Elevated g 50 € o
RiMbods, " ipitation thresholds (i.e., higher intensity indices) correlate with heightened model biases, indicating 2 2
deficiencies in modeling severe precipitation events. Our analysis using an impact-based framework highlights ® a0 q
o the superior predictive capabilities of the UK-Met and Météo-France models in capturing the underlying -10
tation: N . . .
Nkt 2. Mouvha, K. Sadegh, M, & Processes that rive precipitation events, o lack thereof, across many regions and seasons. Other models exhibit 30
Landman, W. A. (2024). Tmpact-based strong performance in specific regions and/or seasons, but not globally. These results advance our 20
skl evaluation of seasonal precipitation  understanding of an impact-based framework in capturing a broad spectrum of extreme weather and climatic 20
forecasts. Earth's Future, 12, B . : i o &
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Author Contributions:
Conceptualization: Zahir Nikraftar,
Rendani Mbuvha, Mojtaba Sadegh,
Willem A. Landman

Data curatic i
Formal analysi
Investigation: Zahir Nikraftar

seasonal forecast models predict extreme precipitation, and related events such as floods and droughts. We
assess the performance of models through 14 indices that assess the timing and intensity of precipitation during
different seasons and in various regions globally. Our results show that some models outperform others in
certain regions and seasons. We find that two models, UK-Met and Météo-France, are particularly skillful at
predicting extreme events in various regions and seasons. This information is important for improved
‘management and understanding of the risks of natural disasters.

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

32


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

Evaluacion basada en impactos — dias de lluvia intensa en regiones

propensas a inundaciones

Meteo-France
UK-Met

Meteo-France
UK-Met

o
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.................

Rendimiento de los modelos en el numero de dias de precipitacion intensa que superan 10

mm y el percentil 75 de los datos de referencia (hnwd10q75): a) coeficiente tau de Kendall, b)

sesgo porcentual y diagrama de Taylor para c) SEA, d) WCE, e) SAS y f) CNA, 3
respectivamente.



Correccion de sesgos de los modelos de predicciéon estacional

Quantile mapping Escalado lineal
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IA en la prediccion estacional

JGR

RESEARCH ARTICLE
10.1029/2025JH000957

Key Points:
e Season-Net combines U-Net and
ConvLSTM to correct spatial and
temporal biases in seasonal tempera-
ture forecasts

A temporal sliding-window QM loss
enforces window-local CDF calibra-
tion, boosting extreme accuracy while
preserving temporal awareness
Across regions, Season-Net out-
performs QM and LS on MAE and
Kendall's tau, with the most notable
gains in CRPSS and the Brier skill
score (BSS)

Supporting Information:

Supporting Information may be found in
the online version of this article.
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Abstract
Machine-learnt weather prediction (MLWP) models are now well established as being competitive with conventional

Abstract Seasonal climate forecasts play a crucial role in decision-making across sectors like agriculture,
energy, and disaster management. However, these forecasts often exhibit spatially structured biases that
undermine their reliability, but this structure also enables more effective bias correction, particularly improving
performance in predicting temperature extremes. Traditional bias correction methods such as quantile mapping
(QM) and linear scaling (LS) are limited by assumptions of stationarity and their inability to capture complex
spatiotemporal patterns. To address these challenges, we introduce Season-Net, a hybrid deep learning
framework combining U-Net and ConvLSTM architectures. Season-Net is used to perform bias correction on
seasonal daily temperature forecasts from the Met Office (GloSea6) and Météo-France (System 8) by learning
season-specific spatial and temporal dependencies in a unified architecture. The model is trained with a novel
sliding-window quantile mapping loss function that introduces temporal awareness into the quantile mapping
process, enhancing its ability to capture temperature distribution and evolution. Evaluations across North
America and Africa show that Season-Net consistently outperforms QM and LS in both deterministic (e.g.,
RMSE and Kendall's Tau) and probabilistic (e.g., Brier skill score and CRPSS) metrics. Furthermore, Season-
Net excels in impact-based evaluations, significantly improving the prediction of extreme temperature events.
These results highlight the superior capability of deep learning methods in correcting spatially structured
seasonal forecast biases and enhancing the utility of climate predictions for climate-sensitive applications.
Season-Net offers a promising pathway for advancing seasonal forecast postprocessing with high accuracy and
impact relevance.

numerical weather prediction (NWP) models in the medium range. However, there is still much uncertainty as to how
this performance extends to longer timescales, where interactions with slower components of the earth system become
important. We take GenCast, a state-of-the-art probabilistic MLWP model, and apply it to the task of seasonal forecasting
with prescribed sea surface temperature (SST), by providing anomalies persisted over climatology (GenCast-Persisted) or
forcing with observed SSTs (GenCast-Forced). The forecasts are compared to the European Centre for Medium-Range
Weather Forecasts seasonal forecasting system, SEASS. Our results indicate that, despite being trained at short timescales,
GenCast-Persisted produces much of the correct precipitation patterns in response to EI Nifio and La Nifia events, with
several erroneous patterns in GenCast-Persisted corrected with GenCast-Forced. The uncertainty in precipitation response,
as represented by the ensemble, compares favourably to SEASS. Whilst SEASS achieves superior skill in the tropics for
2-metre temperature and mean sea level pressure (MSLP), GenCast-Persisted achieves higher skill in some areas in higher
latitudes, including mountainous areas, with notable improvements for MSLP in particular; this is reflected in a slightly
higher correlation with the observed NAO index. Reliability diagrams indicate that GenCast-Persisted has little skill rela-
tive to climatology, whilst GenCast-Forced produces forecasts with reliability comparable to SEASS. These results provide
an indication of the potential of MLWP models similar to GenCast for the ‘full” seasonal forecasting problem, where the
atmospheric model is coupled to ocean, land and cryosphere models.

Keywords Seasonal forecasting - Machine learning - Numerical weather prediction
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Resultados de la correccion de sesgos — Brier Skill Score
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(filas 1y 2) en la estacion SON y sobre
Norteamérica (filas 3 y 4) en JJA, para
Season-Net (columna 1), LS (columna
2) y QM (columna 3). La media por
region del IPCC figura en la tabla a la
derecha de cada fila. La escala de
color del sesgo se limita a [-0,5, 0,5]
para una visualizacion coherente entre
mapas.
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Evaluacion basada en impactos — frecuencia de dias

calidos (WDF))

Frecuencia de dias calidos (WDF):
namero de dias que superan 35 °C
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(columna 3). La media por regién del
IPCC figura en la tabla a la derecha
de cada fila. La escala de color del
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visualizacion coherente entre mapas
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Resultados de modelos meteorolégicos de IA persistidos
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machine learning model. Climate Dynamics, 64(4), p.148.

Fig.3 Kemel density estimate for the distribution of DJF 12hr precipitation anomalies, averaged over each of the subregions shown in Figs. 1 and
2 (rows), and for each of the La Nifia and El Nifio case studies (columns). In each plot the ERAS value is shown in black



ImvulaNet: coproduccién de predicciones para el impacto local
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Advertencia: el obstaculo de la escasez de datos

A lack of weather data in Africa is
thwarting critical climate research

By Rachel Chason and Rael Ombuor
eptember 24, 2021 at 5:00 a.m. EDT
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Evoluciéon del numero de estaciones meteorolégicas usadas en el producto GPCC
completo sobre Africa (T. DINKU)



La escasez de datos perjudica a la prediccidon meteoroldégica
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¢ Recurrir a proxies globales?
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ensajes clave

Parte A — prediccion a corto plazo

Los modelos de IA (GraphCast, GenCast, AIFS, Prithvi WxC)
rivalizan ya con la PNT basada en la fisica, con una fraccion del
computo

La habilidad probabilistica (calibracion, discriminacion e
incertidumbre, IDR) importa tanto como la precision bruta

Los sistemas hibridos IA-fisica son la realidad operativa a corto
plazo

De la investigacion al impacto

Parte B — prediccion estacional

L]

La correlacion y la RMSE pueden ocultar una baja habilidad en los
impactos que importan: dias de lluvia intensa, olas de calor, sequia
La correccion de sesgos (escalado lineal, quantile mapping,
Season-Net) es esencial para que las predicciones sean utilizables
Aparicion de modelos meteoroldgicos de IA persistidos para
escalas estacionales y subestacionales

La IA también reduce la brecha aqui, pero las mejoras siguen
siendo desiguales por region

La habilidad de una prediccion solo crea valor cuando llega a quienes actuan. La coproduccion con agricultores y
servicios meteoroldgicos nacionales convierte la salida de los modelos en informacion fiable y atil para decidir.




Hora del test: unete en Slido

https://app.sli.do/event/nCP9ZbfHNNTq9N8scZjmjV
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Pregunta 1 de 4 OPCION MULTIPLE

Al pasar de plazos medios a plazos mas largos (estacionales, decenales), hacia qué se

desplaza la fuente dominante de predictibilidad/incertidumbre, desde un problema de valores
iniciales?

A) Mayores requisitos de potencia de calculo

B) Un problema de valores de contorno, impulsado por componentes de variacidon mas lenta como el ENSO, el
contenido de calor oceanico y el forzamiento por gases de efecto invernadero

C) La disponibilidad de datos satelitales

D) Solo la resolucion del modelo



RESPUESTA

Respuesta correcta: B

El diagrama de escalas temporales muestra que la predictibilidad pasa de fuentes ligadas a las
condiciones iniciales (humedad del suelo, MJO/NAO) a corto plazo a fuentes ligadas a las condiciones de
contorno (ENSO, PDV/AMV/GMST, océano profundo/emisiones de GEl/uso del suelo) a plazos mas
largos.



Pregunta 2 de 4 VERDADERO / FALSO

La mayoria de los modelos de PNT con IA hasta la fecha (p. ej. FourCastNet, GraphCast, Pangu-
Weather) se basan en arquitecturas codificador-procesador-decodificador y generan predicciones
a varios dias mediante despliegue autorregresivo, reinyectando cada prediccion como entrada del

siguiente paso de tiempo.

Verdadero

Falso



RESPUESTA

Respuesta correcta: Verdadero

Esta estructura codificador-procesador-decodificador con despliegue autorregresivo es la arquitectura
comun de FourCastNet, GraphCast, Pangu-Weather y modelos de PNT con IA similares.



Pregunta 3 de 4 OPCION MULTIPLE

¢ Cual de las siguientes opciones describe mejor el papel del ENSO como fuente de habilidad de
la prediccion estacional?

A) El ENSO no tiene un efecto medible en los patrones regionales de lluvia

B) EI ENSO modifica los patrones de lluvia de forma distinta en diferentes regiones del mundo, aportando una sefial
climatica predecible que los modelos estacionales pueden aprovechar

C) EI ENSO solo afecta a la habilidad de prediccion a escala meteorologica (corto plazo), no estacional

D) EI ENSO es una técnica de correccion de sesgos para ajustar la salida de los modelos estacionales



RESPUESTA

Respuesta correcta: B

El Nifilo modifica los patrones de lluvia (mas humedos/secos de lo normal) de forma distinta segun la
region: esta teleconexién es precisamente la razén por la que el ENSO aporta la sefial climatica que da
habilidad a la prediccion estacional.



Pregunta 4 de 4 OPCION MULTIPLE

Los métodos de correccion de sesgos como el escalado lineal, el quantile mapping y Season-Net
se consideran esenciales para que las predicciones estacionales sean utilizables en la toma de
decisiones.

Verdadero

Falso



RESPUESTA

Respuesta correcta: Verdadero




