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Abstract

Pollution in protected areas can affect ecosystem integrity, biodiversity conservation, and the long-term
sustainability of natural resource management. This study developed an integrated GIS and machine
learning framework to assess and map pollution vulnerability in South Africa’s Kruger National Park
(KNP). Environmental and atmospheric variables, including the Normalised Difference Vegetation
Index (NDVI), nitrogen dioxide (NOz), sulphur dioxide (SO2), carbon monoxide (CO), methane (CHa4),
particulate matter (PM..s), rainfall, and temperature, were integrated within Google Earth Engine and
Python-based analytical environments. Random Forest (RF), Support Vector Machine (SVM), and
Gradient Boosting Machine (GBM) algorithms were applied to classify spatial patterns of pollution
vulnerability and identify the variables contributing most strongly to the observed patterns. The results
showed that GBM achieved an overall classification accuracy of 0.76, while RF produced an area under
the curve (AUC) of 0.96 and SVM achieved an AUC of 0.90. SO. and NO: were among the most
influential variables in the modelling framework, indicating the importance of atmospheric pollution
indicators in explaining spatial variations in vulnerability. The resulting vulnerability maps identified
areas with moderate to high pollution vulnerability that can support targeted environmental monitoring
and conservation planning. By integrating remote sensing, GIS, and machine learning, the study
provides a spatial decision-support framework for sustainable environmental management in a large,
protected area. The findings contribute particularly to Sustainable Development Goal (SDG) 15 (Life
on Land) through improved protection and management of terrestrial ecosystems, while also supporting
SDG 13 (Climate Action) through climate-sensitive environmental planning and contributing to SDG
3 (Good Health and Well-being) through improved management of environmental pollution.

Keywords: Pollution vulnerability, SVM, RF, GBM, remote sensing; spatial mapping; air
quality



1. Introduction

Air pollution has emerged as one of the most vital universal environmental challenges, posing
a silent public health threat and a rapid need that threatens human health, wildlife survival, and
ecosystem stability (Kamaludeen et al., 2025; Ravindiran et al., 2023; Yadav et al., 2026).
While traditionally linked with rapid industrialisation and urban centres, the presence of
hazardous particles such as particulate matter (PM2.5), nitrogen dioxide (NO2), and sulfur
dioxide (SO2) can cause lasting damage even at low levels in sensitive ecosystems. Protected
areas such as Kruger National Park (KNP) are not immune to these hazards, as pollutants can
be transported over long distances from distant industrial or agricultural sources, affecting both
flora and fauna species (Aram et al., 2024, 2024; Kamaludeen et al., 2025; Morapedi &
Obagbuwa, 2023). To ensure strong protection for these sensitive regions, regular monitoring
and the development of accurate vulnerability maps can identify at-risk areas and guide
sustainable strategies.

Historically, air quality forecasting has relied heavily on deterministic and statistical
approaches, which comprise linear regression and ARIMA methods. However, these
traditional approaches have inherent limitations, especially when handling complex, non-linear
relationships and high-dimensional variance inherent in atmospheric data (Liu et al., 2021;
Morapedi & Obagbuwa, 2023; Ravindiran et al., 2023; Yadav et al., 2026). As a result, machine
learning (ML) has gained significant popularity due to its strength in identifying patterns in
large datasets and handling incomplete or inconsistent information. In recent years, researchers
have successfully applied various ML models to predict the Air Quality Index (AQI) and map
pollution hotspots across the globe (Kamaludeen et al., 2025; Liu et al., 2021; Morapedi &
Obagbuwa, 2023). Studies in India and China have extensively used models like Random
Forest (RF) and Support Vector Machines (SVM) to forecast pollutant concentrations in
densely populated cities. In South Africa, recent research has begun utilising ML to predict
PM2.5 levels in urban centres such as Pretoria, Johannesburg, and Durban, highlighting the
growing necessity for localised air quality models (Aram et al., 2024; Ketu, 2022; Morapedi &
Obagbuwa, 2023; Tirink, 2025). However, most existing studies focus on urban and/or
industrial environments, leaving a significant research gap in the application of these
technologies to large-scale protected wilderness areas.

Pollution management in protected areas forms an important component of sustainable
development because environmental degradation can undermine ecosystem functioning,
biodiversity conservation, and the long-term capacity of protected areas to provide ecological
services (McNeely, 1994; Mcneely, 2020). The integration of spatial environmental
information with machine learning provides an opportunity to identify areas that may require
targeted monitoring and management interventions, thereby strengthening evidence-based
environmental governance (Ncube & Ngulube, 2024; Partha Protim Roy et al., 2024). Within
the United Nations 2030 Agenda for Sustainable Development, the relevance of this study is
most directly associated with SDG 15 (Life on Land), which promotes the protection,
restoration, and sustainable use of terrestrial ecosystems and the conservation of biodiversity
(Huan & Zhu, 2023; Pokharel, 2026). By identifying spatial patterns of pollution vulnerability
within KNP, the study offers information that can contribute to ecosystem protection and
sustainable protected-area management.



The study also relates to SDG 13 (Climate Action) because it incorporates atmospheric and
climatic variables into the assessment of environmental vulnerability (Gaddam et al., 2026;
Hamer et al., 2025). Although the study does not directly quantify climate-change impacts, the
resulting spatial information can support climate-sensitive planning and environmental
monitoring. A further indirect connection exists with SDG 3 (Good Health and Well-being),
particularly Target 3.9, which addresses the reduction of illness and mortality associated with
hazardous chemicals and air, water, and soil pollution (Martins et al., 2024; Ogwu & Izah,
2024). However, this study does not measure human exposure or health outcomes. Therefore,
its contribution to SDG 3 is limited to providing environmental information that supports
pollution management. Thus, these linkages position pollution vulnerability assessment within
a broader sustainable-development framework in which spatial environmental intelligence can
support ecosystem conservation, climate resilience, and responsible environmental
management (Al-Raeei, 2024; Hossain, 2026).

The aim of this study was to develop an integrated GIS and machine learning framework for
mapping pollution vulnerability in South Africa’s Kruger National Park and to identify the
environmental and atmospheric variables associated with spatial variations in vulnerability.
The study further seeks to demonstrate how spatially explicit pollution information can support
sustainable environmental management, protected-area conservation, and progress towards the
Sustainable Development Goals, particularly SDG 15, SDG 13, and, indirectly, SDG 3. The
work further seeks to implement and optimise RF, SVM, and Gradient Boosting Machine
(GBM) algorithms to model complex non-linear relationships between environmental
covariates and pollution vulnerability. The study also evaluates and compares the predictive
performance of these models using statistical metrics such as the Receiver Operating
Characteristic (ROC) for model performance testing, generates high-resolution GIS-based
pollution vulnerability maps identifying spatial hotspots across the park, and identifies and
quantifies the dominant environmental drivers influencing pollution susceptibility using
feature importance analysis. Our study is guided by the hypothesis that joint ML approaches,
particularly RF and GBM, will outperform kernel-based approaches such as SVM in predicting
pollution vulnerability due to their superior ability to capture complex interactions among
atmospheric, climatic, and vegetation-related variables. In addition, it is hypothesised that
atmospheric pollutants, especially SO. and NO., together with climatic variability and
vegetation dynamics, significantly influence the spatial distribution of pollution hotspots
within KNP.

The study’s strength lies in its integration of remote sensing, atmospheric monitoring, GIS, and
comparative ML modelling within a protected savanna ecosystem that remains
underrepresented in pollution vulnerability research. Relative to prior research that has
concentrated on urban air quality or isolated pollutant monitoring using ML algorithms solely,
this study provides the first integrated application of three distinct ML algorithms highlighted
earlier as specifically tailored for pollution vulnerability mapping in a large African savanna
protected area. The research uniquely combines multi-source satellite-derived variables
(NDVI, NO., SO, CO, CHa, PM2.5, rainfall, and temperature) within a single spatiotemporal
framework. It translates model outputs into high-resolution, management-ready vulnerability
maps for KNP. This integrated approach not only advances methodological boundaries in
conservation-oriented air quality assessment but also delivers actionable spatial intelligence for
park managers. The study therefore advances both methodological and applied environmental



research by producing interpretable pollution susceptibility maps that can support ecosystem
management, wildfire preparedness, biodiversity conservation, and long-term environmental
planning within KNP.

2. Materials and Methods
2.1 Study Area

The KNP covers approximately 19,485 km? (van Wilgen et al., 2022), stretching around 360 km from
north to south and 65 km from east to west (Venter et al, 2008). It is located in northeastern South
Africa, primarily within the provinces of Limpopo and Mpumalanga. The park forms a major part of
the Great Limpopo Transfrontier Park, bordering Mozambique to the east and Zimbabwe to the north.
It is one of Africa's largest game reserves and a significant conservation area. The terrain is largely flat,
with scattered low-lying hills, and is intersected by major river systems, including the Sabie, Olifants,
Letaba, and Crocodile Rivers, which provide critical hydrological support to the park’s ecological
systems (Christie, 2024; Smit, 2013). The park's extensive and diverse ecosystems, encompassing
savannas, grasslands, and riparian environments, make it an ideal setting for environmental
monitoring (van Wilgen et al., 2022). The park's vegetation comprises mopane forests in both
granite and basaltic regions farther north, open wooded grasslands on basalt in the southeast,
and woodlands on granite in the southwest, with 147 mammal species, and the KNP is widely
known for its abundant biodiversity (van Wilgen et al., 2022). These include grazers like zebras
and wildebeest, browsers like kudus, and huge herbivores like elephants, hippopotami,
buffaloes, and rhinos (Coetsee et al., 2012). The KNP is unique among savannas in Southern
Africa in that it still has a full range of large herbivores and carnivores. In KNP, the average
yearly rainfall falls between 350 and 750 mm. Seasonality and rainfall patterns are important
ecological variables that impact vegetation phenology and the buildup of fire fuel (van Wilgen
et al., 2022; Venter et al, 2008). The park's southern region experiences more rainfall than its
northern one. Winters in the KNP are dry. Droughts are a significant problem as they affect
vegetation and call for flexible fire management techniques (van Wilgen et al., 2022). Figure
1 presents the study location.
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Figure 1. The spatial extent and geographical context of KNP

2.2

Research design

All geospatial data processing and initial data extraction were performed using the Google
Earth Engine (GEE) cloud-computing platform, followed by statistical analysis and machine
learning model implementation in Python (Figure 2).
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2.3 Data Acquisition and Pre-processing

All raw satellite imagery and atmospheric product collections were accessed and processed
directly within the Google Earth Engine environment. For each image collection, data were
filtered to the geographical bounds of the KNP (.filterBounds(AOI)) and the specified date
range (.filterDate(start, end)). Mean composites were then generated across the entire study
period (.mean()) and clipped to the KNP boundary (.clip(AOI)) to ensure that all analyses
focused solely on the park area. Satellite data advancements not only enable the detection of
air pollutants but also offer the advantage of covering large geographical areas over extended
periods of time (Songsom et al., 2025).

2.4  Air Quality Data and Meteorological Data

The identification of pollution hotspots in the study area relied on an integrated analysis of
atmospheric, environmental, and meteorological variables that characterise both pollutant
behaviour and ecosystem sensitivity (Table 1). PM2.5 is a primary variable of concern because
its tiny aerodynamic diameter allows it to remain in the atmosphere for long periods and
penetrate deep into the respiratory systems of both humans and wildlife (Liu et al., 2021).
Gaseous pollutants such as NOz, SO2, and CO serve as critical indicators of anthropogenic
activity, such as vehicular traffic, industrial processes, and biomass burning and their high
concentrations are linked to severe ecological damage, like acid rain and significant health risks
(Kamaludeen et al., 2025; Ketu, 2022; Oziipak et al., 2025; Ravindiran et al., 2023). CHa
(methane) is likewise monitored as a primary pollutant directly emitted from industrial or
agricultural sources, contributing to overall atmospheric contamination and global warming
(Kamaludeen et al., 2025).

We further utilised NDVI as a vital environmental proxy, where it indicates vegetation density,
which can mitigate pollution levels through absorption or by providing shade that reduces land
surface temperatures (Yadav et al., 2026). Meteorological covariates are essential for
modelling the transport and settlement of these pollutants: rainfall acts as a natural controller
that reduces pollutant intensity through wet deposition (the wash-out effect), while temperature
drives the photochemical reactions necessary for ozone formation and influences whether
pollutants are dispersed or trapped near the surface by seasonal inversion effects (Ravindiran
et al., 2023). Together, these variables allow for the identification of specific geographic areas
where high emission levels converge with unfavourable meteorological conditions and low
environmental resilience, effectively pinpointing pollution hotspots (Kamaludeen et al., 2025).

The use of satellite-derived data is a critical methodological choice, as researchers like
Kamaludeen et al. (2025) highlight that large-scale protected areas in the African context often
suffer from a scarcity of reliable ground-based air quality sensors. By leveraging the Google
Earth Engine (GEE) platform, the study harmonises disparate data types ranging from high-
resolution 10-meter vegetation indices to 5.5-kilometre rainfall data into a unified
spatiotemporal database. The atmospheric component relies heavily on the Copernicus
Sentinel-5P mission, which Songsom et al. (2025) describes it as a powerful tool for monitoring
trace gases, such as, and at a spatial resolution of 1113.2 meters. Particulate matter is estimated
using Aerosol Optical Depth (AOD) from MODIS, a standard scientific proxy utilised because
AOD represents the columnar density of aerosols that directly correlates with ground-level



particulate concentrations. To account for the environmental and meteorological drivers of
pollution, the study incorporates NDVI from Sentinel-2 as an indicator of vegetation density,
which can act as a bioindicator for pollution absorption. Furthermore, meteorological
covariates such as rainfall (CHIRPS) and temperature (Landsat 8) are included to model the
"wash-out" effect and heat-driven dispersion dynamics that significantly influence pollutants'
settling or transport across the park's diverse landscape.

Table 1. Summary of the processed variables, their providers, and spatial resolutions

Variable Dataset ID (Earth Engine) Source Spatial Resolution
NDVI COPERNICUS/S2_SR_ HARMONIZED | Sentinel-2 10 m (bands B4,
BS)

NO: COPERNICUS/S5P/NRTI/L3 NO2 ESA Sentinel-5P  1113.2m

SO: COPERNICUS/S5P/NRTI/L3_SO2 ESA Sentinel-5P 1113.2m
(TROPOMI)

CO COPERNICUS/SSP/NRTI/L3_CO ESA Sentinel-5P 1113.2m
(TROPOMI)

Rainfall UCSB-CHG/CHIRPS/DAILY UCSB Climate 5,566 m
Hazards Group

Temperature ECMWEF/ERAS LAND/HOURLY Landsat 8 30 m

PM2.5 Aerosol Optical Depth (AOD) data from Landsat 8 1113.2m

MODIS (Terra and Aqua satellites)

CH4 COPERNICUS/S5P/NRTI/L3 Sentinel-5P 1113.2m

2.5  Machine Learning Tools

This study utilised three supervised learning classifiers to capture non-linear pollution
environment relationships, namely RF, SVM, and GBM. Each of these ML tools will now be
briefly considered.

2.5.1 Random Forest (RF)

RF is described as a collective method that builds multiple independent decision trees through
bagging and random feature selection. It is highly resistant to overfitting and provides a clear
ranking of feature importance (Salman et al., 2024; Yadav et al., 2026). In this study of Kruger
National Park, RF serves as a strong ensemble supervised learning algorithm that builds
multiple independent decision trees through bootstrapping and aggregation (bagging).
Originally proposed by Goyal & Goyal (2024) and AlThuwaynee et al. (2021), this
nonparametric method is particularly valuable for handling the complex, non-linear
relationships and high-dimensional variance inherent in atmospheric and environmental
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datasets. A primary strength of RF in mapping pollution vulnerability is its high resistance to
overfitting by averaging the results of an entire forest of trees, the model reduces overall
variance and ensures that predictions generalise accurately across the park's vast and diverse
landscape (Wahba, 2024). This allows you to rank which variables, such as NDVI, rainfall, or
temperature, are the most influential drivers of pollution hotspots in the park. Additionally, RF
is renowned for its strength against noise and its ability to handle missing values automatically,
which is essential when integrating multi-source satellite data. Recent literature consistently
identifies RF as a top-performing model in air quality index (AQI) forecasting, frequently
demonstrating superior predictive accuracy and low error rates compared to other machine
learning techniques (Sharma et al., 2024).

2.5.2 Support Vector Machine (SVM)

This supervised learning method uses the kernel trick (e.g., Radial Basis Function) to map data
into a high-dimensional space, finding the optimal hyperplane that classifies areas into different
vulnerability levels (Sharma et al., 2024). In the study of Kruger National Park, SVM, including
its application as Support Vector Regression (SVR), is a crucial methodological component
due to its exceptional performance in environmental classification and regression tasks. A
primary strength of SVM is its ability to handle complex, non-linear relationships and high-
dimensional atmospheric datasets, which often present challenges for traditional linear models.
This capability is powered by the kernel trick, specifically the Radial Basis Function (RBF)
kernel, which transforms input variables into a higher-dimensional space to find an optimal
separating hyperplane. Unlike models that only minimise empirical error, SVM aims to
minimise structural risk, which significantly enhances its generalisation ability and prevents
the model from overfitting to specific historical data (Sudjianto & Zhang, 2024). By identifying
support vectors, the critical data points closest to the decision boundary, SVM achieves a strong
classification of pollution-vulnerable areas, making it highly effective for identifying hotspots
and generating the precise spatial maps needed to safeguard the park's fragile ecosystems.

2.5.3 Gradient Boosting Machine (GBM)

The Gradient Boosting Machine (GBM) approach is an ensemble learning approach that
integrates multiple weak algorithms to generate a strong and precise model. It operates
progressively, bringing new models into the collection gradually, with each new model focused
on rectifying the mistakes of the prior one (Nadkarni et al., 2023; Songsom et al., 2025). While
classical boosting algorithms offered theoretical precision and practical strength for early
sensor analytics, their scalability and strength persist in being limited for modern high-volume
sensing systems. Recent gradient boosting decision tree (GBDT) frameworks, for example,
XGBoost, LightGBM, and CatBoost, extend Friedman’s foundational GBM with substantial
algorithmic, computational, and regularisation innovations (Nadkarni et al., 2023; Ramdani &
Furqon, 2022). These frameworks now dominate predictive modelling in healthcare,
environmental, energy, and industrial sensing, including semiconductor VM pipelines that
increasingly integrate boosting with sparse feature selection methods (Xie & Tummala, 2025).
This section reviews their theoretical foundations, system-level improvements, and
representative sensor applications, showing how they address the challenges identified in
Section 2 and overcome the limitations of classical boosting in Section 3. Unlike RF, these
models build trees sequentially, where each new tree corrects the errors of the previous one.



This boosting approach is often superior in predictive accuracy and handling large-scale
datasets.

2.6 Model Training, Validation, and Assessment
2.6.1 Data Splitting

The dataset was split into a training set that comprised 70-80%, and a testing set that constituted
20-30% of the data. This was done to assess how well the models generalise to unseen data
(Gupta et al., 2023; Ravindiran et al., 2023; Tirink, 2025). Hyperparameter Optimisation utilise
Grid Search or Bayesian Optimisation to fine-tune model parameters (e.g., number of trees in
RF or the learning rate in GBM) to achieve the highest possible accuracy (Malakouti et al.,
2024).

2.6.2 Spatial Vulnerability Mapping and Analysis

The final step is to translate the model outputs into actionable management tools. Vulnerability
mapping, where we combine the model predictions to create a Susceptibility/Vulnerability
Index, classifies regions of Kruger National Park such as “Very low”, "Low," "Moderate,
"High", and “Very high” vulnerability. GIS visualisation, use GIS software (ArcGIS) to
produce high-resolution maps that visualise these hotspots, allowing park managers to identify
specific zones where wildlife or ecosystems are most at risk from atmospheric pollution.

2.6.3 Validation of Model Performance

For validating machine learning models in environmental studies, heat maps and ROC curves
provide essential insights into data relationships and classification accuracy (Fazil et al., 2023).
Heat maps are primarily utilised for exploratory data analysis to visualise the correlation matrix
between variables, where they use colour-coded intensities to represent the magnitude (ranging
from +1 to -1) and direction of relationships between pollutants and environmental drivers
(Ravindiran et al., 2023). The Receiver Operating Characteristic (ROC) curve serves as a
graphical representation of a model's validity by plotting its sensitivity (True Positive Rate) on
the Y-axis against its specificity (False Positive Rate) on the X-axis across various thresholds.
To gain a deeper understanding of the spatial characteristics of the pollution classes as
interpreted by each machine learning model, KDE plots were generated. The figure visualises
the spatial density of the predicted classes for each of the three models (RF, GBM, and SVM).

2.6.4 Literature-based reference inventory and validation

An independent literature-based reference inventory was established to assess the spatial
plausibility of the SVM-derived pollution/degradation patterns. Reference locations were
selected from documented water-quality and ecological monitoring sites across the Crocodile,
Sabie, Olifants and Luvuvhu river systems of the Kruger National Park (KNP). Riddell et al.
(2019) provide geographically referenced monitoring sites and demonstrate that these river
systems are subject to varying water-quality pressures associated with upstream anthropogenic
activities. The selected locations were not used for SVM model training. Instead, the SVM
class at each reference location was extracted and compared with the documented
environmental and pollution conditions reported in the literature. This approach provided an
independent spatial reference for assessing model credibility, particularly because previous
monitoring has identified river-specific pollution and water-quality impacts, including
agricultural, mining and other anthropogenic influences. Importantly, these sites were treated
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as literature-based reference/validation locations rather than direct ground-truth observations,
since the published study does not provide the same five pollution/degradation classes used by
the SVM model. This distinction ensures that the validation procedure does not overstate model
accuracy while providing an independent ecological basis for evaluating the mapped spatial
patterns.

3. Results
3.1 Integration of Multi-Source Environmental and Atmospheric Variables

Figure 3 shows the temporal patterns of the environmental variables we analysed. The figure
presents a panel of eight spatial distribution maps, each corresponding to one of the
environmental and atmospheric variables analysed in this study: (a) Nitrogen Dioxide (NO2),
(b) Sulfur Dioxide (SOz2), (c) Carbon Monoxide (CO), (d) Methane (CH4), (e) Particulate
Matter (PM2.5), (f) Rainfall, (g) Temperature, and (h) Normalised Difference Vegetation Index
(NDVI).

Each map displays the spatial variability of the respective variable across the approximately
19,485 km? extent of Kruger National Park, with colour gradients ranging from low (cool
colours: blue to green) to high (warm colours: yellow to red) values. For the pollutant gases,
NO: (a) and SO: (b) exhibit elevated concentrations in the southern and south-central regions
of the park, particularly in proximity to the Crocodile and Sabie River catchments, with values
progressively decreasing towards the northern extents. CO (c) demonstrates a more spatially
uniform distribution across the entire park, showing only minor variation between eastern and
western boundaries. CHa (d) displays a distinct spatial pattern, with higher concentrations
observed in the central and northern basalt plains, while lower values characterise the southern
granite-dominated landscapes. PM2.5 (e) shows a patchy distribution, with isolated hotspots
scattered throughout the park rather than a clear north—south gradient. Rainfall (f) exhibits a
clear south-to-north decreasing gradient, with the southern regions receiving notably higher
annual precipitation compared to the arid northern sections. Temperature (g) displays the
inverse pattern, with higher temperatures dominating the northern and central low-altitude
areas, while relatively cooler conditions prevail in the southern high-rainfall zone.

11
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Figure 3. Spatial distribution of air quality variables

3.2

Pollution Variables Interactions

A heatmap was generated to understand the interaction of the variables applied in the pollution
prediction models (Figure 4). The Correlation Matrix of Pollution Variables shows the linear
relationships between all the pollution and environmental variables in your dataset. The values
range from -1 to 1, where values close to 1 suggest a strong positive linear correlation (as one
variable increases, the other tends to increase). Values closer to -1 suggest a strong negative
linear correlation (as one variable increases, the other tends to decrease), and Values close to
0 indicate a weak or no linear correlation. Looking at the matrix, it can be observed that
SO2 and NO2 show a very strong positive correlation of approximately 0.95. This suggests
they often vary together, which is common as both are combustion byproducts.
NDVI (Normalised Difference Vegetation Index) shows a strong positive correlation
with NO2 (0.67) and SO2 (0.60), and a strong negative correlation with CH4 (-0.67). This is
interesting and might imply that areas with higher vegetation density (NDVI) tend to have
higher NO2 and SO2 (perhaps due to industrial activity or urban areas with some green spaces)
but lower CH4. Moreover, temperature and rainfall exhibit a strong negative correlation (-
0.74), which is expected as these are often inversely related across seasons or geographic zones,
and CH4 has a distinct negative correlation with NO2 (-0.61) and SO2 (-0.50).
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Figure 4. Heatmap correlations showing the relationships between investigated variables
33 Feature Importance for the Predictive Models

To delve into enhancing model interpretability, performance and efficiency, we performed a
feature importance analysis for the three machine learning models using Python (Figure 5).
The Random Forest model (a) identifies SO2 as the most important feature, followed
by NO2, CH4, Temperature, and Rainfall. CO, NDVI, and PM25 have comparatively lower
importance. The accuracy of 0.74 suggests an acceptable output performance. The GBM model
also ranks SO2 as the most significant feature, with CH4 and Rainfall following. Its feature
importance distribution is somewhat similar to Random Forest, but with slightly different
emphasis on the middle-ranked features. The accuracy performance of GBM suggests a good
performance of 0.76, which 1is relatively high. For SVM, wusing permutation
importance, SO2 again emerges as the most important feature. CH4 and NO2 are also highly
ranked. It's worth observing that SVM's accuracy is the lowest relative to RF and GBM, which
can be reflected in its importance values.
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Comparison of Feature Importances for RF, GBM, and SVM

(2) Random Forest (Acc: 0.7444) (b)) Gradient Boosting Machine (Acc: 0.7556) (c) SVM Permutation (Acc: 0,6556)

Figure 5. Importance of pollution assessment variable factors based on (a) RF, (b) GBM, and
(¢) SVM models.

To delve further into understanding the agreement of the model performance in mapping
pollution, a prediction overlap between models was performed (Figure 6). The Prediction
Overlap analysis, visualised in the heatmap and summarised by the agreement percentages,
suggests how consistently the three machine learning models (RF, GBM, and SVM) classify
the pollution samples. The predictive models showed varying levels of accuracy, with RF and
GBM, the results suggest an agreement of approximately 83.3% of the predictions. This
indicates a strong consistency between these two tree-based ensemble methods. The RF and
SVM show an agreement of approximately 78.9% of the predictions. This is a satisfactory level
of agreement between a tree-based model and a kernel-based model. GBM and SVM show an
agreement on approximately 71.1% of the predictions. This is the lowest pairwise agreement,
suggesting that the GBM and SVM models have slightly more divergent decision boundaries
compared to the other pairs. For the three-Way Agreement, the 66.7% three-way agreement
means that all three models (RF, GBM, and SVM) made the same prediction for two-thirds of
the test samples. A higher three-way agreement suggests more confidence in the combined
predictions, as multiple diverse models are arriving at the same conclusion.
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Figure 6. Agreement on the model performance consistency of the RF, GBM, and SVM.

To gain a deeper understanding of the spatial characteristics of the pollution classes as
interpreted by each machine learning model, KDE plots were generated (Figure 7). This
visualisation, presented as a figure with three subplots (a) Random Forest, (b) Gradient
Boosting Machine, and (c¢) SVM, helps us understand where each model predicts different
pollution classes across the geographical area. Each 3D KDE map shows X and Y axes, which
are represented by longitude and latitude, indicating the geographical location of the samples.
The Z-axis represents the density of predicted classes. Across all three models, the spatial
surfaces exhibit highly similar patterns, indicating strong agreement among the classifiers
regarding the geographic distribution of the predicted phenomenon. The density values range
approximately from 0.0 to 0.65, as indicated by the colour bars and vertical elevation. Several
prominent high-density zones are visible, for instance, a major peak occurs around longitude
31.7 to 31.9 and latitude -24.6 to -24.3. Secondary elevated regions appear near longitude 31.4
to 31.6 and latitude -24.8 to -24.4. Lower-density areas dominate the outer margins, especially
toward the northern and western extents of the study region.

The Random Forest model produces a relatively smooth but detailed surface with multiple
localised peaks. The model captures spatial heterogeneity effectively, showing nuanced
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variations in density across the landscape. The GBM surface closely resembles the RF output
but appears slightly smoother and more generalised. The high-density regions remain
concentrated within the same spatial extents. However, transitions between peaks and
surrounding areas are more gradual. This indicates that GBM successfully captures the
dominant spatial structures while reducing some localised variability. The model may therefore
provide stronger generalisation and reduced overfitting compared to RF. The SVM model also
demonstrates strong agreement with RF and GBM. The spatial peaks occur in nearly identical
geographic locations, although the surface appears slightly more balanced and regularised.

(a) Random Forest Predicted Classes (b) Gradient Boosting Machine Predicted Classes (c) SVM Predicted Classes

Figure 7. Spatial density analysis of the predicted classes for each of the three models:
Random Forest, Gradient Boosting Machine, and SVM

34 Pollution vulnerability mapping (PVM)

Five classes (very low, low, moderate, high, and very high) were included in the pollution
classification prediction models (Figure 8). For the random forest classification results (Figure
8a), the very low class covers 14.4% of the overall area, the low class covers 16.7% of the area,
the moderate class covers 28.9%, the high class covers 17.8%, and the very high class covers
22.2% of the study area. For the SVM, the very low class covers 16.7% of the overall area, the
low class covers 10.0%, the moderate class covers 28.9%, the high class covers 25.6%, and the
very high class covers 18.9% of the study area. For the GBM model in Figure 8c, the very low
class covers 16.7%, the low class covers 14.4%, the moderate class covers 27.8%, the high
class covers 17.8%, and the very high class covers 23.3% of the total study area. These
percentages suggest the proportion of data points (or estimated area) that each model classifies
into a particular pollution level. For instance, both Random Forest and SVM predict that Class
2 (Moderate pollution) covers the largest percentage of the study area, followed by Class 4
(Very High pollution) for RF and GBM, and Class 3 (High pollution) for SVM. This offers a
quantitative view of how each model delineates the spatial extent of different pollution
categories.
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Figure 8. Pollution vulnerability maps of KNP using (a) RF, (b) SVM, and (c) GBM models

Receiver operating characteristic (ROC) curves were created to test the validity of the three model
predictions (Figure 9). The ROC analysis suggests strong discriminatory performance across all three
classifiers. The significant area under the curve (AUC) values and the prominent curvature
toward the upper-left corner of the ROC space show that the ROC analysis exhibits strong
discriminatory performance across all three classifiers. The RF model (Figure 9a) achieved an
accuracy of 0.74 and the highest AUC of 0.96, suggesting satisfactory classification among classes and
a high true positive rate across pseudo-positive thresholds. The GBM classifier yielded the highest
overall classification accuracy of 0.76 but had a slightly lower AUC of 0.92 relative to the RF classifier.
The SVM vyielded the lowest classification accuracy of 0.66. This suggests that although SVM
threshold-dependent accuracy is relatively lower, its overall ranking ability and classification capability

remain acceptable.




ROC Curves for RF, GBM, and SVM

(a) Random Forest (Acc: 0.74) (b) Gradient Boosting Machine (Acc: 0.76) (c) Support Vector Machine (Acc: 0.66)
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Figure 9. Validation of the pollution susceptibility of (a) RF, (b) GBM, and (¢c) SVM models
35 Model Validation Using Literature Point as Reference Inventory

To further ensure the validity of the model, an inventory was created to reference the known areas prone
to pollution. The inventory comprised 12 river-associated reference locations, represented by the white
circular points in Figure 10. The locations were distributed across four major river systems associated
with the KNP landscape. The Crocodile River was represented by four reference locations (Karino,
Montrose, Dalton [Kaap River tributary], and Malelane Gate). The Sabie River was represented by four
locations (Sabie Town, Perry's Bridge/Hazyview, Phabeni Gate, and Lower Sabie). Two reference
locations were associated with the Olifants River, namely Phalaborwa Barrage and Mamba Weir, while
the Luvuvhu River was represented by Mutale River and Mhinga. Spatially, the reference points formed
a north—south distribution around the KNP boundary and along the major river corridors. The southern
portion of the inventory included the Crocodile and Sabie River locations, while the central and northern
portions included the Olifants and Luvuvhu River-associated locations. Each reference location was
subsequently used to extract the corresponding SVM pollution/degradation class from the classified
raster, providing a spatial inventory for comparison with the modelled five-class pollution/degradation
pattern. The results show a consistent outcome as predicted by the ground data. This suggests that the
model performance has provided a good prediction.
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Figure 10. Spatial distribution of the reference locations (white dots) used for spatial comparison of
the SVM-derived

4. Discussion

The presented study shows the effectiveness of integrating remote sensing, GIS, and ML techniques for
pollution vulnerability assessment within a protected savanna ecosystem. The findings support the study
objectives by successfully integrating atmospheric, climatic, and vegetation variables into a unified
modelling framework capable of predicting and spatially mapping pollution vulnerability across KNP.
The results further confirm the study hypothesis that ensemble-based machine learning approaches,
particularly RF and GBM, outperform kernel-based approaches such as SVM in modelling complex
environmental interactions associated with atmospheric pollution (Islam, 2025; Merabet et al., 2025).
The spatial distributions presented in Figures 3 and 4 demonstrate substantial environmental
heterogeneity across the park, reflecting the complex interactions between atmospheric pollutants,
vegetation dynamics, and climatic conditions within protected savanna ecosystems. Elevated
concentrations of NO2 and SO: observed in several regions of the park may be associated with
atmospheric transport processes, biomass burning, nearby anthropogenic activities, and regional
emission sources, which have previously been identified as major contributors to atmospheric pollution
in southern African environments (Aram et al., 2024; Morapedi & Obagbuwa, 2023). Variations in
NDVI, rainfall, and temperature further highlight the ecological sensitivity of KNP, where climatic
conditions strongly influence vegetation condition, fire susceptibility, and atmospheric composition
(Van Wilgen et al., 2022). The successful integration of these multi-source datasets demonstrates the
effectiveness of remote sensing and cloud-based geospatial platforms for environmental monitoring in
data-scarce conservation regions.

The correlation analysis shown in Figure 4 provides further insights into the interactions among the
investigated variables. The strong positive correlation between NOz and SO: (r = 0.95) suggests that
both pollutants may come from related combustion-based processes, consistent with previous
atmospheric studies conducted in southern Africa and other developing regions (Ketu, 2022; Liu et al.,
2021; Vallejo et al., 2025). The strong negative relationship between rainfall and temperature (r = -
0.74) aligns with established climatic dynamics in semi-arid savanna systems, where increased
temperatures are frequently associated with drought conditions and reduced moisture availability.
NDVI demonstrated positive correlations with NO: and SO, which may reflect the complex ecological
and atmospheric interactions within KNP, where regions with denser vegetation can simultaneously
experience elevated pollutant accumulation due to biomass burning, atmospheric deposition, and
localised transport processes. This finding contributes to the significance of integrating vegetation
dynamics within pollution vulnerability assessments rather than treating vegetation solely as an
indicator of ecosystem health.

Moreover, the study aimed to identify and rank the primary drivers of pollution vulnerability. The
hypothesis predicted that SO. and NO:. would dominate, with NDVI and meteorological variables
playing secondary roles. The feature importance results (Figure 5) across all three models consistently
confirm the hypothesis that SO: is the most important predictor in the three models (RF, GBM, and
SVM), followed closely by NO2 and CHa. This is systematically plausible, as SO and NO: are key
combustion by-products from industrial and vehicular sources, and their long-range transport into KNP
has been documented by previous studies (Aram et al., 2024; Kamaludeen et al., 2025). The correlation
matrix (Figure 4) further supports this, showing a very strong positive correlation between SO and NO:
(r=0.95). NDVI, despite showing strong correlations with NO: (r = 0.67) and SO: (r = 0.60), ranked
relatively low in feature importance, especially in SVM (Figure 5¢). This suggests that while vegetation
density covaries with pollutant levels, possibly due to shared spatial gradients (e.g., higher
anthropogenic activity in greener, wetter areas), it is not a direct causal driver of pollution vulnerability.
Temperature and rainfall showed moderate importance (Figure S5a, 5b), consistent with their
well-known roles in pollutant dispersion and deposition (Yadav et al., 2026; Ravindiran et al., 2023).
CHa. exhibited a strong negative correlation with NOz (r = -0.61) and SO: (r = -0.50), which may reflect
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different source signatures (biogenic vs. combustion). The primary drivers are, in order, SO2 > NO. >
CHa > temperature > rainfall, with NDVI and PM2.5 playing lesser roles.

We further involved implementing and optimised RF, SVM, and GBM to capture non-linear pollution
environment relationships. Our hypothesis stated that integrating multi-source satellite data with
collaborative ML would yield accurate vulnerability maps. The ROC-AUC values (Figure 9) strongly
support this, as RF achieved an AUC of 0.96, GBM 0.92, and SVM 0.90, all indicating excellent
discriminatory power. These values compare favourably with urban studies in (Lafortezza et al.,
2026)and internationally, despite the greater environmental heterogeneity of a protected wilderness
area. Regarding our second hypothesis (GBM has the highest accuracy, RF is the most interpretable),
the results provide partial support. GBM yielded the highest overall classification accuracy (0.76),
consistent with its sequential error-correcting mechanism (Mgomezulu et al., 2025; Uthappa et al.,
2025). However, RF achieved the highest AUC (0.96), suggesting superior ranking ability despite
slightly lower threshold-dependent accuracy (0.74). For interpretability, RF’s feature importance
ranking (Figure 5a) clearly identified SO2 as the dominant driver, followed by NO2 and CH4, confirming
RF’s well-known advantage in providing transparent variable importance via Gini impurity or MDI
(Hoshyarzadeh et al., 2026). GBM also produced interpretable rankings (Figure 5b), while SVM’s
permutation-based importance (Figure 5c) was less intuitive. Thus, hypothesis 2 is accepted with the
implication that RF excels in interpretability, while GBM leads in raw accuracy. The stronger
performance of RF and GBM may also be attributed to their ability to handle nonlinear relationships
and variable interactions more effectively within heterogeneous environmental landscapes such as
KNP. RF, through bootstrap aggregation and random feature selection, provides strong generalisation
capabilities, while GBM improves prediction accuracy through sequential error correction. This
explains the relatively high agreement observed between RF and GBM predictions (83.3%) compared
to the lower agreement between GBM and SVM (71.1%) shown in Figure 6. The strong three-way
agreement (66.7%) further demonstrates the reliability and stability of the modelling framework. These
findings indicate that despite methodological differences, the models consistently identified similar
spatial pollution patterns across the park.

We conducted a comparative evaluation using ROC curves. The ROC analysis (Figure 9) visibly shows
that all three models are highly effective, but with notable differences. RF’s AUC of 0.96 indicates
near-perfect class separability, surpassing values reported in similar AQI forecasting studies
(Kamaludeen et al., 2025; Liu et al., 2021). GBM’s accuracy of 0.76 is the highest among the three,
aligning with findings that boosting frameworks (XGBoost, LightGBM) often outperform bagging
methods in predictive tasks involving temporal dynamics (Songsom et al., 2025; Xie & Tummala,
2025). SVM, while still acceptable (accuracy 0.66, AUC 0.90), was the weakest performer, likely due
to its sensitivity to parameter tuning and the high dimensionality of the feature space (Morapedi &
Obagbuwa, 2023; Vallejo et al., 2025). The prediction overlap analysis (Figure 6) reinforces these
rankings, where RF and GBM agreed on 83.3% of predictions, whereas GBM and SVM agreed on only
71.1%, suggesting that tree-based ensembles share more similar decision boundaries than kernel-based
methods. RF provides the best overall discrimination (AUC), GBM the highest accuracy, and SVM a
viable but less optimal alternative.

Lastly, we sought to produce actionable, high-resolution spatial maps identifying pollution hotspots.
Figure 8 presents the vulnerability maps for RF (8a), SVM (8b), and GBM (8c), each reclassified into
five categories (very low to very high). For RF, very high vulnerability covers 22.2% of KNP, for GBM,
23.3%, and for SVM, 18.9%. Moderate vulnerability is consistently the largest class across all models
(28%). Spatial density analysis (Figure 7) reveals that all three models converge on the same geographic
hotspots, particularly around longitude 31.7 to 31.9 and latitude -24.6 to -24.3 (the south-central region
of KNP, near the Sabie and Crocodile River catchments). Secondary hotspots appear around 31.4 to
31.6 and -24.8 to -24.4. These areas are known to experience higher traffic from park entry gates and
adjacent human settlements (Christie, 2024; Smit, 2013), supporting the interpretation that
anthropogenic activity gradients drive the observed pollution patterns. The resulting maps (Figure 8)
reveal distinct spatial concentrations of moderate-to-high pollution vulnerability across several sectors
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of the park. The similarity of hotspot distributions across RF, GBM, and SVM suggests strong spatial
consistency in the identified vulnerable zones. The KDE spatial density analyses presented in Figure 7
further confirm this consistency by showing concentrated high-density prediction zones around the
central and eastern portions of the study area. These findings may reflect the combined influence of
atmospheric transport, fire occurrence, vegetation structure, climatic variability, and anthropogenic
pressures surrounding the park boundaries. Previous studies have shown that protected areas located
near industrial corridors or transboundary pollution pathways are particularly susceptible to
atmospheric contamination despite their conservation status (Aram et al., 2024; Morapedi & Obagbuwa,
2023).

The three-way agreement of 66.7% (Figure 6) indicates that all models concur with the classification
of two-thirds of the test samples, providing high confidence in the combined vulnerability mapping.
For park management, the RF-based map (Figure 8a) offers the highest spatial detail and
interpretability, while the GBM map (Figure 8c) provides the best overall accuracy. The GIS-ready
maps locate specific zones requiring priority intervention, such as targeted air quality monitoring or fire
management adjustments in high-vulnerability areas. Despite the strong performance demonstrated in
this work, there are gaps worth noting. The pollution vulnerability modelling framework was developed
using satellite-derived environmental and atmospheric datasets at varying spatial resolutions (Nwaogu
et al., 2024). Although these datasets provide extensive spatial coverage and are highly valuable for
regional-scale environmental assessment, differences in sensor resolution and data resampling may
introduce minor spatial inconsistencies within localised hotspot identification. Future studies should
incorporate higher-resolution environmental datasets and additional ecological variables, such as
wildfire occurrence, land-use dynamics, wind patterns, and topographic influences, to further improve
the spatial precision of pollution vulnerability mapping. The inclusion of field-based validation
measurements and seasonal monitoring could also enhance model calibration and strengthen ecological
interpretation.

The findings have implications beyond the identification of spatial pollution patterns because they
provide a spatial evidence base for sustainable protected-area management. The strongest alignment is
with SDG 15 (Life on Land), as the pollution vulnerability maps can assist conservation managers in
identifying areas requiring further environmental monitoring and management attention (Huan & Zhu,
2023; Mohanty et al., 2024). Such spatial information can support the protection of terrestrial
ecosystems and biodiversity by helping managers incorporate pollution-related pressures into
conservation planning. The study also contributes to SDG 13 (Climate Action) by integrating rainfall
and temperature with atmospheric and vegetation indicators, thereby providing information that can
support climate-sensitive environmental assessment and planning (Gaddam et al., 2026; Hamer et al.,
2025). The relationship with SDG 3 (Good Health and Well-being) is indirect. Although the study does
not assess human exposure, morbidity, or mortality, improved identification and management of
pollution-vulnerable environments can contribute to broader efforts to reduce environmental pollution.
Therefore, the principal contribution of the study to the SDGs is through spatial environmental
monitoring and sustainable ecosystem management rather than direct measurement of health or climate
outcomes.

5. Conclusion

This study developed an integrated GIS and machine learning framework for mapping
pollution vulnerability in South Africa’s Kruger National Park using remotely sensed,
atmospheric, and climatic variables. The results demonstrate the potential of machine learning
algorithms, particularly Random Forest, Gradient Boosting Machine, and Support Vector
Machine, to identify and spatially represent areas exhibiting different levels of pollution
vulnerability. The modelling results further indicate the importance of atmospheric pollutants,
particularly SO2 and NO:, within the assessment framework.
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The resulting spatial information provides a basis for targeted environmental monitoring and
can support conservation managers in identifying areas that may require additional
investigation or management intervention. The integration of GIS, remote sensing, and
machine learning therefore provides a practical spatial decision-support approach for
sustainable protected-area management. From a sustainable-development perspective, the
study contributes most directly to SDG 15 (Life on Land) by supporting the protection and
sustainable management of terrestrial ecosystems. It also supports SDG 13 (Climate Action)
by incorporating climatic variables into environmental vulnerability assessment and
contributes indirectly to SDG 3 (Good Health and Well-being) through improved
environmental pollution monitoring. Future research should incorporate longer temporal
datasets, field-based measurements, and additional environmental and socio-ecological
variables to improve the validation and interpretation of pollution vulnerability patterns.
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