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ABSTRACT

Drought vulnerability assessment in agricultural systems remains increasingly critical under climate change, yet current
approaches are constrained by limitations of existing topographic indices, particularly in low-gradient terrains where the widely-
used Topographic Wetness Index (TWI) exhibits numerical instability and fails to detect critical microtopographic variations that
control water retention at field scales.
This study introduces the Runoff Potential Index (RPI), a curvature-based terrain metric that addresses specific limitations of
slope-dependent indices for climate-resilient agricultural drought assessment: RPI(x,y) = ∇2z/(|∇z|+ ε), integrating local terrain
curvature (via Laplacian of elevation) with slope magnitude. The analysis presents complementary approaches combining:
(1) RPI terrain analysis using satellite-derived elevation data for upland-lowland differentiation based on terrain-controlled
water redistribution, identifying runoff-prone uplands versus water-retaining lowlands, and (2) CERES-Rice mechanistic crop
modeling driven entirely by Earth observation data to evaluate drought stress patterns across varying sowing dates, supporting
climate adaptation strategies in data-scarce regions.
The RPI maintained analytical sensitivity across subtle elevation gradients (0.7-1.8 m variations) where TWI becomes
numerically unstable, successfully detecting centimeter-scale microtopographic variations critical for water retention. Terrain
analysis revealed distinct upland-lowland differentiation patterns, with lowland areas achieving 200 kg/ha higher yields compared
to upland areas. CERES-Rice simulations across 20 years (2000-2019) identified optimal sowing windows that minimize
drought stress, with delayed sowing causing yield reductions exceeding 1,500 kg/ha. Critically, terrain-based yield advantages
(200-300 kg/ha) are substantially smaller than temporal optimization benefits, exposing limitations in current mechanistic
models that fail to adequately represent topographic water redistribution effects captured by RPI analysis.
The Earth observation-based framework enables drought vulnerability mapping without ground-based data requirements,
supporting climate adaptation in agricultural systems globally. The findings reveal conceptual limitations in bucket-based
crop models and demonstrate scalable approaches for drought-resilient agriculture under changing climate conditions. This
framework enables practical climate adaptation through: (1) field-specific sowing recommendations that prevent 45-73%
yield losses from suboptimal timing, (2) identification of drought-vulnerable zones requiring targeted water management, and
(3) satellite-based drought risk assessment accessible to smallholder farmers in data-scarce regions, directly supporting
SDG 13.1 (strengthen resilience and adaptive capacity to climate-related hazards) and SDG 13.3 (improve education and
capacity-building on climate change adaptation).
Keywords: biosystems modelling, drought vulnerability, earth observation, terrain analysis, crop modeling, remote sensing,
climate adaptation, precision agriculture.

Introduction
Drought represents one of the most persistent and economically devastating natural hazards globally, having affected over 1.5
billion people since 2000 and causing economic losses of at least $124 billion from 1998-20171, with recent estimates indicating
annual global costs now exceed $307 billion2. As climate variability intensifies under changing atmospheric conditions, the
frequency and severity of drought events are projected to increase across multiple agricultural regions, necessitating more
sophisticated and scalable approaches for risk assessment and early warning systems3. Current drought monitoring frameworks,
while technologically advanced, exhibit critical limitations. They fail to integrate terrain-mediated hydrological processes with
dynamic agricultural impacts, resulting in incomplete vulnerability assessments.

Rice (Oryza sativa), supporting billions of people across Asia, Africa, and Latin America, provides a particularly clear
example of this vulnerability challenge4–6. Rainfed rice systems remain highly vulnerable to drought stress during sensitive



phenological stages such as flowering and grain filling, causing severe yield losses in regions characterized by high interannual
rainfall variability, poor water storage capacity, and limited irrigation access, particularly in semi-arid regions of West Africa
where rainfed systems predominate7–10. While mechanistic crop models (MCMs) such as CERES-Rice have demonstrated
capabilities in simulating genotype–environment–management interactions, their scalability remains constrained by sparse
meteorological data and the absence of spatially explicit terrain analysis11–14.

Contemporary drought analysis relies predominantly on meteorological indices and satellite-derived biophysical indicators
that excel at detecting when and where drought occurs but systematically underestimate how landscape morphology determines
hydrological redistribution patterns15, 16. Existing methodologies fail to account for how terrain characteristics, particularly the
spatial arrangement of convex upland forms versus concave lowland areas, fundamentally control surface water divergence and
drought vulnerability at sub-regional scales. This morphological gap becomes critical when assessing agricultural drought
impacts in topographically diverse rice-growing regions, where terrain-mediated water availability and crop physiological
responses jointly determine yield outcomes.

Topographic analysis employs diverse methodological approaches, with documented applications utilizing up to 22 distinct
topographic indices in hydrological systems17 and comprehensive global datasets providing standardized suites of topographic
variables for environmental modeling18. These indices are classified into primary metrics (elevation, slope, aspect) directly
derived from digital elevation models, and secondary indices that combine multiple primary attributes to characterize specific
landscape processes19, 20. The most widely applied secondary indices include the Topographic Wetness Index (TWI)21, slope
length factor (LS)22, specific catchment area (SCA)19, and downslope distance gradient (DDG)23. While curvature-based
approaches exist—including profile curvature (Kp), tangential curvature (Kt)24, and Laplacian operators25—these have been
predominantly developed for geomorphological channel extraction and drainage network delineation26 rather than agricultural
water retention analysis. Critically, no existing index integrates local curvature analysis with slope steepness specifically to
quantify morphological propensity for water retention in low-gradient agricultural systems where microtopographic variations
determine crop establishment success.

Here, I introduce an analytical framework that addresses this critical knowledge gap through two complementary analyses:
(1) a novel terrain-derived metric, the Runoff Potential Index (RPI), that addresses specific limitations of existing topographic
indices in agricultural systems by quantifying morphological propensity for water retention using Laplacian of elevation
analysis, enabling identification of drought-vulnerable versus resilient zones in low-gradient terrains where traditional slope-
based indices exhibit reduced sensitivity; and (2) dynamic crop modeling through CERES-Rice to simulate water balance
dynamics and their influence on crop water stress patterns, enabling automated differentiation between drought-vulnerable
upland areas and resilient lowland zones. As detailed in the following section, existing topographic indices like TWI exhibit
limitations in low-gradient agricultural systems. The RPI addresses this gap by quantifying how landscape curvature controls
water flow behavior: convex areas (ridges, hilltops) tend to shed water and experience higher drought stress, while concave
areas (valleys, depressions) collect and retain water, providing drought resilience. This is captured through the formulation
RPI(x,y) = ∇2z/(|∇z|+ ε), where ε is a small numerical regularization term that avoids singularities when |∇z| → 0. The
index provides intuitive interpretation: negative values indicate flow divergence (upland areas prone to runoff), while positive
values represent flow convergence (lowland areas with water retention potential). This framework evaluates whether Earth
observation-derived terrain analysis captures drought stress variability that traditional mechanistic crop models fail to represent,
providing insights for model refinement strategies that incorporate morphologic-driven water retention patterns.

This approach integrates curvature-based terrain analysis for upland-lowland differentiation with dynamic crop response
modeling, addressing the documented limitations of slope-dependent indices (such as TWI21, 27) in low-gradient agricultural
landscapes where microtopographic variations determine water retention patterns critical for crop establishment and drought
resilience. This framework extends beyond crop systems to provide regional-scale terrain-based vulnerability mapping and
generate field-scale management recommendations for optimizing rainfed rice productivity across diverse agricultural systems,
directly addressing the growing demand for decision-support tools and adaptation strategies under changing climatic conditions.

State-of-the-Art in Agricultural Drought Assessment
Contemporary drought assessment has evolved into six principal methodological clusters, each addressing specific aspects of
drought characterization but exhibiting critical limitations for comprehensive regional vulnerability analysis.

Meteorological approaches employ standardized indices such as the Standardized Precipitation Index (SPI) of McKee
et al.28, calculated as (Current Rainfall minus Long-Term Mean) divided by Rainfall Standard Deviation. Negative values
indicate increasing drought severity. The Rainfall Anomaly Index (RAI) of Van Rooy29 is defined as 3 times (Current Rainfall
minus Average) divided by (Extreme Difference minus Average), highlighting how extreme a rainfall event is relative to
historical extremes. These indices are operationally implemented by NASA’s Global Drought Monitor and the European
Drought Observatory using CHIRPS precipitation data processed in Google Earth Engine.
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Biophysical methods integrate vegetation and soil response indicators such as the Vegetation Condition Index (VCI) of
Kogan30, computed as 100 times (NDVI minus Minimum NDVI) divided by (Maximum NDVI minus Minimum NDVI); values
below 40 indicate severe vegetation stress. The Temperature Condition Index (TCI)31 is calculated as 100 times (Maximum
Temperature minus Actual Temperature) divided by (Maximum Temperature minus Minimum Temperature) to detect heat
stress. The Microwave Water Stress Index (MWSI) of Zhang and Jia32 is given by (Horizontal Brightness Temperature minus
Vertical Brightness Temperature) divided by their sum, capturing canopy water stress from microwave emissions. Topographic
analysis commonly uses the Topographic Wetness Index (TWI) of Beven and Kirkby21, 27 and the Terrain Ruggedness Index
(TRI) of Riley et al.33, calculated as the sum of elevation differences between each neighboring cell and the central cell divided
by the number of cells. These indicators are implemented by NOAA/NESDIS, FAO GIEWS, and USDA GLAM using MODIS,
Sentinel-3, and SMAP data, but they address isolated terrain aspects without fully integrating how morphology redistributes
water.

Spatial enhancement techniques developed by major technology companies focus primarily on improving resolution
rather than resolving underlying process uncertainties. The NOAA Climate Prediction Center applies the PRISM method34,
where precipitation is estimated as Base Value plus Elevation times Factor plus Slope times Factor plus Aspect times Factor
plus Distance to Ocean times Factor. Google AI and DeepMind refine local temperature estimates using lapse rates that adapt
dynamically: Temperature equals Base Temperature minus Elevation times Cooling Rate, with the cooling rate learned from
local conditions. Microsoft AI for Earth operationalizes these algorithms on Azure Cloud to produce 10-meter drought products,
while Copernicus C3S uses advanced multisensor fusion combining Sentinel-1, Sentinel-2, and Sentinel-3 data.

Critical threshold detection uses indices such as the Palmer Drought Severity Index (PDSI)35, computed as 0.897 times
the previous month value plus Current Moisture Index divided by 3; values below -3 indicate severe drought and are monitored
by the U.S. Drought Monitor. The Modified Normalized Difference Water Index (MNDWI)36 is defined as (Green Band minus
Infrared Band) divided by their sum, where negative values indicate the absence of surface water. The Surface Energy Balance
Algorithm for Land (SEBAL)37 estimates actual evapotranspiration as (Net Radiation minus Soil Heat Flux minus Sensible
Heat Flux) divided by the Latent Heat of Vaporization. This is implemented operationally in ERA5-Land by ECMWF with
hourly resolution.

Conceptual hydrological modeling uses interconnected tank systems to simulate runoff generation and water storage
processes. Classical models include Ishihara-Kobatake38 with three cascade tanks, the Japanese NRCDP Tank model39 for
river flow prediction, the Swedish HBV Tank40 with snowmelt routines, the Sacramento model41 used by the National Weather
Service, TOPMODEL Tank21 based on topographic indices, the Danish NAM42, and the Australian AWBM43. Additionally,
crop models such as CERES-Rice in the DSSAT system44 apply a tank-based water balance to simulate evapotranspiration and
crop physiological response. These models remain widely adopted in R packages like airGR, TUWmodel, and hydromad,
valued for conceptual simplicity, computational efficiency, and real-time forecasting, with increasing integration into machine
learning frameworks and early warning systems.

Machine learning automation applies Random Forest classifiers45 developed by Google Research, Support Vector
Machines by Microsoft Research, and ensemble methods by Amazon Web Services, achieving validation accuracies up to 95%
for drought classification.

Despite significant progress across all methodological clusters, a critical challenge persists: the lack of physically-based
quantification of how landscape morphology controls hydrological redistribution at agricultural scales. Existing approaches
excel in monitoring precipitation deficits, biophysical stress, and threshold detection, yet systematically overlook how terrain
determines where water accumulates and persists. Widely used indices like TWI become unstable in low-gradient croplands
and fail to resolve subtle microtopographic depressions that critically influence field-level water retention and crop survival
during drought. This limitation highlights opportunities for terrain-derived metrics that integrate local curvature, slope, and
microrelief analysis, enabling predictive drought vulnerability assessment based on inherent landscape structure rather than
relying solely on reactive monitoring approaches.

This paper presents a comprehensive framework combining terrain analysis with mechanistic crop modeling for agricultural
drought vulnerability assessment. This approach describes the development and implementation of the Runoff Potential
Index using satellite-derived elevation data, alongside the parameterization of CERES-Rice crop models driven entirely
by Earth observation datasets including SoilGrids and NASA POWER meteorological data. The analysis evaluates RPI
performance against conventional topographic indices across synthetic terrain scenarios, demonstrates regional-scale upland-
lowland differentiation mapping across West African agricultural landscapes, and presents 20-year drought stress simulations
to identify optimal sowing strategies. The study concludes with a critical comparison between terrain-based predictions
and mechanistic crop model outputs, revealing structural limitations in current bucket-based water balance approaches and
highlighting opportunities for integrating topographic water redistribution processes into agricultural modeling frameworks.
This integrated approach provides both methodological advances for drought assessment and practical tools for climate
adaptation in rainfed agricultural systems.
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Results

Comprehensive evaluation of RPI analytical performance versus TWI
To evaluate RPI analytical performance against the widely used Topographic Wetness Index (TWI), comparative analysis
was conducted using synthetic terrain scenarios spanning four distinct morphological zones. Figure 1 presents quantitative
performance comparison between TWI and RPI across a 1 km × 1 km synthetic field at 2.5 m spatial resolution, with seven
representative measurement points providing precise coordinate-based validation across concave depressions, convex elevations,
subtle undulations, and flat reference terrain.

Zone 1 analysis reveals fundamental differences in index sensitivity. Across the concave depression with a 1.8 m elevation
difference, with RPI values ranging from 1.359 at the crater minimum (98.015m elevation) to -0.013 at the crater boundary
(99.853m elevation). TWI produces remarkably similar values of 23.305 and 23.126 at these morphologically distinct locations.
Zone 2 (convex mountain) shows RPI values of -1.359 at the mountain maximum (101.985m elevation) and 0.013 at the
mountain curvature (100.149m elevation), with corresponding TWI values of 14.433 and 23.254. Zone 3 (low-amplitude
undulations) exhibits microtopographic variations of 70 cm elevation difference between wave maximum (100.606m) and wave
minimum (99.902m), with corresponding RPI values of 2.496 and -1.708, while TWI yields considerably higher values of
23.727 and 16.811. Notably, at the flat reference point (100.000m elevation), RPI exhibits 0.000 while TWI reaches 48.660—a
value even higher than those observed in topographically complex zones, demonstrating fundamental numerical instability.

Critical evaluation emerges in the morphological transition zones where RPI demonstrates superior sensitivity to subtle
terrain changes. At the crater curvature boundary (P2), RPI exhibits -0.013, correctly identifying the transition from water-
retentive to neutral conditions, while at the mountain curvature (P4), RPI shows +0.013, indicating the opposite transition from
runoff-prone to neutral terrain. This demonstrates RPI’s capacity to detect directional morphological transitions with opposite
physical meanings. Conversely, TWI produces nearly identical values at these transition points (23.126 vs 23.254), failing to
distinguish between morphologically driven concentrates or disperses water flow patterns.

Figure 1. Comparative analysis of topographic indices across diverse terrain conditions. (A) Three-dimensional visualizations:
TWI (left) exhibits numerical instability in flat areas (red regions show extreme values approaching 50), RPI (center) maintains
stability across all terrain types (range: -2 to +3), and RPI-based terrain classification (right) identifying upland areas
(percentiles <0.2, blue) and lowland areas (percentiles >0.8, red). (B) Quantitative comparison at seven representative points
across four terrain zones. RPI (blue line) demonstrates consistent physical interpretation: negative values indicate runoff-prone
upland areas, positive values indicate water-retaining lowland areas. TWI (red line) produces nearly identical values at
morphologically opposite transition points (23.126 vs 23.254), failing to distinguish between terrain features that control
contrasting water flow patterns.
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Figure 2. Comparative terrain analysis across three agricultural regions with reference demonstration. (A) Digital elevation
models showing topographic variation across the study areas, with 3D visualization (right panel); (B) Slope angle distributions
highlighting terrain steepness gradients; (C) Runoff Potential Index (RPI) integrating curvature and slope to quantify water
redistribution potential. Negative RPI values (blue) indicate runoff-prone upland areas, while positive values (red) indicate
water-retaining lowland areas. The rightmost column provides a reference demonstration of RPI behavior across controlled
terrain conditions.

Satellite-based terrain analysis and runoff potential
Satellite-based remote sensing provides high-resolution elevation data suitable for geomorphological terrain-based water
divergence mapping. Figure 2 demonstrates the analytical framework applied across three agricultural regions, with an

Figure 3. Regional terrain analysis for Casamance and Senegal Oriental. (A) Digital elevation model; (B) Slope angle
distribution; (C) Runoff Potential Index (RPI) for upland-lowland differentiation. Blue areas indicate runoff-prone upland
zones (negative RPI), while red areas represent water-retaining lowland zones (positive RPI).
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additional reference demonstration. Panel A shows digital elevation models for each area, Panel B presents slope angle
distributions, and Panel C displays the computed Runoff Potential Index (RPI) that integrates local curvature (via Laplacian)
and slope steepness to characterize terrain-driven water divergence patterns across diverse topographic settings.

Negative RPI values correspond to convex upland forms (e.g., ridgelines and steep slopes) that promote rapid surface runoff
and minimal water retention. In contrast, positive RPI values are associated with concave lowland areas where water tends
to accumulate or infiltrate, increasing drought resilience. The spatial distributions in Figure 2C demonstrate how RPI values
vary across different regional terrain characteristics, maintaining consistent physical interpretation across diverse topographic
settings.

Scaling this approach to regional analysis, Figure 3 presents the complete terrain characterization across Ziguinchor,
Sédhiou, Kolda, Tambacounda, and Kédougou regions at approximately 51-meter spatial resolution. The regional-scale
application reveals distinct hydrological zones across the landscape, with upland areas (blue) exhibiting high water divergence
and runoff potential at both major elevation peaks and subtle microtopographic variations, while lowland zones (red) demonstrate
water convergence and retention capacity in valley systems and floodplains. This regional mapping enables identification of
drought-vulnerable versus resilient agricultural areas based on inherent terrain characteristics.

Drought stress patterns and adaptation strategies through CERES-Rice modeling and Earth observation
integration
Earth observation systems provide spatially-complete environmental datasets essential for drought stress analysis across
agricultural regions lacking comprehensive ground monitoring networks. Satellite-derived Digital Elevation Models (51-meter
resolution) enable precise Runoff Potential Index calculations, while SoilGrids generates standardized soil texture data at
250-meter resolution for hydraulic conductivity modeling. NASA POWER satellite-based precipitation observations at 0.5°
resolution provide temporally consistent meteorological forcing specifically validated for DSSAT crop modeling protocols46–48.
This integrated Earth observation framework ensures complete spatial coverage across Senegal’s territory, enabling CERES-Rice
simulations to quantify drought stress patterns and optimize sowing strategies with unprecedented accuracy impossible through
conventional ground-based data networks.

Soil texture characterization from satellite-derived observations

Figure 4. Soil texture composition and distribution at 15 cm depth, based on satellite-derived Earth observation. The RGB
color space is used to represent the relative proportions of sand, silt, and clay across the study area, providing an intuitive and
information-rich visualization of soil texture. White corresponds to clay loam, located near the center of the texture triangle and
known for its balanced water retention and drainage properties. The most prevalent soil types include sandy loam (blue), sandy
clay (purple), and clay loam (white), while loam (cyan) and silty clay (yellow) appear less frequently. This classification
supports drought vulnerability assessment by identifying spatial patterns in soil hydraulic behavior.
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Following the terrain-based runoff analysis, soil texture characterization provides the complementary subsurface perspective
essential for comprehensive drought vulnerability assessment. Soil texture, a key determinant of water retention and infiltration
capacity, plays a fundamental role in mediating the landscape’s response to drought. Based on SoilGrids satellite-derived Earth
observation datasets, the spatial distribution of soil texture at a depth of 15 cm reveals a heterogeneous mosaic of sand, silt, and
clay compositions. These components are visualized in Figure 4 using an innovative RGB color space mapping within the soil
texture triangle. This approach intuitively encodes complex textural information into a perceptually accessible format. In this
representation, white denotes clay loam soils located near the triangle’s center, a texture class of particular relevance due to its
balanced hydraulic properties.

Soil texture directly governs hydraulic conductivity, the rate at which water infiltrates through the soil, and is a key
determinant of how landscapes respond to rainfall and drought. Using satellite-derived soil texture maps, we spatially estimated
infiltration capacity across the region. The dominant soil types include sandy loam (blue), sandy clay (purple), and clay loam
(white), with estimated saturated hydraulic conductivities of approximately 30 mm/h, 5 mm/h, and 2.5 mm/h, respectively. Less
common textures such as loam (cyan, 10 mm/h) and silty clay (yellow, 0.5 mm/h) are also present and may influence localized
water retention. These estimates enable a physically grounded integration of subsurface dynamics into drought vulnerability
analysis, complementing terrain-based runoff assessment with infiltration capacity.

Rainfall Distribution

Precipitation patterns derived from NASA POWER satellite-based observations reveal distinct seasonal and interannual
variability that directly influences agricultural water stress dynamics. Figure 5 presents a comprehensive analysis of rainfall
distribution from 2000 to 2020, demonstrating the temporal structure of precipitation across the study region. The left panel
displays monthly rainfall magnitudes over the 20-year period, revealing pronounced seasonal patterns consistent with the
characteristic climate of the Casamance region, where the rainy season generally lasts from June to October, followed by a dry
season from November to May49.

The probabilistic analysis in the right panel quantifies rainfall distribution characteristics through empirical density
estimation fitted with a Gaussian curve. Peak rainfall occurs during August-September, while the dry season (November-April)
exhibits minimal precipitation. This statistical characterization reveals distinct seasonal patterns with pronounced wet season
concentration and extended dry periods. The temporal variability directly informs CERES-Rice water balance calculations,
where the 20-year precipitation record (2000-2020) demonstrates high seasonal concentration of rainfall essential for rainfed
rice production. Understanding these precipitation dynamics is crucial for determining optimal planting dates, as rainfall timing
and magnitude determine soil water availability during sensitive phenological stages, particularly flowering and grain filling
periods when drought stress most significantly impacts yield potential50–52.

Figure 5. Rainfall seasonality and interannual variability (2000–2020). The left panel illustrates monthly rainfall magnitudes
over a 20-year period, revealing strong seasonal patterns. The right panel presents the probabilistic distribution of rainfall
across months, with a Gaussian curve fitted to the empirical density. Together, these visualizations characterize the temporal
structure and predictability of precipitation, informing drought risk modeling.
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Figure 6. Drought stress characterization and phenological response patterns in rice: (A) Three-dimensional scatter plot
showing the relationship between drought stress intensity across three phenological phases (Panicle Phase, Flowering, and
Grain & Maturation) and resulting grain yield from 20-year DSSAT-WSPD simulations, with color gradient representing yield
magnitude (kg/ha), and (B) Drought stress progression patterns across seven individual growth stages for three stress patterns
classifications, with background shading indicating phenological phase groupings (Early Growth: blue, Panicle Phase: red,
Flowering: yellow, Grain & Maturation: green).

CERES-Rice driven drought stress patterns recognition
Multi-dimensional analysis of drought stress patterns revealed complex relationships between phenological timing, stress
intensity, and grain yield outcomes (Figure 6). The three-dimensional visualization demonstrated that yield reductions were
most pronounced when high stress levels occurred simultaneously across multiple phenological periods, particularly during
reproductive phases. Yields exceeding 3,000 kg/ha were predominantly associated with favorable environmental conditions
across all phases, while severe yield reductions below 1,000 kg/ha occurred when stress intensities exceeded 0.5 units during
critical reproductive periods.

Phenological stress progression patterns revealed distinct temporal patterns for each environmental favorability classification
(Figure 6B). Low Favorable Environments (LFE) exhibited characteristic stress escalation, starting near zero during germination

Figure 7. Characterization of rice yield distributions under variable drought stress regimes. Panel (a) presents kernel density
estimation curves illustrating the probability density functions of grain yield for three drought frequency classes derived from
cluster analysis of 20-year DSSAT-WSPD simulations. Panel (b) shows annual violin plots (2000-2019) depicting yield
distribution patterns by drought stress classification: Low Frequency Events (LFE), Frequent Events (FE), and High Frequency
Events (HFE). Violin plots combine probability density shapes with embedded quartile box plots and outlier identification.
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and stem growth, then showing rapid increases from 0.05 to 0.43 during panicle initiation and extension phases, followed
by sustained high stress intensities reaching 0.52 at flowering and culminating at 0.83 during grain filling and maturation.
Favorable Environments (FE) showed moderate stress levels with gradual progression from near zero in early stages to 0.17
during panicle phases, reaching maximum intensity of 0.18 during flowering, then maintaining stable levels around 0.65-0.72
through grain filling and maturation. High Favorable Environments (HFE) maintained consistently low stress throughout all
growth stages, with values remaining below 0.05 during vegetative phases and only reaching 0.21-0.23 during the final grain
filling and maturation stages, representing optimal growing conditions with minimal drought impact.

The analysis of rice grain yield variability under different drought stress regimes, based on 20 years of DSSAT-WSPD
simulation data (2000–2019), revealed three statistically distinct yield response distributions (Figure 7). Kernel Density
Estimation (KDE) analysis employing Gaussian kernels with Silverman’s bandwidth optimization identified complex multimodal
yield distributions that deviated significantly from normal distribution assumptions across environmental favorability categories.

Low Favorable Environments (LFE) demonstrated a highly concentrated unimodal distribution centered at 600 kg/ha,
representing consistently low yields under high drought stress conditions. Favorable Environments (FE) displayed a broad,
relatively uniform distribution spanning 1,500–3,000 kg/ha, reflecting intermediate environmental conditions with variable
yield performance. In contrast, High Favorable Environments (HFE) exhibited a distinctive bimodal distribution with peaks at
approximately 3,000 kg/ha and 3,400 kg/ha, indicating two predominant high-yield scenarios under optimal growing conditions.

Temporal stability analysis using violin plots quantified the persistence of these distributional characteristics using coefficient
of variation (CV = (σ /µ) × 100) across the 20-year simulation period (Figure 7b). LFE maintained significantly lower
median yields (798±45 kg/ha, CV = 52%) with high inter-annual variability, while FE exhibited intermediate performance
(2,284±156 kg/ha, CV = 31%) and HFE sustained stable high productivity (3,187±89 kg/ha, CV = 18%). The temporal
consistency of these distribution patterns validates the predictive reliability of the environmental favorability classification
framework for rice yield forecasting under variable climatic scenarios.

Building upon the phenological stress patterns and yield distribution analysis, the spatial-temporal examination of the Target
Population of Environments (TPE) for drought stress reveals the geographic manifestation of these environmental favorability
classifications across Senegal’s agricultural landscape (Figure 8). The spatial analysis demonstrates that the HFE, FE, and
LFE classifications identified through temporal yield analysis exhibit distinct geographic distributions that vary systematically
across the five sequential sowing dates (S1-S5). Environment favorability mapping shows a clear temporal progression, with
early sowing dates (S1-S2) characterized by predominantly High Favorable Environment (HFE) conditions in the western
and southern regions, consistent with the optimal growing conditions that sustained stable high productivity (3,187 ± 89
kg/ha, CV = 18%) observed in the temporal analysis. As the sowing season advances (S3-S5), there is a notable shift toward
Favorable Environment (FE) and Least Favorable Environment (LFE) conditions, particularly in the northern and eastern areas,
reflecting the transition toward the intermediate performance (2,284 ± 156 kg/ha, CV = 31%) and low-yield scenarios (798
± 45 kg/ha, CV = 52%) respectively. The coefficient of variation analysis demonstrates varying levels of temporal stability
across the agricultural landscape, with High Stability (HS) zones consistently observed in the western coastal regions across
all sowing dates, indicating reliable environmental conditions that align with the low inter-annual variability (CV = 18%)
characteristic of HFE conditions. Conversely, the central and northern regions exhibit Middle Stability (MS) to Low Stability
(LS) patterns, suggesting higher inter-annual variability consistent with the elevated coefficients of variation observed in FE

Figure 8. Target Population of Environments (TPE) drought stress characterization for agricultural planning in Senegal across
five sequential sowing dates (S1-S5). Upper panels display mean environment favorability patterns: High Favorable
Environment (HFE, green), Favorable Environment (FE, blue), and Least Favorable Environment (LFE, orange). Lower panels
show coefficient of variation analysis indicating temporal stability: High Stability (HS, green), Middle Stability (MS, blue), and
Low Stability (LS, orange).
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Figure 9. Drought adaptation through optimal sowing date recommendations in Senegal (2000–2019). (A) Spatial distribution
of optimal sowing dates: S1 (last week of June, green), S2 (second week of July, blue), and S3 (last week of July, yellow). S2 is
optimal for the majority of the territory (84.2%), achieving yields of 3090±211 kg/ha with low variability (CV=6.8%). S3
shows the highest yields (3268±42 kg/ha) but is optimal only in a specific region of Casamance (5.1% of locations). (B) Mean
grain yield demonstrates a clear decline with delayed sowing, with S1 and S2 maintaining similar performance ( 3000 kg/ha)
before sharp reductions in later dates. Percentage changes indicate yield losses of 14.6%, 45.0%, and 73.1% for S3, S4, and S5
respectively, compared to S1. (C) Yield variability analysis reveals increasing coefficient of variation with delayed sowing
(16.4% to 66.1%), highlighting the trade-off between yield potential and risk. Early sowing dates (S1–S2) provide stable yields
with manageable variability, while late sowing (S4–S5) introduces substantial production risk despite potential high yields in
favorable conditions.

and LFE environments. The transition from S1 to S5 shows a progressive deterioration in both favorability and stability, with
S4 and S5 displaying the most heterogeneous spatial distribution of environmental conditions, indicating that optimal sowing
windows occur during the early season (S1-S2) when spatial patterns align with the temporal characteristics of high-yield,
low-variability environments identified in the phenological analysis.

Drought adaptation strategies through optimal sowing date recommendations
Building upon the Target Population of Environments analysis, the spatial analysis of optimal sowing dates across Senegal
(2000–2019) identified three distinct sowing windows with varying geographic distributions (Figure 9A). S2 (second week of
July) represented the optimal choice for 84.2% of the territory, achieving yields of 3090±211 kg/ha. S1 (last week of June) was
optimal for 10.7% of locations with yields of 3053±349 kg/ha, while S3 (last week of July) was optimal for only 5.1% of
locations, concentrated primarily in the Casamance region, yielding 3268±42 kg/ha.

Mean grain yield analysis across five sowing dates revealed a progressive decline pattern (Figure 9B). S1 and S2 maintained
similar performance levels at 3002 and 3001 kg/ha respectively. Subsequent sowing dates showed progressive yield reductions:
S3 declined 14.6% to 2564 kg/ha, S4 dropped 45.0% to 1650 kg/ha, and S5 experienced a 73.1% reduction to 809 kg/ha
compared to S1.

Yield variability analysis demonstrated increasing temporal instability with delayed sowing (Figure 9C). The coefficient of
variation increased systematically from 16.4% for S1 to 66.1% for S5. S2 exhibited moderate variability at 19.5%, while S3
showed 29.8% variability despite achieving the highest absolute yields in its optimal zones.

The geographic concentration of S3 optimality in Casamance corresponded to areas with extended rainfall patterns exceeding
1000 mm annually. The remaining territory showed preference for earlier sowing dates, with S2 demonstrating the broadest
spatial applicability while maintaining yield stability. S4 and S5 showed increasingly restricted optimal zones with elevated
production risk across all geographic regions.

Comparison between terrain-based runoff potential and sowing date optimization
Building upon the drought stress characterization and Target Population of Environments analysis, the integration of terrain-
based water redistribution patterns with optimal sowing strategies provides additional insights into site-specific drought
adaptation mechanisms. The Runoff Potential Index (RPI) analysis, derived from high-resolution satellite Digital Elevation
Model data at 51-meter spatial resolution, was spatially aggregated at the 506 DSSAT simulation locations using a 2.5-km
search radius to characterize terrain-driven water redistribution patterns across Senegal’s agricultural landscape.
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Figure 10. Integration of terrain-based runoff potential with sowing date optimization in Senegal (2000–2019). (A) Spatial
distribution of terrain zones based on Runoff Potential Index (RPI): Upland areas (red, 20.0%) represent runoff-prone terrain
with negative RPI values, Lowland areas (blue, 20.0%) indicate water-retaining terrain with positive RPI values, and Neutral
zones (gray, 60.1%) represent intermediate conditions. (B) Relationship between RPI values and optimal sowing dates shows
terrain-dependent preferences, with most optimal dates concentrated in S1–S2 across all terrain types. (C) Sowing date
preferences reveal that all terrain zones favor early sowing (S1–S2), with S2 being the most frequent optimal choice (40–60%
across zones), while later sowing dates (S4–S5) are rarely optimal. (D) Yield distributions demonstrate that Lowland areas
achieve slightly higher median yields ( 3200 kg/ha) compared to Upland ( 3000 kg/ha) and Neutral areas ( 3100 kg/ha). (E)
Yield variability analysis shows similar coefficient of variation patterns across terrain zones (40–55%), indicating that
terrain-based water redistribution provides consistent drought buffering effects regardless of topographic position.

Terrain classification employed percentile-based thresholds (20th and 80th percentiles) applied to RPI values, resulting
in three distinct hydrological zones: Upland areas (20.0%, n=101) characterized by negative RPI values (-0.022 to -0.005)
indicating runoff-prone terrain; Lowland areas (20.0%, n=101) with positive RPI values (0.008 to 0.021) representing water-
retaining depressions; and Neutral zones (60.1%, n=304) with intermediate RPI values (-0.005 to 0.008) indicating balanced
water redistribution patterns (Figure 10A). The spatial distribution revealed scale-dependent patterns, with Lowland areas
predominantly concentrated in the eastern montane regions where high-resolution DEM analysis captures numerous water-
retaining microtopographic depressions, while Upland areas were more prevalent in the western coastal plains characterized by
uniform terrain and lateral water flow.

The relationship between terrain-based water redistribution and optimal sowing dates demonstrated limited influence of
topographic position on temporal agricultural strategies (Figure 10B). All terrain zones exhibited consistent preference for
early sowing windows, with S2 (second week of July) representing the optimal choice across 40–60% of locations regardless
of RPI classification. This uniformity in sowing date preferences across terrain types indicates that seasonal precipitation
timing determines optimal sowing strategies, while local terrain advantages do not significantly alter these recommendations,
consistent with the TPE analysis showing early sowing dates (S1–S2) aligned with High Favorable Environment conditions
across diverse geographic contexts.

Yield performance analysis revealed terrain-mediated yield differences of approximately 6–10% between zones (Figure 10D).
Lowland areas achieved yields 200 kg/ha higher ( 3200 kg/ha) compared to Upland areas ( 3000 kg/ha) and 100 kg/ha higher than
Neutral zones ( 3100 kg/ha). However, yield variability patterns remained consistent across terrain classifications (Figure 10E),
with coefficient of variation for yields at optimal sowing dates ranging from 40–55% across all terrain zones, indicating
comparable inter-annual stability independent of topographic position. These terrain-based yield differences (200–300 kg/ha)
are substantially smaller than the variability associated with sowing date optimization, where delayed planting from S1–S2
to S4–S5 resulted in yield reductions exceeding 1500 kg/ha, reinforcing the primacy of temporal over spatial optimization
strategies.

The integration of RPI analysis with the previously established environmental favorability classifications (HFE, FE, LFE)
demonstrates that terrain-based water redistribution operates as a secondary modifying factor within the broader framework of
climate-driven agricultural constraints. While Lowland areas provide systematic yield advantages and enhanced water stress
mitigation through improved water retention, these benefits are insufficient to justify alternative sowing strategies that deviate
from the climatically-optimal S1–S2 timing window. This finding supports the spatial pattern observed in the TPE analysis,
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where western coastal regions maintained High Stability conditions across multiple sowing dates, suggesting that areas with
favorable terrain characteristics (water retention) combined with optimal climatic timing (early sowing) represent the most
resilient agricultural zones for drought adaptation strategies.

Discussion

Analytical superiority of RPI over conventional topographic indices
The comparative analysis between the Runoff Potential Index (RPI) and the widely used Topographic Wetness Index (TWI)
reveals fundamental differences in their capacity to represent terrain-driven hydrological processes. RPI consistently outperforms
TWI in both morphological sensitivity and numerical stability, particularly in low-gradient and transition zones where traditional
slope-dependent indices often fail.

Across all synthetic terrain scenarios, ranging from deep concavities and convex hilltops to subtle undulations and flat
reference surfaces, RPI provides physically interpretable and hydrologically meaningful values. For instance, RPI identifies
water-retentive zones with positive values and runoff-prone uplands with negative values, maintaining a dynamic and continuous
response to terrain curvature and slope. In contrast, TWI yields nearly identical values across morphologically distinct locations,
such as crater boundaries and hill slopes, failing to detect functional hydrological differences. This limitation is especially
critical in the analysis of subtle morphological transitions, where RPI captures the directional nature of water flow changes (e.g.,
-0.013 vs +0.013 at opposite curvature points), while TWI produces nearly indistinguishable outputs (e.g., 23.126 vs 23.254).

A particularly stark contrast emerges in flat or near-flat regions, where TWI exhibits extreme instability. In the reference flat
point of the synthetic field, TWI reaches a value of 48.660, higher than in any concave or convex zone, despite the lack of
hydrological gradient. This behavior undermines its reliability for automated analysis across large-scale datasets. RPI, on the
other hand, remains stable and neutral (value = 0.000) under these conditions, demonstrating its mathematical robustness and
conceptual soundness.

Moreover, the successful application of RPI across multiple spatial resolutions, from 2.5 m synthetic surfaces to 51 m
satellite-derived regional maps, demonstrates its scalability and adaptability to remote sensing workflows. Unlike TWI,
which depends heavily on slope calculations prone to amplification errors in low-gradient terrain, RPI integrates curvature
(via Laplacian) and slope in a way that preserves the topographic signal and avoids the instability. This quality enables its
deployment across UAV imagery, local DEMs, and regional elevation datasets, providing consistent classification of upland
(runoff-prone) and lowland (water-retentive) areas across diverse landscapes.

Finally, RPI’s ability to detect centimeter-scale elevation differences (e.g., 0.7–1.8 m across microtopographic waves and
craters) further enhances its utility for precision agriculture, particularly in drought-prone environments where small-scale
terrain variation can substantially affect water retention and crop stress. The morphological transition zones, where RPI detects
meaningful directional hydrological shifts and TWI does not, illustrate a conceptual boundary: traditional indices are unable to
capture the directional logic of terrain-induced water dynamics. In contrast, RPI encodes this information inherently through its
mathematical formulation.

RPI demonstrates clear analytical superiority over conventional indices like TWI by combining physical interpretability,
numerical stability, and morphological sensitivity. These findings collectively establish RPI as a technically superior and
scalable solution for terrain-based hydrological modeling, particularly in flat or heterogeneous landscapes where traditional
indices often misrepresent or oversimplify critical water redistribution processes.

Integration of earth observation–derived environmental data for mechanistic crop modeling
The results confirm the viability of a fully Earth Observation–based data architecture to support mechanistic crop modeling in
data-scarce regions. This framework integrates both direct remote sensing inputs, such as satellite-derived Digital Elevation
Models (51 m resolution) used to compute the Runoff Potential Index (RPI), and derived Earth Observation products, including
SoilGrids soil texture maps (250 m resolution) and NASA POWER meteorological datasets generated from satellite observations
and physical modeling (0.5° resolution). While DEMs represent direct measurements from satellite sensors, SoilGrids and
NASA POWER synthesize multiple data sources, including remote sensing, field observations, and numerical modeling, to
provide globally consistent, spatially continuous environmental variables, as recommended by the DSSAT modeling framework
in its protocols for large-scale applications.

Together, these datasets form a physically coherent and spatially harmonized environmental baseline for drought stress
simulation. Topographic information from DEMs captures terrain-driven water redistribution via RPI, while SoilGrids provides
subsurface hydraulic characteristics, such as saturated conductivity estimates ranging from ∼30 mm/h (sandy loam) to ∼2.5
mm/h (clay loam). NASA POWER complements these inputs by supplying meteorological forcing variables validated for
process-based crop modeling in tropical and subtropical climates. This dual integration, combining terrain morphology from
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remote sensing with subsurface and climatic information from Earth Observation, enables high-resolution, site-specific drought
vulnerability assessment and adaptive agricultural planning, even in the absence of in-situ environmental monitoring.

Phenology-specific drought stress modeling and the limitations of water balance approaches
The CERES-Rice model, as implemented in DSSAT simulations and driven entirely by Earth Observation–derived inputs,
revealed distinct temporal patterns of drought stress progression across varying environmental favorability classes. Highly
Favorable Environments (HFE) maintained minimal stress levels throughout the season, with values below 0.05 during
vegetative stages and peaking only modestly (0.21–0.23) during grain filling. Favorable Environments (FE) exhibited a more
gradual stress accumulation pattern, with intensities rising from near zero in early growth to a maximum of 0.18 at flowering.
In contrast, Least Favorable Environments (LFE) demonstrated severe and rapid stress escalation, with intensities increasing
from 0.05 to over 0.8, particularly during panicle initiation and reproductive phases, periods known to be highly sensitive to
water deficit.

These patterns, derived from 20-year DSSAT simulations, translated into statistically distinct grain yield distributions: LFE
conditions resulted in a narrow unimodal distribution centered around 600 kg/ha (CV = 52%), FE exhibited a broader, uniform
distribution between 1,500 and 3,000 kg/ha (CV = 31%), while HFE showed a bimodal high-yield pattern (3,000–3,400 kg/ha,
CV = 18%). The mechanistic modeling approach captures the temporal alignment between environmental favorability and crop
phenology, but it also reveals structural limitations in conventional water balance models such as those implemented in DSSAT.
In particular, DSSAT employs a simplified "bucket" model of soil water dynamics, which assumes vertical redistribution only
and neglects lateral water flow. As a result, terrain-induced hydrological differences, such as enhanced water retention in
concave lowland areas and increased runoff in convex upland zones, as identified by the Runoff Potential Index (RPI), are not
adequately reflected in crop stress outcomes.

Despite clear differences in topographic water accumulation potential, all RPI terrain classes (upland, neutral, lowland)
showed nearly identical preferences for early sowing dates (S1–S2), and exhibited comparable yield variability patterns (CV =
40–55%), suggesting that DSSAT does not sufficiently account for topographic water redistribution processes. This reveals
a conceptual limitation in current mechanistic models: while temporally dynamic and phenologically sensitive, they remain
spatially constrained by the assumption of homogeneous vertical water movement. Integrating terrain-aware hydrological
models into crop simulation frameworks could therefore improve their ability to represent local drought buffering capacity and
optimize site-specific agricultural strategies in heterogeneous landscapes.

Critical comparison between terrain-based and mechanistic models: Structural constraints of the bucket
approach
The comparative analysis between the terrain-based Runoff Potential Index (RPI) and the mechanistic CERES-Rice model
implemented in DSSAT reveals fundamental divergences in how water redistribution is conceptualized, represented, and
integrated into crop stress modeling. RPI captures spatial heterogeneity in hydrological behavior using only topographic data,
identifying both water-retentive lowland zones and runoff-prone upland areas with a high degree of spatial resolution. In
contrast, DSSAT operates under a vertically constrained water balance approach, commonly described as a "bucket" model,
which assumes homogeneous vertical redistribution of soil water and omits lateral flow processes. This structural limitation
leads to notable inconsistencies in drought stress outcomes: although RPI clearly distinguishes terrain positions with contrasting
water retention potential, DSSAT simulations exhibit nearly uniform sowing date preferences and similar yield variability across
all terrain classes. Specifically, lowland areas identified by positive RPI values, expected to provide hydrological buffering
during dry periods, do not show reduced stress or enhanced yield stability in the simulations, suggesting that topographic
effects are functionally invisible to the model. Similarly, upland areas with high runoff potential do not exhibit increased
vulnerability in the modeled outputs. This disconnect underscores the inability of current bucket-based mechanistic models
to internalize terrain-induced hydrological gradients, even when such gradients are physically evident and spatially coherent.
While DSSAT excels in modeling phenological timing and vertical water dynamics, its lack of lateral hydrology introduces
a conceptual blind spot, particularly in heterogeneous landscapes. The integration of RPI into the analytical workflow thus
exposes the need for hybrid modeling approaches that bridge the gap between topographic realism and process-based simulation.
Incorporating terrain-aware hydrological components into crop models could enable more accurate site-specific adaptation
strategies, especially in drought-prone regions where microtopographic effects critically influence water availability.

Conclusions
This study demonstrates that integrating terrain-based hydrological indices derived from remote sensing with mechanistic crop
models significantly enhances our understanding of drought vulnerability in rainfed agricultural systems. The Runoff Potential
Index (RPI), developed from satellite-based Digital Elevation Models, offers a physically interpretable, numerically stable, and
scalable alternative to conventional slope-dependent indices such as the Topographic Wetness Index (TWI). RPI successfully
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distinguishes runoff-prone uplands from water-retentive lowlands, capturing microtopographic gradients that are critical for
site-specific water availability. Its consistent behavior across spatial resolutions, from synthetic terrains to regional applications,
positions it as a robust terrain diagnostic for hydrological analysis.

The integration of RPI with Earth Observation-derived environmental datasets, including soil texture (SoilGrids) and
climate data (NASA POWER), enables fully remote and spatially continuous inputs for process-based modeling using DSSAT.
However, the comparative analysis reveals a conceptual mismatch: while RPI captures lateral water redistribution driven by
terrain morphology, DSSAT operates under a vertically constrained "bucket" model that fails to incorporate such topographic
effects. As a result, the hydrological advantages identified through terrain analysis are not adequately reflected in crop stress
predictions, underscoring the need for hybrid modeling frameworks that bridge this gap.

Study Limitations and Future Directions
While this study advances the integration of terrain analysis with crop modeling, several methodological limitations should be
acknowledged in the interpretation of results.

First, the CERES-Rice model employs a simplified “bucket” approach for soil water dynamics, assuming predominantly
vertical water redistribution and neglecting lateral flow processes. This limitation becomes particularly relevant when contrasted
with the RPI analysis, which explicitly captures terrain-driven lateral water redistribution patterns that may influence local
drought resilience but are not adequately represented in the crop model’s hydrological framework.

Second, spatial resolution constraints may limit the detection of critical microtopographic variations. The SRTM DEM data
(30-meter resolution) may not capture centimeter-scale elevation differences that significantly influence water retention at field
scales, while NASA POWER meteorological data ( 50 km resolution) represent spatial averages that may smooth important
local climatic variability affecting drought stress patterns.

Third, the study relies on mechanistic modeling approaches due to the inherent limitations of field-based validation in
the study region, where comprehensive yield monitoring networks are absent due to logistical complexity, high costs, and
limited infrastructure in remote agricultural areas. While this constraint necessitates the use of satellite-driven crop modeling
frameworks, it limits direct empirical validation of simulated drought stress responses against observed field performance.

Fourth, the spatial aggregation methodology employed for RPI analysis, utilizing a 2.5-km search radius around simulation
points, may attenuate fine-scale topographic heterogeneity that influences localized water retention patterns. This smoothing
effect could potentially affect the representation of terrain-based drought buffering capacity in highly heterogeneous landscapes.

Despite these limitations, the integration of satellite-derived environmental data with mechanistic crop modeling provides a
scalable and systematic approach for drought vulnerability assessment in data-scarce regions, while the identified constraints
highlight opportunities for future methodological refinements incorporating more sophisticated hydrological representations
and higher-resolution environmental datasets.

Future work will build upon the development of the Runoff Potential Index Simulation Toolbox (Version 1.0.0), a MATLAB-
based application that implements a 3D physics-based simulation of terrain-mediated water flow. This toolbox provides
real-time visualization of surface water dynamics and automated RPI computation, specifically designed for low-gradient
agricultural landscapes. It offers a practical platform for integrating curvature-based hydrological insights into operational
drought risk assessment, precision agriculture, and scientific training on terrain-mediated water redistribution. Future research
will focus on coupling this toolbox with mechanistic crop models to enable terrain-informed simulations, improving sowing
date recommendations and field-scale water management. Additional efforts will include UAV-based assessment of RPI outputs
and scaling the framework for continental applications across drought-prone regions. Overall, this research lays the foundation
for topography-aware, remote sensing-driven decision support systems for climate-resilient agricultural planning.

Methods

Study Area and Spatial Coverage
The study was conducted in southern and southeastern Senegal, encompassing the Casamance and Eastern Senegal regions.
These areas, specifically Ziguinchor, Sédhiou, Kolda, Tambacounda, and Kédougou, are characterized by diverse agroecological
conditions and a predominantly rainfed rice-based agricultural system. The climate is tropical with distinct wet and dry seasons,
driven by the West African Monsoon. Annual rainfall typically ranges from 800 to 1,500 mm, concentrated between June and
October, making crop production highly sensitive to seasonal precipitation dynamics.

The Casamance region spans approximately 28,350 km², while the Eastern Senegal region covers around 42,364 km²,
totaling over 70,000 km². The terrain in these areas exhibits low to moderate relief, with microtopographic variations on the order
of 20 to 80 cm that critically influence surface runoff and water retention dynamics. A total of 506 georeferenced locations were
selected to provide spatial coverage for environmental characterization and crop model simulations, representing a sampling
resolution of approximately one point per 140 km². These locations span diverse topographic and edaphoclimatic conditions,
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enabling a representative assessment of terrain-induced drought vulnerability. All geospatial analyses were performed using
data projected to the WGS 84 / UTM Zone 28N coordinate system and clipped to Senegal’s national boundaries.

Data Sources and Preprocessing
Topographic Data
Topographic information was derived from the Shuttle Radar Topography Mission (SRTM) 1 Arc-Second Global dataset, which
provides elevation data at approximately 30-meter spatial resolution. The SRTM tiles covering the Senegalese territory were
downloaded from the CGIAR-CSI repository and mosaicked to construct a seamless digital elevation model (DEM) of the
study area. To minimize noise and data artifacts, a mean filter was applied, and known voids were corrected using interpolation
techniques. All DEM data were reprojected to the WGS 84 / UTM Zone 28N coordinate system to ensure spatial consistency
with other environmental datasets.

This elevation model served as the base layer for extracting first- and second-order terrain attributes, including slope,
aspect, and curvature, which are essential for hydrological modeling. These derivatives were computed using finite-difference
approximations over a regular grid and stored as raster layers for further analysis. Slope was particularly important for assessing
runoff dynamics, while curvature was used as a proxy for terrain convergence and divergence. These terrain metrics provided
the foundation for evaluating surface water redistribution potential across the landscape and served as key inputs for the
subsequent computation of the Runoff Potential Index (RPI).

Soil Data
Soil information was obtained from SoilGrids, a global soil information system developed by ISRIC–World Soil Information.
SoilGrids uses machine learning to generate continuous maps of soil attributes at 250-meter spatial resolution and multiple
standard depths (15 cm, 30 cm, and 100 cm). For this study, all three depth layers were used to extract key variables: sand, silt,
clay percentages; soil organic carbon (g/kg); pH; bulk density (kg/m³); cation-exchange capacity (cmol/kg); and volumetric
water content. These properties were resampled and aligned to the modeling grid, ensuring consistency with climate and
topographic data.

Soil texture classes were derived using USDA classification schemes to capture spatial heterogeneity in hydraulic conductiv-
ity and field capacity. These attributes were critical for simulating water retention behavior and estimating drought vulnerability
across upland and lowland zones, providing comprehensive representation of soil physical and chemical conditions as primary
inputs for the CERES-Rice simulations.

Climate Data
Meteorological variables were sourced from the NASA POWER (Prediction Of Worldwide Energy Resource) database, which
provides globally available, satellite-derived weather data specifically optimized for agricultural and agroclimatic applications.
This dataset integrates satellite observations with ground station data and assimilated outputs to generate consistent time series
at a spatial resolution of approximately 0.5 degrees ( 50 km) and daily temporal resolution.

The following variables were extracted for each georeferenced location across the study region: minimum and maximum
temperature (°C), solar radiation (MJ/m2/day), wind speed (m/s), relative humidity (%), and precipitation (mm/day). These
variables were selected to meet the input requirements of the CERES-Rice model within the DSSAT platform, which relies on
accurate daily weather inputs to simulate crop growth and water stress dynamics.

NASA POWER data have been extensively validated in the context of crop modeling and yield estimation in tropical
regions, and have demonstrated reliable performance in the absence of dense ground-based weather networks. In this study, the
dataset enabled consistent temporal coverage over the 2000–2019 simulation period and facilitated the spatial integration of
weather patterns with soil and topographic datasets. This climate information was used to drive daily evapotranspiration and
soil moisture calculations, forming the core of the drought stress simulation framework.

Runoff Potential Index (RPI) Computation
To characterize terrain-driven water redistribution, a novel curvature-based metric, Runoff Potential Index (RPI), was computed
from digital elevation data. The RPI quantifies the combined effects of local concavity and slope magnitude to identify
areas with higher water accumulation potential (e.g., lowland depressions) versus zones more prone to surface runoff (e.g.,
convex uplands). Unlike conventional indices such as the Topographic Wetness Index (TWI), which rely heavily on slope
and often exhibit numerical instability in low-relief terrains, RPI incorporates second-order terrain information for enhanced
morphological discrimination.

The RPI formulation integrates local terrain curvature with slope steepness through the mathematical framework:
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The terrain elevation function z = z(x,y) defines the topographic surface, while ∇2z captures morphological concavity (positive
values) or convexity (negative values). The regularization parameter ε ensures computational stability in flat regions where
|∇z| → 0. This formulation yields a physically interpretable metric where positive RPI values indicate convergent flow patterns
characteristic of water-retaining lowlands, negative values represent divergent flow typical of runoff-prone uplands, and values
near zero correspond to neutral terrain with balanced water redistribution.

Upland-Lowland Classification Based on Runoff Behavior
The classification of agricultural landscapes into upland and lowland zones represents a fundamental approach in hydrology
and geomorphology, with multiple definitions existing across different scientific disciplines. In geomorphological contexts,
uplands are traditionally defined as elevated terrain with steep slopes and high drainage density53, 54, while lowlands correspond
to flat, low-lying areas associated with alluvial plains and stream terraces55, 56. Agricultural perspectives often emphasize soil
drainage characteristics, where uplands exhibit well-drained soils with rapid water movement, and lowlands are associated with
poorly drained, waterlogged conditions57, 58. However, these conventional definitions inadequately capture the morphological
controls on surface water redistribution that are critical for drought vulnerability assessment21, 59.

For this study, upland areas are specifically defined as topographic positions characterized by convex morphology that
promotes rapid surface runoff and limited water retention, where terrain curvature induces flow divergence away from the local
area. Lowland areas represent concave terrain features such as depressions, valleys, and convergence zones where surface water
accumulates and infiltration is enhanced, providing increased drought resilience through improved soil moisture retention.

The RPI directly quantifies this morphological distinction through its curvature-based formulation, where negative values
correspond to upland characteristics (divergent flow patterns) and positive values indicate lowland behavior (convergent flow
patterns). The classification employs percentile thresholds to systematically differentiate these hydrological zones: upland
areas are identified using the 20th percentile threshold (RPI < 0.2 percentile), lowland areas correspond to the 80th percentile
threshold (RPI > 0.8 percentile), while intermediate values represent neutral terrain with balanced water redistribution patterns
(Figure 2). This approach provides robust morphological discrimination across diverse terrain conditions, enabling systematic
identification of drought-vulnerable versus resilient agricultural zones based on inherent landscape structure.

Computational Implementation
RPI values were calculated for each grid cell using a custom computational framework developed for this study: The Runoff
Potential Index: Upland–Lowland Differentiation Toolbox (v1.0.0). This MATLAB-based implementation incorporates a 3D
physics-based simulation engine for surface water dynamics, enabling real-time visualization of flow behavior under variable
terrain scenarios. The toolbox supports automated water divergence computation supporting the interpretation of RPI through
optimized finite-difference approximations and provides exportable analytical outputs for scientific analysis and presentation.

The computational framework implements spatial filtering algorithms to minimize noise artifacts in satellite-derived
elevation data while preserving critical microtopographic variations essential for accurate hydrological characterization.
Designed specifically for rainfed agricultural systems, the toolbox enables precision identification of drought-vulnerable
uplands and water-retentive lowlands, systematically overcoming the numerical limitations of slope-dependent indices in
low-gradient landscapes.

The mathematical framework in Equation 1, combined with the robust computational implementation, provides systematic
quantification of terrain-induced hydrological behavior across diverse morphological conditions, enabling scalable identifi-
cation of drought-vulnerable versus resilient zones based on inherent landscape structure without reliance on ground-based
instrumentation.

Mechanistic Crop Model
The CERES-Rice model within the DSSAT framework was selected over alternative rice simulation models (ORYZA, APSIM,
AquaCrop) based on two critical factors: (1) availability of validated genetic coefficients for West African rice varieties,
specifically NERICA cultivars extensively calibrated by Gérardeaux et al.60 and optimized by Correa et al.61 under Senegalese
conditions; and (2) robust integration capabilities with satellite-derived environmental datasets, particularly its capacity to
utilize multi-layer soil profiles from SoilGrids at three distinct depths (15 cm, 30 cm, 100 cm), unlike alternative models that
typically operate with single-layer soil representations, enabling more realistic representation of soil water dynamics essential
for regional-scale drought assessment in data-scarce environments.
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Figure 11. Temporal distribution of the five sowing date scenarios used in simulations. Each window is spaced by 15 days,
aligned with the rainy season in southern Senegal. A short-cycle rice cultivar (≈ 100 days) was simulated for each planting
date.

CERES-Rice is a process-based, daily time-step crop model that simulates growth, development, and yield of rice as a
function of genotype, weather, soil conditions, and management practices. It has been extensively implemented and is widely
used for evaluating crop performance under water-limited conditions.

Soil hydraulic properties and climate inputs were derived from satellite-based datasets (as described in Section 2), while
cultivar-specific genetic coefficients were calibrated using field trial data from previous studies in Senegal. Phenological
development is modeled through thermal time accumulation, allowing the model to capture temperature-driven growth stage
transitions. The simulations conducted in this study focus exclusively on water stress, assuming optimal nutrient conditions and
no biotic constraints.

Simulation Scenarios
A total of 506 georeferenced locations were selected to provide comprehensive spatial coverage across the study region,
representing approximately one sampling point per 140 km² across the 70,000 km² study area. This sampling density ensures
adequate representation of diverse agroecological conditions and enables subsequent terrain-based analysis using RPI spatial
aggregation with 2.5-km search radius, while maintaining computational efficiency for the extensive simulation framework
(50,600 total simulations across 20 years and 5 sowing dates).

Simulations were conducted across five sowing dates at 15-day intervals (late June to late August) to capture the transition
from water-sufficient to water-limited growing conditions. Early sowing dates (S1-S2) ensure the complete 100-day rice cycle
occurs within peak rainfall, while late dates (S4-S5) expose grain filling to dry season onset, enabling quantification of drought
stress gradients and identification of optimal planting windows for climate adaptation strategies60.

Simulations spanned 20 years (2000–2019) encompassing representative regional climatic variability. Each simulation was
location-specific, incorporating terrain-derived soil hydrological attributes and satellite-based meteorological data, as described
in Section 2. Figure 11 illustrates the temporal distribution of the five sowing scenarios relative to the rainy season and the
approximate 100-day crop cycle.

Drought Stress Characterization
In the context of drought analysis, the model calculates crop water requirements based on potential evapotranspiration (ET),
estimated using the FAO Penman-Monteith method. Daily water balance is computed by accounting for precipitation, deep
percolation, and ET. When the crop’s water demand exceeds the plant-available soil water, the model accounts for stress
functions that reduce photosynthesis, leaf expansion, and biomass accumulation, ultimately affecting yield.

The CERES-Rice model simulates drought stress by comparing daily crop water demand with plant-available soil water
content throughout the growing season. Water demand is determined by potential evapotranspiration (ET), while soil moisture
dynamics are updated daily through a water balance model that incorporates precipitation, infiltration, drainage, and evapotran-
spiration losses. Water stress occurs when the ratio of available soil water to ET, defined as the water supply-to-demand ratio,
falls below unity, resulting in reductions in carbon assimilation and growth processes.

To assess the impact of drought on crop development, the stress index was computed across seven individual phenological
stages (Germination, Stem Growth, Panicle Initiation, Panicle Extension, Flowering, Grain Filling, and Maturation), which
were subsequently grouped into four key developmental phases: Early Growth (germination and stem growth), Panicle Phase
(panicle initiation and extension), Flowering (anthesis), and Grain & Maturation (grain filling and maturation). These phases
correspond to distinct physiological processes with differing sensitivity to water stress. For each simulation, drought intensity
was quantified as the average daily stress index during each stage, with values ranging from 0 (no stress) to 1 (maximum stress).
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The onset and duration of phenological stages were determined dynamically based on thermal time accumulation, allowing
the model to capture inter-annual and sowing-date variability in crop development. This approach enables stage-specific
assessment of drought impact, which is essential for identifying critical windows of vulnerability in rainfed rice systems.

Target Population of Environments (TPE)
To identify representative drought environments across the study region, the full set of crop simulations was analyzed using a
clustering approach based on stage-specific drought stress patterns. Each simulation produced four stress intensity values—one
for each key phenological stage (tillering, panicle initiation, anthesis, and grain filling)—resulting in a four-dimensional feature
vector characterizing the temporal distribution of water stress.

To classify these environments, an unsupervised clustering algorithm was applied to the phenological stress feature space.
The optimal number of clusters was determined using the Silhouette Coefficient and Davies–Bouldin Index, ensuring both
inter-cluster separation and intra-cluster consistency. Clustering was performed independently for each year to preserve
inter-annual variability and capture year-specific drought patterns.

Each resulting cluster represents a distinct drought environment characterized by a specific temporal stress signature. These
drought-driven TPEs were then used to analyze yield stability, sowing date interactions, and spatial drought risk patterns,
providing a robust framework for environmental classification in rainfed rice systems.
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