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Abstract. Forecasting flood extent during extreme events remains a critical challenge for hydrological modelling, particularly in 9 

data-scarce and highly dynamic floodplain systems. Accurate and timely forecasts of these events are essential for effective disaster 10 

preparedness and response. Traditional physically based methods are often not well-suited for modelling complex hydrodynamic 11 

systems, as they depend on fixed structural parameterisations of surface water processes, groundwater interactions, and 12 

evapotranspiration that are difficult to calibrate and scale in catchments with highly heterogeneous vegetation, climatology, and 13 

terrain. Machine learning approaches, which can learn nonlinear relationships directly from data without explicit physical 14 

parameterisation, offer a promising alternative for modelling flooding in these regions. 15 

We present INFLOW-AI v2.1, a machine learning framework for predicting extreme seasonal flood extent beyond what was observed 16 

in the training set. To enhance predictive accuracy for these out-of-sample extreme events, the framework employs a two-stage neural 17 

network architecture that combines (1) extreme-sensitive temporal thresholds with (2) dynamic spatial predictions. The first stage 18 

employs transformer-based models with multi-headed attention mechanisms to capture long– and short-term hydrometeorological 19 

patterns in total flood extent over the past 36 dekads. To enable more effective detection of extremes, this stage predicts the first 20 

difference of the seasonal anomaly in total flood extent, rather than the raw total flood extent. The second stage then dynamically 21 

models spatial flooding patterns using a ConvLSTM to predict local inundation probabilities at 1 km resolution, with the basin-scale 22 

inundation extent predicted by the first stage used to constrain the spatial predictions. The model generates forecasts with a lead time 23 

of up to six dekads (two months). 24 
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A case study was conducted over the Sudd wetland in South Sudan, one of the world’s largest freshwater ecosystems which has 25 

experienced unprecedented catastrophic flooding beginning in June 2019, severely impacting Jonglei, Unity, and Upper Nile States. 26 

INFLOW-AI was tested on this catchment, demonstrating the two-stage model’s ability to predict extreme out-of-sample post-2019 27 

flooding with only exposure to pre-2019 data. INFLOW-AI has been deployed operationally since the 2024 flood season (August–28 

November) on the Joint Analysis System Meeting Infrastructure Needs (JASMIN), providing real-time predictions to humanitarian 29 

organisations and informing flood preparedness in South Sudan.  30 

_________________________________________________________________________________________________________ 31 

1. Introduction  32 

Flooding is one of the most significant hydrological phenomena, shaping landscapes, ecosystems, and human societies across the 33 

globe (Doocy et al., 2013). In many river basins, seasonal flooding is a natural and necessary process that sustains biodiversity, 34 

replenishes groundwater, and supports agriculture and fisheries. However, extreme flood events can have devastating consequences, 35 

disrupting livelihoods, damaging infrastructure, and leading to loss of life. Understanding and predicting floodplain inundation 36 

dynamics is therefore crucial for both ecological management and disaster preparedness. 37 

Seasonal flooding along rivers and wetlands plays a critical role in maintaining ecological and socio-economic stability, influencing 38 

biodiversity (Rebelo, Senay, & McCartney, 2012), agricultural and fisheries productivity, and overall ecosystem dynamics (Reis et 39 

al., 2019). Additionally, these flood events contribute to global carbon and methane fluxes (Mitsch et al., 2010; Lunt et al., 2019; 40 

Dong et al., 2024), affect the timing and severity of disease outbreaks (Fonseca et al., 2022), and have even been linked to increased 41 

social conflict in vulnerable regions (Sosnowski et al., 2016). While seasonal inundation can be beneficial in sustaining livelihoods 42 

and ecosystems, extreme flooding events often overwhelm the coping capacity of communities (Pinho, Marengo, & Smith, 2015). 43 

In such cases, prolonged submersion of croplands can lead to food insecurity and economic hardship, with floodwaters persisting for 44 

months in some regions, such as the Lower Indus Basin in Pakistan (Atif et al., 2021). In the Sudd wetlands of South Sudan, the 45 

impact of extreme rainfall in the upstream catchment can have long-term consequences, with floodwaters lingering for years (Hardy, 46 

Palmer, & Oakes, 2023). Given these wide-ranging effects, the ability to forecast the timing and magnitude of seasonal flooding is 47 

essential for disaster preparedness, ecosystem management, and resource allocation (Pinho et al., 2015). This is especially true for 48 

major river basins such as the Amazon, Indus, Nile, and Ganges-Meghna-Brahmaputra, where nearly a billion people depend on the 49 

seasonal flow of water for their livelihoods. 50 
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The predictability of seasonal flooding in large transboundary river basins is well established in hydrological literature. Major climate 51 

variability patterns, including the El Niño Southern Oscillation (Ward et al., 2014) and the Indian Ocean Dipole (Ficchì et al., 2021), 52 

are known to influence not only the magnitude but also the timing of peak river flows (Ficchì and Stephens, 2019). Advances in 53 

remote sensing technology now allow for continuous satellite monitoring of large upstream lakes (Hou et al., 2024), while established 54 

water management policies regulate the outflows from these reservoirs (Hardy et al., 2023). Furthermore, satellite-based monitoring 55 

techniques make it possible to track the onset and duration of seasonal flooding in near real-time (Papa et al., 2023).  56 

 57 

In 2024 alone, over 40 million people globally were displaced by water-related disasters (Global Water Monitor, 2024). South Sudan 58 

is particularly vulnerable, with floods severely impacting food security, livelihoods, and infrastructure. The humanitarian 59 

consequences include displacement, loss of agricultural productivity, and increased risks of waterborne diseases. As climate change 60 

drives more frequent and severe flood events, robust early warning systems are urgently needed to support anticipatory action and 61 

disaster preparedness. Predicting floods in the Sudd Wetlands of South Sudan with adequate lead time should be possible, given that 62 

water from Lake Victoria takes at least one month to reach the area (Sene, 2000). Satellite observations of lake levels and pre-existing 63 

flood extents therefore offer a foundation for reliable early warnings (Koriche & Rientjes, 2016). However, the development of 64 

physically based hydrological models to include the physical processes and data assimilation required to incorporate these datasets 65 

remains a complex challenge, highlighting the need for alternative approaches for real-time flood forecasting. 66 

Figure 1.  Maps of South Sudan showing (a) average Sudd wetlands extends from 2002-2019 and (b) from 2019-2024 based on flood extents 
detected by the MODIS satellite mission, with key population centres labelled. New areas of the country exclusively affected by post-2019 
flooding, with no record of inundation from 2002-2019, are highlighted in red. 

(a) (b) 
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Traditional physically based flood forecasting models have significant limitations in wetlands like the Sudd, struggling with surface 67 

water-groundwater interactions, spatially variable evapotranspiration, and dynamic wetland storage (Zhang et al., 2025; Alfieri et al., 68 

2024; Bukhari & Brown, 2021). Under shifting climatic regimes, such models can struggle to capture nonstationary hydrological 69 

responses that diverge from the conditions used for model calibration, creating systematic errors that conventional physically based 70 

structures cannot easily correct (Slater et al., 202). These uncertainties, along with computational constraints and challenges in data 71 

assimilation, reduce their operational effectiveness (Özdoğan-Sarıkoç & Dadaser-Celik, 2024). Notably, physically based 72 

hydrological models struggled to simulate the unprecedented flooding experienced in the Sudd wetlands since 2019 (Zhang et al., 73 

2025). The flood extent in South Sudan peaked in 2022 and has remained persistently high since then, suggesting a shift in the 74 

regional flood regime. This shift is characterised by the emergence of inundation in previously unaffected areas and prolonged 75 

flooding in regions that historically experienced only seasonal inundation (Figure 1). With this change in flood extent, up to a million 76 

people have been affected by the flooding every year since 2019 (UNICEF South Sudan, n.d.). Forecasting this flood extent is thus 77 

vital for supporting community preparedness. Data-driven approaches, such as machine learning (ML), offer a promising solution 78 

(Özdoğan-Sarıkoç & Dadaser-Celik, 2024). Advances in ML coupled with high-resolution satellite data and improved inundation 79 

monitoring, enable data-driven models that can learn complex hydrological patterns. These data-driven models can more easily 80 

integrate numerous diverse datasets without presuming numerical structure in their interactions, including satellite observations, 81 

climate indices, hydrological measurements, and local subbasin properties to generate more accurate and timely flood predictions. 82 

This study presents INFLOW-AI (Improved Anticipation of Floods on the White Nile using Artificial Intelligence) v2.1, a ML-based 83 

flood forecasting model for predicting flood extent. Leveraging state-of-the-art deep learning architectures, the INFLOW-AI v2.1 84 

predictions have already enabled early warnings to inform humanitarian anticipatory and response efforts in South Sudan. 85 

Operationalised on the JASMIN supercomputing cluster, it delivered real-time flood predictions during the 2024 and 2025 flood 86 

seasons, providing real-time information to the South Sudan Red Cross, Médecins Sans Frontières (MSF), and the United Nations 87 

Office for the Coordination of Humanitarian Affairs (OCHA).  88 

2. Background 89 

2.1 Machine learning-based flood forecasting  90 

The application of artificial intelligence (AI) in flood forecasting has gained increasing attention as a means of improving prediction 91 

accuracy, particularly for extreme flood events that exceed historical observations (Slater et al., 2023). Machine learning (ML) 92 

https://doi.org/10.5194/egusphere-2026-66
Preprint. Discussion started: 27 February 2026
c© Author(s) 2026. CC BY 4.0 License.



 5 

approaches offer the potential to learn nonlinear relationships from diverse datasets where physical hydrological effects are unknown 93 

or difficult to parameterise, enhancing predictive skill in both gauged and ungauged regions. ML models can also ingest near-real-94 

time data without the need for traditional data assimilation, offering speed and flexibility in operational contexts (Frame et al., 2022; 95 

Slater et al., 2023). 96 

One of the most well-known large-scale ML flood forecasting systems is Google’s AI Flood model (Nearing et al., 2023), which 97 

aims to predict extreme fluvial floods in ungauged basins. It is benchmarked against the Global Flood Awareness System (GloFAS), 98 

a physics-based global flood forecasting system, and demonstrates higher predictive skill at a five-day lead time than GloFAS 99 

forecasts at comparable spatial scales, including near-real-time (zero-day) products. Using an encoder-decoder LSTM architecture 100 

and forced with meteorological and geophysical data, the model has achieved notable success but still exhibits variability in its ability 101 

to predict rare or severe events, a challenge that remains common to many ML models (Frame et al., 2022; Slater et al., 2023). 102 

Beyond purely ML models, there is a growing movement toward hybrid hydroclimatic forecasting systems that combine dynamical 103 

(physically based) and data-driven methods (Slater et al., 2023). These hybrid systems aim to leverage the strengths of both model 104 

types: the physical consistency and interpretability of numerical models, and the data-driven pattern recognition and bias correction 105 

capabilities of ML. Hybrid structures typically fall into three broad categories: statistical-dynamical hybrids, where ML models are 106 

driven by outputs from numerical weather or climate models; serial hybrids, which sequence physics-based and ML models (e.g., 107 

post-processing streamflow forecasts); and coupled hybrids, which run both models in parallel or integrate ML directly into physical 108 

model components. 109 

As highlighted by Slater et al. (2023), hybrid approaches are increasingly recognised as a promising direction for improving flood 110 

prediction skill across timescales, from hourly forecasts driven by Numerical Weather Prediction (NWP) models to seasonal or 111 

dekadal outlooks informed by climate ensembles. Their operational advantages include reduced computational cost, the ability to 112 

combine multiple sources of predictability (e.g., weather forecasts and El Niño-Southern Oscillation indices), and improved local 113 

scale forecast reliability. Importantly, hybrid models also offer a pathway toward physically informed ML, where ML models are 114 

constrained or guided by physical understanding, reducing risks of overfitting or implausible outputs. 115 

Several recent studies highlight innovations in ML model design for flood prediction. Yeditha et al. (2020) developed a wavelet-116 

based ML model for flood-prone regions in India, demonstrating that maximal overlap discrete wavelet transforms (MODWT) can 117 

improve feature selection and prediction skill. Pasche & Engelke (2022) proposed an extreme quantile regression network (EQRN) 118 
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that integrates extreme value theory with neural networks, estimating conditional Generalized Pareto Distribution (GPD) parameters 119 

for more stable extreme quantile prediction in Switzerland. 120 

 121 

In the South Sudanese context, El-Mahdy et al. (2024) developed a feedforward neural network to predict urban flooding across 122 

several cities between 2010 and 2019. Their study represents one of the few applications of ML-based flood prediction in the region 123 

and highlights the growing interest in data-driven approaches in climate-vulnerable and data-scarce settings. However, the model is 124 

limited in spatial and temporal scope, producing binary predictions at the city scale and excluding post-2019 flood events, many of 125 

which were among the most extreme on record. The study also does not explicitly address uncertainty quantification or potential 126 

temporal leakage, which may affect the generalisability and robustness of the reported results. 127 

2.2 Case study: Flooding in the White Nile basin  128 

A significant portion of South Sudan’s flooding occurs in the Sudd wetlands, one of Africa’s largest wetland ecosystems. This region 129 

experiences seasonal inundation, with nearly half of the incoming river water lost between Juba (upstream) and Malakal (downstream) 130 

due to evapotranspiration and water retention within the wetland system (Petersen and Fohrer, 2010). The extent of permanent 131 

wetland coverage is influenced by long-term variations in outflow from upstream lakes, particularly Lake Victoria, as well as regional 132 

precipitation and evaporative losses. Flooding in the Sudd wetlands begins when the seasonal floodplains become saturated, requiring 133 

approximately 350 mm of recharge, most of which originates from river overflow rather than direct precipitation. Once inundated, 134 

Figure 2.  Diagrams of Sudd wetlands inundation extent on September 11th, 2014 (using data from the MODIS satellite mission). (a) Theoretical inundation 
using constant fill methodology, where each 1km² region is filled based on historic inundation records (i.e. pixels with the highest frequency of historical 
inundation are predicted to flood first until the total area reported as inundated is reached). (b) Actual map of the Sudd wetlands for the target date. The large 
number of violations of the constant-fill model indicate that this model is not appropriate for modelling variable wetlands extent in the White Nile basin.  

(a) (b) 
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floodwaters recede extremely slowly due to limited outflows, with evapotranspiration occurring at an average rate of approximately 135 

5 mm per day during the inundation period. This hydrological behaviour makes forecasting particularly difficult, as water movement 136 

is driven by a complex interplay of inflows, groundwater storage, and surface retention. Purely empirical methods that predict 137 

inundation extent using historical inundation patterns are insufficient to accurately represent the hydrological complexity of the 138 

region (Figure 2). 139 

The White Nile basin presents additional forecasting challenges due to the potential for unprecedented extreme flood events. 140 

Operational statistical and semi-empirical flood extent models, which rely heavily on historical trends and observed data, often 141 

struggle to capture these out-of-sample extremes. For instance, the Famine Early Warning Systems Network (FEWS NET) employs 142 

a modelling approach based on LASSO regression applied to lagged streamflow, runoff, and precipitation variables to forecast 143 

inundation extent. The spatial distribution of flooding is then predicted by statically filling 375 m × 375 m pixels in descending order 144 

of historical inundation probability, based on a flood frequency map derived from monthly VIIRS flood observations (USGS, 2024). 145 

While effective for typical seasonal events, this approach relies on expected flood patterns and does not allow flood probabilities to 146 

evolve spatially over time in response to changing hydrological conditions. That is, it assumes a static probability of flooding for 147 

each pixel, regardless of changing local conditions. For hydrologically complex regions such as the Sudd wetlands, a more robust 148 

approach that can both predict out-of-sample extreme events and dynamically represent spatial flood evolution is required. 149 

2.3 Flood forecasting with INFLOW-AI  150 

Flood forecasting in the White Nile basin requires a modelling approach capable of representing complex hydrological and climatic 151 

processes that govern floodplain inundation in the region. Existing operational models have limited skill in predicting extreme out-152 

of-sample flood events, constraining their usefulness for anticipatory action. To address these challenges, INFLOW-AI was 153 

developed as a two-stage neural network framework designed to improve flood extent forecasting, with a particular focus on extreme 154 

events. 155 

The first stage of INFLOW-AI employs transformer-based models with multi-headed attention mechanisms, as introduced by 156 

Vaswani et al. (2017), to capture both long- and short-term hydrometeorological dependencies. The model ingests 36 dekads of 157 

historical climate and hydrological inputs to generate basin-scale forecasts of total flood extent. Rather than predicting raw flood 158 

extent directly, this stage predicts first-differenced seasonal anomalies of flood extent. This transformation removes the dominant 159 

seasonal cycle and reduces sensitivity to scale effects, improving the model’s ability to identify anomalous deviations associated 160 

https://doi.org/10.5194/egusphere-2026-66
Preprint. Discussion started: 27 February 2026
c© Author(s) 2026. CC BY 4.0 License.



 8 

with extreme flooding. Full details of the model architecture, preprocessing, and training procedure are provided in the Methods 161 

section. 162 

The second stage of INFLOW-AI uses a ConvLSTM architecture (Shi et al., 2015) to generate spatially explicit inundation 163 

probability estimates at a 1 km spatial resolution. This stage conditions local-scale spatial predictions on the basin-scale flood extent 164 

forecast produced by the first stage, enabling the model to dynamically represent spatial flood evolution rather than relying on static 165 

inundation patterns. By explicitly modelling spatial dependencies, the ConvLSTM stage supports more realistic representation of 166 

localised flooding dynamics across the Sudd wetlands and surrounding floodplains. 167 

INFLOW-AI operates in near real-time, ingesting live hydrometeorological inputs and issuing forecasts on a dekadal basis. The 168 

system is deployed on JASMIN, a high-performance computing facility managed by the Science & Technology Facilities Council 169 

(STFC) for the Natural Environment Research Council (NERC). Owing to its computational efficiency, the full forecasting workflow, 170 

including data retrieval, preprocessing, and inference, typically completes within ten minutes. Model training can be performed on a 171 

single A100 GPU, facilitating use by research and operational groups without access to large-scale computational infrastructure. 172 

The model produces updated forecasts every dekad and predicts Sudd wetland inundation extent up to six dekads in advance, 173 

corresponding to an approximate two-month lead time. This forecast horizon is intended to support anticipatory planning by 174 

humanitarian organisations and local authorities in flood-affected regions. Model performance is explicitly evaluated on extreme 175 

out-of-sample flood events, allowing assessment of robustness under conditions that differ from those observed during training. 176 

INFLOW-AI is built entirely using open-source software and publicly available datasets, supporting transparency and reproducibility. 177 

The framework allows flexible geographic subsetting, enabling forecasts to be generated for specific administrative regions, river 178 

sub-basins, or areas of operational interest. The model has been operationally deployed and used to generate live flood forecasts 179 

during the 2024 and 2025 flood seasons (August–November). By combining temporally focused anomaly-based prediction with 180 

spatially explicit inundation modelling, INFLOW-AI provides a data-driven framework for forecasting flood extent in highly 181 

dynamic floodplain systems such as the White Nile basin. 182 

3. Data  183 

3.1 Inundation 184 

The target variable for this study is the extent of inundation, predicted temporally in the first stage of the model and spatially in the 185 
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second (Figure 3). To generate accurate flood extent predictions, we utilise the Moderate Resolution Imaging Spectroradiometer 186 

(MODIS) Flood Masks dataset provided by the World Food Programme (WFP). This dataset offers dekadal (approximately 10-day) 187 

binary inundation masks for the White Nile basin, derived from MODIS instruments aboard NASA’s Aqua and Terra satellites that 188 

are processed to capture the magnitude of the diurnal temperature cycle; specifically, the difference between daily minimum and 189 

maximum temperatures. The spatial resolution of these masks is 1 km, and the data is updated at the end of each dekad, requiring no 190 

further forecasting. The dataset is freely available from the WFP website (World Food Programme, 2024).  191 

 192 

MODIS is particularly well suited for this study due to its long and consistent time series, covering 2002 to the present, which 193 

supports robust flood prediction based on extensive historical observations. Although alternative satellite products such as the Visible 194 

Infrared Imaging Radiometer Suite (VIIRS) offer higher spatial resolution, MODIS provides a more stable and homogeneous multi-195 

decadal record for the White Nile basin. The WFP MODIS flood product used here relies on diurnal temperature range-based 196 

detection, which performs well in the Sudd wetlands where water driven thermal damping helps differentiate inundated from non-197 

inundated surfaces. This consistency and suitability for densely vegetated wetland environments make MODIS a strong choice for 198 

mapping inundation in the region. 199 

The dekadal data provided by the WFP MODIS Flood Masks dataset is organised into three 10-day periods within each calendar 200 

month. The first dekad of the month refers to the days from the 1st to the 10th, the second dekad covers the 11th to the 20th, and the 201 

third dekad encompasses the remainder of the month (21st to the end of the month). Notably, the last dekad of each month may 202 

contain a varying number of days depending on the length of the month. This temporal organization ensures that flood events are 203 

captured in a granular and consistent manner, aiding in accurate temporal predictions.  204 

Figure 3. Sudd wetland extent as a percentage of the INFLOW study area 
from 2002-2025, per MODIS-derived satellite data provided by the WFP. 
Extreme increases in the inundation extent post-2019 are evident. 
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To process the MODIS Flood Masks data and ensure it is suitable for flood forecasting, the data is pre-processed using the Whittaker 205 

smoother, a fast and efficient smoothing and interpolation algorithm designed for time-series data. Introduced by Eilers, Pesendorfer, 206 

and Bonifacio (2017), the Whittaker smoother optimises the amount of smoothing using a variation of the L-curve, known as the V-207 

curve. This technique allows the model to handle missing data points effectively and correct for noise in the data. 208 

The objective function of the Whittaker smoother is: 209 

𝑆 =#𝑤!(𝑦! − 𝑧!)" + 𝜆#(Δ"𝑧!)".
!!

 (1) 

where the first term represents the weighted sum of squares of residuals, capturing the “distance” between observed and smoothed 210 

values. The second term penalises roughness by summing the squares of second-order differences of the smoothed series z where: 211 

Δ"𝑧! = Δ(Δ𝑧!) = (𝑧! − 𝑧!#$) − (𝑧! − 𝑧!#")	

																												= 𝑧! − 2𝑧!#$ − 𝑧!#". 
(2) 

The parameter 𝜆 determines the amount of smoothing, larger values of 𝜆 result in smoother curves. Optimal smoothing is achieved 212 

by minimising the Euclidean distance between: 213 

𝜓 = log#𝑤!(𝑦! − 𝑧̂!)", 𝜙 = log#(Δ!%)".
!!

 (3) 

over a finite grid of 𝜆. 214 

The Whittaker smoother is well-suited for processing earth observation data, as it is computationally fast due to the use of sparse 215 

matrices and can handle large datasets with ease. Additionally, the application of expectile smoothing corrects for gaps in the data 216 

caused by cloud cover, further improving the quality of the inundation estimates.  217 

https://doi.org/10.5194/egusphere-2026-66
Preprint. Discussion started: 27 February 2026
c© Author(s) 2026. CC BY 4.0 License.



 11 

 218 

3.2 Catchment boundaries  219 

The INFLOW Catchment Boundaries dataset was developed as part of the INFLOW project, using HydroSHEDS v1 data to delineate 220 

hydrologically relevant catchment areas for flood anticipation in the White Nile basin (Figure 4; Lehner, Verdin, & Jarvis, 2008). 221 

Catchment boundaries were defined using HydroSHEDS Level 4-6 sub-basins and cross-referenced against national hydrological 222 

planning frameworks to ensure consistency with management-relevant units. Specifically, Uganda’s Water Management Zones 223 

(Ministry of Water and Environment, 2009) and South Sudan’s Irrigation Development Master Plan (Ministry of Electricity, Dams, 224 

Irrigation & Water Resources, 2015) were used to validate and refine sub-catchment definitions, particularly in regions where sub-225 

national boundaries influence rainfall aggregation and flood response assessment. This dataset provides a static, vector-based 226 

representation of catchment boundaries, meaning it does not change over time and does not require periodic updates. By defining 227 

these catchment areas, the dataset allows for a structured analysis of regional flood dynamics and hydrological processes that 228 

contribute to inundation.  229 

3.3 Satellite altimetry 230 

Satellite altimetry provides essential data for tracking water level variations in lakes, reservoirs, rivers, and wetlands, contributing to 231 

improved flood forecasting (Albright, 2011). Radar altimeters, operating at Ku or Ka band frequencies, measure surface height by 232 

emitting microwave pulses and recording the two-way travel time. The footprint size varies based on surface roughness, ranging 233 

from approximately 200 meters over calm water to several kilometres over rougher open water. Because each satellite follows a 234 

Figure 4. Major catchment boundaries for the White Nile basin of South 
Sudan, composing the INFLOW study area. 
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repeat orbit, it revisits nearly the same location within approximately 1 km after a fixed period, typically between 10 to 35 days 235 

depending on the satellite’s orbit, enabling the construction of time series datasets to monitor surface height changes. These data are 236 

widely validated, with mission continuity ensured until at least 2030. 237 

Laser altimeters, which operate at green or infrared wavelengths, complement radar altimeters by enabling off-pointing toward 238 

specific targets of interest. These instruments are primarily used or monitoring ice sheets, mapping vegetation, and studying 239 

atmospheric properties. Notable laser altimetry missions include ICESat-1, ICESat-2, and GEDI, with ICESat missions providing 240 

high-latitude elevation data and GEDI focusing on mid- to low-latitude vegetation structure from the International Space Station. 241 

For flood forecasting in the White Nile basin, three key datasets provide critical water level measurements. NASA’s Lake Victoria 242 

Height Variation dataset delivers monthly water level estimates referenced to the EGM2008 vertical datum, with a forecasting 243 

requirement of up to three months (NASA Goddard Space Flight Center, 2025). Theia Hydroweb’s Lake Albert Water Level dataset 244 

updates monthly with a one-month lag and allows forecasting up to six months ahead (Theia, 2025). NASA’s Lake Kyoga Height 245 

Variation dataset provides dekadal water level estimates, updated at the end of each dekad, without requiring forecasts (NASA 246 

Goddard Space Flight Center, 2025). These datasets offer crucial insights into hydrological trends, supporting anticipatory action 247 

and flood risk management in the region. 248 
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 249 

3.4 Rainfall 250 

Rainfall estimates for the White Nile basin used in this study are sourced from two complementary satellite-based datasets: the 251 

Tropical Applications of Meteorology using SATellite data and ground-based observations (TAMSAT) v3.1 program and the 252 

Climate Hazards Group InfraRed Precipitation with Station (CHRIPS) v3 data (University of Reading, 2025a). These datasets 253 

provide independent perspectives on rainfall, which is a critical driver of downstream inundation, particularly in a region where 254 

Data Name Source Spatial Resolution Temporal Resolution Update Frequency 
MODIS Flood Masks World Food Programme (WFP) 1 km Dekadal End of each dekad 

INFLOW Catchment Boundaries INFLOW Project Vector-based Static No updates 

Lake Victoria Height Variation NASA Not applicable Approximately weekly One-week lag 

Lake Albert Water Level Theia Hydroweb Not applicable Approximately weekly One-week lag 

Lake Kyoga Height Variation NASA Not applicable Approximately weekly One-week lag 

TAMSAT v3.1 Lake Victoria Rainfall TAMSAT Not applicable Daily 

1st, 6th, 11th, 16th, 

21st, 26th of each 

month 

CHIRPS v3 Lake Victoria Rainfall 

Climate Hazards Group 

InfraRed Precipitation with 

Station data (CHIRPS) 

Not applicable Daily 

1st, 6th, 11th, 16th, 

21st, 26th of each 

month 

TAMSAT v3.1 Rainfall Estimates TAMSAT ~4km Daily Two-day lag 

TAMSAT v3.1 Soil Moisture TAMSAT ~25 km Daily Seven-day lag 

Oceanic Niño Index (ONI) 
Climate Prediction Center 

(CPC) 
Not applicable Monthly One-month lag 

Niño Regions SST & SOI Various Not applicable Monthly One-month lag 

Madden-Julian Oscillation (MJO) 

Indices 

Climate Prediction Center 

(CPC) 
Not applicable Every 5 days Five-day lag 

Indian Ocean Dipole Mode Index (DMI) 
Climate Prediction Center 

(CPC) 
Not applicable Monthly One-month lag 

HydroATLAS Basin Attributes (v1.0) HydroATLAS Vector-based Static No updates 

South Sudan Digital Elevation Model 

(DEM) 

Shuttle Radar Topography 

Mission (SRTM) 
~100m Static No updates 

Table 1.  Summary of data sources used in INFLOW-AI, along with spatio-temporal resolution. 
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satellite-based precipitation estimates can vary significantly. 255 

TAMSAT provides high-resolution rainfall and soil moisture data across Africa (Maidment et al., 2014; Tarnavsky et al., 2014; 256 

Maidment et al., 2017). The TAMSAT v3.1 gridded rainfall dataset offers spatiotemporal rainfall estimates from 1983-present over 257 

the INFLOW study area (consisting of the Bahr el Arab, Bahr el Ghazal, Bahr el Jebel, Baro Akobbo Sobat, and White Nile 258 

catchments) at a resolution of 0.0375° (approximately 4 km), updated every five days with a two-day lag.  259 

The TAMSAT Lake Victoria Rainfall dataset provides daily rainfall estimates subset and spatially average to Lake Victoria with a 260 

two-day update delay. To improve the robustness of rainfall inputs into the model, this dataset is supplemented with CHIRPS rainfall 261 

estimates over Lake Victoria. CHIRPS version 2.0 provides quasi-global (50°S-50°N) rainfall estimates from 1981-present at a 262 

spatial resolution of 0.05° (Funk et al., 2015). While the final version of the product is updated with a latency of approximately 6 263 

weeks, the preliminary version is updated typically within 7 days (for most regions of Africa, the difference between the final and 264 

preliminary versions of CHIRPS are very small, including the White Nile Basin). Within INFLOW-AI, the preliminary version is 265 

added onto the final CHIRPS version to extend the rainfall record up to the near-present. 266 

TAMSAT and CHIRPS are alike in that that they utilise thermal-infrared satellite imagery to identify the cold cloud tops of 267 

convective rain-bearing cloud systems and incorporate rain gauge information to bias correct the satellite rainfall estimates. However, 268 

CHIRPS employs an additional step to directly merge contemporaneous rain gauge measurements with the satellite estimates to 269 

improve skill. Despite limited studies of their skill over the region of interest, both TAMSAT and CHIRPS demonstrate skill in 270 

reliably estimating rainfall amounts over the While Nile Basin (Dinku et al., 2018). Incorporating both sources helps mitigate 271 

uncertainty and capture a more complete picture of upstream rainfall, which plays a critical role in determining flood dynamics in 272 

the White Nile Basin. Data from both TAMSAT and CHRIPS was used in the temporal model, as separate features. 273 

3.5 Soil moisture 274 

The TAMSAT v3.1 soil moisture dataset offers both historical records and forecasts of soil moisture over the top 1m of soil, providing 275 

crucial insights into surface hydrological conditions (University of Reading, 2025b). With a spatial resolution of 0.25°, it captures 276 

large-scale variations in soil moisture that influence flooding dynamics in the White Nile basin. The dataset is updated daily with a 277 

seven-day lag, ensuring near-real-time monitoring of soil saturation levels. This information is essential for improving flood 278 

forecasting models, as soil moisture directly affects runoff generation and the likelihood of inundation. 279 
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3.6 Climate teleconnection indices  280 

To analyse broader climate patterns that influence flooding in the White Nile basin, several climate teleconnection indices are utilised. 281 

The Oceanic Niño Index (ONI), provided by the Climate Prediction Center (CPC), tracks sea surface temperature anomalies in the 282 

Niño 3.4 region with a three-month running mean (CPC, 2025a). This index is updated monthly, with a one-month lag and a forecast 283 

horizon of up to four months. Additionally, the Niño Regions Sea Surface Temperatures (SST) and Southern Oscillation Index (SOI) 284 

offer monthly data on sea surface temperature anomalies and pressure differences, respectively, with updates at the end of each 285 

month and a three-month forecast horizon (CPC, 2025b; CPC, 2025c). The Madden-Julian Oscillation (MJO) Pentad Indices monitor 286 

an eastward-moving atmospheric wave and are updated every five days with a five-day lag, extending to a forecast horizon of two 287 

intervals (CPC, 2025d). 288 

Lastly, the Indian Ocean Dipole Mode Index (DMI) measures the sea surface temperature gradient in the Indian Ocean, updated 289 

monthly with a one-month lag and a forecast horizon of five months (CPC, 2025e). These indices provide valuable insights into the 290 

climatic conditions that influence rainfall and river flow over East Africa, contributing to more accurate flood predictions (Pohl & 291 

Camberlin, 2007; Kebacho, 2022). 292 

 293 

3.7 Basin attributes  294 

Figure 5. First principal component of HydroATLAS basins features for 
the INFLOW study area, combining information about elevation, soil type, 
vegetation, and average temperature. 
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The HydroATLAS Basin Attributes (version 1.0) dataset provides a suite of static, sub-basin-level characteristics such as elevation, 295 

land cover, soil type, lithology, vegetation, and climatic variables that are relevant to hydrological and ecological modelling (Linke 296 

et al., 2019). This vector-based dataset has no temporal resolution and does not require regular updates. It integrates data from a 297 

range of global geospatial sources to offer harmonized hydro-environmental attributes for river basins at multiple spatial scales. 298 

Key data sources underlying HydroATLAS data used in the INFLOW-AI model include: 299 

• Elevation and hydrological network topology from HydroSHEDS (Lehner & Grill, 2013) and WaterGAP v2.2 runoff models 300 

(Döll, Kaspar, & Lehner, 2003), 301 

• Soil type from SoilGrids1km (Hengl et al., 2014) and the Global Lithological Map (GLiM; Hartmann & Moosdorf, 2012), 302 

• Land cover from Global Land Cover in 2000 (GLC2000; Bartholomé & Belward, 2005) and EarthStat (Ramankutty & 303 

Foley, 1999), 304 

• Climate variables such as mean temperature and potential evapotranspiration from WorldClim v1.4 and Global Potential 305 

Evapotranspiration (Global-PET) v1 (Hijmans et al., 2005), 306 

• Wetland and lake distribution from Global Lakes and Wetlands Database (GLWD; Lehner & Döll, 2004), HydroLAKES 307 

(Messager et al., 2016), and Global Inundation Extent from Multi-Satellites (GIEMS-D15; Fluet-Chouinard et al., 2015), 308 

• Population and socioeconomic data from Gridded Population of the World (GPW) v4 (Center for Integrated Earth System 309 

Information Network at Columbia University, 2016) and gross domestic product (GDP) purchasing power parity (PPP) v2 310 

(Kummu et al., 2018), 311 

• Ecoregions and biodiversity zones from Freshwater Ecoregions of the World (FEOW; Abell et al., 2008), Terrestrial 312 

Ecoregions of the World (TEOW; Dinerstein et al., 2017), and Global Environmental Stratification (GEnS; Metzger et al., 313 

2013), 314 

• And groundwater and topography from the Global Groundwater Map (Fan et al., 2013) and EarthEnv-DEM90 (Robinson 315 

et al., 2014). 316 

HydroATLAS Basin Attributes, including factors such as soil type, vegetation cover, and proximity to water sources, were examined 317 

for their correlation with local flood patterns at the sub-basin level. Pre-testing revealed that many of these attributes exhibited strong 318 

linear relationships with observed inundation, underscoring their relevance for flood forecasting. Based on this analysis, a subset of 319 

70 HydroATLAS features with high correlation to inundation extent was selected for use in the INFLOW-AI framework (Appendix 320 
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A). 321 

To further enhance computational efficiency and eliminate redundancy in the feature set, Principal Component Analysis (PCA) was 322 

applied to these sub-basin characteristics (Jolliffe, 2002). This transformation reorients the data into a new coordinate system, where 323 

the first axis, known as the first principal component, captures the maximum possible variance. The second principal component 324 

accounts for the next highest variance, and this pattern continues for subsequent components, ensuring that the most significant 325 

patterns in the data are retained while reducing dimensionality. This is done by finding the first unit weight vector 𝐰($) to satisfy: 326 

𝐰($) = argmax‖𝐰‖*𝟏 	<#(𝑣$)(!)"
!

>	

	

									= argmax ?
𝐰,𝐗,𝐗𝐰
𝐰,𝐰 A, 

(4) 

where X is a 𝑛 × 𝑝 data matrix with the sample means of each column shifted to zero and individual variables 𝑣$, 𝑣", … , 𝑣- with 𝑙 <327 

𝑝. Subsequent components are determined by subtracting the previous component from X and finding the new unit weight vector 328 

that extracts the maximum variable variance from this new matrix 𝐗H: 329 

𝐰(.) = argmax ?
𝐰,	𝐗H,	𝐗H𝐰
𝐰,𝐰 A, (5) 

with 330 

𝐗H. = 𝐗 −#𝐗𝐰(/)𝐰(/)
, .

.#$

/*$

 (6) 

Through this dimensionality reduction technique, the dataset was refined to 16 principal components, each representing key 331 

hydrological and geographical patterns within the catchment areas. An example of these principal components is shown in Figure 5. 332 

Of these, only the first (which explained 28.8% of the variation in the chosen HydroATLAS features for the region) was ultimately 333 

used in the dynamic spatial modelling model. The contribution of each HydroATLAS variable to this first principal component (PC) 334 

is shown in Appendix A. 335 

By structuring the dataset in this way, the INFLOW Catchment Boundaries dataset provides a compact yet information-rich 336 
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representation of spatial variables influencing flood occurrence. This ensures that the flood prediction model can efficiently process 337 

hydrologically significant features while minimising noise and redundancy in the input data. 338 

3.8 Elevation  339 

The South Sudan Digital Elevation Model (DEM) provides a high-resolution representation of the region’s topography, essential for 340 

hydrological modelling and flood prediction (de Ferranti, 2012). Derived from data collected during the 2000 Shuttle Radar 341 

Topography Mission (SRTM), this DEM captures bare-earth elevation at a spatial resolution of 100 meters. Unlike dynamic datasets 342 

that require frequent updates, the DEM remains static, serving as a foundational layer for assessing drainage patterns, catchment 343 

boundaries, and floodplain characteristics. Elevation influences water flow and accumulation, making it a critical input for 344 

hydrodynamic simulations and inundation forecasting in the White Nile basin.  345 

4. Methods 346 

The following Methods subsections present the full technical specification of INFLOW-AI. Sections 4.1-4.4 cover data processing 347 

and imputation, the seasonally differenced dekadal-anomaly transformation, the temporal transformer and thresholding strategy, and 348 

the ConvLSTM dynamic spatial model, respectively; readers seeking implementation detail or reproducibility information should 349 

consult those subsections and the accompanying figures. 350 

A good flood forecasting model must retain adaptive skill, i.e. the capacity to generalise to new climate and hydrological regimes 351 

with statistics that are not present in the training data (Beucler et al., 2024). This challenge is especially pronounced in South Sudan, 352 

where a steep change in flooding was observed after 2019, and models trained only on prior years may struggle to extrapolate into 353 

this new, more extreme regime. To explicitly test this capability, INFLOW-AI is trained only on data prior to July 21st, 2018. This 354 

temporal cutoff removes all post-2019 extreme events from the training dataset, allowing us to rigorously evaluate model 355 

performance on truly unseen extremes. Additionally, this approach ensures that the model produces an ex-ante forecast, using only 356 

inputs and variables available at the time of prediction, with no information leaked from future events or outcomes. 357 

https://doi.org/10.5194/egusphere-2026-66
Preprint. Discussion started: 27 February 2026
c© Author(s) 2026. CC BY 4.0 License.



 19 

 358 

To evaluate model performance under these constraints, we formally define OSEVs using a standard deviation-based threshold. Let 359 

𝒟 = 𝒟01234 ∪ 𝒟0560 represent the full dataset, where 𝑦! ∈ ℝ is the scalar response variable representing the percent inundation of the 360 

INFLOW study area. The mean and standard deviation of the training dataset 𝒟01234 are given by:  361 

𝜇01234 =
1

𝑛01234
# 𝑦!

7!"#$%

!*$

 (7) 

𝜎01234 = P 1
𝑛01234

# (𝑦! − 𝜇01234)"
7!"#$%

!*$

. (8) 

Then, for a given threshold 𝑘 > 0 in standard deviations (in this study, 𝑘 = 5), we define an OSEV as any test observation U𝑥8 , 𝑦!W ∈362 

𝒟0560 satisfying the conditions X𝑦8 − 𝜇01234X > 𝑘𝜎01234 and {𝑦!: (𝑥! , 𝑦!) ∈ 𝒟01234}. That is, an observation that exceeds the training 363 

distribution's extreme threshold and is only present in the testing data. Using this definition with 𝑘 = 5,	 we identify 35 OSEV 364 

instances in the test set following the onset of extreme flooding after 2019. These provide a benchmark for model performance under 365 

the most difficult conditions. 366 

Figure 6.  Overview of two-stage model and data processing pipeline for INFLOW-AI v2.1. 
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Predicting such extremes is a known challenge for machine learning models, particularly high-variance models like neural networks. 367 

These models often fit training data well but exhibit poor generalization when exposed to rare or extreme out-of-distribution events 368 

(Blum & Reynaud-Bouret, 2020). Successfully predicting OSEVs, within a small margin of error and at the correct lead time, is 369 

therefore a strong indicator of a model’s generalization and extrapolation capabilities. 370 

To address this challenge, INFLOW-AI employs a two-stage architecture designed to separate the modelling of flood magnitude and 371 

spatial extent (Figure 6). The first stage is a temporal model that uses temporal-only information to predict the total percent inundation 372 

across the study area. This model is chosen for its interpretability and compatibility with operational anticipatory action frameworks. 373 

Crucially, it is also optimised to identify and predict OSEVs, forming the backbone of the system’s ability to anticipate extreme 374 

events. 375 

The second stage is a spatio-temporal model that generates pixel-level flood predictions across the region. It uses the temporal 376 

model’s prediction as a thresholding mechanism, i.e. the total inundation predicted by the temporal model is used to determine the 377 

number of pixels that should be classified as inundated. The spatio-temporal model itself outputs probabilities for each pixel, and 378 

these probabilities are ranked to match the thresholded inundation value, ensuring coherence between regional-scale flood predictions 379 

and local flood patterns.  380 

This two-stage approach enhances prediction accuracy by allowing the temporal model to specialise in forecasting extreme aggregate 381 

behavior, while the spatio-temporal model fine-tunes the spatial distribution. By explicitly decoupling these tasks, INFLOW-AI is 382 

better able to generalise from limited historical data and make skillful predictions during novel and severe flooding regimes. 383 

4.1 Data processing 384 

All input data were standardised to a common temporal resolution using dekads, in alignment with the MODIS flood mask data, 385 

which forms the basis of the target variable. As the input variables originated from heterogeneous sources with varying temporal 386 

frequencies (Table 1), preprocessing was required to ensure temporal alignment. For data sources that reported multiple values within 387 

a single dekad, values were averaged to produce a single representative value for that interval. In contrast, for sources updated less 388 

frequently than once per dekad, the most recent available value preceding each dekad was used. This forward-fill approach mimics 389 

a real-time forecasting environment by ensuring no future data is used to fill past intervals, thereby preserving the integrity of ex-390 

ante prediction scenarios. 391 
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For the temporal model, three-dimensional satellite data arrays (e.g., latitude × longitude × time) were aggregated into two-392 

dimensional temporal sequences by spatially averaging over the area of interest, such that each feature represents a mean value 393 

aggregation of the original gridded observations. This spatial aggregation was conducted at three administrative levels: (1) the 394 

national boundaries of South Sudan, (2) its ten constituent states, and (3) the contested Abyei Area along the Sudan-South Sudan 395 

border. These compressed temporal arrays allowed the temporal model to learn flooding dynamics over the entire region based purely 396 

on temporal fluctuations of predictor variables. 397 

Minimal data was missing from the data sources used. No spatio-temporal data was missing and less than 1% of temporal data was 398 

missing. To address missing temporal data, linear interpolation was applied using surrounding non-missing values. Given a missing 399 

observation 𝑦(𝑡!)	with 𝑡!& and 𝑡!' denoting the nearest previous and subsequent time steps with observed data, the value was imputed 400 

as: 401 

𝑦(𝑡!) = 𝑦9 +
(𝑡! − 𝑡!&)
𝑡!' − 𝑡!&

(𝑦!' − 𝑦!&), (9) 

where 𝑡!& < 𝑡! < 𝑡!' and 𝑦!&, 𝑦!' are the observed values temporally surrounding the missing data. 402 

Once missing values were imputed, all predictor variables were standardised using z-score normalisation: 403 

𝑧! =
𝑦! − 𝜇01234
𝜎01234

, (10) 

where𝜇01234 and 𝜎01234are the mean and standard deviation computed exclusively over the training set. This strict separation was 404 

essential to prevent data leakage from the test set into the training process. Specifically, standardising over the full dataset including 405 

test values would implicitly reveal information about future extreme values (OSEV), thus artificially boosting model awareness of 406 

events it should be oblivious to. By using only training data for normalisation, the model remains blind to the distributional 407 

characteristics of post-2019 extremes. 408 

For real-time deployment, where future values may be missing due to delays in data availability, univariate OLS regression is used 409 

to extrapolate missing future values based on the past six dekads of available data. This was found to be the most effective imputation 410 

method for short-term forecasting, as it adapts to recent trends in temporal predictors and supports the continuity required for 411 

operational use. This approach was necessary to maintain consistent inputs across prediction cycles, as live data sources often update 412 
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asynchronously and with varying latencies. 413 

4.2 Seasonal differencing  414 

A central contribution of this study is improving the model's ability to predict extreme out-of-sample values (OSEV), which remain 415 

a persistent challenge for machine learning models due to their reliance on data distributions in the training set. When extreme events 416 

are absent or underrepresented in the training data, as is the case with the 2019 and post-2020 flooding regimes in South Sudan, 417 

models often fail to capture the complex, nonlinear dynamics that lead to such events. This is especially problematic for high-capacity 418 

models such as neural networks, which tend to overfit the training set and generalise poorly to regimes with substantially different 419 

statistical properties.  420 

To address this, we adopt a seasonally differenced transformation, inspired by methods from classical time series analysis. While 421 

traditional forecasting models such as ARIMA routinely perform transformations such as first differencing to induce stationarity, 422 

machine learning models rarely apply such preprocessing (Hewamalage, Bergmeir, & Bandara, 2021). This is because many ML 423 

architectures can learn implicit temporal trends, making explicit transformations appear redundant. 424 

However, this assumption breaks down in the presence of extreme values, where training data may be fundamentally unrepresentative 425 

of future conditions. In these contexts, detrending and deseasonalising the target variable offer underexplored benefits for extreme 426 

value detection. 427 

First differencing, a standard transformation in ARIMA modelling (Box, Jenkins, & Reinsel, 2008), is used to convert a non-428 

stationary time series 𝑦: into a stationary series of deltas Δ𝑦: defined as: 429 

Δ𝑦: = 𝑦: − 𝑦:#$. (11) 

In the context of inundation prediction, this transformation has two primary advantages. First, it reduces the variance of the target 430 

values by focusing on changes rather than absolute levels, which are often autocorrelated and smoother across time. Second, it 431 

reduces the effective number of OSEV, as large absolute extremes in the undifferenced series may correspond to relatively moderate 432 

changes between consecutive time steps in the differenced series. Thus, the model is trained to predict changes in inundation, not 433 

absolute levels, and can more feasibly generalise from moderate changes in the training set to large values in the test set. 434 

To further reduce seasonal effects, we standardise the target variable seasonally, applying z-score scaling across dekads using only 435 
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training data. Specifically, for each time step 𝑡, let 𝒟: denote all observations in the training set that fall on the same dekad of the 436 

year as 𝑡. The dekadal mean 𝜇𝒟( and standard deviation 𝜎𝒟( are calculated from 𝒟: and the dekadal anomaly is computed as: 437 

	𝑦]: =
𝑦: − 𝜇𝒟(
𝜎𝒟(

. (12) 

Applying the first-difference operator to this scaled series yields the dekadal anomaly differenced transformation: 438 

 439 

	Δ𝑦]: = 𝑦]: − 𝑦]:#$, (13) 

where 𝑦]: and	𝑦]:#$, are standardised using their respective dekad-based seasonal statistics as in (11). This transformation removes 440 

both long-term trends and cyclical seasonal variation from the target, enabling the model to focus exclusively on anomalous 441 

deviations in inundation dynamics. This is particularly valuable when training data are limited in duration or range. Without such 442 

transformations, models are at high risk of regressing to the mean of the training distribution, which may differ substantially from 443 

future distributions where OSEV are more prevalent. By learning to predict changes in standardised inundation levels rather than 444 

absolute magnitudes, the model gains robustness to statistical regime shifts, such as those caused by the persistent high-flooding 445 

periods post-2019. Moreover, these two transformations, seasonal scaling and first differencing, serve a joint purpose: they reduce 446 

the effective number of OSEV by simplifying the structure of the target variable, while preserving enough information to reconstruct 447 

the original series if needed (Figure 7 and Figure 8). This makes it possible for the model to learn generalisable patterns of change 448 

even when extreme values in their original form are absent from the training data. 449 
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 450 

While this methodology is applied to dekads in the present study, it is not inherently limited to dekadal groupings. The same principles 451 

can be extended to any meaningful categorical structure, such as regional divisions or other domain-informed groupings, allowing 452 

this approach to generalise across spatial or thematic contexts where targeted transformations can enhance learning and reduce 453 

spurious variability. 454 

Figure 7.  Distribution of training and test sets for the target variable (percent inundation of the INFLOW study area). (a) The distribution of the test data 
(right) does not resemble the training data (left) and contains 35 OSEV that exceed 5 standard deviations from the training data. (b) The distribution of 
the test data (right) when transformed using seasonal deltas more closely resembles that of the training data and contains no OSEV that exceed 5 standard 
deviations from the training data. 

(a) 

(b) 
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 455 

4.3 Temporal dynamic thresholding: Transformer model  456 

The temporal thresholding model in this study serves a dual purpose: it translates spatial probabilistic outputs from the dynamic 457 

spatial model into a single interpretable temporal signal, used to determine the number of flood-affected pixels to be filled, and it 458 

provides a simplified time series output that is more interpretable and actionable for humanitarian and governmental organisations 459 

operating in South Sudan. To achieve this, we implemented a transformer-based deep learning model, chosen for its capacity to learn 460 

long-range dependencies in sequential data via its multi-headed self-attention mechanism. This approach draws on the seminal 461 

(b) 

(c) 

(a) 

Figure 8. Transforming the target variable using seasonal deltas reduces 
the effective number of OSEV. (a) The unmodified standard scaled target 
data, with 35 OSEV (0.0% of target values in the 95th percentile for the 
training set, and 16.8% of varget values in the 95th percentile for the test 
set). (b) Seasonally scaled target data, with only 3 OSEV (0.9% of target 
values in the 95th percentile for the training set, and 14.9% of varget 
values in the 95th percentile for the test set). (c) Seasonally differenced 
target data, with 0 OSEV (3.3% of target values in the 95th percentile for 
the training set, and 9.1% of varget values in the 95th percentile for the test 
set). 
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architecture introduced by Vaswani et al. (2017), in which each token in the sequence attends to all others through a scaled dot-462 

product attention mechanism: 463 

	Attention(𝑄, 𝐾, 𝑉) = softmaxh
𝑄𝐾,

i𝑑.
k𝑉, (14) 

where Q, K, and V represent the query, key, and value matrices derived from the input embeddings, and 𝑑. is the dimensionality of 464 

the key vectors. This mechanism allows the model to simultaneously learn relationships across multiple temporal scales. For instance, 465 

it can identify links between a strongly positive Indian Ocean Dipole phase several months prior, anomalously high rainfall over 466 

Lake Victoria weeks earlier, and elevated inundation over the White Nile basin in the present. 467 

The final temporal model uses an encoder-only transformer architecture, which was selected over encoder-decoder variants after 468 

extensive testing due to its superior performance on fixed-length forecasting tasks and its robustness when training data are limited. 469 

The model predicts inundation levels for six dekads (roughly two months) into the future in a single forward pass, avoiding error 470 

accumulation inherent in recursive predictions. Training data consisted of overlapping sequences from before July 21st, 2018, with 471 

each sequence spanning the prior 36 dekads (approximately one year) thereby capturing both short- and long-term 472 

hydrometeorological drivers of flooding. This temporal split leaves all the OSEV arising from the unprecedented post-2019 flooding 473 

in South Sudan in the test set, meaning that the model will be trained exclusively on “typical” inundation cases without any exposure 474 

to extreme values. All target values were transformed using the differenced dekadal anomaly approach (Equation 12), which includes 475 

both first differencing and seasonal standardisation by dekad to remove trend and cyclicality. All predictor values were calculated as 476 

dekadal anomalies, without differencing (Equation 11). To reduce dimensionality, the predictor matrix was transformed using PCA, 477 

and the principal components explaining a total of 95% of the variance were selected (Equations 3-5).  478 

To encode temporal information, we applied sinusoidal positional encodings, following Vaswani et al., where the positional encoding 479 

matrix 𝑃𝐸 ∈ ℝ-×=)*+,- is defined as: 480 

	𝑃𝐸(>?/,"!) = sin n
𝑝𝑜𝑠

1000"!/=./012 	q (15) 

	𝑃𝐸(>?/,"!B$) = cos n
𝑝𝑜𝑠

1000"!/=./012 	q, (16) 

for a given position 𝑝𝑜𝑠 ∈ [0, 𝑙] (where l is the number of positional lookback sequences, equal to 36 in this case) and dimension 481 
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𝑖 ∈ [0, 𝑑CDE5F]. These encodings are added to the input embeddings to provide the model with a sense of temporal order. 482 

The network architecture consists of a transformer encoder with 8 attention heads, a feed-forward dimension of 128, and a dropout 483 

rate of 0.1. After encoding, the output is flattened and passed through two dense layers of sizes 100 and 50 with ReLU activations 484 

and dropout of 0.1, followed by a final dense output layer predicting the next six dekads. The model was trained over 500 epochs 485 

using the Adam optimiser with a learning rate of 0.0001, a batch size of 32, and early stopping based on validation loss with 10% of 486 

the training data (random split) used for validation. A total of 93 epochs were completed on an A100 GPU via Google Colab to 487 

accommodate the large spatio-temporal dataset. Once the data has been pre-processed, however, the model can be retrained on CPU 488 

hardware in under ten minutes. 489 

We implemented a custom loss function, 𝐿:, tailored to the forecasting objectives of this task. This function combines standard mean 490 

squared error (MSE) with penalties on both the directionality and the magnitude of cumulative predictions: 491 

	𝐿: = MSE ⋅ SignLoss|}}}}~}}}}�
G315H03D42F	2HHJ12HK

+ 0.1 ⋅ SumLoss|}}~}}�
LD02F	2HHJ12HK

, (17) 

where 492 

SignLoss = 𝔼 ��
20,			if	sign(𝑦01J5) ≠ sign(𝑦M15E)
1,			otherwise																																	 �

, (18) 

SumLoss = 𝔼��#𝑦01J5: −
:

#𝑦M15E:

:

��, (19) 

and 493 

MSE =
1
𝑡#U𝑦01J5: − 𝑦M15E: W"

:

 
    

(20) 

To estimate uncertainty in forecasts, we used Monte Carlo dropout with 1000 forward passes during inference. Dropout layers were 494 

left active at test time, sampling from the model’s approximate posterior to derive prediction distributions. The predictive mean 𝜇N 495 

and standard deviation 𝜎N for each time step were calculated across these samples. Confidence intervals were computed using the 496 

standard z-score formulation: 497 
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CIFDO51 = 𝜇N − 𝑧𝜎N, 	CIJMM51 = 𝜇N + 𝑧𝜎N, 
 

(21) 

where 𝑧 = Φ#$(1 − $#P
"
) and 𝛼 = 0.95 corresponds to a 95% confidence interval, giving 𝑧 ≈ 1.96. 498 

The final output predictions were transformed back to the original inundation space by reversing the differenced dekadal anomaly 499 

transformation. For each prediction  𝑦�:, this involved rescaling using the saved dekadal mean 𝜇𝒟(and standard deviation 𝜎𝒟( from 500 

the training set, and then cumulatively summing the predicted deltas over the forecast horizon: 501 

𝑦�: = Δ𝑦]: ⋅ 𝜎𝒟( + 𝜇𝒟( + 𝑦�
J46H2F5E

:#$ 
 

(22) 

This recursive reconstruction ensured that predictions aligned with the original target distribution, while preserving the advantages 502 

of delta transformation in reducing the frequency and magnitude of OSEV during training. 503 

4.4 Dynamic spatial modelling: ConvLSTM model  504 

The dynamic spatial modelling model in INFLOW-AI is designed to translate regional predictions of flooding extent into high-505 

resolution, pixel-wise inundation maps (Figure 7). While the temporal thresholding transformer model focuses on detecting extreme 506 

flooding events and estimating total inundated area, including OSEV, the ConvLSTM (Convolutional Long Short-Term Memory) 507 

spatial model uses this estimate as a threshold to fill a probabilistic spatial prediction (Shi et al., 2015). Rather than targeting the 508 

prediction of extreme values themselves, the spatial model prioritises accurate, dynamic predictions of flood extent at a local scale. 509 

Specifically, the ConvLSTM model predicts a binary inundation target derived from MODIS satellite data. The output consists of 510 

gridded values over the White Nile basin, where each 1 km² grid cell is assigned a probability of inundation ranging from 0 to 1. 511 

These probabilities are then thresholded based on the output of the temporal model: i.e. pixels are ranked in descending order of 512 

predicted inundation probability and sequentially filled until the total predicted inundated area is matched, producing a binary flood 513 

mask. This dynamic thresholding approach ensures consistency between the temporal and spatial models and allows the system to 514 

adapt to extreme events without overfitting to rare occurrences in training data.  515 

ConvLSTM networks were chosen for this task due to their capacity to handle spatiotemporal data effectively. LSTMs are a class of 516 

recurrent neural networks (RNNs) that address the vanishing gradient problem by introducing gating mechanisms that regulate the 517 

https://doi.org/10.5194/egusphere-2026-66
Preprint. Discussion started: 27 February 2026
c© Author(s) 2026. CC BY 4.0 License.



 29 

flow of information through time. ConvLSTM, proposed by Shi et al. (2015), extends the traditional LSTM architecture by replacing 518 

fully connected layers with convolutional layers in both the input-to-state and state-to-state transitions, enabling the network to retain 519 

spatial structure while learning temporal dependencies. This architecture has shown promise in precipitation nowcasting and 520 

spatiotemporal sequence forecasting.  521 

 522 

A ConvLSTM model determines the future state of a given grid cell using the inputs and past states of its local neighbours. This is 523 

achieved by using a convolutional operator in the state-to-state and input-to-state transitions, replacing the matrix multiplication used 524 

in LSTM models. For a ConvLSTM cell index 𝑖; where 𝑋: is the input data at time 𝑡, ℋ: is the hidden state at time 𝑡, 𝑊Q! is a 525 

convolution filter connecting the input 𝑋: to the input gate 𝑖:, ⊛ is a convolution operation,	⊙	is	the	Hadamard	product,	and	 𝜎 is 526 

a sigmoid activation function. The input gate: 527 

𝑖: = 𝜎(𝑊Q! ⊛𝑋: +𝑊R! ⊛ℋ:#$ +𝑊S! ⊙𝒞:#$) 
 

(23) 

decides how much of the new input should influence the current memory, while the forget gate: 528 

Figure 9.  Workflow for dynamic spatial modelling stage of INFLOW-AI. (1) Spatio-temporal and spatial data is processed and combined into 4D array 
with channels as predictors. (2) 4D array is split into 64x64 overlapping sub-grids. (3) Model is trained on sequences of 6 dekads (2 months) to predict a 
sequence of 6 dekads using a NVIDIA A100 Tensor Core GPU. Focal loss is used to dynamically weight imbalanced data so that predictions for newly 
flooded and newly dry pixels are given more attention by the model than the regions with no change that dominate the spatial dataset. (4) Predictions at 
the sub-grid level are cropped to remove prediction irregularities at the image edges along the overlapping border and are recombined into a single map of 
the study area, using temporal thresholding from the first stage temporal model to determine the size of the inundated region to fill. 

(1) (2) (3) (4) 
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𝑓: = 𝜎(𝑊QT ⊛𝑋: +𝑊RT ⊛ℋ:#$ +𝑊ST ⊙𝒞:#$) 
 

(24) 

controls what information from the previous cell state 𝒞:#$ should be discarded (thereby avoiding the vanishing and exploding 529 

gradient problems present in other RNNs). The candidate cell state: 530 

𝒞! = 𝑓! ⊙𝒞!"# + 𝑖! ⊙ tanh	(𝑊$% ⊛𝑋! +𝑊&% ⊛ℋ!"# 
 

(25) 

proposes new information to be added and is updated by combining this candidate with retained past memory from the previous cell 531 

state 𝒞:#$. Finally, the output gate: 532 

𝑜: = 𝜎(𝑊Q? ⊛𝑋𝑡 +𝑊ℎ𝑜 ⊛ℋ𝑡−1 +𝑊𝑐𝑜⊙𝒞𝑡) 
 

(26) 

filters the updated cell state 𝒞: to produce the hidden state: 533 

ℋ: = 𝑜: ⊙ tanh	(𝒞𝑡) 
 

(27) 

which is passed onto the next time step and used for prediction.  534 

The INFLOW-AI spatial model uses a 2D ConvLSTM to forecast local inundation for the next six dekads, drawing on spatiotemporal 535 

input data from the past six dekads for local rainfall, local soil moisture, and local inundation. Additionally, static spatial predictors 536 

for elevation and sub-basin attributes, with the dimensionality of the sub-basin attributes reduced using PCA to retain only the first 537 

principal component (Figure 5). These datasets were processed into 4D arrays (time × height × width × channels), with each array 538 

representing one input sample. 539 

To increase the effective size of the training set and enable the model to generalise across different hydrological regimes, the spatial 540 

input arrays were divided into overlapping 64×64 sub-grids. Each training sample thus corresponded to a spatiotemporal slice of six 541 

dekads over a 64×64-pixel region. The model was trained only on pre-July 21, 2018 data, while post-2019 data, which includes 542 

almost all the OSEV, was reserved for testing. 543 

https://doi.org/10.5194/egusphere-2026-66
Preprint. Discussion started: 27 February 2026
c© Author(s) 2026. CC BY 4.0 License.



 31 

The model architecture consisted of three ConvLSTM2D layers with 64, 128, and 128 filters, each using 3×3 kernels, a stride of 1×1, 544 

and ‘same’ padding. The final ConvLSTM2D layer produced the full six-dekad forecast sequence. Batch normalization and dropout 545 

layers were applied for regularization. Two subsequent Conv2D layers with 3×3 and 1×1 kernels, ‘same’ padding, and sigmoid 546 

activation refined spatial features and generated the single-channel probabilistic prediction map. 547 

To handle extreme class imbalance in the inundation data, where most pixels are non-flooded, a focal loss function was used: 548 

𝐹𝐿(𝑝:) = −𝛼: ⋅ (1 − 𝑝:)U ⋅ log(𝑝:), 
 

(28) 

where the model's predicted probability for the correct class 𝑝: = 𝑦01J5 ⋅ 𝑦M15E + (1 − 𝑦01J5)U1 − 𝑦M15EW and 𝛼: = 𝑦01J5 ⋅ α + (1 −549 

𝑦01J5)(1 − α). A focussing parameter of 𝛾 = 3.0 was chosen to increase the model’s attention to difficult-to-classify pixels and 𝛼 =550 

0.95 was used to assign greater weight to the minority (i.e. inundated) class. 551 

Training was conducted using an NVIDIA A100 Tensor Core GPU for up to 100 epochs, with early stopping applied when the 552 

validation loss did not improve for 5 consecutive epochs. The model typically converged well before the maximum epoch limit, and 553 

training required approximately three hours to complete. At inference, sub-grid predictions were stitched back into full-domain 554 

inundation maps. Edge artifacts from overlapping regions were cropped along the 8-pixel overlapping border prior to recombination. 555 

The final binary inundation mask was generated by applying the threshold derived from the temporal model’s predicted flood extent 556 

to each pixel (𝑖, 𝑗): 557 

FloodMask(𝑖, 𝑗) = �1, if	(𝑖, 𝑗) ∈ top	𝑁	of	𝑃(𝑖, 𝑗)0, otherwise																											, 
 

(29) 

where 𝑃(𝑖, 𝑗)  is the predicted probability of inundation from the dynamic spatial modelling and 𝑁  is the number of pixels 558 

corresponding to the total predicted flood area by the first stage temporal thresholding.  559 

 For deployment, both the temporal and spatial models were retrained using all available historical data, including previously held-560 

out OSEV, to maximise learning and performance in real-time operations. 561 

5. Model Selection and Hyperparameter Tuning  562 
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5.1 Model selection 563 

To identify the most effective approach for temporal thresholding in the first stage of INFLOW-AI, a broad comparison of model 564 

architectures was conducted. Each model used the same set of predictors and a lookback period of 36 dekads, and all were evaluated 565 

on both the full test set and on OSEV. Models were tested in increasing order of complexity: a baseline persistence model, a linear 566 

interpolation model, linear regression, lasso regression, random forest, feed-forward neural networks (FFNNs) with no temporal 567 

structure, and finally transformer models. All models were tested using both the raw target values and the differenced dekadal 568 

anomalies introduced in Equation (12). 569 

 570 

The persistence model served as a baseline, projecting the most recent inundation extent forward. While simplistic, this model is 571 

essential for benchmarking; if a candidate model fails to outperform persistence, it cannot be justified for operational forecasting. 572 

Confidence intervals for this baseline were constructed using the standard deviation of the training set, following the method in (20). 573 

The linear interpolation model was built by extrapolating the linear trend from the past six dekads and forcing it through the most 574 

Figure 10. (a) Predictions from the persistence model Δ𝑦#!  predicting 
the differenced dekadal anomaly on the training and test set for the sixth 
dekad prediction, illustrating high volatility of predictions that 
contribute to it not being an appropriate model. (b) Predictions from the 
transformer model Δ𝑦#!  predicting the differenced dekadal anomalay on 
the training and test set for the sixth dekad, with less volatlit, but still 
high ability to detect OSEV. 

(a) 

(b) 
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recent data point. The lasso model’s L1 regularization parameter was tuned to its optimal value through cross-validation.  575 

Table 2 summarizes model performance across the six-dekad prediction window. The transformer model predicting the differenced 576 

dekadal anomaly (Δ𝑦]:) emerged as the top-performing model overall. It achieved the lowest mean absolute error (MAE) and mean 577 

squared error (MSE) on both the general test set and OSEV-specific metrics. Compared to the persistence model forecasting raw 578 

inundation (𝑦), the transformer model (Δ𝑦]:) reduced test MAE by 50%, test MSE by 78%, OSEV MAE by 19%, and OSEV MSE 579 

by 41%. Even when compared to the persistence model applied to the same differenced target (Δ𝑦]:) , the transformer still 580 

outperformed it by 26% for test MAE, 59% for test MSE, and 23% for OSEV MSE. 581 

 582 

One exception was a slight edge in MAE for OSEV at the sixth dekad held by the persistence model (Δ𝑦]:); however, this came at a 583 

cost of extremely high volatility. Because the model naively projected the most recent differenced anomaly across the next six dekads, 584 

Model Test OSEV 

 MAE MSE MAE MSE 

Persistence (𝛥𝑦#!) 0.0147 0.0448 0.0262 0.1271 

Persistence (𝑦) 0.0176 0.0501 0.0318 0.1462 

Linear interpolation (𝛥𝑦#!) 0.0274 0.1451 0.0482 0.4089 

Linear interpolation (𝑦) 0.0196 0.0835 0.0414 0.2727 

Linear regression (𝛥𝑦#!) 0.0260 0.1123 0.0350 0.1737 

Linear regression (𝑦) 0.0258 0.1113 0.0351 0.1758 

Lasso (𝛥𝑦#!) 0.0127 0.0325 0.0282 0.1114 

Lasso (𝑦) 0.0127 0.0324 0.0285 0.1138 

Random forest (𝛥𝑦#!) 0.0135 0.0362 0.0293 0.1180 

Random forest (𝑦) 0.0134 0.0359 0.0267 0.1199 

FFNN (𝛥𝑦#!) 0.0147 0.0447 0.0338 0.1602 

FFNN (𝑦) 0.0146 0.0444 0.0342 0.1638 

Transformer (𝜟𝒚(𝒕) 0.0117 0.0282 0.0267 0.1034 

Transformer (𝑦) 0.0545 0.3637 0.0934 0.8819 

Table 2. Mean absolute error (MAE) and mean squared error (MSE) for 
different model configurations predicting the percentage of inundated area 
over the White Nile basin six dekads in the future, with best model 
performance for each column bolded. Δy## represents predictions on targets 
that have been trasformed using differenced dekadal anomolies and y  
represents predictions on raw targets (percentage of inundated area).  
Predictions on Δy## are  first reconverted back to raw inundation values 
using (21) before error is calculated. All MSE values are multiplied by 
100 to convert raw values from percentages for ease of presentation. 
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its undifferenced and de-seasonalised predictions frequently overshot actual changes in inundation extent, resulting in 585 

disproportionately high MSE and unstable forecasts, especially for extreme events (Figure 10). These outcomes confirm that despite 586 

this occasional short-term advantage, the persistence model’s oversensitivity to recent extremes renders it unsuitable for robust 587 

forecasting. 588 

The next most competitive model after the transformer was lasso regression, which also benefited from using differenced dekadal 589 

anomalies but still fell significantly short of the transformer's performance. Across both raw and transformed targets, the transformer 590 

demonstrated clear dominance. 591 

These results validate the selection of a transformer-based architecture using seasonally differenced dekadal anomalies. Not only 592 

does this configuration outperform simpler alternatives, but it also justifies the added complexity by substantially improving forecast 593 

accuracy, especially in predicting OSEV; a key goal of the INFLOW-AI framework.  594 

 595 

5.3 Hyperparameter tuning 596 

(a) 

(b) 

Figure 11. (a) MAE and (b) MSE (multiplied by 100) for different 
lookback periods of the transformer model Δ𝑦#!  predicting the differenced 
dekadal anomaly for the sixth dekad prediction.  
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Hyperparameter tuning for the INFLOW-AI framework was conducted separately for both the temporal thresholding model and the 597 

dynamic spatial modelling model. For the temporal thresholding model, training times were relatively short, enabling a 598 

comprehensive grid search over a range of hyperparameters. The search focused on optimising the learning rate, number of attention 599 

heads in the multi-headed self-attention mechanism, dimensionality of the feed-forward layers, and the number of neurons in the 600 

fully connected layers. Performance was assessed using the validation set, and hyperparameter choices were selected based on 601 

improvements in MAE and MSE for the post-2019 test set and OSEV events.  602 

In contrast, the dynamic spatial modelling model required significantly longer training times. As a result, hyperparameter tuning was 603 

restricted to a narrower set of variables. Small-scale experiments were conducted on a reduced training set of 1,000 samples over 604 

five epochs to explore the effects of kernel size and dropout rate on performance. These limited tests helped prevent overfitting while 605 

ensuring a reasonable degree of regularization in the final model.  606 

 607 

(b) 

(a) 

Figure 12. (a) Real-time predictions made using the deployed INFLOW-
AI model during the 2024 flood season with 95% confidence interval , 
compared to historic inundation extents for the same time period (MODIS 
satellite data). Forecast produced on November 1st, 2024 and distributed to 
stakeholders at technical meetings. (b) Retrospective performance analysis 
of INFLOW-AI performance during the real-time prediction period.  
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Across both models, one of the most influential hyperparameters was the lookback period; the temporal window of past data used to 608 

inform predictions. For the transformer-based temporal model, longer lookback periods consistently led to better performance. 609 

Multiple configurations were tested, with lookbacks ranging up to a maximum of 36 dekads (one calendar year). As shown in Figure 610 

11, performance improvements were observed on both the full test set and OSEV subset as the lookback period increased. This 611 

suggests that the model benefits from having access to a full year of hydrometeorological history, which likely contains seasonal and 612 

antecedent signals relevant for flood prediction. Consequently, the maximum tested lookback period of 36 dekads was adopted in 613 

the final transformer model configuration. To limit model complexity and maximise training data availability, no additional dekads 614 

were used.  615 

 

 

 

 

 

 

 

 

 616 

Due to computational constraints, lookback period tuning was not performed as extensively for the ConvLSTM model, though a 617 

default 6-dekad input and output sequence length was maintained for consistency with the operational prediction window.  618 

6. Performance 619 

Region (Capital) MAE MSE 

Central Equatoria (Juba) 0.0099 0.0224 

Eastern Equatoria (Torit) 0.0073 0.0151 

Jonglei (Bor) 0.0712 0.9679 

Lakes (Rumbek) 0.0290 0.1583 

Northern Bahr el Ghazal 

(Aweil) 
0.0159 0.0965 

Unity (Bentiu) 0.0574 0.6958 

Upper Nile (Malakal) 0.0381 0.2837 

Warrap (Kuajok) 0.0428 0.4706 

Western Bahr el Ghazal 

(Wau) 
0.0027 0.0034 

Western Equatoria 

(Yambio) 
0.0003 0.0000 

Abyei Area (Abyei) 0.0608 1.7940 

Table 3. MAE and MSE (multiplied by 100) for different regions of South 
Sudan predicted by the region-specific transformer model Δ𝑦#! predicting 
the differenced dekadal anomaly for the sixth dekad prediction. Capital 
states of regions provided forgeographical context. Scores better than the 
respective scores from the global South Sudan model are bolded. 
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 6.1 Temporal thresholding model performance  620 

 The temporal thresholding model was evaluated across multiple dimensions to assess its utility as a forecasting tool for flood extent 621 

prediction in South Sudan. Live model outputs were deployed during the 2024 and 2025 flood seasons and disseminated in real time 622 

to humanitarian organizations including the Red Cross, MSF, and OCHA. Forecasts, shared in the form of CSVs and visual time 623 

series graphs, were presented and explained through weekly technical briefings to key stakeholders. Figure 12(a) presents an example 624 

of a distributed real-time forecast compared to historical inundation patterns, while Figure 12(b) retrospectively compares predicted 625 

(red) and observed (blue) inundation extents for the 6-dekad prediction horizon. Notably, all forecasted values during the operational 626 

prediction period fell within the 95% confidence interval generated via Monte Carlo dropout, as in Gal and Ghahramani (2016), 627 

confirming the model’s reliability under uncertainty.  628 

 629 

Performance metrics on the hold-out test set (post-July 21st, 2018) are reported in Table 2. The transformer model predicting the 630 

differenced dekadal anomaly achieved a mean absolute error (MAE) of 0.0117 and mean squared error (MSE) of 0.0282 at the 6-631 

dekad lead time. This represents a 33.5% and 43.7% improvement, respectively, over the baseline persistence model predicting raw 632 

inundation extent. It also outperformed the next best model, the lasso, by 7.9% (MAE) and 13.0% (MSE). For OSEV predictions 633 

specifically, the transformer model achieved an MSE of 0.1034, which is 29.3% better than the persistence baseline and 7.2% better 634 

than the lasso model. While the persistence model predicting differenced anomalies marginally outperformed the transformer in 635 

MAE for OSEV on the sixth dekad, its high volatility caused by propagating recent anomaly spikes resulted in much higher MSE 636 

and frequent overestimations (Figure 10).  637 

Temporal error dynamics were consistent with expectations for a forecast model. As shown in Figure 13, prediction accuracy declined 638 

Figure 13. MAE for different lead times of the transformer model Δ𝑦#!  
predicting the differenced dekadal anomaly for each dekad prediction. 

Figure 14. MAE for different months of the transformer model Δ𝑦#!  
predicting the differenced dekadal anomaly for the sixth dekad prediction.  
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with longer lead times. The model had near-zero error for one-dekad-ahead forecasts (MAE = 0.0030, MSE = 0.0022), but errors 639 

increased at the 6-dekad horizon (MAE = 0.0267, MSE = 0.0010). Forecasts beyond the sixth dekad proved unreliable and were 640 

excluded from further use. 641 

Model performance by month (Figure 14) revealed seasonal variability in accuracy. Prediction errors peaked during the flood-642 

intensive month of September, reflecting high inundation variability, but even then, MAE remained under 1%. In contrast, accuracy 643 

was highest from March to July, when inundation variance was minimal.  644 

 645 

Spatially, performance varied by administrative region (Table 3). The model was most accurate in higher elevation areas with 646 

infrequent flooding. However, forecasts over individual states were generally less accurate than those over the entire White Nile 647 

catchment. This is likely due to misalignment between political boundaries and hydrological patterns, reducing the model’s ability 648 

Figure 15.  Example spatial prediction at the 1km x 1km resolution made 
6 dekads in advance for the 2025 flood season. “Best-case scenario” is 
calculated by filling predictions from the dynamic spatial modelling stage 
in descending order of predicted inundation probably until the lower 
bound of the 95% confidence interval from the temporal thresholding 
stage is reached. “Worst-case scenario” is calculated by filling predictions 
from the dynamic spatial modelling stage in descending order of predicted 
inundation probably until the upper bound of the 95% confidence interval 
from the temporal thresholding stage is reached. “Average-case scenario” 
is calculated by filling predictions from the dynamic spatial modelling 
stage in descending order of predicted inundation probably until mean 
prediction from the temporal thresholding stage is reached. Major 
population centres and Médecins Sans Frontières (MSF) locations are 
shown on the deployed map to aid in operational decsion-making. 
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to detect coherent spatiotemporal trends within arbitrary administrative divisions. These results suggest that regional-level temporal 649 

forecasts should be deprioritized in favor of outputs from the second-stage dynamic spatial modelling model for finer spatial detail, 650 

as was ultimately done for the deployed model.  651 

 652 

Finally, to validate the superiority of the differenced anomaly modelling approach, a Wilcoxon signed-rank test was conducted on 653 

paired model configurations in Table 2 (e.g., transformer vs. transformer, raw vs. differenced target). The test showed statistically 654 

significant improvement (W = 0.0, p = 0.03125) for models using the differenced dekadal anomaly when predicting OSEV. 655 

Interestingly, this advantage did not extend to the full test set, indicating that differencing the target is uniquely beneficial for 656 

capturing extreme events. 657 

6.2 Dynamic spatial modelling model performance  658 

To ensure that the dynamic spatial modelling model (Figure 15) was functioning as a dynamic spatio-temporal predictor rather than 659 

a static risk map, a key evaluation focused on whether it captured variation in flood risk across time for a given location. A truly 660 

effective forecasting model should generate different predictions for different time periods, even within the same sub-grid region. 661 

To verify this, the spatial variance in ConvLSTM model predictions across time for identical sub-grid regions was calculated using 662 

the same out-of-sample test set employed for evaluating the temporal thresholding model (beginning on July 21st, 2018). If the model 663 

were simply outputting static probabilities based on historical inundation frequency, the variance in predicted values across time 664 

Figure 16.  Comparison of key classification metrics for the ConvLSTM 
model (predicted fill) with the historic average and the persistence model.  
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would approach zero. However, the average spatial variance in 6-dekad-ahead predictions was 0.1406, very close to the true spatial 665 

variance at the 6th dekad (0.1463), indicating the model effectively captures meaningful temporal variation at local spatial scales. 666 

 

 

 

 

 

 

 667 

Two baseline models were used to provide context for performance evaluation. The first is a historic fill model, which ranks pixels 668 

based on their historical inundation frequency from the training set and fills them sequentially until the forecasted total flood extent 669 

is reached, essentially a static reconstruction of past flood likelihoods (Figure 2). The second baseline is a persistence fill model, 670 

which projects the most recent observed inundation extent from the training data forward to the 6-dekad prediction horizon. Although 671 

technically dynamic, this model is incapable of forecasting increases or reductions in flood extent and serves as a critical benchmark; 672 

outperforming it is essential to justify the predictive value of the spatial model.  673 

Given that most areas in the forecast domain are not inundated during any given dekad, naïvely high accuracy scores can be 674 

misleading. To address this, a wide array of classification metrics were used to isolate performance on flooded pixels. These included: 675 

precision (the fraction of predicted flooded pixels that were correct), recall (the fraction of actual flooded pixels correctly predicted), 676 

F1-score (the harmonic mean of precision and recall), and AUC (Area Under the Receiver Operating Characteristic Curve), which 677 

quantifies the likelihood that the model will rank a randomly selected flooded pixel higher than a randomly selected unflooded pixel. 678 

The ROC curve itself is created by plotting the true positive rate against the false positive rate across various thresholds; the AUC 679 

summarizes this curve as a single scalar, where 1.0 indicates perfect ranking ability.  680 

Metric Historic Fill Persistence Fill Predicted Fill 

Precision (Flood) 0.71 0.68 0.95 

Recall (Flood) 0.82 0.70 0.81 

F1-Score (Flood) 0.76 0.69 0.81 

Accuracy 0.90 0.88 0.93 

Macro Avg. F1 0.85 0.81 0.88 

Weighted Avg. F1 0.90 0.88 0.93 

Precision (Total) 0.71 0.68 0.81 

Recall (Total) 0.82 0.70 0.81 

AUC 0.87 0.81 0.88 

Table 4. Classification metrics for the INFLOW-AI dynamic spatial 
modelling models and the ConvLSTM model predictions. The best score 
for each metric is bolded. 
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As shown in Table 4 and Figure 16, the ConvLSTM-based dynamic spatial modelling model outperformed or matched both baselines 681 

across all key metrics. Notably, the model demonstrated substantially higher precision in detecting flooded pixels, indicating it 682 

predicted very few false positives compared to the baseline approaches. This reflects a strong capacity for spatially precise flood 683 

detection, which is critical for localized decision-making. 684 

Regionally, the spatial model provided significantly higher resolution than the temporal thresholding model, confirming the value of 685 

the two-stage forecasting system. While the temporal model captures broader-scale trends and extreme events, the spatial model 686 

excels at interpolating localized flood dynamics. As expected, the greatest errors occurred along the boundaries of floodplains; 687 

transitional zones where inundation presence fluctuates rapidly (Figure 17). Nevertheless, even in these challenging zones, the model 688 

maintained strong predictive accuracy at a 1km spatial resolution, demonstrating its capability for fine-scale forecasting. Compared 689 

to the temporal model’s performance at the state level, the dynamic spatial model is clearly more suitable for local-scale flood 690 

prediction tasks.  691 

 692 

7. Discussion 693 

7.1 Findings 694 

The results of this study demonstrate the utility of two core advancements in the development of the INFLOW-AI model: (1) the use 695 

of differenced seasonal anomalies as a predictive target, and (2) a two-stage model architecture combining temporal thresholding 696 

and dynamic spatial modelling. INFLOW-AI’s performance in predicting out-of-sample extreme values (OSEV) was consistently 697 

Figure 17.  Accuracy for change detection for the out-of-sample test set 
(i.e. the average accuracy for correctly detecting either an increase or 
decrease in the inundation extent for each 1km x 1km region. 
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strong and outperformed all alternative model configurations tested, confirming the effectiveness of both design choices. 698 

Differenced seasonal anomalies enabled the model to better focus on seasonal deviations in the target variable without needing to 699 

explicitly learn seasonal patterns. This formulation shifts the prediction target from raw values to changes, which simplifies the 700 

learning task, particularly for time series where extreme values may appear in the test set but are not present in the training data. The 701 

cumulative differenced predictions across lead times can be summed and converted back to raw values, allowing the model to 702 

reproduce the original target variable while avoiding the need to extrapolate from a limited training distribution. This is particularly 703 

impressive given that the model was not provided any information about the existence of post-2019 extreme values during training. 704 

The two-stage model architecture further enhanced performance by separating the modelling of temporal and spatial dynamics. The 705 

first-stage temporal thresholding model focuses specifically on detecting the timing and magnitude of OSEVs, while the second-706 

stage dynamic spatial model uses this threshold to guide the spatial extent of inundation. This structure allows the temporal model 707 

to specialize in detecting shifts in flood magnitude, and the spatial model to focus on predicting local dynamic changes in inundation 708 

probability. The result is a highly effective division of labour between detecting national-scale extremes and resolving localized 709 

spatial risk, enabling more accurate and interpretable predictions. This approach may be beneficial for forecasting other spatio-710 

temporal hydrometeorological phenomena that require sensitivity to OSEVs, including rainfall, cyclones, and heatwaves. 711 

In terms of forecast skill, model performance was unsurprisingly better for shorter lead times and declined with increasing forecast 712 

horizon. Experimental tests that expanded the lead time of the temporal thresholding model beyond the six dekads used in the final 713 

model produced prediction intervals that were larger than the standard deviation of the data. This rendered those extended forecasts 714 

not particularly useful and reinforced the decision to adopt a 6-dekad lead time for operational deployment. 715 

The first-stage dynamic thresholding model proved highly effective at predicting OSEVs in the test set despite not having been 716 

exposed to any similar inundation conditions during training. Meanwhile, the second-stage dynamic spatial modelling model 717 

outperformed both a persistence-based baseline and a constant-fill baseline based on historic inundation frequencies. The ability of 718 

the spatial model to capture local variance in flood risk responsive to local spatio-temporal variables was likely supported by the 719 

decision to divide the study area into overlapping 64×64 km sub-grids for training. This approach multiplied the number of training 720 

samples per time period by over 330 and exposed the model to a broader variety of local geographic and climatic conditions. It also 721 

improved the computational efficiency of the ConvLSTM architecture by reducing the number of neurons required due to the smaller 722 

input dimensions. In contrast, training on the entire 1125×1204 km study area as a single input tended to result in relatively static 723 
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predictions for each region, as the model defaulted to learning coarse regional averages instead of local spatial relationships. 724 

During deployment, the temporal model has proven most useful for communicating high-level, country-wide forecasts. However, 725 

efforts are ongoing to make the spatial predictions more accessible to humanitarian agencies, given that localized spatial information 726 

is critical for operational decision-making. This includes decisions about where to deploy food aid, increase dyke heights around 727 

populated areas, or anticipate where roads might become impassable due to flooding. Future iterations of INFLOW-AI are expected 728 

to expand the use of spatial predictions to better support these applications. 729 

Interpretability analysis using Shapley values (Lundberg & Lee, 2017; Appendix B) indicated that the model's predictions aligned 730 

well with established hydrological knowledge of the region. This suggests that the model was detecting meaningful correlates of 731 

inundation, rather than overfitting or relying on persistence patterns derived from recent inundation events. 732 

Finally, in terms of cost-effectiveness, INFLOW-AI offers significant benefits. For aid agencies, the marginal cost-effectiveness of 733 

a new forecasting model must be weighed against the next best alternative. INFLOW-AI’s configuration significantly outperformed 734 

other tested models and enabled both OSEV detection and high-resolution dynamic spatial modelling. Since the model is already 735 

deployed on JASMIN and has very low ongoing training or inference costs, it represents a cost-effective solution for improving the 736 

timeliness and accuracy of early warning systems and early action decision-making for flood responses in South Sudan. 737 

7.2 Limitations 738 

While INFLOW-AI demonstrates strong predictive performance, several limitations remain that constrain both its interpretability 739 

and operational reliability. Fundamentally, the model is clearly lacking a complete set of input data required to make perfect 740 

predictions. This limitation is particularly salient in the context of post-2020 flooding in South Sudan, where variability in inundation 741 

extent may be substantially influenced by human factors not captured in the available datasets. It may be possible that planned dam 742 

releases upstream in Uganda played a significant role in driving flood dynamics during this period. This interpretation is supported 743 

by documented instances where release schedules from the Nalubaale and Kiira dams altered downstream flow independently of 744 

preceding rainfall, effectively decoupling the expected positive correlation between rainfall and inundation and sometimes even 745 

reversing it (The EastAfrican, 2024; see Appendix C), with several of these deviations plausibly attributable to unobserved upstream 746 

water management activities. The spatial data is also severely limited by the accuracy of the MODIS flood masks, which may not be 747 

perfectly accurate given the high density of vegetation in the swamp areas of the White Nile Basin (Lin et al., 2019).  748 
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In addition to gaps in explanatory coverage, INFLOW-AI is subject to the well-documented problem of technical debt in machine 749 

learning systems, particularly as it relates to data dependencies. As noted by Sculley et al. (2015), maintaining machine learning 750 

systems in real-world deployments often incurs substantial long-term costs, with data dependencies proving especially burdensome. 751 

INFLOW-AI’s performance depends on the availability of multiple upstream datasets with consistent formatting and methodological 752 

stability over time. These dependencies are more difficult to detect and untangle than code dependencies, and failures can 753 

significantly impair performance. For instance, the MODIS satellite product used to generate the binary flood masks that serve as 754 

the model’s training target is scheduled for retirement in the coming years. This will necessitate model retraining on a new satellite 755 

product, introducing both technical complexity and the potential for performance degradation. 756 

Further limitations were identified in how the model's outputs align with end-user needs. During deployment, humanitarian agencies 757 

operating in South Sudan frequently requested forecasts of predicted water levels or flood depth, which was not provided by the 758 

model. Because INFLOW-AI was trained using MODIS-derived binary flood masks, it provides no estimates of water depth or 759 

volume, which can be crucial for planning decisions such as dyke construction, evacuation protocols, or transport logistics. The 760 

spatial resolution of the MODIS flood masks also posed challenges, as they are relatively coarse compared to the high-resolution 761 

(e.g., 1 km × 1 km) flood maps that humanitarian actors often seek. When selecting a training target, the MODIS flood masks were 762 

chosen due to their relatively higher accuracy and consistency compared to alternative products, but this choice involved a trade-off 763 

between resolution and data quality that continues to affect the model’s practical utility. 764 

7.3 Recommendations for future work  765 

Given the promising results and operational deployment of INFLOW-AI, several avenues for future work are recommended to 766 

enhance the model's utility, robustness, and relevance for humanitarian decision-making. First, efforts should be made to increase 767 

the practical applicability of the model’s outputs by integrating its predicted flood inundation maps with auxiliary datasets such as 768 

infrastructure maps (e.g. hospitals, schools, roads) from OpenStreetMap (OSM), as well as gridded population datasets. Such 769 

integration would allow responders to more easily assess the potential impacts of predicted floods on critical infrastructure and 770 

population centres. However, population data should be used cautiously in contexts such as South Sudan, where large numbers of 771 

refugees, internally displaced persons (IDPs), and semi-permanent settlements, coupled with logistical difficulties in collecting 772 

survey data, limit the accuracy and completeness of available population datasets. 773 

Second, the model’s value to humanitarian agencies would be significantly enhanced by associating flood predictions with estimated 774 
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water depth. As discussed in the limitations, INFLOW-AI is currently trained on a binary flood mask derived from MODIS satellite 775 

data, which provides no information on floodwater depth or volume. Future work could explore the possibility of linking MODIS-776 

derived inundation data with local physical water level measurements or Surface Water and Ocean Topography (SWOT) satellite 777 

data, thereby enabling the derivation of statistical relationships between predicted inundation and actual water depth. This would 778 

address a frequently cited information gap among humanitarian actors and would directly support operational decision-making tasks 779 

such as determining dyke height requirements or planning evacuation routes. 780 

Additionally, INFLOW-AI’s current live deployment in South Sudan presents a strong foundation for expanding its operational 781 

integration and usage. The model is already in use for real-time early warning and has been incorporated into a Simplified Early 782 

Action Protocol (sEAP) to enable the South Sudan Red Cross to trigger financial support from the International Federation of Red 783 

Cross and Red Crescent Societies’ (IFRC) Disaster Response Emergency Fund (DREF). Future work should focus on embedding 784 

the model more systematically into broader humanitarian coordination systems. For instance, INFLOW-AI should be integrated into 785 

the World Food Programme’s (WFP) dashboards and forecasting toolkits, and its outputs used to generate regular bulletins and 786 

situation reports. Doing so would help ensure that predictive analytics directly inform early action decision-making at scale. 787 

8. Conclusions 788 

This study presents INFLOW-AI v2.1, a machine learning framework applied to predicting out-of-sample extreme values (OSEV) 789 

in South Sudan seasonal flood extents. It demonstrates the utility of two core advancements of this model: (1) the use of differenced 790 

seasonal anomalies as a predictive target, and (2) a two-stage model architecture combining temporal thresholding and dynamic 791 

spatial modelling. These architectural decisions enabled the model to outperform alternative model configurations evaluated in this 792 

study when predicting OSEV, confirming the effectiveness of the model architecture. The integration of INFLOW-AI into 793 

operational systems demonstrate its potential for informing early action decisions for flood preparedness in South Sudan. Future 794 

work should focus on enhancing model interpretability, linking predicted inundation extent to water depth, and incorporating 795 

exposure data for more comprehensive risk assessments. These findings highlight the potential for machine learning approaches to 796 

address forecasting challenges in data-scarce, hydrologically complex regions and suggest that similar architectures may be 797 

transferable to other flood-prone systems.  798 
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Appendix A: HydroTLAS attributes used in model 799 

Variable Description Source Citation PC1 Loadings 

tmp_dc_syr   
Average annual temperature in sub-basin, in degrees Celsius 

(x10) 
WorldClim v1.4 Hijmans et al, 2005 

0.2319 

tmp_dc_s11   
Average monthly temperature in sub-basin for November, in 

degrees Celsius (x10) 
WorldClim v1.4 Hijmans et al., 2005 

0.2311 

tmp_dc_s03   
Average monthly temperature in sub-basin for March, in degrees 

Celsius (x10) 
WorldClim v1.4 Hijmans et al., 2005 

0.2276 

tmp_dc_s10   
Average monthly temperature in sub-basin for October, in 

degrees Celsius (x10) 
WorldClim v1.4 Hijmans et al., 2005 

0.2237 

tmp_dc_s08   
Average monthly temperature in sub-basin for August, in degrees 

Celsius (x10) 
WorldClim v1.4 Hijmans et al., 2005 

0.2232 

tmp_dc_s09   
Average monthly temperature in sub-basin for September, in 

degrees Celsius (x10) 
WorldClim v1.4 Hijmans et al., 2005 

0.2227 

tmp_dc_smn   
Annual minimum temperature in sub-basin, in degrees Celsius 

(x10) 
WorldClim v1.4 Hijmans et al., 2005 

0.2204 

tmp_dc_s04   
Average monthly temperature in sub-basin for April, in degrees 

Celsius (x10) 
WorldClim v1.4 Hijmans et al, 2005 

0.2086 

tmp_dc_s12   
Average monthly temperature in sub-basin for December, in 

degrees Celsius (x10) 
WorldClim v1.4 Hijmans et al., 2005 

0.1989 

tmp_dc_s02   
Average monthly temperature in sub-basin for February, in 

degrees Celsius (x10) 
WorldClim v1.4 Hijmans et al., 2005 

0.1959 

tmp_dc_s01   
Average monthly temperature in sub-basin for January, in degrees 

Celsius (x10) 
WorldClim v1.4 Hijmans et al., 2005 

0.1722 

inu_pc_slt 
Percent of sub-basin covered by the inundation extent long-term 

maximum 
GIEMS-D15 Fluet-Chouinardetal, 2015 

0.1136 

wet_pc_sg1 Percent of sub-basin that is well-defined wetlands GLWD Lehner & Döll, 2004 0.1121 

wet_pc_sg2 
Percent of sub-basin that is well-defined wetlands or 

uncertain/complex wetland mosaics 
GLWD Lehner & Döll, 2004 

0.1076 

wet_pc_s04 Percent of sub-basin that is freshwater marsh or floodplain GLWD Lehner & Döll, 2004 0.1058 

wet_pc_ug1 
Percent of total watershed upstream of sub-basin pour point that 

is well-defined wetlands 
GLWD Lehner & Döll, 2004 

0.0964 
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inu_pc_ult 
Percent of total watershed upstream of sub-basin pour point that 

is covered by the inundation extent long-term maximum 
GIEMS-D15 Fluet-Chouinardetal, 2015 

0.0948 

inu_pc_smx 
Percent of sub-basin that is covered by the inundation extent 

annual maximum 
GIEMS-D15 Fluet-Chouinardetal, 2015 

0.092 

pop_ct_usu   
Population count in total watershed upstream of sub-basin pour 

point, in thousands 
GPW v4 CIESIN, 2016 

0.0915 

gdp_ud_usu   

Gross Domestic Product (GDP) per capita adjusted for 

Purchasing Power Parity (PPP) for total watershed upstream of 

sub-basin pour point, in US dollars 

GDP PPP v2 Kummuetal, 2018 

0.0915 

lkv_mc_usu   
Total lake volume in total watershed upstream of sub-basin pour 

point, in million cubic metres 
HydroLAKES Messager et al., 2016 

0.0899 

clz_cl_smj_17   
Binary indicator for whether spatial majority of sub-basin is an 

extremely hot and xeric climate zone 
GEnS Metzger et al. 2013 

0.0889 

lka_pc_use   
Percent total watershed upstream of sub-basin pour point that is 

lake 
HydroLAKES Messager et al., 2016 

0.0887 

wet_pc_u01   
Percent off total watershed upstream of sub-basin pour point that 

is lake 
GLWD Lehner & Döll, 2004 

0.0882 

wet_pc_ug2 
Percent of total watershed upstream of sub-basin pour point that 

is well-defined wetlands or uncertain/complex wetland mosaics 
GIEMS-D15 Fluet-Chouinardetal, 2015 

0.0864 

glc_pc_u20   
Percent of total watershed upstream of sub-basin pour point that 

is water bodies (natural and artificial) 
GLC2000 

Bartholomé & Belward, 

2005 

0.0855 

riv_tc_usu   
River volume in total watershed upstream of sub-basin pour 

point, in thousand cubic metres 

HydroSHEDS and 

WaterGap v2.2 
Lehner & Grill, 2013 

0.0849 

wet_pc_u04 
Percent of total watershed upstream of sub-basin pour point that 

is freshwater marsh or floodplain 
GLWD Lehner & Döll, 2004 

0.0848 

ria_ha_usu   
River area in total watershed upstream of sub-basin pout point, in 

hectares 

HydroSHEDS and 

WaterGap v2.2 
Lehner & Grill, 2013 

0.0848 

inu_pc_umx   
Percent of total watershed upstream of sub-basin pour point that 

is covered by the inundation extent annual maximum 
GIEMS-D15 Fluet-Chouinardetal, 2015 

0.0843 

glc_pc_u02   
Percent of total watershed upstream of sub-basin pour point that 

is broadleaved, deciduous, and closed tree cover 
GLC2000 

Bartholomé & Belward, 

2005 

0.0836 

dis_m3_pmn   
Annual minimum natural discharge at sub-basin pour point, in 

cubic metres/second 
WaterGAP v2.2 Döll et al., 2003 

0.0815 
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dis_m3_pyr   
Annual average natural discharge at sub-basin pour point, in 

cubic metres/second 
WaterGAP v2.2 Döll et al., 2003 

0.0812 

cls_cl_smj_123   
Binary indicator for whether spatial majority of sub-basin is an 

extremely hot and xeric climate strata (Q4) 
GEnS Metzger et al. 2013 

0.0784 

inu_pc_smn   
Percent of sub-basin that is covered by the inundation extent 

annual minimum 
GIEMS-D15 Fluet-Chouinardetal, 2015 

0.0761 

inu_pc_umn   
Percent of total watershed upstream of sub-basin pour point that 

is covered by the inundation extent annual minimum 
GIEMS-D15 Fluet-Chouinardetal, 2015 

0.0737 

riv_tc_ssu   River volume in sub-basin, in thousand cubic metres 
HydroSHEDS and 

WaterGap v2.2 
Lehner & Grill, 2013 

0.0669 

fec_cl_smj_522   
Binary indicator for whether spatial majority of sub-basin is the 

Upper Nile freshwater ecoregion 
FEOW Abell et al., 2008 

0.0621 

glc_pc_u15 
Percent of total watershed upstream of sub-basin pour point that 

is regularly flooded shrub or herbaceous cover 
GLC2000 

Bartholomé & Belward, 

2005 

0.0571 

lka_pc_sse   Percent total sub-basin that is lake HydroLAKES Messager et al., 2016 0.0532 

ria_ha_ssu   River area in sub-basin, in hectares 
HydroSHEDS and 

WaterGap v2.2 
Lehner & Grill, 2013 

0.0528 

wet_pc_s03   
Percent of total watershed upstream of sub-basin pour point that 

is river 
GLWD Lehner & Döll, 2004 

0.0481 

fmh_cl_smj_10   
Binary indicator for whether spatial majority of sub-basin is 

tropical and subtropical floodplain rivers and wetlands 
FEOW Abell et al., 2008 

0.0474 

wet_pc_s01   
Percent of total watershed upstream of sub-basin pour point that 

is lake 
GLWD Lehner & Döll, 2004 

0.0433 

tbi_cl_smj_9   
Binary indicator for whether majority of sub-basin is flooded 

grasslands and savannas 
TEOW Dinerstein et al., 2017 

0.0397 

tec_cl_smj_74   
Binary indicator for whether spatial majority of sub-basin is the 

Sudd flooded grasslands terrestrial ecoregion 
TEOW Dinerstein et al., 2017 

0.0397 

wet_cl_smj_4   
Binary indicator for whether spatial majority of sub-basin is 

freshwater marsh or floodplain 
GLWD Lehner & Döll, 2004 

0.0339 

DIST_MAIN 
Distance from polygon outlet to the most downstream sink along 

the river network, in kilometres 
HydroBASINS Lehner & Grill, 2013 

0.0315 

DIST_SINK 
Distance from polygon outlet to the next downstream sink along 

the river network, in kilometres 
HydroBASINS Lehner & Grill, 2013 

0.0314 
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tec_cl_smj_53   
Binary indicator for whether spatial majority of sub-basin is the 
Sahelian Acacia savanna terrestrial ecoregion 

TEOW Dinerstein et al., 2017 
0.0263 

glc_cl_smj_15   
Binary indicator for whether spatial majority of sub-basin is 

regularly flooded shrub and/or herbaceous cover 
GLC2000 

Bartholomé & Belward, 

2005 

0.0128 

cls_cl_smj_122   
Binary indicator for whether spatial majority of sub-basin is an 

extremely hot and xeric climate strata (Q3) 
GEnS Metzger et al. 2013 

0.0115 

pnv_cl_smj_9   
Binary indicator for whether spatial majority of sub-basin is 

savanna 
EarthStat Ramankutty & Foley, 1999 

0.0091 

glc_cl_smj_3   
Binary indicator for whether spatial majority of sub-basin is tree 

cover, broadleaved, deciduous, or open 
GLC2000 

Bartholomé & Belward, 

2005 

-0.0142 

tbi_cl_smj_7   
Binary indicator for whether spatial majority of sub-basin is 

tropical and subtropical grasslands, savannas and shrublands 
TEOW Dinerstein et al., 2017 

-0.0171 

tec_cl_smj_43   
Binary indicator for whether spatial majority of sub-basin is the 

East Sudanian savanna terrestrial ecoregion 
TEOW Dinerstein et al., 2017 

-0.0197 

glc_cl_smj_9   
Binary indicator for whether spatial majority of sub-basin is 

regularly flooded shrub and/or herbaceous cover 
GLC2000 

Bartholomé & Belward, 

2005 

-0.0252 

tec_cl_smj_52   
Binary indicator for whether spatial majority of sub-basin is the 

Northern Congolian Forest-Savanna terrestrial ecoregion 
TEOW Dinerstein et al., 2017 

-0.0256 

clz_cl_smj_18   
Binary indicator for whether spatial majority of sub-basin is an 

extremely hot and moist climate zone 
GEnS Metzger et al. 2013 

-0.0555 

lit_cl_smj_8   
Binary indicator for whether spatial majority of sub-basin 

metamorphic rocks 
GLiM 

Hartmann & Moosdorf, 

2012 

-0.0561 

soc_th_sav   
Average organic carbon content in soil of sub-basin, in 

tonnes/hectare 
SoilGrids1km Hengl et al., 2014 

-0.0698 

soc_th_uav   
Average organic carbon content in soil of total watershed 

upstream of sub-basin pour point, in tonnes/hectare 
SoilGrids1km Hengl et al., 2014 

-0.0965 

pre_mm_s02   
Average monthly precipitation in sub-basin for February, in 

millimetres 
WorldClim v1.4 Hijmans et al., 2005 

-0.1379 

cmi_ix_s02   
Average monthly Climate Moisture Index (CMI) in sub-basin, in 

index values (x100) 

WorldClim v1.4 and 

Global-PET v1 
Hijmans et al., 2005 

-0.1429 

gwt_cm_sav   Groundwater table depth for sub-basin, in centimetres 
Global Groundwater 

Map 
Fan et al., 2013 

-0.1653 

slp_dg_sav   Average terrain slope in sub-basin, in degrees (x10) EarthEnv-DEM90 Robinson et al. 2014 -0.1835 
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800 

801 

Appendix B: Explainability 802 

803 

 804 

ele_mt_smx   Maximum elevation in sub-basin, in metres above sea level EarthEnv-DEM90 Robinson et al., 2014 -0.1998 

ele_mt_smn   Minimum elevation in sub-basin, in metres above sea level EarthEnv-DEM90 Robinson et al., 2014 -0.2125 

ele_mt_sav   Average elevation in sub-basin, in metres above sea level EarthEnv-DEM90 Robinson et al., 2014 -0.2197 

Table A1  HydroATLAS variables used to construct the first principal component (PC) for the INFLOW-AI dynamic spatial modelling model with their 
PCA loadings indicating the degree to which each variable contributes to the PC used in the model. Mathematically, 𝑃𝐶$ = 𝑎$𝑋$ + 𝑎%𝑋% +⋯+ 𝑎&𝑋& where 
𝑎' are the PC loadings (shown in the table) and 𝑋' is the original value of the corresponding variable. Positive loadings increase the value of the component 
while negative loadings decrease the value of the component. This process removes redundancy (multicollinearity) between highly similar variables. The 
table is sorted in decending order of descending postive contributions to PC1. 

Figure B1.  Variable importance at each temporal lag was analyzed using SHAP (Shapley Additive Explanations; Lundberg & Lee, 2017), which interpret 
machine learning predictions by attributing each feature a contribution value to the output. SHAP values were computed with the model-agnostic 
KernelExplainer, which estimates feature contributions by perturbing input features and fitting a locally weighted linear model around each prediction. 
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Appendix C: Water management confounds 807 

808 

 809 

Figure B2.  SHAP values indicating the contribution of each variable towards specific predictions made by the deployed model during the 2024 flood season. 
Summing the individual SHAP values produces the final prediction given by the model. 

Figure C1.  Periods of negative linear correlations between CHIRPS rainfall over Lake Victoria and Lake Victoria Height over a five-dekad period. 
Indicates potential dam releases from Lake Victoria that may make purely hydrometerological prediction in the area challenging. 
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Figure C2.  Periods of negative linear correlations between TAMSAT rainfall over Lake Victoria and Lake Victoria Height over a five-dekad period. 
Indicates potential dam releases from Lake Victoria that may make purely hydrometerological prediction in the area challenging, though less definitive 
periods are identified compared with the CHRIPS data. 
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Code and data availability: The released version of INFLOW-AI v2.1 is available on Zenodo under the MIT licence. 812 

The exact version of the model used to produce the results presented in this paper is archived on Zenodo under DOI 813 

10.5281/zenodo.18258570 and is distributed under the MIT licence (Rapson et al., 2026a). The release contains all 814 

scripts, modules, and live data processing files required to reproduce the results shown in this paper. Detailed 815 

instructions on setting up the environment, downloading the data, and running the code are provided in the README 816 

file. 817 

Live model predictions from the deployed system are available on JASMIN at https://gws-818 

access.jasmin.ac.uk/public/tamsat/INFLOW/flood-inundation-predictions_inflow-ai-v2.1/. These include raw 819 

predictions and plots showing the next six-dekad prediction made by INFLOW-AI. As of August 2025, predictions 820 

are updated approximately dekadally. 821 

All figures used in the Results section can be reproduced using the data and Python notebook archived on Zenodo 822 

under DOI 10.5281/zenodo.18261701 and distributed under the Creative Commons Attribution 4.0 International 823 

licence (Rapson et al., 2026b). This archive contains the exact code and data used to generate the plots presented in 824 

this paper. 825 
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