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This briefing outlines the findings of a study conducted to evaluate the drought dynamics in Ethiopia's arid lowlands
using remote sensing and climate indices. The findings provide a deep learning framework for advanced early
warning systems, helping to mitigate the socio-economic impacts of climate change. The briefing concludes with key
recommendations for a nation-wide scale-up of the pilot model.
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What is in this briefing?

2 FoTod (o] (o] 1] Ic EPU OO RRP i
KBY POINTS ...ttt ettt et e ettt e et e e ettt e e tteeeatee e aseeessseeassaeeasseeassseaassaeeasseeassseeaasse e ssaeensseeassseeassee et s eeensseeess e e e sseeensbeeenneeeanseeesbeeennseeanseeeasbaeennaeennseeanns 2
Establishing a multi-source data system for drought MONITOTING .......cc.oiiiiiiiee ettt ettt e et e sta e e aeeaeesaseesseeseessaeenseens 3
Moving from linear statistical models to advanced Deep Learning arChit@CTUIES ...........cc.oouiiiiiiiii ettt e ns 4
Closing the science-to-action gap through end-user Usability @SSESSIMENTS ........ccuiiiiiiie ettt e e et eeteesseeebeesseessseenseenseeans 5
RECOMIMENUATIONS ......eiiiiieiieticce ettt et et e e et e e b e e bt e e tseesse e seeesseeaseessseesseesseeseeesseesseeesseesseease e sseesseensa e saeesseemseessseesseenseessseesseesseessseanseenseessseenseenses 6

RO OIEINCES ...+t e e e e et e e e e e teeeeeee e e e e —teeeeeeeeeeee—eeeeeeeeeaee———eeeeeeeeeaaa—————eeeeaeeeaaaar—————aeaeeeaaaarr—————aaaaaaaan 7



Background

What's the issue?

Ethiopia has experienced multiple climate-related shocks, including
droughts, floods, landslides, pest infestations and earthquakes.
Over the past two decades, recurrent droughts and flash floods
have had severe consequences for agricultural, agropastoral and
pastoral communities (Climate Change Laws of the World 2022).
Drought is characterised by a prolonged deficit in precipitation that
results in widespread water scarcity across multiple sectors
(Wilhite 2000; Yevjevich 1967). In agrarian economies, these events
create severe socio-economic challenges by reducing agricultural
productivity, depleting water resources, and worsening food
insecurity (Mishra and Singh 2010; World Bank 2016). Recent
analyses indicate that poverty vulnerability in Ethiopia is
significantly higher in the drought-prone lowlands than in any other
ecological zone (Skoufias et al. 2021). Vulnerable groups include
people with disabilities, older adults, people in remote areas,
women, girls and those with low literacy levels (IGAD 2023).

What does this briefing do?

This policy briefing is based on a study that focuses on six drought-
prone administrative districts (woredas) located in the arid and
semi-arid lowlands of eastern Ethiopia. Most local studies rely on
isolated indices, failing to capture the synergistic interactions of
drought, a phenomenon driven by interconnected meteorological,

agricultural and ecological processes (Mishra and Singh 2010).
Consequently, even when machine learning is applied, high-order
deep learning architectures remain underutilised and poorly
optimised for the unique spatio-temporal complexities of the
vulnerable Afar and Somali regions. This creates a critical gap in
capturing non-linear interplay between thermal stress and
vegetation health. Addressing this, the study, conducted between
March and November 2025, developed an integrated deep learning
model utilising climate indices. It specifically investigated how
these architectures can be optimised to model the complex, non-
linear interactions inherent in drought forecasting for moisture-
stressed environments, providing an enhanced model for national
early warning systems.

About the Challenge Fund

The DEEP Challenge Fund supports nationally-led research that is
designed to strengthen strategies and policies to end poverty.

By working closely with steering committees in each country,
Challenge Fund projects are chosen to reflect national priorities, fill
current evidence gaps and move countries closer to tackling the
root causes of poverty.

The Ethiopia and Tanzania Challenge Funds awarded grants in 2024
and the Bangladesh and Madagascar Challenge Funds in 2026.

For further information, see: https://povertyevidence.org/challenge-
fund/

How to get in touch
For all questions on the research and our work in this area, please
contact: adane.letta@aau.edu.et or contact@povertyevidence.org
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Key points

1. The study involved the development of a robust framework that synthesises diverse environmental indices to capture the multi-
dimensional nature of drought.

2. The findings demonstrate that deep learning models perform better than traditional models for drought forecasting for the arid and
semi-arid lowlands of Afar and Somali regions in Ethiopia. A hybrid deep learning model emerged as the most precise forecasting
tool across all experiments (R2 = 0.82), effectively capturing complex spatio-temporal patterns.

3. Results were integrated into a web-based dashboard and a Telegram bot. Expert evaluation led to improvements in both the
visualisation platform and the underlying Al model.

4. A workshop with end users revealed strong positive feedback across all metrics and high overall user satisfaction.

5. The key recommendation from this briefing is that this pilot system is now scaled up nationally to maximise its ability to protect
Ethiopia's most vulnerable communities.

6. Further recommendations include the formalisation of collaboration between the relevant authorities, local training programmes
for officials and broadening the focus beyond drought to provide a comprehensive disaster-preparedness tool.
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Establishing a multi-
source data system
for drought
monitoring

e To capture the multifaceted nature of drought, this study integrated
meteorological, agricultural, vegetation and thermal indicators into a
composite drought index (CDI). After computing the CDI, the research
team categorised the resulting continuous values into drought class
levels.

e Records from 2000-2022 were used to benchmark the model’s outputs
against documented real-world drought events, ensuring that predicted
thresholds correspond to observed drought levels in the selected areas

of the Afar and Somali regions.

e Using climatic and remote sensing data, we calculated vegetation

indices — including the Normalized Difference Vegetation Index (NDVI),
Temperature Condition Index (TCI), Vegetation Condition Index (VCI) and
Vegetation Health Index (VHI) — and the meteorological Standardised

Precipitation Evapotranspiration Index (SPEI).
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Moving from linear statistical models
to advanced deep learning
architectures

e This study evaluated three traditional machine learning architectures (XGBoost, CatBoost and LightGBM) and three deep learning
architectures (CNN-LSTM, Bi-LSTM and Transformer) to identify the best-performing drought forecasting framework for the arid and
semi-arid lowlands of Afar and Somali regions in Ethiopia.

e The team found that deep learning models performed better than traditional gradient-boosting algorithms like XGBoost, LightGBM
and CatBoost in predicting multifaceted drought signals.

e The CNN-LSTM hybrid architecture emerged as the most precise forecasting tool across all experiments.

e Hybrid deep learning architectures outperformed traditional machine learning models primarily due to their ability to model complex
spatio-temporal dependencies.

e The models were benchmarked using two climate metrics: the SPEI and CDI. Comparative analysis showed the SPEI-based model had
lower error rates (MAE: 0.27 vs. 0.50; RMSE: 0.37 vs. 0.65) and higher explanatory power (R? = 0.82 vs. 0.79) than the CDI. These results
suggest that temperature-driven moisture deficits in the SPEI provide a more coherent signal for deep learning feature extraction than
the multifaceted components of the CDI (Bozorgi et al. 2025). Furthermore, the results highlight the importance of model-data
alignment.
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Closing the science-to-action gap
through end-user usability
assessments

e To test the model's performance, the drought prediction results were integrated into a web-based dashboard and a Telegram bot to
ensure easy access for users.

e These platforms were evaluated by experts from the Ethiopian Artificial Intelligence Institute (EAIl), the Ethiopia Disaster Risk
Management Commission (EDRMC), the Ethiopian Meteorological Institute (EMI) and academia. Valuable feedback was collected,
leading to improvements in both the visualisation platforms and the underlying Al model.

e Additionally, a workshop was conducted with end users to evaluate the system's usability. The assessment confirmed the good
performance of the Al-driven drought prediction system. Both the dashboard and Telegram bot received strong positive feedback
across all metrics (Mean > 4.0/5.0), with remarkably low standard deviations (notably 0.14 for user experience), indicating high
consistency among respondents. Overall user satisfaction was high (4.40/5.0), reflecting a strong likelihood that users would
recommend this model.
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Recommendations

Transition to a national operational Incorporate broader multi-risk
standard assessments

The successful pilot of this deep learning-based early warning Broaden the focus beyond drought to provide a comprehensive
system demonstrates a high-impact solution for localised climate disaster-preparedness tool.

monitoring. To maximise the system's ability to protect Ethiopia’s ..

most vulnerable communities, it is recommended that the Im P lement traini Ng programmes
government transition this pilot into a national operational

To ensure local officials can translate Al insights into on-the-ground
mitigation, training programmes need to be implemented.

standard.

Formalise collaboration

To ensure long-term sustainability, collaboration between the EAI,
EDRMC and EMI needs to be formalised.

Expand the system

Integrate granular woreda-level datasets, at national level, for
localised forecasting.

Implement technical optimisation

Ensure seamless data consistency between the web dashboard and
Telegram bot.
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