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Abstract 

Nitrogen dioxide (NO₂) pollution remains a major environmental concern in rapidly urbanizing cities, 

particularly where ground-based air quality monitoring is limited. This study modelled and interpreted the 

spatial distribution of NO₂ concentrations across Kaduna Metropolis, Nigeria, using a Random Forest (RF) 

machine learning approach. Predictor variables, including proximity to industrial sites, proximity to 

infrastructure, proximity to roads, NDWI, NDVI, land surface temperature, NDBAI, and NDBI, were 

processed and partitioned into 70% training and 30% independent testing subsets. The RF model showed 

strong predictive performance, with R2 values of 0.964 for training, 0.773 for spatial cross-validation, and 

0.817 for independent testing, indicating good model robustness and generalization. SHAP analysis 

showed that proximity to industrial sites, infrastructure, and roads were the main drivers of NO₂ 

concentrations in Kaduna Metropolis, highlighting the strong influence of anthropogenic activities, while 

environmental variables such as NDWI, NDVI, LST, NDBAI, and NDBI had comparatively smaller 

effects. SHAP dependence plots showed that areas closer to industrial sites and roads had higher NO₂ 

contributions, while NDVI generally reduced predicted NO₂. LST showed a positive influence. The study 

offers useful evidence for air quality monitoring, industrial emission control, transport planning, and 

sustainable urban environmental management in Kaduna Metropolis. 

Keywords: Nitrogen dioxide (NO₂), Random Forest, SHAP analysis, Environmental and Anthropogenic 

Factors, Kaduna Metropolis 

 

1.0 INTRODUCTION 

Nitrogen dioxide (NO₂) is a key atmospheric pollutant in urban environments and is widely recognized for 

its adverse effects on human health, atmospheric chemistry, and climate processes [1], [2]. It is primarily 

emitted from combustion-related activities, including vehicular traffic, industrial operations, and energy 

generation, all of which are prevalent in rapidly expanding cities in developing countries [3], [4]. In sub-

Saharan Africa, and particularly in Nigerian cities, rapid urbanisation, population growth, and increasing 

anthropogenic activities have intensified concerns regarding air quality, yet monitoring networks remain 

sparse and insufficient to capture the spatial variability of pollutants such as NO₂ [5], [6]. Kaduna 

metropolis, a major urban and industrial centre in northern Nigeria, exemplifies these challenges due to its 

https://portal.issn.org/resource/ISSN/2354-3361
https://doi.org/10.5281/zenodo.20763914
http://www.journals.unizik.edu.ng/jsis
https://journals.unizik.edu.ng/jsis
mailto:jobienjacob@gmail.com0
https://doi.org/10.5281/zenodo.20763914


Journal of Spatial Information Sciences                                      ISSN: 2354-3361 

Vol. 3, Issue 1, pp 243–258, 2026                  DOI: https://doi.org/10.5281/zenodo.20763914 

Published 19-06-2026 

www.journals.unizik.edu.ng/jsis 

245 
Jacob Reuben Jobien, Bello Abdulfatai Abiodun, Ekele John Ifene 

complex mix of residential, commercial, industrial, and transportation land uses (Kafi et al., 2024; 

Musa&Abubakar, 2024). 

The spatial distribution of NO₂ in urban areas is shaped by both environmental and anthropogenic factors 

[4], [9]. Environmental variables, including land surface temperature (LST) [10], [11] and satellite-derived 

spectral indices such as NDBI, NDVI, NDWI, and NDBaI, reflect urban heat, land cover, vegetation, 

moisture, and bare surfaces, all of which influence pollutant dispersion and removal [12], [13], [14], [15], 

[16]. Anthropogenic factors, particularly proximity to roads, industrial areas, and infrastructure corridors, 

represent concentrated emission sources and are strongly linked to elevated NO₂ levels [17], [18]. 

Recent advances in remote sensing and machine-learning techniques have enabled more robust modelling 

of air pollutants in data-scarce regions [19], [20]. Among these techniques, the Random Forest (RF) 

algorithm has gained prominence due to its ability to model complex, non-linear relationships, manage 

multicollinearity among predictors, and provide reliable prediction accuracy without strict parametric 

assumptions (Keith, 2020; Salman et al., 2024). RF has been widely applied in environmental studies [23], 

[24], [25], [26], [27], including air-quality prediction, where it integrates diverse datasets such as satellite-

derived variables and spatial predictors to estimate pollutant concentrations. 

Despite these advancements, there remains a need for location-specific studies that integrate both 

environmental indicators and proximity-based variables to better understand urban air-pollution patterns in 

Nigerian cities. In Kaduna metropolis, limited studies have explored the combined influence of land surface 

characteristics and spatial proximity to emission sources on NO₂ distribution using machine-learning 

approaches. Therefore, this study employs a Random Forest model to predict NO₂ concentrations using 

LST, NDBI, NDVI, NDWI, NDBaI, proximity to industrial areas, proximity to roads, and proximity to 

infrastructure as predictor variables. By doing so, it seeks to provide a comprehensive assessment of the 

spatial determinants of NO₂ in Kaduna and contribute to improved air-quality monitoring and urban 

environmental management strategies. 

2.0 MATERIALS AND METHODS 

2.1 Study Area 

The study area is bounded by Latitudes 10°04′N to 10°13′N and Longitudes 7°10′E to 7°45′E, with a total 

area of about 1727 km2. Kaduna Metropolis is the administrative and commercial hub of Kaduna State. It 

consists of Kaduna North, Kaduna South and some parts of Chikun and Igabi Local Government Areas 

(LGAs) (See Figure 1). The region receives annual rainfall between 1500mm and 2000mm, with the wet 

season lasting six to seven months and averaging 1400mm [28]. According to [29], land surface 
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temperature in Kaduna Metropolis ranged from 14.44°C to 41.19°C. The vegetation is predominantly 

Northern Guinea Savanna, characterized by grasses and scattered trees [28]. The study area is well-

connected by major highways and has essential amenities like healthcare centres, water, and electricity 

[30]. 

 
Figure 1: The Study Area 

2.2 Types and Sources of Data 

The types and sources of data used for this study are presented in Table 1. 

Table 1: Types and Sources of Data 

SN Name Resolution Source Processing 

Platform 

Purpose 

1 NO2 (per mol/m²) 3.5x7km S5P/TROPOMI 

(2025) 

Google Earth Engine 

(GEE) 

Response 

variable 

2 LST, NDVI, 

NDBI, NDWI and 

NDBaI 

30m Landsat 8 

(2025) 

GEE Predictors 

3 Road, 

infrastructure and 

industrial sites 

shapefile  

Area 

coverage 

Geofabrik 

(2026) 

ArcGIS Pro Predictors 

4 Admin. boundary 

shapefile 

Area 

coverage 

Geofabrik 

(2026) 

ArcGIS Pro For clipping 

and mapping; 

 

Nitrogen dioxide (NO₂) column concentrations for 01 January to 31 December 2025 were obtained from 

the Sentinel-5P (S5P) TROPOspheric Monitoring Instrument (TROPOMI) satellite. NO₂ served as the 

response variable, with environmental and anthropogenic predictors represented as raster layers, including 

Land Surface Temperature (LST), Normalized Difference Vegetation Index (NDVI), Normalized 

Difference Built-up Index (NDBI), Normalized Difference Water Index (NDWI), Normalised Difference 
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Bareness Index (NDBaI), and proximities to roads, infrastructure, and industrial areas. The proximity layers 

were generated in ArcGIS using the Euclidean distance tool. The study did not use 2026 NO₂ data because 

the analysis was designed around the 2025 observation period. Using 2026 NO₂ data would have introduced 

temporal inconsistency with the Landsat-derived environmental variables, particularly LST, NDVI, NDBI, 

NDWI, and NDBaI, which were prepared for the 2025 analysis year. 

2.3 Estimation of Predictors 

2.3.1 Estimation of LST 

Land Surface Temperature (LST) data were obtained from Climate Engine, which provides pre-processed 

satellite-derived temperature products. The LST values were derived from thermal infrared bands using 

radiative transfer equations incorporating spectral radiance, brightness temperature, and surface emissivity 

corrections. LST estimation was done using the following formula (Equation1 1-7) [31]: 

( )1 ln

LST

x




 



 
 
 =
  
+  

  

         (1) 

where, 

τ is at-sensor brightness temperature; 

ω is the wavelength of emitted radiance (Landsat 8 Band 10 is approximately 11.5 µm) 

ρ = h × c/s (1.438 × 10−2 m.K); 

h being the Plank’s constant (6.626 × 10−34 J·s); 

s is the Boltzmann Constant (1.38 × 10−23 J/K); 

c is the velocity of light (2.988 × 108 m/s); 

ε is the land surface emissivity; and  

ρ = 14380 

The land surface emissivity (ε) was calculated using the following Equation: 

.0.004 8* 0 9 6vP = +           (2) 

The vegetation proportion (Pv) was obtained from the following Equation: 

2

min

max min

v

NDVI NDVI
P

NDVI NDVI

 −
=  

− 
         (3) 

where, 

NDVImin and NDVImax are the minimal and the maximal values of the NDVI (calculated according to the 

following Equation: 
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NIR R
NDVI

NIR R

− 
=  +            (4)

 

where, 

NIR and R are the infrared and red bands of Landsat 8. 

The temperature value at the sensor (brightness) was extracted using the following Equation: 

2

1ln 1
b

K
T

K

L

 
 
 =

  +    

          (5) 

where, 

K
1
 and K

2
 are the thermal conversion constants provided in the Landsat metadata. Radiance for Landsat 8 

TIR band will be obtained from Equation: 

L MLxDN AL= +           (6) 

where, 

L is the top-of-atmosphere radiance, ML is the radiance multiplicative scaling factor, and AL is the radiance 

additive scaling factor (these are found in the metadata of the Landsat image). 

Convert the temperature from Kelvin to Celsius by subtracting 273.15 from the result  

273.15C KLST LST= −          (7) 

2.3.2 Computation of Normalized Difference Water Index (NDWI) 

The NDWI of the study area was calculated using the Google Earth Engine. It is represented 

mathematically using the formula as follows [32]: 

G NIR
NDWI

G NIR

−
=

+
          (8) 

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

2.3.3 Computation of Normalized Difference Builtup Index (NDBI) 

The NDBI of the study area was calculated using the Google Earth Engine. It is represented mathematically 

using the formula as follows [32]: 

SWIR NIR
NDBI

SWIR NIR

−
=

+
          (9) 

where, SWIR and NIR are the short wave and infrared bands of Landsat 8. 
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2.3.4 Computation of Normalised Difference Bareness Index (NDBaI) 

The NDBaI of the study area was calculated using the Google Earth Engine. It is represented 

mathematically using the formula as follows [31]: 

SWIR TIR
NDBaI

SWIR TIR

−
=

+
         (10) 

2.4 Mapping of Variables 

The response variable (NO2) and the predictors were mapped in ArcGIS as shown in Figure 2 

 
Actual NO2 

 
LST 

 
NDWI 

 
Proximity to Infrastructure 

 
NDBaI 

 
Proximity to Industry 

 
NDBI 

 
Proximity to Road 

 
NDVI 

Figure 2: Maps of Dependent and Independent Variables 
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2.5 Data Preprocessing and Sampling 

All raster datasets were projected to WGS 1984 UTM Zone 32N, resampled to a uniform 100 m resolution 

using bilinear interpolation, and clipped to the Kaduna Metropolis boundary in ArcGIS to ensure spatial 

consistency. Only raster cells with complete data were retained, converted to tabular format, and cleaned 

of missing values in R. A random sample of up to 10,000 points was selected using stratified sampling 

based on NO₂ quantiles, and the dataset was split into 70% training and 30% testing subsets to maintain 

the distribution of NO₂ and improve model generalization. 

2.6 Spatial Cross-Validation, Random Forest Modelling and Hyperparameter Tuning 

Spatial cross-validation was applied using hexagonal blocks of 1000m to partition the training data into 

five spatially independent folds. For each fold, the model was trained on distinct training blocks and 

evaluated on the corresponding validation blocks, providing a realistic assessment of predictive 

performance while accounting for spatial autocorrelation. A Random Forest (RF) regression model was 

employed using the ranger implementation due to its computational efficiency and ability to handle high-

dimensional data. RF is an ensemble learning method that constructs multiple decision trees and aggregates 

their predictions to improve accuracy and reduce overfitting. Hyperparameter tuning was conducted using 

a grid search approach. The following parameters were optimised: number of variables tried at each split 

(mtry): 2, 3, 4; minimum node size: 3, 5, 8; sample fraction: 0.75, 0.90; number of trees: 400, 700.  

2.7 Final Model Training and Evaluation 

The optimal Random Forest model was trained on the full training dataset using the selected 

hyperparameters. Model performance was evaluated using three datasets: training dataset, spatial cross-

validation dataset and independent test dataset. Performance metrics included Root Mean Squared Error 

(RMSE), Mean Absolute Error (MAE), and Coefficient of Determination (R2). 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 [33]: 

( )
2

1

1
ˆ

n

i i

i

RMSE y y
n =

= −         (1) 

1

1
ˆ

n

i i

i

MAE y y
n =

= −          (2) 

( )
2

2

ˆ

ˆ,

y y

Cov y y
R

 

 
=   
 

         (3) 

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 NO2 for observation i, ˆ
iy  is the predicted value of NO2 for observation i, ( )ˆ

i iy y−  is the 

https://portal.issn.org/resource/ISSN/2354-3361
https://doi.org/10.5281/zenodo.20763914
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 243–258, 2026                  DOI: https://doi.org/10.5281/zenodo.20763914 

Published 19-06-2026 

www.journals.unizik.edu.ng/jsis 

251 
Jacob Reuben Jobien, Bello Abdulfatai Abiodun, Ekele John Ifene 

prediction error (residual) for observation i, ˆ
i iy y−  is the absolute prediction error, y is the standard 

deviation of the actual values of NO2, ŷ is the standard deviation of the predicted values of NO2. 

2.8 SHAP-Based Model Interpretation 

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

using the fastshap and shapviz packages. A subset of training data was used for SHAP analysis to reduce 

computational cost. SHAP values quantify the marginal contribution of each predictor to model predictions. 

Global feature importance was derived from the mean absolute SHAP values, while dependence plots were 

generated to examine the relationship between individual predictors and NO₂ predictions. The SHAP value 

for feature j is defined as [34]: 

( )
( )

 

 ( ) ( )
\

! 1 !

!
j

S N j

S N S
v v S j v S

N




− −
 = −   `     (4) 

where, N is the set of all available 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. 

 

3.0 Results and Discussion 

3.1 Model Performance Metrics 

The predicted NO2 is presented in Figure 3. The performance metrics of the Random Forest (RF) model 

presented in Figure 4 demonstrated strong performance in predicting NO₂ concentrations in Kaduna 

Metropolis, explaining 96.4% of the variability during training (R² = 0.964) with minimal prediction errors. 

Predictions closely matched observed values, capturing complex nonlinear relationships between NO₂ and 

environmental predictors. While performance declined in spatial cross-validation (R² = 0.773) and 

independent testing (R² = 0.817), the model still demonstrated good generalization to unseen locations. 

Higher uncertainty at elevated NO₂ levels reflects localized emission sources such as traffic and industrial 

activities. These results confirm the spatial heterogeneity of NO₂ and support the suitability of RF for urban 

air quality estimation, The findings are consistent with [27] that reported strong RF performance in PM₂.₅ 

prediction with an R2 of 0.73. highlighting its potential for environmental management and urban planning 

in Nigerian cities. 
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Figure 3: Predicted NO2 

 
Figure 4: Scatter Plots of Performance Metrics 

3.2 Results of Global SHAP Importance 

The global SHAP importance for each factor was calculated in R and the results are presented in Table 2. 
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Table 2: Global SHAP Importance 

Feature MeanAbsSHAP Percentage 

Proximity to industrial site 0.000001288 47.97 

Proximity to infrastructure 0.000000397 14.79 

Proximity to road 0.000000388 14.45 

NDWI 0.000000225 8.38 

NDVI 0.000000106 3.95 

LST 0.000000105 3.91 

NDBaI 0.000000094 3.50 

NDBI 0.000000082 3.05 

Total 0.000002685 100 

 

The SHAP analysis in Table 2 indicates that proximity to industrial sites is the most influential predictor 

of NO₂ concentrations in Kaduna Metropolis, contributing nearly 48% to the model’s overall impact and 

highlighting the central role of industrial emissions from manufacturing, fuel combustion, and heavy 

machinery. Proximity to infrastructure (≈15%) and roads (≈14%) were the next most influential factors, 

highlighting the significant impact of transportation corridors and traffic on urban air quality, consistent 

with [4]. Among environmental variables, NDWI (≈8%) showed a noticeable effect, suggesting that surface 

moisture and water bodies can influence pollutant dispersion. NDVI (≈4%) indicated that vegetation 

provides some mitigation of NO₂ through absorption and improved air circulation, although its effect is 

comparatively small relative to anthropogenic sources. Land Surface Temperature (LST, ≈4%) contributed 

modestly, reflecting interactions between urban heat and pollutant accumulation, in line with findings by 

[10]. Built-up indices (NDBaI ≈3.5%, NDBI ≈3%) had weaker direct effects but remain relevant for 

characterizing urban expansion and its indirect influence on pollution through increased human activity 

and altered microclimates. 

3.3 Results of SHAP Dependence Plots 

The SHAP dependence plots presented in Figure 5 reveal that proximity to industrial sites is the strongest 

contributor, with a mean absolute SHAP value of 1.288 × 10⁻⁶, displaying a clear nonlinear negative trend 

in which predicted NO₂ levels decrease as distance from industrial areas increases. Similarly, proximity to 

roads with a SHAP value of 3.88 × 10⁻⁷ exhibited a positive association with NO₂, reflecting the impact of 

traffic-related emissions, while the spread of SHAP values at higher road influence suggests interactions 

with nearby industrial activity. Proximity to infrastructure with a SHAP value of 3.97 × 10⁻⁷ also 

contributed significantly, confirming that anthropogenic sources, including industrial operations and 

transportation, are dominant drivers of NO₂ pollution in the metropolis. These patterns are consistent with 
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[4], who reported strong positive correlations between NO₂ concentrations, industrial density, and road 

density in urban areas. 

Among environmental variables, NDWI with a SHAP value of 2.25 × 10⁻⁷ showed a positive response, 

indicating that wetter surfaces or areas near water bodies may facilitate pollutant accumulation or influence 

dispersion. In contrast, NDVI with a SHAP value of 1.06 × 10⁻⁷ exhibited a negative effect, highlighting 

vegetation’s mitigating role through pollutant absorption and enhanced urban ventilation. Land Surface 

Temperature with a SHAP value of 1.05 × 10⁻⁷ displayed a positive nonlinear trend, particularly beyond 

37 to 38 degrees Celsius, suggesting that warmer urban surfaces amplify NO₂ accumulation via urban heat 

island effects. These findings align with [10], who observed interactions between urban temperature 

dynamics and air pollution in machine learning-based predictions. Built-up indices NDBaI with a SHAP 

value of 9.4 × 10⁻⁸ and NDBI with a SHAP value of 8.2 × 10⁻⁸ showed weaker, more complex nonlinear 

effects. NDBI largely had a negative relationship with SHAP values, indicating that dense built-up areas 

only increase NO₂ in combination with intense anthropogenic activities. 

 
Figure 5: SHAP Dependence Plots 
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Conclusion 

This study demonstrated that the Random Forest model can effectively predict NO₂ concentrations in 

Kaduna Metropolis, capturing complex nonlinear relationships between air pollution and environmental 

predictors. Proximity to industrial sites, infrastructure, and major roads emerged as the primary drivers of 

NO₂, underscoring the dominant role of human activities in shaping urban air quality. Environmental 

factors such as vegetation, water, land surface temperature, and built-up indices also influenced NO₂ levels, 

though to a lesser extent. These findings highlight the need for strengthened industrial emission controls, 

improved transportation management, and the integration of green infrastructure in urban planning. 

Implementing such measures can support more effective mitigation of air pollution and enhance public 

health outcomes in Kaduna Metropolis. Furthermore, future studies should integrate seasonal 

meteorological variables, higher-resolution emission datasets, and ground-based monitoring observations 

to improve model performance and support more effective air quality management strategies in Kaduna 

Metropolis, Nigeria. 
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