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Abstract 

Understanding the drivers of vegetation dynamics is critical for sustainable land management and ecological 

conservation. This study applied the XGBoost machine learning algorithm to model NDVI-based vegetation 

patterns in Southern Kaduna, Nigeria, using hydrological, climatic, topographic, and anthropogenic predictors 

within the R statistical computing environment. The model demonstrated excellent predictive performance, 

with training R² = 0.9978, RMSE = 0.0022, MAE = 0.0016; spatial cross-validation R² = 0.9054, RMSE = 

0.0142, MAE = 0.0100; and independent testing R² = 0.9523, RMSE = 0.0101, MAE = 0.0076, highlighting 

its ability to capture complex nonlinear interactions. Global and local SHAP analyses revealed that NDWI, 

representing surface moisture and hydrological conditions, was the most influential predictor, followed by 

NDBI, reflecting urbanization and land-use change. Climatic variables, slope, elevation, evapotranspiration, 

and population density exerted secondary but meaningful effects. SHAP dependence plots further illustrated 

the directional relationships and interactions among predictors, confirming that vegetation greenness is highly 

sensitive to moisture availability and urban development pressures. These findings emphasize the dominant 

role of hydrological and anthropogenic factors in controlling vegetation variability in the region. The study 

provides actionable insights for ecological management, urban planning, and sustainable development in 

Southern Kaduna. 
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1.0 INTRODUCTION 

Vegetation is a fundamental component of the Earth’s system, playing a critical role in regulating global 

climate, maintaining biodiversity, supporting ecosystem services, and sustaining human livelihoods [1], [2], 

[3]. It influences key processes such as carbon cycling, energy balance, and hydrological regulation, making 

it essential for both environmental stability and socio-economic development [2], [4]. At the global scale, 

vegetation dynamics are increasingly affected by climate change, land use transformation, and population 

growth, leading to significant alterations in ecosystem structure and function [5], [6]. Understanding and 

predicting vegetation patterns have therefore become central to addressing global environmental challenges, 

including land degradation, food security, and climate resilience [7], [8]. In regions such as Southern Kaduna, 

Nigeria, these global pressures manifest locally through a combination of climatic variability, topographic 
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diversity, and increasing anthropogenic activities, necessitating robust approaches for vegetation monitoring 

and prediction. 

Remote sensing has become an indispensable tool for vegetation assessment due to its ability to provide 

consistent and spatially extensive observations [9], [10]. The Normalized Difference Vegetation Index 

(NDVI) is a widely used indicator of vegetation greenness, density, and health, sensitive to chlorophyll content 

and capable of capturing temporal and spatial variations [11], [12]. Vegetation dynamics reflected by NDVI 

are influenced by both environmental and human-related factors, including hydrological conditions measured 

by NDWI and urbanization or land-use change captured by NDBI [13], [14]. Climatic variables such as 

rainfall, temperature, and evapotranspiration regulate plant growth and water balance [15], [16]. In addition, 

topographic variables such as slope and elevation influence microclimatic conditions, soil properties, and 

water distribution [17], [18]. Population density further represents human pressure on vegetation through land 

conversion and resource exploitation [19], [20]. 

Previous studies [21], [22], [23], [24] have explored the relationship between NDVI and environmental drivers 

using both statistical and machine learning approaches. Traditional regression models have been applied to 

examine linear relationships, while machine learning techniques such as Extreme Gradient Boosting 

(XGBoost) have demonstrated improved performance in capturing nonlinear interactions [25], [26], [27], [28], 

[29]. In environmental modelling, XGBoost has demonstrated superior predictive performance compared with 

several conventional methods, especially when applied to heterogeneous datasets involving climatic, 

hydrological, topographic, and anthropogenic factors [30], [31]. 

Despite these advancements, important research gaps remain. Many studies have considered a limited set of 

predictors, often focusing only on climatic or land use variables, without integrating hydrological, 

topographic, and socio-economic factors in a unified modelling framework. In addition, there is limited 

application of advanced machine learning techniques, particularly XGBoost, in vegetation studies within 

Nigeria, especially at finer spatial scales such as Southern Kaduna. Furthermore, while machine learning 

models can achieve high predictive accuracy, their interpretability remains a challenge. Few studies have 

incorporated explainable artificial intelligence techniques to understand the contribution of predictors 

influencing vegetation patterns. This limits the ability to translate model outputs into actionable environmental 

insights. 
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Therefore, this study integrated multiple variables, including NDWI, NDBI, temperature, slope, elevation, 

rainfall, evapotranspiration, and population density, to predict vegetation dynamics using NDVI as the 

response variable. XGBoost was employed to capture complex nonlinear relationships among these predictors 

and to assess model performance. SHapley Additive exPlanations (SHAP) were used to quantify the 

contribution of each predictor and reveal interaction effects. The study aimed to develop a robust predictive 

model for vegetation distribution in Southern Kaduna, evaluate predictor importance, and provide 

interpretable insights to support evidence-based land-use planning, vegetation management, and 

environmental sustainability. 

2.0 MATERIAL AND METHODS 

2.1 Study Area 

Southern Kaduna is located between Latitudes 09o00’00’’ and 10o45’00’’ of the Equator and between 

Longitudes 7o15’00’’ and 8o40’00’’ of the Greenwich meridian as shown in Figure 1. It consists of Jaba, 

Jema'a, Kachia, Kagarko, Kaura, Sanga, Kauru and Zangon Kataf Local Government Areas (LGAs). The 

average annual air temperature in Southern Kaduna is about 25.2 °C [32]. March to May is the hottest period, 

with surface temperatures around 29°C and warm air temperatures [33]. In the southern regions of Kaduna 

state, precipitation can reach 500mm per month during the peak of the wet season, which runs from April to 

September. This rainy period typically spans 160–180 days, reaching its maximum intensity in August. 

Kafanchan records the highest mean annual rainfall at approximately 1659mm. Southern Kaduna lies on an 

undulating plateau dissected by River Kaduna and its tributaries [34]. River Kaduna is a long plateau river 

with single-peak flow, receiving many short tributaries [35]. 

2.2 Types and Sources of Data 

All datasets were downloaded from Google Earth Engine (GEE) as presented in Table 1. Vegetation and land 

cover indices, including the Normalized Difference Vegetation Index (NDVI), Normalized Difference Water 

Index (NDWI), and Normalized Difference Built-up Index (NDBI), were derived from Landsat 8 imagery for 

2025. Climatic variables, including temperature, rainfall, and evapotranspiration for the period January–

December 2025, were obtained from ERA5 via GEE. Population density data corresponding to 2020 were 

included, and Shuttle Radar Topography Mission (SRTM) data were used to generate elevation. The slope 

layer was derived from the DEM in GEE, and all variables were subsequently mapped in ArcGIS as shown in 

Figure 2. All raster datasets were projected to UTM Zone 32 North, resampled to 100m resolution using 

bilinear interpolation, and clipped to the study area boundary in ArcGIS to ensure spatial alignment and 
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uniform resolution. Pixels with missing or invalid values were removed. From the resulting clean dataset, 

10,000 valid pixels were randomly sampled for model training and validation. 

 
Figure 1: The study Area 

 

Table 1: Types and Sources of Data 

SN Name Resolution Source Processing 

Platform 

Purpose 

1 Landsat 8 (2025) 30m LandSat 8 Google Earth 

Engine (GEE) 

Response variable 

and predictors 

2 Temperature, 

rainfall, and 

evapotranspiration 

4638.3m ERA5 (2025) GEE Predictors 

3 Elevation and 

slope 

30m SRTM DEM GEE Predictors 

4 Population Density 

(2020) 

927.67m GPWv4 GEE Predictor 

GPWv4: Gridded Population of World Version 4  
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2.3 Computation of NDVI, NDWI and NBDI 

2.3.1 Computation of Normalized Difference Water Index (NDWI) 

The NDVI for the study area was derived using Google Earth Engine and is calculated using the following 

formula [36]: 

NIR RED
NDVI

NIR RED

−
=

+
          (1) 

where, NIR and RED are the near infrared and red bands of Landsat 8, respectively 

2.3.2 Computation of Normalized Difference Water Index (NDWI) 

The NDWI for the study area was derived using Google Earth Engine and is computed according to the 

following formula [36]: 

G NIR
NDWI

G NIR

−
=

+
          (2) 

where, G and NIR are the green and near infrared bands of Landsat 8, respectively. 

2.3.3 Computation of Normalized Difference Built-up Index (NDBI) 

The NDBI for the study area was calculated using Google Earth Engine and is mathematically expressed using 

the following formula [37]: 

SWIR NIR
NDBI

SWIR NIR

−
=

+
          (3)  

where, SWIR and NIR are the short wave and near infrared bands of Landsat 8. 

2.4 Mapping of Variables 

The dependent variable (NDVI) and the independent variables were processed and spatially mapped in 

ArcGIS to visualize their distribution across the study area, as shown in Figure 2. 
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Population Density 

Figure 2: Maps of Variables 

2.5 Spatial Cross-Validation, XGBoost Modelling and Hyperparameter Tuning 

An Extreme Gradient Boosting (XGBoost) regression model was employed to predict NDVI using the 

predictor variables: NDWI, NDBI, Temperature, Slope, Elevation, Rainfall, Evapotranspiration, and 

Population Density. The dataset was divided into 70% training and 30% test sets. To account for spatial 

autocorrelation, 5-fold spatial cross-validation with hexagonal blocking was applied to the training dataset. 

Hyperparameter tuning was conducted to optimize model performance, adjusting the maximum tree depth 

(max_depth), learning rate (eta), and number of boosting rounds (nrounds). The final parameters used were 

max_depth = 6, eta = 0.1, and nrounds = 1000. These settings ensured that the model accurately captured the 

nonlinear relationships between predictors and vegetation indices. 

2.6 Model Training and Evaluation 

The XGBoost model was trained on the full training dataset using the selected hyperparameters. Model 

performance was evaluated using coefficient of determination (R²), root mean square error (RMSE), and mean 

absolute error (MAE) for the training set, spatial cross-validation folds, and independent test dataset. Scatter 

plots of observed versus predicted values were generated to visually assess model accuracy and bias. RMSE, 

MAE, and R² were calculated using the following formula [38]: 
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where, 

n is the total number of observations/data points, i is the index of each observation (from 1 to n), iy  is the 

actual value of NDVI for observation i, ˆ
iy  is the predicted value of NDVI for observation i, and y  is the mean 

of the observed values of NDVI. 

The trained XGBoost model was applied to the full raster grid to generate predicted NDVI values across the 

study area. 

2.7 SHAP-Based Model Interpretation 

To interpret the contribution of predictor variables, SHapley Additive exPlanations (SHAP) were computed 

using the fastshap and shapviz packages. SHapley Additive exPlanations (SHAP) analysis was applied to 

quantify the relative contribution of each predictor variable to NDVI predictions, allowing interpretation of 

both the importance and direction of influence of environmental, topographic, and anthropogenic factors. 

SHAP-based analyses produced global feature importance rankings and dependence plots for each predictor, 

providing interpretable insights into the drivers of vegetation patterns. The SHAP value for feature j is defined 

as [39]: 

( )
( )

 

 ( ) ( )
\

! 1 !

!
j

S N j

S N S
v v S j v S

N




− −
 = −          (7) 

where, N is the set of all features 

S is a subset of features excluding feature j 

v(S) is the model trained on feature subset S. 

v(S U{j}) - v(S) isolates the marginal contribution that feature j adds to that specific sub-coalition. 

https://portal.issn.org/resource/ISSN/2354-3361
https://doi.org/10.5281/zenodo.20764537
http://www.journals.unizik.edu.ng/jsis
https://journals.unizik.edu.ng/jsis


Journal of Spatial Information Sciences                                       ISSN: 2354-3361 

Vol. 3, Issue 1, pp 259–276, 2026                  DOI: https://doi.org/10.5281/zenodo.20764537 

Published 19-06-2026 

www.journals.unizik.edu.ng/jsis 

269 

Jacob Reuben Jobien, Yakubu Isma’il Yunisa, Ekele John Ifene 

3.0 Results and Discussion 

3.1 Performance Metrics 

The XGBoost model was generated and the results are predicted vegetation map and the scatter plots of the 

performance metrics are shown in Figures 3 and 4 respectively. During training, the model achieved a very 

high R² of 0.9978, with RMSE = 0.0022 and MAE = 0.0016, indicating that nearly all variability in NDVI 

was captured. Spatial cross-validation yielded R² = 0.9054, RMSE = 0.0142, and MAE = 0.0100, 

demonstrating strong generalization across heterogeneous landscapes despite minor overfitting to local spatial 

patterns. Independent testing further confirmed reliability with R² = 0.9523, RMSE = 0.0101, and MAE = 

0.0076. These results indicate that XGBoost effectively models complex nonlinear relationships among 

hydrological, climatic, topographic, and anthropogenic drivers of vegetation, consistent with [29], who 

reported superior XGBoost performance in forest degradation modelling due to its ability to capture intricate 

environmental interactions. 
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Figure 3: Predicted Vegetation 

 
Figure 4: Scatter Plots for Training, Spatial CV and Test Datasets 

3.2 Global SHAP Importance Results 

The global SHAP importance of each predictor, representing the average impact of each variable on the 

XGBoost model’s predictions, was calculated using the fastshap package in R and is presented in Table 2. 

Table 2: Mean Absolute SHAP Values for XGBoost 

Feature Mean Absolute SHAP Value Percentage 

NDWI 0.0217 40.56 

NDBI 0.0174 32.52 

Evapotranspiration 0.0039 7.29 

Population Density 0.0033 6.17 

Temperature 0.0017 3.18 

Rainfall 0.0018 3.36 

Slope 0.0021 3.93 

Elevation 0.0016 2.99 

Total 0.0535 100.00 

 

The SHAP importance results in Table 2, indicate that NDWI was the most influential predictor, with a mean 

absolute SHAP value of 0.0217 (40.56%), emphasizing the critical role of surface water and soil moisture in 

supporting vegetation greenness. NDBI was the second most influential feature (0.0174, 32.52%), indicating 
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that urbanization and land-use conversion negatively affect NDVI. Evapotranspiration (0.0039, 7.29%) and 

population density (0.0033, 6.17%) contributed moderately, reflecting ecosystem water use and human 

pressure on vegetation. Climatic variables such as temperature (0.0017, 3.18%) and rainfall (0.0018, 3.36%) 

had smaller effects, suggesting that their influence is largely mediated through hydrological variables, while 

topographic factors, slope (0.0021, 3.93%) and elevation (0.0016, 2.99%), exert minor but localized effects. 

These findings are consistent with [22] and [24], who emphasized the strong control of hydrological conditions 

on vegetation, while human activities and terrain modulate local NDVI patterns. 

3.3 SHAP Dependance Plots 

SHAP dependence plots in Figure 5 reveal predictor interactions and effect directions, with the NDWI plot 

showing a strong positive relationship with NDVI, indicating that areas with higher surface moisture 

substantially enhance vegetation greenness. In contrast, NDBI exhibits a negative relationship, indicating 

vegetation loss with increasing built-up area, consistent with urbanization-driven degradation reported by [21]. 

Climatic variables such as temperature and rainfall display more subtle nonlinear effects, suggesting context-

dependent responses, in agreement with [23], who observed complex temperature-vegetation interactions in 

Jilin Province. Topographic variables, including slope and elevation, exert localized influences on NDVI, 

reflecting the role of terrain in soil moisture retention and vegetation distribution, as also noted by [22]. 

Evapotranspiration shows a positive association with NDVI, indicating that higher water use by vegetation 

corresponds to higher predicted greenness, while population density shows a modest negative effect, 

highlighting the indirect impact of human pressure. 
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Figure 5: SHAP Dependence Plots 

 

Conclusion 

This study shows that vegetation dynamics in Southern Kaduna, Nigeria, are mainly controlled by 

hydrological and land-surface factors, with NDWI being the most influential predictor of NDVI. Urbanization 

and land-use changes, captured by NDBI, also significantly affect vegetation, while climatic and topographic 

variables influence patterns locally. The XGBoost model demonstrated excellent predictive performance 

across training, spatial cross-validation, and independent testing, with consistently low RMSE and MAE 

values. SHAP analysis provided interpretable insights, revealing that vegetation greenness is highly sensitive 

to moisture availability and negatively impacted by urban development. 

Based on these findings, land management should focus on conserving areas with high NDWI to maintain soil 

moisture and ecosystem health. Urban growth should be carefully monitored and regulated to minimize its 

impact on vegetation, especially in peri-urban zones. Water resources, including natural water bodies and 

wetlands, should be preserved or restored to support vegetation productivity. The SHAP-informed model 

outputs can guide targeted monitoring and interventions in areas most sensitive to hydrological or 
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anthropogenic pressures. Integrating these results into land-use policies and sustainable development planning 

can balance ecological conservation with urban expansion, while future studies should examine seasonal 

NDVI variations and finer-scale climate variables to improve understanding of short-term vegetation 

responses. 
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