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Abstract

Drought has become a major threat among extreme weather events impacting ecosystems, the
economy, food production, and livelihoods. Since the beginning of this century, it has significantly
affected Nigeria's economy by reducing agricultural productivity and internally generated revenue.
In Northern Nigeria, the shift from meteorological to agricultural drought has not been adequately
monitored, particularly concerning future predictions using Artificial Intelligence (Al) and Remote
Sensing (RS) methods. Therefore, this study employs Al and EO techniques to analyse and forecast
the spatiotemporal dynamics of agricultural drought propagation in North-Central Nigeria from
2000 to 2024. The Vegetation Condition Index (VCI), the Temperature Condition Index (TCI), the
Temperature Vegetation Drought Index (TVDI), and the Standardized Precipitation
Evapotranspiration Index (SPEI) were used to evaluate vegetation health, temperature variation, and
drought severity during the study period. For the machine learning component, Gradient Boosting
Regressor was used to predict drought events over five years using cross-validation methods. This
study confirms persistent drought events in 2011, 2015, and 2022, with the propagation of
meteorological to agricultural drought in 2015, as indicated by VCI, TCI, and TVDI. The integration
of Al and EO approaches for drought propagation assessment could enhance climate resilience
efforts (SDGs 2, 13 & 15) and provide a framework for drought mitigation strategies in regions prone
to drought recurrence, including the study area.

Keywords: drought; rainfall; artificial intelligence; remote sensing; extreme weather events; Nigeria

1. Introduction

Drought has emerged as a persistent natural hazard in recent decades, severely impacting global
ecosystems, economies, and livelihoods [1-4]. Distinct from other acute extreme weather events, such
as tropical cyclones, tornadoes, or floods, droughts are characterized by their varying timescales and
thresholds, often resulting in significant, cumulative long-term consequences [5-8].

Drought is classified into four interconnected categories: meteorological, agricultural,
hydrological, and socioeconomic drought [9]. This classification generally describes a sequential
progression, where meteorological drought (a precipitation deficit) serves as the primary initiator.
This typically leads to agricultural drought (soil moisture deficiency affecting crops and vegetation)
and subsequently propagates into hydrological drought (prolonged deficits impacting surface water
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sources like rivers, lakes, and subsurface groundwater systems) [10]. However, this linear
propagation is not universal; in high-precipitation regions, such as the tropics, a meteorological
deficit may not immediately translate into significant agricultural or hydrological drought [11-14].
The final category, socioeconomic drought, is distinct as it quantifies the impact of water resource
scarcity on human populations and societal supply-demand systems [15,16]. Moreover, the land-
atmosphere interaction as a result of feedbacks between soil moisture and evapotranspiration has
raised an urgent concern regarding the intensity of flash drought. As highlighted in recent studies
[57-60], the frequency and rapid occurrence of extreme events like heatwaves makes this type of
drought more severe by having substantial effects on soil water content and leaves no time for early
warning approaches.

The severity of drought impacts has been significantly amplified by human-induced climate
change in the 21st century [4,7,17-19]. Rising global temperatures intensify extreme weather events,
contributing to decreased soil moisture availability and consequently imposing more severe stress on
plants and vegetation. Against this global backdrop, certain tropical countries like Nigeria exhibit
heightened vulnerability due to increasingly erratic rainfall patterns, which compound the effects of
global warming and drought propagation [20,21]. The consequences are particularly pronounced in
Nigeria's Northern region, where a large portion of the population relies on farming, thus increasing
overall exposure to drought severity [22].

The intensification of drought events in Nigeria has been evident since the turn of the century,
particularly across the Northern part of the country, as documented by the Nigeria National Drought
Plan [23]. This geographical vulnerability is critical given that agriculture is the primary economic
driver after crude oil, contributing heavily to economic development and Internally Generated
Revenue (IGR). Nigeria is further challenged by two distinct precipitation regimes: low rainfall in the
North and high rainfall in the South [22]. The low precipitation regimes in the North exacerbate crop
growth failure, vegetation stress, livestock death, and threaten essential livelihood support.
Moreover, the country's overall exposure to climate change is compounded by the intersection of
socioeconomic, demographic, urban migration, infrastructure, and policy factors. In rainfed regions
like Plateau State, the cessation of seasonal rainfall and prolonged drought spells can trigger severe
social consequences, including conflicts between farmers and herders and the potential for residents
to turn to unsustainable practices, such as illegal mining, for survival [17,22,24,25]. Advancements in
RS and Artificial Intelligence (AI) have revolutionized drought monitoring within developed nations,
yet their full potential remains largely unrealized in developing countries [26]. Furthermore, existing
drought research has heavily favoured temperate climates, creating a critical knowledge deficit
regarding the effective application of these advanced technologies within tropical agroecosystems,
where the devastating impacts of drought can be even more severe. Specifically, a major gap persists
in the future prediction of drought events in these vulnerable regions, which is essential for a systemic
understanding of their characteristics, trends, and potential implications.

Existing studies in Nigeria highlight both the severity and the localized nature of the challenge,
but often with methodological limitations. For instance, an early warning system developed by [27]
utilized monthly NOAA-AVHRR and MODIS Normalized Difference Vegetation Index (NDVI) data,
alongside correlation and regression analyses of observed rainfall, to assess spatiotemporal changes
in vegetation from 1981 to 2012. Their findings confirmed a high drought risk, particularly in
northeastern Nigeria. In a separate effort, Hassan (2024) [22] employed a mixed-method approach
focused on statistical and survey data to assess livelihood vulnerability in Plateau State, determining
that delayed rainfall onset significantly exposed farmers to drought severity. However, this work
relied exclusively on static statistical and survey data, neglecting geospatial or Al-driven approaches
for continuous trend analysis or future projection. Furthermore, research on Southwestern Nigeria,
Aiyelokun et al. (2018) [26] used ground data from 1974-2013, applying an Artificial Neural Network
(ANN) and the Standardized Precipitation Index (SPI) for future prediction. This study contrasted
with northern findings by suggesting an increase in rainfall in the south based on three-month SPI
analysis. Despite this predictive component, the focus remained primarily on meteorological
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drought, failing to account for its subsequent propagation into agricultural or hydrological types, or
the broader impacts on livelihoods and environmental change.

To systematically address these critical research gaps, we leverage machine learning and
geospatial approaches to assess and predict the propagation of meteorological drought into
agricultural drought within North-Central Nigeria. We explore the spatio-temporal dynamics of
drought between 2000 and 2024 by integrating MODIS satellite data with a Gradient Boosting
Regressor (GBR) model. The GBR was specifically selected for its robustness in handling noisy data
and its high-performance accuracy [28-30]. The geospatial analysis utilizes key drought indices
derived from EO data, including the Vegetation Condition Index (VCI), Temperature Condition
Index (TCI), Temperature Vegetation Drought Index (TVDI), and the Standardized Precipitation and
Evapotranspiration Index (SPEI). By integrating these approaches (EO-derived indices and GBR), this
study aims to: (i) compute and analyze the spatiotemporal variability of agricultural drought using
MODIS-derived indices (2000-2024); (ii) examine the propagation of meteorological drought (using
SPEI timescales) during the onset of the rainy season (May) into agricultural drought; (iii) develop
an Al-remote sensing model to predict future drought patterns in the study area; and (iv) monitor
the impact of drought to determine the region(s) most vulnerable to future severity.

2. Materials and Methods

2.1. Study Area

The study focuses on Plateau State (Figure 1), located in the highlands of Central Nigeria, and
geographically delineated by the coordinates 9.1667-9.2182° N latitude and 9.5179-9.7500° E
longitude. This region is renowned for its lush vegetation, diverse natural resources (such as tin, gold,
and columbite [25]), and unique topography characterized by rugged highlands, rocky hills, and
major hydrological features, including the tributaries of the River Benue. The state's climate is highly
favorable for agriculture, maintaining a near-temperate environment with relatively cool
temperatures ranging between 16-23°C [22,25], making farming the primary occupation for most of
the population. Like other parts of Nigeria, the state experiences distinct wet and dry seasons, with
the crucial rainy season typically commencing around April or May [31-33]. The vulnerability of
Plateau State's agriculture to global climate system changes makes it an important case study for
drought monitoring in Nigeria [22]. Despite the generally favorable conditions, recent reports from
farmers and inhabitants indicate a heightened impact of water stress, primarily driven by delays in
the onset of rainfall [22,34,35]. This variability directly translates into crop failures, livestock losses,
and significant pressures on livelihoods. Given this critical situation, it is essential to monitor
vegetation health and drought patterns in Plateau State using Al and remote sensing approaches to
provide crucial, data-driven insights into the propagation and severity of agricultural drought over
the years.
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Figure 1. Map of the study area showing the topography of Plateau State, Nigeria.

2.2. Datasets

The Earth Observation datasets were obtained directly from the National Aeronautics and Space
Administration (NASA) portal via the Google Earth Engine platform. These datasets (Table 1) include
MOD11A1 and MOD13Q1. The former provides Land Surface Temperature (LST) with an 8-day
temporal resolution and a grid spacing of 1000m. Meanwhile, the latter offers the Normalized
Difference Vegetation Index (NDVI) datasets with a spatial resolution of 250m and a temporal
resolution of 16 days. These datasets will be used from 2000 to 2024 to process agricultural drought
indices, including the Temperature Vegetation Drought Index (TVDI), Vegetation Condition Index
(VCI), and Temperature Condition Index (TCI). These two datasets, although with different
resolutions, were resampled using the nearest neighbour resampling approach in order to ensure
consistency in datasets before the analysis. This approach is in line with the similar study by Zhang
et al. (2019) [36] which focuses on Harmonizing multiple remote sensing datasets for crop growth
monitoring in China.

Table 1. The spatial and temporal resolution of the remote sensing datasets and the indices used.

. . Temporal
Name of Products Grid Spacing Resolution Index
MOD11A1 1000m 8 days TVDI and TCI
MOD13Q1 250m 16 days NDVI and VCI
SPEIbase 05- 11048 SPEI (1, 3, 6, and 12)
months

Note: Data obtained from NASA and SPEIbase using Google Earth Engine Platform.
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2.3. Methods

2.3.1. Agricultural Drought Indices Computation
e  Vegetation Condition Index (VCI)

Vegetation plays a critical role in ecosystem energy exchange and function, serving as a vital
carbon sink that sequesters atmospheric carbon dioxide. Given that the Northern region of Nigeria,
including Plateau State, exhibits high sensitivity to variations in precipitation, the Vegetation
Condition Index (VCI) is an essential indicator of vegetation health. Low VCI values signify poor
vegetation conditions and stress, typically due to inadequate rainfall and soil moisture deficits,
whereas higher VCI values indicate robust, healthy growth.

VCI drought computation was performed using the GEE cloud platform, where the long-term
maximum and minimum NDVI indices were calculated for the study period (2000-2024). The VCI
was then computed using the standard formula below, as presented by [34,37-40]. The VCI values
range from 0 to 100, with values between 0 and 35% indicating a drought event. Moreover, a value
around 50% reflects sparse or low vegetation, while values greater than 50% reflect optimal or dense
vegetation. The VCI values were reclassified as presented in Table 2.)

ver (NDVI; = NDVlpin)
J 7 (NDVI gy — NDVIgi,

* 100

where NDVI;, Represent the index of the current month (May) for a given year, while NDVImax and
NDVImin represent the historical minimum and maximum for the pixel over the study period.

Table 2. Drought Classification in terms of Vegetation Condition Index values.

VCI Level
270 Normal
50 < VCI <70 Mild Drought
30 <VCI<50 Moderate Drought
<30 Severe Drought

e  Temperature Condition Index (TCI)

This index is part of a new satellite-based drought monitoring system that replaces conventional
methods. TCI is used alongside other agricultural drought indices like VCI, VHIL, and NDVI for
comprehensive drought analysis [40]. The formula below demonstrates how TCI can be derived from
ground temperature.

(LSTmax —LST) 4
(LSTmax —LSTmin)

TCI= 100

where LSTmin and LSTmax are the absolute minimum and maximum Land Surface Temperature for
a particular period in a year.

e  Temperature Vegetation Dryness Index (TVDI)

The TVDI utilizes the triangle inverse relationship method, integrating Normalized Difference
Vegetation Index (NDVI) and Land Surface Temperature (LST) datasets from MODIS satellites [41].
In this index, higher values approaching one (1) indicate dry surface conditions, signifying soil
moisture deficit, while low values closer to zero (0) signify relatively moist soil. This principle is
rooted in the understanding that when plants do not experience water stress, the evapotranspiration
rate is maximized, which in turn decreases the plant temperature. Conversely, exposure to water
scarcity reduces the rate of evapotranspiration, leading to an increase in plant temperature.

TVDI was computed using MODIS NDVI and LST for May and reprojected using a similar
approach explained above in the data acquisition and preprocessing section [41]. TVDI values (Table
3) over the study period were estimated using the formula below:
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(LST; = LSTyniz)

TVDI; =
/ (LSTmax - LSTmin )

where LSTj is the surface temperature at a given pixel, and LSTmin and LSTmax are the fitted wet
and dry edge temperature values corresponding to the same NDVI values.

Table 3. TDVI Classification (source — Putri, 2019).

Values Classes
0-02 Wet
02-04 Rather Wet
04-0.6 Normal
0.6-0.8 Rather Dry
08-1.0 Dry

2.3.2. Standardized Precipitation Evapotranspiration Index (SPEI)

For robust drought monitoring, the Standardized Precipitation Evapotranspiration Index (SPEI)
is widely employed due to its ability to capture the climatic water balance by integrating both
precipitation and potential evapotranspiration data [42—44]. Unlike the Standardized Precipitation
Index (SPI), which relies solely on precipitation information, the SPEI adjusts for temperature
anomalies by factoring in evapotranspiration, thus providing a more comprehensive assessment of
drought conditions across various timescales (1, 3, 6, 9, and 12 months [45-47]). The use of multiple
timescales is critical, as it allows for the differentiation between short-term meteorological deficits
and long-term hydrological impacts.

For this study, SPEI datasets spanning 2000-2024 were sourced from the Food and Agriculture
Organization (FAO) via the Google Earth Engine (GEE) cloud platform. Within the GEE environment,
the raw datasets were pre-processed: the data were rescaled using the 'mean’ function at a scale of
55,000 and subsequently clipped to the defined region of interest (Plateau State, Nigeria) using spatial
filtering capabilities. Drought classification was then performed on GEE using conditional statements
to delineate periods of ‘No drought’ from varying levels of ‘Drought severity.” This classification
approach was applied consistently across the 1-, 3-, 6-, and 12-month timescales. The resulting SPEI
trends were finally analyzed using time-series plots to accurately identify temporal patterns and
changes in drought severity throughout the study period.

2.3.3. Development of the Machine Learning Model for Drought Assessment

The selection of spectral indices utilized in this model was derived from foundational drought
research and calculated using formulas detailed in the previous section. Among the machine learning
(ML) ensemble models widely applied in drought modeling, such as Random Forest (RF), XGBoost,
and Artificial Neural Networks (ANN), the Gradient Boosting Regressor (GBR) was selected for this
study. GBR is particularly adept at capturing complex, non-linear relationships in spatiotemporal
drought patterns and demonstrates robust predictive performance [45]. Its capacity to handle the
relationships between remote sensing indices and drought variables, thereby improving overall
model generalization, is well-established in the literature [45,48,49]. A critical advantage of GBR that
informed its selection was its ability to display a balanced performance across both training and
testing datasets, thereby mitigating the risk of model overfitting.

The model was engineered to assess the propagation of meteorological drought into agricultural
drought. The input features were four variables derived from remote sensing data: the Vegetation
Condition Index (VCI), the Temperature Condition Index (TCI), the Temperature Vegetation Drought
Index (TVDI), and Year. These raster images were imported into the Google Colab environment. The
target variable chosen for prediction was SPEI-3, which effectively captures meteorological drought
conditions over a short, three-month timescale. The remote-sensing drought analysis spanned 2000
to 2024.
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Furthermore, the initial data cleaning was performed by dropping all missing values using the
dropna() function in Python, which resulted in a cleaned feature dataset comprising approximately
12,000 rows and 5 columns. Subsequently, the feature datasets were divided into training and testing
sets using a standard 60% train and 40% test ratio (Figure 2). All data processing and modeling were
executed in the Google Colab environment. Model performance and accuracy were evaluated using
the Coefficient of Determination (R?. Among the candidate models, the GBR achieved the most
balanced performance with a test R2of 0.823 and a training R?of 0.834.
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Figure 2. 0: Methodology Flow chart of the study.
3. Results and Discussion

3.1. Meteorological Drought Assessment Through SPEI Analysis

Figure 3 shows the temporal analysis across four different SPEI timescales (2000 — 2024), which
was done to evaluate the temporal evolution of drought conditions. The results reveal the distinction
between the short-term moisture deficits and long-term drought persistence in Plateau State. The
Short-term timescales SPEI-1 and SPEI-3 (Figure 3a and b) analysis highlights a frequent occurrence
of mild drought events between 2016 and 2022. Moreover, at the beginning of the study period (2000),
the SPEI-1 timescale highlighted a severe drought event with more SPEI negative values, which
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persisted until the beginning of 2012 and intensified again toward the end of 2015. Our results align
with recent climatological research by Akinwale et al. (2022) [50], which systematically projects the
impact of climate change and drought attributes in Nigeria using different SPEI timescales.

On the other hand, the long-term timescales, SPEI-6 and SPEI-12 (figure 3c and d), show a more
nuanced shift in the SPEI values with more negative values, which indicates an increase in severe
drought events in the study area. Our results are substantiated by the analysis by Adeyeri et al (2025)
[51], which shows pronounced alterations in some West African basins due to enhanced intensity
and extended drought events over the years. Their study also claimed that some African basins will
likely experience significant changes with more pronounced increases in reduced water yields,
aridity, and variability in hydrological features. Additionally, the results also support the study by
Akinwale et al. (2025) [52], which further elucidated the impacts of anthropogenic activities on hydro-
climatological variations, which have resulted in severe drought events and prolonged drought
duration across different regions of West Africa.

SPEI-01 Timescale N Wel BN Dry
;A

SPEl Value
L~ R A

SPEI-03 Ti

SRR e AL LIS ln e

SPEI-06 Timescale
[

SPEI-12 Timescale

D
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Date
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W R O e N W

Figure 3. Temporal variation in SPEI timescale from 2000 to 2024. Box (A): SPEI_01 timescale, Box (B): SPEI_03
timescale, Box (C): SPEI_06 timescale, and Box (D): SPEI_12 timescale. Note: All timescales (SPEI 1,3,6, & 12)

were derived from SPEIbase and processed using Google Earth Engine.

3.2. Agricultural Drought Assessment Based on Remote Sensing Indices

These agricultural drought indices were specifically calculated for May across the study period
(2000-2024). May was selected because it consistently marks the onset of the growing season in the
study area [22]. This approach enables the detection of drought stress impacts on vegetation before
crops enter their peak growth stages, providing an early assessment of agricultural vulnerability.

3.2.1. Vegetation Health Assessment in Plateau State: A VCI-Based Analysis

The VCI analysis reveals a significant pattern of drastic reduction in vegetation health across
Plateau State over the past decade. These discernible trends, as illustrated by the VCI maps (Figure
4), can be attributed directly to environmental stressors and changing weather patterns [53].

Specifically, in 2005, 2010, 2013, 2020, 2021, and 2024, the southern and western parts of the state
experienced a substantial reduction in vegetation vigor. This indicates that inadequate precipitation
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and subsequent soil moisture deficits led to unstable growing patterns in these typically more
resilient areas. Furthermore, in 2011, 2012, 2017, 2018, 2019, and 2021, the northern parts of the state
encompassed major metropolitan areas like Jos North and Jos South, Bangu, and Massa, which also
faced similar patterns of vegetation stress (Supplementary Figure S1). These widespread impacts
further emphasize the regional sensitivity of vegetation to shifts in the climate system [50].

The year 2015, which tends to be the outlier among the annual observations, indicated that more
than 90% of the region experienced severe extreme vegetation stress. This finding aligns precisely
with the previous SPEI analysis (Figure 3), which showed meteorological SPEI values falling below -
1.0 for both short and long-term timescales in the same year. This strong spatial and temporal
correlation confirms the propagation of meteorological drought into agricultural drought in 2015.
Moreover, these findings align with similar studies conducted in other countries. For instance,
Niyonsenga et al. [53] found that in Rwanda, there was significant stress on vegetation in 2015
compared to the previous years. Similarly, a study by Anjana et al. (2020) [40] shows that VCI maps
in their study highlighted unfavourable development situations. To this end, it can be considered
that VCI analysis remains crucial for any analysis on drought monitoring, specifically in non-
homogeneous areas.

BEONIDD  NMODOODG  I0REOODOD B AOME0T  HDEO00E 1145000.06 a0 ] i I

VCi 2010

a0 0 ]
@ ||VCIZD15
i

[ Study_Area Boundary
VI value

I Extreme Drought

[ Severe Drought

] Moderate Drought
[ slight Drought

[ No Drought

Figure 4. Spatio-temporal variation in the Vegetation Condition Index.

3.2.2. Temperature Condition Index (TCI) and Drought Severity Analysis

The Temperature Condition Index (TCI) is a pivotal metric used for monitoring the propagation
of agricultural drought, as it effectively assesses the spatiotemporal manifestation of thermal stress
on crop and vegetation health. Low TCI values reflect significant thermal stress on vegetation, often
leading to reduced transpiration and growth, while high TCI values indicate more favourable
thermal conditions [40,53].

Figure 5 shows the annual TCI maps from 2000 — 2024, providing insights into the agricultural
drought dynamics by highlighting spatial and temporal changes in temperature patterns and their
impact on vegetation. The analysis from our work shows that the years 2010, 2011, 2013, 2020, 2021,
and 2023 showed significant thermal stress, particularly in the southern part of Plateau State, where
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TCI values consistently fell below the critical threshold of 40% (Supplementary Figure S2). This result
aligned strongly with the study by Niyosenga et al. [53], which highlights some similarities in
Northern Rwanda in 2010 and 2013 with a notable thermal stress and unfavourable temperature
conditions affecting the vegetation in the region.

Similar patterns were captured by the TCI analysis in the northern and the central part of Plateau
State in 2016 and 2022. During these years, TCI values were below the previous observation, falling
below 30% (Supplementary Figure S2), highlighting more unfavourable and severe temperature
conditions for vegetation and inhabitants of these regions. As highlighted in their research, the
vegetation stress captured by TCI analysis aligns with broader known periods of water stress in
Nigeria [54]. During the El-Nino year in Brazil, Gomez et al. [55] study shows that stressed vegetation
was more observed in the semi-arid part of the country as a result of rise in surface temperatures.
The most intense and widespread thermal stress was observed in 2015 (Figure 5), where the majority
of the region recorded TCI values below 20%. Nonetheless, this finding corroborates and
strengthens the conclusions drawn from the VCI and SPEI analyses, further demonstrating the
perfect synchronicity of these indices in characterizing and enhancing the early detection of
agricultural drought conditions in Plateau State.
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Figure 5. Spatio-temporal variation in the Temperature Condition Index.

3.2.3. Soil Moisture Dynamics in Plateau State: A TVDI-Based Approach

The preceding VCI and TCI analyses have clearly established the impact of water scarcity, driven
by rising temperatures and altered precipitation regimes, on vegetation growth and crop health in
the study area. Building on this evidence, this section presents the Temperature Vegetation Dryness
Index (TVDI) analysis to specifically monitor soil moisture conditions.
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The TVDI maps (Figure 6) illustrate the spatiotemporal distribution of soil moisture changes
across the study area from 2000 to 2024. The analysis shows that periods of moderate to severe soil
moisture deficit were frequently observed, particularly in the southern part of Plateau State.
Specifically, in the years 2003, 2006, 2010, 2011, 2014, 2015, 2020, 2021, and 2024 (Supplementary
Figure S3), a pronounced reduction in soil moisture was evident in the southern province. This
reduction ultimately contributes to a decrease in the evapotranspiration rate and a corresponding
increase in plant temperature, confirming the physical mechanism of agricultural drought
propagation. Similarly, the northeastern part of the study area experienced diminished soil moisture
in 2018, 2019, and 2022.

Notably, some areas in the northern part of the study area appears to have generally maintained
moderately wet soil moisture indices from the beginning of the study period (2000) to 2014. Overall,
the TVDI results suggest that the persistently high dryness observed in the southern region may be
linked to intensified land use and agricultural practices, given that the majority of farmers in the state
are concentrated in this area [9,19,20], potentially exacerbating the effects of meteorological changes
on soil moisture availability.

z zl |z
51 TOVI_2010 4 £l -1 TDVI_2015

£l Tovi_2024 - i

[ ] Study_AreaBoundary
TVDI Classification

I- Severely Dry

Figure 6. Spatio-temporal variation in Temperature Vegetation Drought Index.

3.3. Machine Learning Assessment and Future Drought Prediction

This section presents the performance and results of the Gradient Boosting Regressor (GBR)
model developed to predict drought severity in Plateau State, Nigeria. The objective of this approach
was to forecast future meteorological drought conditions, specifically the Standardized Precipitation
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Evapotranspiration Index (SPEI) at the three-month timescale (SPEI-3), in areas lacking
contemporaneous ground data by leveraging satellite-based indices. The satellite-based indices that
were used to train the model include: the Vegetation Condition Index (VCI), which measures
vegetation health relative to the historical norms, the Temperature Condition Index (TCI), which
highlights the vegetation thermal stress, and the Temperature Vegetation Drought Index (TVDI),
which combines vegetation health and surface temperature information to monitor the deficit in soil
moisture. The inclusion of these three biophysical and thermal indices is justified by previous
research, which indicates that combining TCI and VCI significantly enhances the accuracy of drought
predictions compared to traditional, single-index approaches [19,20].

Among the three ensemble algorithms tested for this study - Gradient Boosting Regressor,
Random Forest, and XGBoost - the Gradient Boosting Regressor was selected based on its superior
generalizability [45]. While all models achieved high accuracy, the GBR exhibited the best balance
between training and testing performance, mitigating the risk of overfitting. While it is commonly
believed that random forest models are less accurate in prediction than gradient-boosted trees, our
investigation does not confirm this assertion [48]. This outcome may be attributed to the tuning
parameters of gradient-boosted trees [56]. Nonetheless, realizing optimal parameters that result in a
minimized out-of-bag error is vital in model selection and parameter adjustment. Notably, in the
random forest algorithm, the subset size of predictor variables plays a crucial role in controlling the
final depth of the trees [56]. Consequently, the fine-tuned hyperparameters identify the model
exhibiting the highest testing accuracy. Generally, parameter tuning in statistical learning models
involves a grid search, an exhaustive exploration within a defined subspace of hyperparameter
values specified by the user. While machine learning algorithms are promising for downscaling from
low to high resolution, they also have drawbacks. These include challenges associated with data
availability and quality, difficulties in generalizing unseen data or different spatiotemporal contexts,
substantial computational requirements that can hinder scalability, and assumptions that may
introduce biases based on the training data.

As shown in Figure 7, the GBR achieved a R? of 0.8339 on the training dataset and 0.8231 on the
testing dataset. In contrast, the Random Forest model showed clear signs of overfitting, with a high
training R? of 0.9716 but a lower testing R2 of 0.8212. Similarly, XGBoost showed a higher training R2
0.9131 compared to its testing performance (0.8347). The tight convergence of the training and testing
R? values for the GBR, as highlighted in the methodology section, indicates a well-balanced model
that generalizes effectively to new, unseen data [21].

Machine Learning Models Comparison
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0
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Figure 7. R? scores of machine learning models during training and testing phases.
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Furthermore, the predictive capability of the selected GBR model is visually demonstrated in
Figure 8, which plots the actual SPEI-3 values against the model's predicted values over the study
period (2020-2024). The close alignment of the predicted SPEI values (dashed red line) with the actual
SPEI values (solid black line) for the 2000-2024 period confirms the model's high accuracy and
successful capture of instances of previous drought events within the test data. The plot also clearly
reveals a recurring, sinusoidal pattern of moderate to severe meteorological drought, characterized
by a deep fall in SPEI values during every quarter of the year. Also, the extension of the drought
prediction into 2025 (dashed purple line), which represents the future forecast, indicates the
continuation of moderate to severe drought events in the study area. This drought projection serves
as a valuable early warning for ongoing water stress in Plateau State.

SPEI Prediction - XGBoost Future Prediction

—— Actual Drought Index [SPEN)
=== Predicted Values (2000-2023)
=== Forecasted Values{2024-2025)

SPEI

2000 2004 2008 2012 2016 2020 2024

Figure 8. SPEI Drought Prediction plot based on XGBoost Machine Learning model.
4. Conclusions and Future Research Directions

4.1. Conclusion

This study examined the spatiotemporal propagation of meteorological drought into
agricultural drought in Plateau State, Nigeria, over the 2000-2024 period. By integrating the
Standardized Precipitation Evapotranspiration Index (SPEI) across various timescales with a suite of
satellite-based remote sensing indices (VCI, TCI, and TVDI), we established a robust framework for
drought assessment and early warning. Furthermore, the study integrated the Gradient Boosting
Regressor (GBR) machine learning model with the remote sensing data, marking one of the first
attempts to evaluate drought propagation dynamics in the study area (Plateau State) using advanced
Remote Sensing (RS) and machine learning approaches.

4.2. Key Findings and Contributions

The multi-index analysis confirmed the persistence of mild to severe drought events during the
study period, with critical years identified as 2010, 2011, 2013, 2015, 2020, 2021, 2023, and 2024.
Notably, 2015 emerged as the period with the most devastating drought impacts, demonstrated
consistently across all SPEI, VCI, TCI, and TVDI analyses. The TVDI results specifically highlighted
pronounced soil moisture deficits in the southern part of the state, suggesting that this region is
experiencing the longest and most severe drought events.

These findings collectively established the impacts of persistent drought and provided a critical,
counter-narrative to the general assumption of the "Sahelian Phenomenon," demonstrating that
severe drought prevalence is not confined solely to the northernmost regions of Nigeria. The primary
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driver was identified as late and unreliable rainfall, which contributes to high moisture and
vegetation stress during the onset of the growing season.

The machine learning component, utilizing the GBR, successfully captured the linear
relationship between the remote sensing indices and SPEI and indicated a sinusoidal pattern of
drought recurrence. The model's forecast for 2024 highlighted the continuation of moderate to severe
drought events, underscoring the necessity of proactive, data-driven interventions.

This study has not only contributed significantly to the understanding of agricultural drought
patterns and their propagation in the North-Central region but also emphasizes the indispensable
role of emerging digital tools (Al and EO) in 21st-century climate resilience planning. The results
directly support the United Nations Sustainable Development Goals (SDGs), specifically advancing
SDG 2 (Zero Hunger) by enabling local stakeholders and policymakers to implement targeted
sustainable agriculture and awareness programs, and SDG 13 (Climate Action) by providing a
framework for urgent drought assessment in a vulnerable tropical region.

4.3. Future Research Directions

Future studies should incorporate larger-scale field surveys to validate the image analysis from
Earth Observation data and integrate the perspectives of local inhabitants, providing a
comprehensive, mixed-methods validation of the modelled drought impacts. Also, to offer a more
holistic representation of agricultural drought, future work should consider integrating the VCI and
TCI indices into the Vegetation Health Index (VHI). Analyzing VHI can provide a unified measure
of the correlation between vegetation greenness and thermal stress.

Furthermore, the current model utilized May composites and a ten-year ML training window
(2015-2024). Future research should aim to expand the temporal scale by integrating multiple months
within a year and including more training years to enhance model robustness and prediction
accuracy. Further investigation into the link between intensified land use/cover change (as suggested
by the TVDI results in the southern part of Plateau State) and drought severity would provide crucial
context for regional resource management and policy.

Supplementary Materials: The following supporting information can be downloaded at the website of this
paper posted on Preprints.org, Figure S1: Annual Vegetation Condition Index (VCI) maps for Plateau State
(2000-2023); Figure S2: Annual Temperature Condition Index (TCI) maps for Plateau State (2000-2023); Figure
S3: Annual Temperature Vegetation Dryness Index (TVDI) maps for Plateau State (2000-2023).
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