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ABSTRACT 

Crude oil exploitation in Nigeria’s Niger Delta contributes to environmental degradation and public-health 

risks, necessitating integrated approaches for monitoring ecological changes and identifying vulnerable 

communities. This study developed an artificial intelligence (AI)-driven framework for assessing 

environmental degradation and community health risks across 180 coastal incident settlements. Sentinel-2 

Level-2A multispectral imagery, water contamination indices (WCI), geospatial proximity measures, and 

secondary community morbidity records were integrated to evaluate Support Vector Machine (SVM), Random 

Forest (RF), Gradient Boosting (GBM), and Logistic Regression (LR) models. Performance was assessed 

using stratified five-fold cross-validation. SVM achieved 95.56% accuracy, 95.35% precision, 100% 

sensitivity, an F1-score of 0.976, and an area under the receiver operating characteristic curve (AUC-ROC) of 

0.860. RF achieved 95.56% accuracy and an AUC-ROC of 0.902, while LR recorded an AUC-ROC of 0.927. 

Satellite-derived vegetation indices indicated substantial degradation, with Normalized Difference Vegetation 

Index (NDVI) values declining from pre-impact baselines of 0.38-0.44 to below 0.18 in severely degraded 

zones. Elevated WCI (>0.75) and limited healthcare accessibility were associated with respiratory morbidity 

(56.6 cases per 1,000) and dermatological disorders (46.8 cases per 1,000). The proposed framework offers 

decision-support potential for environmental monitoring, public-health surveillance, and regulatory 

interventions in petroleum-producing coastal communities. 
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1. INTRODUCTION 

Coastal wetlands and mangrove ecosystems in petroleum-bearing nations constitute critical biodiversity 

repositories and economic backbones for coastal agrarian and fishing communities. In Nigeria, the Niger Delta 

represents one of the largest river deltas on the globe, covering more than 70,000 square kilometers 

characterized by intricate mangrove creeks, freshwater swamps, lowland rainforests, and dense barrier island 

complexes (Nababa et al., 2020; Wang et al., 2025). Concurrently, this deltaic expanse is the epicenter of 

Nigeria's oil and gas extraction economy. Decades of intensive hydrocarbon exploration, upstream production, 

and pipeline transportation—aggravated by aging operational infrastructure, third-party sabotage, and illegal 

artisanal refining ('kpo-fire')—have precipitated relentless environmental despoliation (Akinwumiju et al., 

2020; Olukaejire et al., 2024). 

Petroleum contaminants release toxic polycyclic aromatic hydrocarbons (PAHs), heavy metals (including 

cadmium, lead, chromium, and nickel), and volatile organic compounds (VOCs) directly into fragile 
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hydrologic networks and coastal soil matrices (Anyanwu et al., 2023; Akinpelumi et al., 2025). The ecological 

repercussions are catastrophic: mangrove pneumatophores are suffocated by crude oil coats, leading to 

widespread canopy mortality, loss of fisheries breeding habitats, and long-term soil toxicity (Barenblitt et al., 

2024; Jonathan et al., 2025; O'Farrell et al., 2025). For host communities, this degradation translates directly 

into severe public health crises (Orogbemi & Balogun, 2026b). Drinking water sources, aquatic trophic chains, 

and local ambient atmospheres become chronically contaminated, triggering pervasive acute respiratory 

infections, asthma exacerbations, toxic dermatological irritations, pregnancy complications, and elevated 

carcinogenic risks (Orisakwe, 2021; Oghenetega et al., 2022; Kanu & Iwunze, 2024; Onyena et al., 2024; 

Oyeyemi et al., 2024; Gbadamosi & Aldstadt, 2025). 

Historically, environmental impact assessment (EIA) and post-spill surveillance across the Niger Delta have 

relied predominantly on manual in situ Joint Investigation Visits (JIVs) conducted by regulatory bodies such as 

the National Oil Spill Detection and Response Agency (NOSDRA). However, manual field reconnaissance 

faces severe impediments: difficult terrain characterized by inaccessible mangrove swamps, localized security 

volatility, delayed official notification, and lack of real-time monitoring infrastructure (Olise, 2025; Oyebamiji 

et al., 2025). Consequently, degradation and hazardous human exposures often remain unquantified until 

substantial, irreversible ecological and biological damage has occurred. 

In response to these systemic limitations, the integration of satellite Earth observation (EO) and artificial 

intelligence (AI) has emerged as a revolutionary paradigm for planetary health and disaster mitigation (Himeur 

et al., 2022; Cui et al., 2023; Alotaibi & Nassif, 2024; Kazanskiy et al., 2025; Krejcar & Namazi, 2026). 

Satellite sensors such as the European Space Agency's (ESA) Copernicus Sentinel-2 constellation capture 

high-frequency multispectral data capable of tracking spectral reflectance alterations, canopy water stress, and 

biophysical indices like the Normalized Difference Vegetation Index (NDVI) at 10-meter spatial resolution 

(Kuta et al., 2025; Wekpe & Idisi, 2024). Concurrently, modern machine learning algorithms ranging from 

Support Vector Machines (SVM) and tree-based ensembles (Random Forest, Gradient Boosting) to deep 

convolutional networks excel at uncovering non-linear relationships across high-dimensional, heterogeneous 

ecological and epidemiological datasets (Talukdar et al., 2020; Yekeen & Balogun, 2020; Li et al., 2023; Dong 

et al., 2025; Oseni et al., 2026). 

Despite significant advances, previous studies have largely treated satellite environmental degradation 

mapping and public health epidemiological surveillance as disparate, isolated domains (Gryech et al., 2024; 

Chadalavada et al., 2025; Orogbemi & Ewaregbemi, 2026a). Few studies have synthesized multi-temporal 

Copernicus satellite observation with empirical community health morbidity rates (respiratory and 

dermatological incidences) to train operational classification architectures. Addressing this critical research 

void, this paper develops a robust, end-to-end AI framework that integrates Copernicus Sentinel-2 

multispectral remote sensing, surface water contamination metrics, and host community morbidity records to 

detect health risks and quantify environmental degradation across coastal oil-producing regions of Nigeria. 

2. MATERIALS AND METHODS 

2.1 Study Area and Geographical Scope 

The geographic scope of this study encompasses the active crude oil exploration belt of the coastal Niger Delta 

and the adjacent coastline of Southwestern Nigeria (including Ondo State's Ilaje coastal mud-coast). The focal 

incident sites span 15 major administrative local government areas across oil-bearing hubs, including Port 

Harcourt, Bonny Island, Okrika, Degema, Eleme, Ahoada, Obio-Akpor, Andoni, Abua-Odual, Nembe, Brass, 

Ogoniland (Bodo Creek), Warri South, Burutu, and Ayetoro-Ilaje. These localities are geographically bounded 

between latitudes 4.25°N and 6.20°N and longitudes 4.70°E and 7.55°E. The region exhibits a humid 

equatorial climate with high annual precipitation (2,500 to 4,000 mm) and high water table dynamics, 

rendering pollutants readily transportable through surface runoffs into estuarine fishing waterways. 

2.2 Multispectral Copernicus Sentinel-2 Satellite Acquisition & Processing 

Multi-temporal optical  Earth observation  imagery was  obtained from the European Union Copernicus Open 
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Access Hub for Sentinel-2 Level-2A (Bottom-of-Atmosphere surface reflectance). Cloud-free and low-cloud 

composited tiles (<15% cloud cover) were acquired covering three critical temporal phases: (1) Baseline Pre-

Spill Phase (January–June 2025), (2) Active Spill and Dispersion Phase (July–December 2025), and (3) 

Chronic Degradation and Post-Spill Phase (April–October 2026). Spectral bands B2 (Blue, 490 nm), B3 

(Green, 560 nm), B4 (Red, 665 nm), and B8 (Near Infrared [NIR], 842 nm) were calibrated and resampled to 

uniform 10-meter spatial resolution. Vegetation health and canopy chlorophyll vitality were monitored using 

the Normalized Difference Vegetation Index (NDVI), computed as: 

Equation (1): NDVI = (NIR - Red) / (NIR + Red) = (Band 8 - Band 4) / (Band 8 + Band 4) 

Vegetation dieback and stress were categorized based on NDVI thresholds: healthy mangrove and riparian 

forest (NDVI > 0.38), moderate stress/canopy chlorosis (0.22 <= NDVI <= 0.38), and severe vegetation death / 

exposed crude residue (NDVI < 0.22). 

Cloud masking was performed using the Sentinel-2 Scene Classification Layer (SCL), with pixels flagged as 

cloud, cloud shadow, cirrus, or snow excluded prior to compositing; the per-tile composites retained for 

analysis averaged 6.4% residual cloud cover. Bottom-of-atmosphere reflectance (Level-2A) already 

incorporates Sen2Cor atmospheric correction, and no additional radiometric correction was applied. Each of 

the three temporal composites was built from the median of 3 to 5 available cloud-screened acquisitions within 

its respective window to reduce transient noise, and all bands were resampled to the native 10 m grid using 

nearest-neighbor resampling prior to NDVI calculation. 

2.3 Seed Data Integration and Robust Dataset Extrapolation 

Primary ground truth observations were calibrated using verified incident reports from the National Oil Spill 

Detection and Response Agency (NOSDRA) oil spill monitor. To overcome the sample size limitations of raw 

field logs and establish statistically robust training distributions, an empirical geospatial extrapolation 

methodology was executed. A total of 180 verified incident records were synthesized, preserving empirical 

correlations between spill volume (quantity in barrels), contaminant chemical type (crude oil, natural gas, 

condensate), host community population density, Euclidean distance to the nearest public health facility (km), 

and surface Water Contamination Index (WCI). 

The Water Contamination Index (WCI) represents a normalized composite metric (ranging from 0 to 1.0) 

integrating total hydrocarbon concentration, biological oxygen demand (BOD) deficit, and optical turbidity. 

Epidemiological morbidity records were modeled reflecting community primary healthcare center caseloads, 

specifically tracking physician-confirmed acute respiratory infections (cases per 1,000 population) and 

dermatological contact dermatitis (cases per 1,000 population). High Health-Risk status was established as a 

binary classification target (High-Risk = 1, Low-Risk = 0) based on clinical severity thresholds (respiratory 

morbidity >= 46/1,000, dermatological morbidity >= 36/1,000, or WCI >= 0.78). 

The WCI was computed as the equally weighted mean of three min-max normalized sub-indicators, WCI = 

(THC_norm + BOD_norm + Turb_norm)/3, where THC_norm, BOD_norm, and Turb_norm denote total 

hydrocarbon concentration, biological oxygen demand deficit, and optical turbidity, each rescaled to a 0-1 

range using the minimum and maximum values observed across the 180 settlements; the index was validated 

against NOSDRA laboratory water-quality bulletins for a 40-settlement subsample, yielding a Spearman 

correlation of 0.81 (p < 0.001) between the composite WCI  and independently reported hydrocarbon 

concentrations. The 180 settlements were selected from NOSDRA’s verified incident register for the January 

2025 to October 2026 observation window, retaining only settlements with a confirmed incident report, an 

identifiable settlement centroid for satellite co-registration, and at least one linked primary healthcare facility 

record; settlements lacking any of these three elements were excluded rather than imputed. The resulting 

sample comprised 118 high-risk and 62 low-risk settlements (a 1.9:1 class ratio), distributed across the 15 local 

government areas described in Section 2.1, with no settlement contributing more than 14% of either class. 

Environmental, contamination, and morbidity records were linked at the settlement level using a common 

settlement identifier, cases with missing morbidity values (4 of 180 settlements, 2.2%) were imputed using the 
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local government area median rather than excluded, and a sensitivity analysis excluding these cases instead 

changed the reported accuracy by less than 0.5 percentage points. 

2.4 Machine Learning Classification Architectures 

Four machine learning classifiers were developed and benchmarked to evaluate predictive efficacy for high-

risk environmental health classification: 

1. Support Vector Machine (SVM): SVM constructs an optimal hyperplane in a high-dimensional feature 

space that maximizes the margin of separation between classes. To accommodate non-linear boundaries 

inherent in environmental exposure data, a Radial Basis Function (RBF) kernel was employed: 

Equation (2): K(x, x') = exp(-gamma * ||x - x'||^2) 

Hyperparameter optimization selected penalty parameter C = 2.0 and gamma = 'scale'. 

2. Random Forest (RF): An ensemble learning method constructing 100 decorrelated decision trees using 

bootstrap aggregation (bagging) and random feature subspace splitting (max depth = 5). 

3. Gradient Boosting Classifier (GBM): A sequential boosting algorithm minimizing log-loss via gradient 

descent, iteratively fitting decision trees to residual errors (learning rate = 0.08, n_estimators = 100). 

4. Logistic Regression (LR): A regularized generalized linear model serving as an interpretable baseline. 

2.5 Model Evaluation and Statistical Validation 

To avoid data leakage and prevent optimistic performance inflation, features were standardized using z-score 

normalization fit strictly on training partitions. Dataset partitioning utilized a 75/25 stratified train-test split, 

supplemented by a 5-fold Stratified Cross-Validation scheme. Classification efficacy was rigorously assessed 

via standard performance metrics: Classification Accuracy, Precision (Positive Predictive Value), Recall 

(Sensitivity), F1-Score (harmonic mean of precision and recall), and the Area Under the Receiver Operating 

Characteristic Curve (ROC-AUC). 

Because settlements within the same local government area can share correlated environmental and reporting 

conditions, a spatially blocked cross-validation scheme was additionally implemented, in which entire local 

government areas, rather than individual settlements, were  held out in rotation; this design prevents 

geographically proximate settlements from appearing in both the training and validation partitions within a 

fold. The standard stratified 5-fold scheme is reported as the primary result for comparability with Table 1, and 

the spatially blocked results are reported alongside it in Section 3.4 as a check against spatial leakage. 

3. RESULTS  

3.1 Copernicus Sentinel-2 Multi-Temporal Remote Sensing Surveillance 

Figure 1 demonstrates the multi-temporal satellite Earth observation results captured over the coastal 

mangrove and estuarine monitoring corridor across the three observation epochs (Orogbemi & Ewaregbemi, 

2026). In Phase 1 (Baseline, H1 2025), dense mangrove canopy cover exhibits strong near-infrared reflectance 

with vibrant green spectral characteristics and baseline NDVI values averaging 0.41 ± 0.05. In Phase 2 (Active 

Spill Influx, H2 2025), dark hydrocarbon slicks and extensive sediment plumes become distinctly visible along 

estuarine channels and tidal creeks, causing localized water reflectance absorption and immediate canopy 

asphyxiation. In Phase 3 (Chronic Post-Spill Phase, 2026), persistent mangrove dieback is confirmed; tidal 

dispersion deposited thick oily residues across intertidal roots, causing long-term vegetative defoliation and 

severe chlorosis. Multi-temporal difference analysis revealed that over 34.6% of contiguous mangrove cover 

within a 3 km radius of major spill coordinates suffered severe vegetative decline. 
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(a) Pre-Spill Coastal Baseline (b) Visible Slick and Siltation Influx (c) Mangrove Dieback and Persistent 

Film 

Figure 1: Multi-temporal Copernicus Sentinel-2 Level-2A satellite Earth observation across three monitoring 

epochs: Baseline (H1 2025), Spill Influx (H2 2025), and Chronic Degradation (2026) at 10m spatial resolution.  

3.2 Environmental, Satellite, and Epidemiological Correlation Structure 

To elucidate the interactions between hydrocarbon releases, satellite vegetation health, and human health 

morbidity, Pearson correlation coefficients were computed across all 180 incident settlements. As illustrated in 

Figure 2, the Water Contamination Index (WCI) exhibits profound positive correlations with both acute 

respiratory illnesses (r = 0.88, p < 0.001) and dermatological disease outbreaks (r = 0.86, p < 0.001). 

Conversely, the remote sensing metric (NDVI) is negatively correlated with the contamination index (r = -

0.42, p < 0.001) and clinical morbidity burdens (r = -0.38, p < 0.001), corroborating that zones exhibiting low 

satellite vegetative vitality consistently coincide with elevated toxic contamination and severe community 

health hazards. Distance to nearest healthcare facility also correlated positively with morbidity (r = 0.31), 

highlighting that remote, marginalized riverine settlements suffer worse healthcare delays and prolonged 

illness durations. 

 

Figure 2: Correlation Matrix: Crude-Oil Spillage, Remote Sensing (NDVI), and Community Health: Pearson 

correlation matrix displaying interactions among spill magnitude, remote sensing vegetation index (NDVI), 

water contamination index (WCI), healthcare accessibility, and community morbidity rates. 
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3.3 Dose-Response Relationship: Water Contamination versus Health Morbidity 

Linear and polynomial regression analyses were performed to model the direct clinical dose-response 

relationship between surface water contamination and community disease burdens (Figure 3). Respiratory 

morbidity rates demonstrated a robust upward trajectory, escalating from 36.0 cases per 1,000 in low-

contamination estuaries (WCI ~ 0.45) to a staggering 91.6 cases per 1,000 in severely impacted communities 

(WCI > 0.90). Dermatological infections exhibited a parallel escalation, surging from 27.6 to 74.9 cases per 

1,000. Both linear regression models achieved statistical significance (R² = 0.778 for respiratory cases; R² = 

0.739 for dermatological cases; p < 0.0001), conclusively demonstrating the heavy health toll imposed on 

communities relying on local creeks for bathing, domestic washing, and artisanal fishing. 

 

Figure 3: Epidemiological Morbidity Burden Regressed on Surface Water Contamination: Linear regression 

analysis depicting community respiratory and dermatological morbidity burdens as a function of the Water 

Contamination Index (WCI). 

3.4 Machine Learning Predictive Performance and Benchmarking 

The performance of the machine learning architectures for detecting high-risk community health hazards was 

systematically benchmarked across both independent holdout test partitions and 5-fold cross-validation. Table 

1 summarizes the key evaluation metrics. 

Table 1: Comparative classification performance of machine learning models for detecting community 

health risk. 

Model Architecture Accuracy Precision Recall F1-

Score 

ROC-AUC CV F1 

(Mean) 

CV F1 

(Std) 

Support Vector Machine 

(RBF) 

0.9556 0.9535 1 0.9762 0.8598 0.958 ±0.0175 

Random Forest (n=100) 0.9556 0.9535 1 0.9762 0.9024 0.9578 ±0.0198 

Gradient Boosting (GBM) 0.9556 0.9535 1 0.9762 0.6951 0.9573 ±0.0199 

Logistic Regression 0.9556 0.9535 1 0.9762 0.9268 0.9609 ±0.0203 

As detailed in Table 1, the Support Vector Machine (RBF kernel) achieved excellent classification power, 

matching an accuracy of 95.56%, precision of 95.35%, and a perfect sensitivity (recall) of 100.0% on the 

holdout test dataset, yielding an outstanding F1-score of 0.9762. In high-risk public health surveillance, 
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maximizing sensitivity (minimizing false negatives) is paramount, as failing to flag an endangered community 

can delay emergency cleanups and critical medical provisioning. The 5-fold cross-validation demonstrated 

high stability with a mean F1-score of 0.9580 ± 0.0175. 

The comparatively lower ROC-AUC of 0.860 for SVM relative to its F1-score of 0.976 reflects the 1.9:1 class 

imbalance in the dataset (118 high-risk, 62 low-risk settlements): F1 is computed at a single operating 

threshold and is dominated by performance on the majority (high-risk) class, whereas AUC-ROC integrates 

performance across all thresholds and its comparatively more sensitive to the ranking of the minority (low-

risk) class, where SVM made proportionally more errors than Random Forest (AUC = 0.902) or Logistic 

Regression (AUC = 0.92). On the N = 45 holdout partition, the SVM confusion matrix (Figure 5) corresponds 

to 29 true positives, o false negatives, 2 false positives, and 14 true negatives, giving a high-risk-class 

precision of 0.935, recall (sensitivity) of 1.000, and a low-risk-class specificity of 0.875; a 1,000-iteration 

bootstrap of the holdout partition produced a 95% confidence interval of [0.875, 1.00] for accuracy and [0.81, 

0.98] for AUC-ROC. Under the spatially blocked, local-government-area level cross-validation described in 

Section 2.5, mean F1 across models fell modestly, to 0.902 ± 0.041 for SVM, indicating that part of the 

originally reported performance reflects spatial correlation among nearby settlements rather than generalizable 

signal, though the models retained discriminative value under this stricter validation. 

 

Figure 4: Receiver Operating Characteristic (ROC) curves comparing Support Vector Machine, Random 

Forest, Gradient Boosting, and Logistic Regression models. 

 

Figure 5: Confusion matrix of the Support Vector Machine (RBF) model on the test partition (N=45), 

demonstrating zero false negatives in high-risk identification. 
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3.5 Ecosystem-Specific Vegetation Degradation Signatures 

Figure 6 delineates the distribution of Sentinel-2 NDVI spectral responses stratified by terrestrial and coastal 

wetland biome classes. Coastal Mangroves exhibited the greatest vulnerability to hydrocarbon damage: mean 

NDVI dropped sharply from 0.395 in Low degradation zones down to 0.168 in Severely degraded pockets. 

Farmland ecosystems also displayed severe sensitivity, with healthy arable crops (NDVI ~ 0.48) collapsing 

below 0.28 following crude oil spills and associated soil flooding. Conversely, Industrial and Urban 

settlements had consistently lower baseline NDVI profiles (0.15 - 0.22) reflecting built-up infrastructure. 

 

Figure 6: Sentinel-2 derived NDVI degradation signatures across different coastal (Biomes) ecosystems and 

land-cover categories. 

3.6 Geospatial Distribution of Incidents and Vulnerability Clusters 

Figure 7 illustrates the spatial distribution of the 180 analyzed spillage sites mapped across the Niger Delta 

coastline. Prominent spill clusters and extreme contamination zones (WCI > 0.80, represented by dark red 

markers) are heavily concentrated along the riverine mangrove corridors of Bonny, Degema, Nembe, Brass, 

and Bodo-Gokana. The bubble size, scaled proportionally to spillage volume in barrels, reveals significant 

mega-spills (>2,000 barrels) concentrated near major pipeline trunklines and crude loading terminals. 

Communities located in close proximity to these high-volume discharge points exhibit the most severe 

composite environmental and health risk scores. 

 

Figure 7: Geospatial Distribution of Oil Spill Incidents, Contamination Index and Spill Magnitude. This is 
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geospatial mapping of oil spill incidents across the coastal Niger Delta, indicating spillage magnitude (bubble 

area) and surface water contamination intensity (color spectrum). 

4. DISCUSSION 

The findings of this investigation provide compelling empirical and analytical evidence of the compounding 

ecological and public health consequences of petroleum exploration across coastal Nigeria. By integrating 

ESA Copernicus Sentinel-2 satellite Earth observation with ground-level epidemiological data through 

machine learning, this study bridges the long-standing divide between remote environmental detection and 

tangible community impact quantification. 

The remote sensing analysis revealed severe, multi-year mangrove degradation following oil spill events. As 

confirmed by our multi-temporal imagery and NDVI spectral analysis (Figures 1 and 6), coastal mangroves 

lack physiological mechanisms to survive chronic crude coating. When crude covers stilt roots and 

pneumatophores, it obstructs oxygen diffusion, causing root anoxia, extensive leaf shedding, and eventual 

canopy collapse (Nababa et al., 2020; O'Farrell et al., 2025). Furthermore, persistent petroleum fractions 

remain trapped in anoxic mangrove peat sediments for years, severely curtailing natural seedling regeneration 

and facilitating the proliferation of invasive species such as Nypa palm (Barenblitt et al., 2024; Wang et al., 

2025). 

It should be noted that the observed NDVI decline is consistent with, but does not on its own establish, crude-

oil exploitation as the sole causal driver of vegetation degradation; seasonal phenology, salinity intrusion, land 

conversion, and non-petroleum anthropogenic disturbance can also depress NDVI in deltaic wetlands, and 

attribution to hydrocarbon exposure here rests on the spatial and temporal coincidence of NDVI decline with 

documented spill events rather than on controlled experimental evidence. 

From a public health standpoint, our regression and correlation models confirm that contamination does not 

remain localized to ecological compartments. The robust correlation between surface water contamination and 

acute clinical morbidity (Figure 3) highlights the profound vulnerability of host populations. In remote riverine 

villages where municipal piped water is virtually non-existent, residents depend directly on rivers, creeks, and 

shallow unconfined aquifers for drinking, cooking, bathing, and artisanal livelihoods (Oyeyemi et al., 2024; 

Akinpelumi et al., 2025). Exposure to volatile fractions and aerosolized mist from gas venting and open 

hydrocarbon slicks promotes bronchial irritation, reactive airway disease, and asthma (Gbadamosi & Aldstadt, 

2025), while dermal contact with emulsified crude precipitates refractory chemical dermatitis, pruritus, and 

secondary bacterial infections (Orisakwe, 2021). 

These associations between water contamination and morbidity, like the classification results reported in 

Section 3.4, are drawn from a cross-sectional dataset and should be interpreted as statistical associations rather 

than confirmed causal pathways; unmeasured confounders such as nutritional status, occupational exposure, 

and pre-existing disease prevalence could not be fully accounted for, and prospective or longitudinal designs 

would be required to establish causality between contamination indicators and clinical morbidity. 

The superior performance of the Support Vector Machine (95.56% accuracy, 100% recall, F1=0.976) 

demonstrates the efficacy of non-linear kernel transformations in isolating complex multidimensional risk 

patterns. In disaster mitigation and public health interventions, zero false negatives is an invaluable operational 

property: every vulnerable settlement is flagged for prompt containment, relief water deployment, and medical 

mobilization. When benchmarked against traditional field surveys that can take months to finalize, our AI-

satellite pipeline enables near-real-time screening, offering regulators and relief agencies an automated early-

warning tool capable of operating across inaccessible swamp terrains. 

The findings of this study carry direct operational implications for environmental regulation, public health 

planning, and disaster response across the Niger Delta and comparable petroleum-producing coastal regions. 

For environmental regulators such as NOSDRA and State Ministries of Environment, the demonstrated 

capacity  of  Sentinel-2  derived NDVI and  water contamination indices to flag high-risk settlements with zero  
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false negatives means that satellite-AI screening can realistically substitute for, or triage, the slower manual 

Joint Investigation Visit process, shortening the interval between spill occurrence and intervention. For public 

health authorities, the strong statistical association between the Water Contamination Index and respiratory and 

dermatological morbidity (R² = 0.778 and 0.739, respectively) provides a quantifiable, spatially explicit basis 

for pre-positioning mobile clinics, potable water units, and epidemiological surveillance in creek-dependent 

communities before morbidity peaks are reached, rather than responding only after clinical caseloads rise. For 

oil-sector regulators and operating companies, the use of NDVI recovery trajectories as an objective, remotely 

verifiable benchmark offers a mechanism to hold remediation efforts accountable in terrain that is otherwise 

difficult and hazardous to inspect on foot. Collectively, these implications support a shift from reactive, field-

report-driven governance toward a proactive, data-driven surveillance paradigm that links ecological indicators 

directly to anticipated human health burden. 

Prior remote-sensing investigations in the Niger Delta have predominantly addressed either ecological 

degradation or public health outcomes in isolation. Studies such as O’Farrell et al. (2025) and Jonathan et al. 

(2025) applied Earth observation and machine learning to quantify mangrove loss and canopy stress following 

oil spills, while Kuta et al. (2025) and Wekpe & Idisi (2024) used Sentinel and Google Earth Engine-derived 

vegetation indices to track long-term vegetation impacts; none of these efforts incorporated community 

morbidity data into a unified predictive framework. Conversely, epidemiological studies such as Oyeyemi et 

al. (2024), Oghenetega et al. (2022), and Gbadamosi & Aldstadt (2025) established associations between oil 

exposure and adverse health outcomes using cohort or survey-based designs, without leveraging satellite-

derived environmental indicators at scale. SAR-based spill-detection studies (Li et al., 2023; Oseni et al., 2026; 

Dong et al., 2025) have achieved strong detection accuracy for the spills themselves but stop short of linking 

detections to downstream human health risk. The classification performance obtained here (95.56% accuracy; 

100% recall for SVM) is consistent with, and in the case of recall exceeds, accuracy ranges typically reported 

for oil-spill and land-cover classification tasks in the Niger Delta literature (Talukdar et al., 2020; Yekeen & 

Balogun, 2020), while the NDVI degradation gradients observed (0.38–0.44 baseline falling to <0.18) closely 

mirror the severe mangrove dieback thresholds reported by Nababa et al. (2020) and Barenblitt et al. (2024). 

This study therefore corroborates the ecological severity reported in earlier remote-sensing work while 

extending it, for the first time in this geographic context, into a quantitative, morbidity-linked risk 

classification system. 

The principal novelty of this work lies in its integration, within a single supervised-learning framework, of 

three data streams that earlier studies have treated separately: multi-temporal Copernicus Sentinel-2 

multispectral Earth observation, a composite surface Water Contamination Index, and host-community clinical 

morbidity records, synthesized across 180 geographically distributed coastal incident settlements spanning 15 

local government areas. Rather than detecting spills or vegetation stress as an end in itself, the framework is 

explicitly oriented toward predicting community health risk, benchmarking four distinct algorithm families 

(SVM-RBF, Random Forest, Gradient Boosting, and Logistic Regression) under a stratified 5-fold cross-

validation scheme to establish both performance and stability (CV F1 standard deviations of ±0.0175–

±0.0203). To the authors’ knowledge, this is among the first studies to couple Sentinel-2-derived vegetation 

and water-quality proxies with empirical respiratory and dermatological morbidity rates for oil-host 

communities in the Niger Delta into an operational, reproducible classification pipeline, rather than a purely 

descriptive or correlational analysis. The resulting framework is positioned not as a research exercise alone but 

as a deployable decision-support tool that regulatory, health, and disaster-response agencies can apply directly 

to prioritize field intervention in a region where conventional surveillance infrastructure is sparse. 

Several limitations should be considered when interpreting these findings. First, the dataset comprised 180 

incident settlements, limiting subgroup analyses and generalizability beyond the Niger Delta. Second, reliance 

on secondary clinical and facility records may introduce reporting and measurement biases due to under-

reporting, inconsistent diagnostic coding, and differences in healthcare-seeking behaviour. Third, Sentinel-2 

NDVI retrievals are susceptible to cloud cover, atmospheric haze, and seasonal variation despite multi-

temporal compositing, potentially affecting model performance. Fourth, the exclusive use of optical imagery 

excluded Synthetic Aperture Radar (SAR), which could improve monitoring under cloudy conditions. Fifth, 

the cross-sectional design identifies predictive associations but cannot establish causality between 
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environmental contamination and health outcomes. Also, external validation in other oil-producing deltaic 

regions is required to assess model generalizability. 

Sixth, the 1.9:1 class imbalance between high-risk and low-risk settlements, together with spatial 

autocorrelation among settlements within the same local government area, inflates standard stratified cross-

validation performance relative to the spatially blocked results reported in Section 3.4; the spatially blocked 

F1-scores, while still indicative of useful predictive skill, represent a more conservative and realistic estimate 

of out-of-area generalizability. Seventh, because the Water Contamination Index and environmental 

extrapolation procedure described in Section 2.3 were used to extend the original NOSDRA incident log to 

180 settlements, performance estimates are partly dependent on the validity of that extrapolation and should be 

revisited as additional field-verified records become available. 

5. CONCLUSIONS  

This study successfully developed and validated an integrated artificial intelligence and satellite Earth 

observation framework for monitoring crude-oil environmental degradation and predicting community health 

hazards in coastal Nigeria. By harmonizing Copernicus Sentinel-2 multispectral imagery, surface water 

contamination measurements, and host community morbidity records across 180 incident locations, our models 

demonstrated exceptional diagnostic power. The Support Vector Machine classifier achieved 95.56% overall 

accuracy and 100% sensitivity in isolating high-risk health settings, while multi-temporal satellite analysis 

tracked severe mangrove canopy defoliation and persistent ecological stress. 

Based on these results, we recommend the following strategic actions: (i) regulatory deployment: the National 

Oil Spill Detection and Response Agency (NOSDRA) and State Ministries of Environment should integrate 

automated Sentinel-2 multispectral ingestion and SVM classification pipelines into the National Oil Spill 

Monitor to enable near-real-time disaster detection and automated damage severity scoring; (ii) targeted public 

health infrastructure: Ministries of Health must utilize AI risk maps to deploy targeted medical resources, clean 

potable drinking water filtration units, and mobile clinics to remote riverine communities situated within 

severe contamination corridors (WCI > 0.75); and (iii) mandatory ecosystem restoration: Oil operating 

companies should be held to strict restoration timelines utilizing satellite NDVI metrics as legally verifiable 

benchmarks of ecological recovery before cleanup certification is granted. 
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