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Accurate estimation of surface PM2.5 across Nigeria remains challenging because 

satellite AOD and global reanalysis products alone cannot adequately represent near-

surface particulate concentrations owing to complex aerosol-meteorology interactions, 

regional transport, and limited ground observations for calibration. This study addresses 

these limitations by developing a multi-source data fusion framework based on the 

Random Forest (RF) algorithm that integrates low-cost sensor measurements, satellite 

observations, atmospheric composition, meteorological variables, and reanalysis data to 

improve PM2.5 estimation. Ground-based observations from Purple Air and Clarity 

sensors were combined with satellite-derived aerosol optical depth, atmospheric trace 

gases, meteorological variables, and MERRA-2 reanalysis products. The RF model was 

trained and evaluated using a spatial cross-validation (leave location out) framework and 

assessed using RMSE, MAE, coefficient of determination (R²), Index of Agreement 

(IOA), and correlation coefficient. The RF model consistently outperformed MERRA-2 

across all monitoring stations, yielding substantially lower prediction errors (RMSE: 14-

35 µg m⁻³ versus 30-126 µg m⁻³; MAE: 9-31 µg m⁻³ versus 18-89 µg m⁻³) and stronger 

agreement with observations (IOA up to 0.68). Whereas MERRA-2 produced large 

negative R² values at several locations, the RF model achieved improved predictive 

performance, including a positive R² of 0.29 in Lagos and higher correlation coefficients 

across most stations. Feature importance analysis identified relative humidity as the 

dominant predictor, followed by MERRA-2 PM2.5, O3, NO2, and AOD, highlighting the 

combined influence of aerosol hygroscopic growth, atmospheric chemistry, and regional 

transport. These findings demonstrate that multi-source machine learning data fusion 

substantially improves surface PM2.5 estimation over Nigeria with scalable framework 

for air quality assessment. 

 Keywords: 
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INTRODUCTION 

Air pollution is one of the most significant environmental 

health risks worldwide, with fine particulate matter (PM2.5) 

identified as a major contributor to global morbidity and 

premature mortality (Ouarma et al., 2020; Malings et al., 

2021; Awokola et al., 2022; Suriano et al., 2024; Kunjir et al., 

2025). PM2.5 consists of particles with aerodynamic diameters 

smaller than 2.5 μm that can penetrate deep into the 

respiratory system and enter the bloodstream, triggering a 

wide range of adverse health outcomes including 

cardiovascular disease, chronic obstructive pulmonary 

disease, lung cancer, and respiratory infections (Yahaya et al., 

2023; Zhou et al., 2023). According to World Health 

Organization, exposure to ambient air pollution is the reason 

for millions of premature deaths annually (WHO, 2021), 

making it one of the leading environmental risk factors 

globally. Large-scale epidemiological assessments such as the 

Global Burden of Disease Study have consistently 

demonstrated strong associations between long-term 

exposure to PM2.5 and increased mortality rates across 

multiple regions of the world (Pendergrass et al., 2022; 

Amooli et al., 2024). In addition to human health impacts, 

particulate matter also influences climate processes, 

atmospheric chemistry, and ecosystem functioning (Geng et 

al., 2021). Rapid urbanization, industrialization, and 

increased energy consumption in many developing regions 

have further intensified the challenges associated with air 

pollution management (Ouarma et al., 2020; Kunjir et al., 

2025). Consequently, understanding the spatial and temporal 

distribution of PM2.5 concentrations has become a central 

priority in atmospheric science, environmental policy, and 

public health research. 

Nigeria represents one of the most challenging environments 

for surface PM2.5 estimation because air quality is controlled 

by multiple interacting natural and anthropogenic emission 

sources that vary considerably across space and time. During 

the dry Harmattan season, large quantities of mineral dust 

originating from the Sahara Desert are transported over the 

country, substantially increasing aerosol loading, particularly 

across northern Nigeria (Prospero et al., 2002; Horowitz et 

al., 2017; Ogunjobi & Awoleye, 2019). In addition, seasonal 

biomass burning associated with agricultural land clearing 

and wildfires contributes large amounts of fine particulate 

matter and trace gases to the atmosphere (Liousse et al., 2014; 
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Marais & Wiedinmyer, 2016; Zhang et al., 2021). Rapid 

urbanization, increasing vehicular traffic, industrial 

emissions, power generation, open waste burning, and 

widespread reliance on biomass fuels for domestic cooking 

further exacerbate particulate pollution, especially within 

major urban centers such as Lagos, Kano, Port Harcourt, and 

Abuja (Aladodo et al., 2022; Amegah & Agyei-Mensah, 

2017; B. I. Awokola et al., 2022; Zhou et al., 2023). 

These diverse emission sources interact with complex 

meteorological processes, including seasonal rainfall, 

atmospheric stability, boundary layer dynamics, and 

humidity-induced aerosol hygroscopic growth, producing 

substantial spatial and temporal variability in surface PM2.5 

concentrations. However, Nigeria possesses only a limited 

number of long-term regulatory monitoring stations, resulting 

in sparse observational data for model development and 

validation (Alani et al., 2019; Petkova et al., 2013; Aladodo 

et al., 2022). Consequently, most air quality assessments rely 

on satellite observations, atmospheric reanalysis products, or 

chemical transport models. While these global products 

provide valuable regional information, they often 

inadequately represent localized emission sources, urban 

pollution hotspots, and the complex aerosol mixtures 

characteristic of Nigeria because of their coarse spatial 

resolution and generalized parameterizations. Therefore, 

PM2.5 estimation approaches developed for Europe, North 

America, or East Asia cannot be directly transferred to 

Nigeria without incorporating region-specific observational 

data and locally relevant predictors. 

To overcome limitations associated with sparse ground 

monitoring networks, satellite observations and atmospheric 

reanalysis datasets have increasingly been used to estimate air 

pollutant concentrations over large spatial domains (Gelaro et 

al., 2017). Satellite instruments provide global measurements 

of atmospheric properties such as aerosol optical depth 

(AOD), which can serve as an important proxy for particulate 

matter concentrations when combined with appropriate 

modeling frameworks (Van Donkelaar et al., 2006; Gupta et 

al., 2013; Van Donkelaar et al., 2016). In addition to satellite 

observations, atmospheric reanalysis products integrate 

satellite data, meteorological observations, and chemical 

transport models to generate continuous global datasets 

describing atmospheric composition (Randles et al., 2017). 

One widely used dataset is the Modern-Era Retrospective 

analysis for Research and Applications Version 2 (MERRA-

2) produced by NASA. MERRA-2 assimilates satellite 

observations into a comprehensive atmospheric modeling 

system to provide global estimates of aerosol properties and 

particulate matter concentrations (Buchard et al., 2017; 

Gelaro et al., 2017).  

Although satellite observations and atmospheric reanalysis 

products have greatly improved regional air quality 

assessment, their direct application to Nigeria remains 

challenging. Satellite AOD represents the total atmospheric 

aerosol column rather than near-surface PM2.5 concentrations, 

and the relationship between AOD and surface particulate 

matter is strongly influenced by aerosol composition, relative 

humidity, planetary boundary layer height, and vertical 

aerosol distribution (Hammer et al., 2020; Van Donkelaar et 

al., 2016). Likewise, the coarse spatial resolution of global 

reanalysis products such as MERRA-2 often fails to resolve 

localized emission sources, roadside pollution, industrial 

activities, and rapidly changing urban environments that 

characterize many Nigerian cities (Buchard et al., 2017; 

Gelaro et al., 2017). Furthermore, global models are not 

specifically calibrated for Nigeria's unique combination of 

Harmattan dust, biomass-burning aerosols, and anthropogenic 

emissions, which introduces additional uncertainty into 

surface PM2.5 estimates (Idris et al., 2025). These limitations 

highlight the need for regionally adapted modelling 

frameworks capable of integrating multiple observational 

datasets to improve PM2.5 prediction accuracy. To address 

these limitations, this study develops a multi-source machine 

learning framework that integrates satellite observations, 

atmospheric reanalysis products, meteorological variables, 

atmospheric trace gases, and low-cost sensor measurements 

within a Random Forest model to improve surface PM2.5 

estimation across Nigeria. 

Unlike conventional statistical approaches, machine learning 

algorithms can capture the complex nonlinear relationships 

among aerosol loading, meteorological conditions, 

atmospheric chemistry, land surface characteristics, and 

surface PM2.5 concentrations (Chen et al., 2018; Di et al., 

2019). This capability is particularly important in Nigeria, 

where PM2.5 levels are influenced by seasonally varying 

Harmattan dust, biomass-burning aerosols, traffic emissions, 

industrial activities, and rapidly changing meteorological 

conditions. Among machine learning algorithms, Random 

Forest (RF) has demonstrated excellent performance because 

of its robustness to noisy datasets, ability to model nonlinear 

interactions, resistance to overfitting, and capacity to handle 

high-dimensional environmental predictors (Breiman, 2001; 

Chen et al., 2018). Previous studies have successfully applied 

RF and other machine learning methods to estimate PM2.5 in 

North America, Europe, and Asia using combinations of 

satellite aerosol optical depth, meteorological variables, land-

use characteristics, and ground (Yan et al., 2017; Di et al., 

2019; Vignesh et al., 2023; Raheja et al., 2023; Mathew et al., 

2023; Abuouelezz et al., 2025; Muhammad & Ahmad, 2025). 

However, relatively few studies have evaluated such 

integrated frameworks in Nigeria, where aerosol composition, 

emission characteristics, and monitoring infrastructure differ 

substantially from those in regions where most existing 

models have been developed. 

Despite recent advances in machine learning-based PM2.5 

estimation, limited research has developed and evaluated 

integrated multi-source prediction frameworks specifically 

for Nigeria using low-cost sensor observations, satellite 

aerosol products, atmospheric composition variables, 

meteorological parameters, and reanalysis datasets. 

Consequently, the applicability of globally developed PM2.5 

estimation models to Nigeria remains uncertain. This study 

addresses this gap by developing a Random Forest framework 

that integrates ground-based measurements from Purple Air 

and Clarity sensors with satellite-derived aerosol optical 

depth, atmospheric trace gases, meteorological variables, and 

MERRA-2 reanalysis data to estimate surface PM2.5 

concentrations across multiple monitoring stations in Nigeria. 

Model performance is evaluated using group K-fold cross 

validation framework leaving one location out and compared 

with MERRA-2 reanalysis estimates to determine whether 

multi-source machine learning can improve PM2.5 prediction 

in a data-sparse environment. Specifically, the study aims to: 

(i) develop a Random Forest model for estimating surface 

PM2.5 concentrations in Nigeria; (ii) compare Random Forest 

predictions with MERRA-2 PM2.5 estimates in Nigeria; (iii) 

evaluate model performance across multiple monitoring 

stations using standard statistical metrics; and (iv) examine 

the temporal variability of predicted and observed PM2.5 

concentrations. 
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MATERIALS AND METHODS 

Study Area 

This study focuses on monitoring locations distributed across 

regions of West Africa, an area characterized by diverse 

climatic conditions, rapidly expanding urban centers, and 

increasing anthropogenic emissions. West Africa experiences 

complex atmospheric dynamics driven by seasonal monsoon 

circulation, Saharan dust transport, biomass burning, and 

urban emissions (Jenkins et al., 2023). These processes 

contribute to significant spatial and temporal variability in 

particulate matter concentrations across the region(Zhang et 

al., 2021; Awokola et al., 2022). Rapid urbanization and 

population growth in many West African cities have resulted 

in increasing emissions from transportation, industrial 

activities, open waste burning, and residential fuel 

combustion (Liousse et al., 2014; Malings et al., 2020; 

Awokola et al., 2022). At the same time, natural sources such 

as desert dust originating from the Sahara desert frequently 

influence regional air quality, particularly during dry seasons 

(Jenkins et al., 2023). These factors create a highly variable 

atmospheric environment that presents challenges for 

accurately estimating particulate matter concentrations using 

coarse-resolution atmospheric datasets alone. Understanding 

the distribution and drivers of PM2.5 in West Africa is 

therefore essential for assessing population exposure and 

supporting air quality management strategies in the region 

(Liousse et al., 2014). However, the limited availability of 

long-term ground monitoring networks has hindered 

comprehensive assessments of particulate matter 

concentrations across the region(Ogunjobi & Awoleye, 2019; 

Sharafa et al., 2020; Aladodo et al., 2022). Nigeria for 

example (Figure 1). 

 

 
Figure 1: Stations Considered in the Study Over Nigeria, 

Representing a Region in West Africa 

 

Ground-Based PM2.5 Observations 

Ground-based particulate matter observations were obtained 

from 7 monitoring stations across Nigeria using Purple Air 

and Clarity sensors. These low-cost optical sensors estimate 

PM2.5 concentrations based on light-scattering measurements, 

which are inherently sensitive to ambient environmental 

conditions, particularly relative humidity (Ardon-Dryer et al., 

2020). The dataset used in this study is PM2.5 concentrations 

(Table 1). Since no additional post-deployment calibration 

was applied beyond manufacturer-provided corrections, the 

measurements reflect factory-calibrated outputs. However, 

the influence of relative humidity on particle hygroscopic 

growth and optical scattering can be represented as: 

𝑃𝑀2.5
𝑜𝑏𝑠 = 𝑓(𝑃𝑀𝑑𝑟𝑦𝑅𝐻)   (1) 

where 𝑃𝑀2.5
𝑜𝑏𝑠 denotes the measured concentration and 𝑃𝑀𝑑𝑟𝑦 

represents the dry aerosol mass. Quality control procedures 

were implemented to ensure data integrity, including the 

removal of missing and non-physical observations, and 

records with missing PM2.5 values were excluded to maintain 

consistency in model development (Ardon-Dryer et al., 

2020). Low-cost air quality sensors have increasingly been 

used to complement sparse regulatory monitoring networks, 

particularly in data-limited regions (Nobell et al., 2023). 

Although such sensors may exhibit systematic biases relative 

to reference-grade instruments, previous studies (Castell et 

al., 2017; Kelly et al., 2017; Nobell et al., 2023; Raheja et al., 

2023) demonstrate that manufacturer-calibrated data can still 

provide valuable insights for air quality assessment when 

appropriate quality control procedures are applied. 

 

Atmospheric Reanalysis Data 

To complement the ground-based observations, this study 

utilizes particulate matter estimates from the Modern-Era 

Retrospective analysis for Research and Applications Version 

2 (MERRA-2) reanalysis dataset produced by NASA. The 

MERRA-2 is a long-term global reanalysis developed by 

NASA’s Goddard Earth Observing System and Global 

Modeling and Assimilation Office, providing meteorological 

and aerosol parameters from 1980 to present (Gelaro et al., 

2017). It employs the GEOS atmospheric model with 

resolution of approximately 50 × 65 km (0.5° latitude and 

0.625° longitude) (Table 1) and 72 vertical layers extending 

from the surface to 0.01 hPa (Colarco et al., 2010; Rienecker 

et al., 2011; Sayeed et al., 2022). Atmospheric conditions are 

updated using a three-dimensional variational data 

assimilation system (3D-Var) based on the Grid point 

Statistical Interpolation scheme with a 6-hour cycle, 

incorporating observations through incremental analysis 

update (Rienecker et al., 2011). MERRA-2 assimilates bias-

corrected aerosol optical depth (AOD) at 550 nm from 

multiple satellite and ground-based sources, including 

MODIS, MISR, AVHRR, and AERONET, though data 

availability varies over time (Randles et al., 2017). Aerosol 

species dust, sea salt, black carbon (BC), organic carbon 

(OC), and sulfate (SO4) are simulated using the GOCART 
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model coupled with GEOS (Colarco et al., 2010). Surface 

PM2.5 is then diagnostically derived as the sum of these 

components, expressed in Equation 2: (Buchard et al., 2015; 

Randles et al., 2017).  

𝑃𝑀2.5 = 𝐷𝑈𝑆𝑇2.5 + 𝑆𝑆2.5 + 𝐵𝐶2.5 + 𝑂𝐶2.5 + 1.375 X 𝑆𝑂4 

     (2) 

where the sulfate term is scaled to account for ammonium 

sulfate formation and total PM2.5 represents the sum of dust, 

sea salt, black carbon, organic carbon, and sulfate aerosols 

(Randles et al., 2017). 

 

Table 1: The General Information of Input Datasets Used in PM2.5 Prediction Models 

Category Dataset Variable Unit Resolution 

Ground-PM2.5 

Observations 

Purple Air, Clarity PM2.5 (target variable) ug/m3 Daily 

Satellites MODIS AQUA, 

OMI 

AOD, NO2, SO2, O3 DU, mol/cm3 10, 0.250 

daily 

Meteorological 

data 

MERRA-2 

reanalysis, GP 

Models 

Temperature, Relative Humidity, Solar 

Radiation, Wind Speed, Rainfall 

0C, %, w/m2, 

m/s, mm/day 

0.5x0.6250, 

10 daily 

 

Methodology 

Data Preprocessing 

The PM2.5 prediction framework integrated multi-source 

datasets comprising ground-based observations from Purple 

Air and Clarity (daily PM2.5, µg m⁻³), satellite products from 

MODIS AQUA and OMI (AOD and trace gases NO₂, SO₂, O₃ 

in DU and mol cm⁻² at ~10 km and 0.25° daily resolution), 

and meteorological variables (temperature, relative humidity, 

solar radiation, rainfall, and wind speed) obtained from 

ground sensors, MERRA-2, and GP models (0.5° × 0.625°) 

as shown in Table 1. Data treatment involved quality control, 

where extreme non-physical PM2.5 values (>500 µg m⁻³) from 

low-cost sensors were removed to reduce bias, stabilize 

regression and machine learning training. Short data gaps (≤4 

days) across all datasets were filled using local mean 

imputation to preserve temporal continuity while minimizing 

distortion of variability, whereas longer gaps were excluded 

in line with World Meteorological Organization (WMO) and 

U.S. Environmental Protection Agency (EPA) 

recommendations. A structured preprocessing workflow 

excluded PM1 and PM10 to prevent data leakage, treated 

invalid atmospheric composition data, and to ensure all 

features contribute equally to machine learning model Min-

Max normalization (equation 3) was applied for numerical 

stability, it is important because it prevents features with 

larger magnitudes from dominating others. Feature 

engineering incorporated physically meaningful predictors, 

including AOD-relative humidity interaction terms, seasonal 

cyclic components, autoregressive PM2.5 lags (1-, 3-, and 7-

day), and MERRA-2 PM2.5 for hybrid modeling. Finally, the 

dataset was partitioned using a time-ordered 80/20 train test 

split to prevent temporal leakage and ensure strong 

generalization, supported by exploratory data analysis like 

statistical summaries, correlations, and spatial visualization to 

validate data consistency and predictor-response relationships 

prior to model development. 

𝑥𝑛𝑒𝑤 =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
    (3) 

where 𝑥𝑛𝑒𝑤  is the normalized feature, 𝑥𝑚𝑖𝑛, minimum value 

of the feature and 𝑥𝑚𝑎𝑥  maximum value of the feature. 

Autoregressive predictors (e.g., lag-1, lag-3, and lag-7 PM2.5) 

were computed exclusively from historical observations 

preceding each prediction time step. To avoid information 

leakage, lag variables were generated without using future 

observations, and model evaluation was conducted using a 

leave-one-location-out Group K-Fold cross-validation 

framework in which the validation station was completely 

excluded from model training. Records lacking sufficient 

historical observations to compute the required lag values 

were omitted from model development rather than being filled 

using information from subsequent observations. 

 

Overview of the Random Forest (RF) Modelling Framework 

The modelling framework integrates satellite Aerosol Optical 

Depth (AOD), low-cost sensor data (Purple Air/Clarity), and 

meteorological variables (e.g., relative humidity, temperature, 

wind speed, atmospheric gases) to estimate surface PM2.5 

concentrations across the stations. The Random Forests (RF) 

modelling technique is a non-parametric ensemble method 

that captures the aerosol-meteorology system, allowing it to 

get the nonlinear relationships between predictors and PM2.5. 

RF constructs an ensemble of decision trees using bootstrap 

resampling, with random predictor selection at each split to 

reduce overfitting (Breiman, 2001). 

The RF prediction for an input 𝑥 is: 

𝑦̂(𝑥) =
1

𝐵
∑ 𝑇𝑏(𝑥)𝐵

𝑏=𝐼    (4) 

where 𝑇𝑏(𝑥) is the prediction from tree b and 𝐵 is the 

number of trees. 

In this study, RF was trained using equation (4) a cross-

validation strategy to preserve temporal structure. RF is 

particularly effective for: nonlinear AOD-PM2.5 relationships, 

humidity-dependent aerosol growth and seasonal dust and 

biomass-burning dynamics common in West Africa. 

The Random Forest model was employed using the scikit-

learn machine learning library in Python (Pedregosa et al., 

2011) and Hyperparameters were retained at their default 

scikit-learn settings except where explicitly stated. The model 

configuration included multiple decision trees, bootstrap 

aggregation, and feature sampling to improve generalization 

performance. Predictor variables included atmospheric and 

environmental variables such as (MODIS satellite AOD, 

Relative Humidity, Temperature, Wind Speed, Atmospheric 

gases, MERRA-2 PM2.5 estimates and other relevant 

predictors derived from the dataset. 

 

Cross-Validation Strategy 

To ensure better model evaluation and avoid spatial data 

leakage, a grouped cross-validation strategy was implemented 

using the Group K Fold approach (Roberts et al., 2017; Ploton 

et al., 2020). In this framework, all models were used with 

their default parameters and observations belonging to the 

same monitoring station are grouped together so that all data 

from a given station are either included in the training set or 

the testing set within each fold. This approach is particularly 

important for environmental datasets that exhibit spatial 

dependence, as traditional random cross-validation might lead 

to too optimistic model performance estimates when nearby 

observations are included in both training and testing subsets 
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approach (Roberts et al., 2017; Ploton et al., 2020). The 

grouped cross-validation procedure was implemented using 

seven folds, allowing the model to be trained and evaluated 

across multiple station combinations while maintaining 

independence between training and testing data. 

Hence, Model evaluation followed a multi-stage validation 

framework. During model development, a chronological 

80/20 split and Time-Series-Split were used to preserve 

temporal ordering during model training and hyperparameter 

optimization. The final model evaluation was performed 

using a leave-one-location-out Group-K-Fold cross-

validation approach, in which one monitoring station was 

excluded entirely for validation while the remaining stations 

were used for training. This strategy was selected to assess the 

spatial generalizability of the proposed framework to unseen 

monitoring locations. Hyperparameter optimization was 

performed prior to the final Group-K-Fold evaluation; 

therefore, a fully nested cross-validation framework was not 

implemented. 

 

Modeling Evaluation 

Model performance was evaluated using root mean square 

error (RMSE), mean absolute error (MAE), coefficient of 

determination (R²), Pearson correlation coefficient, and the 

index of agreement (IOA) using equations 5, 6, 7 and 8 

respectively (Wilks, 2006; Willmott & Matsuura, 2005). 

These metrics provide complementary information regarding 

model accuracy, error magnitude, and agreement between 

predicted and observed PM2.5 concentrations (Willmott, 

1981). While MAE and RMSE quantify the magnitude of 

prediction errors, R² and the correlation coefficient measure 

the strength of the relationship between predicted and 

observed values. The index of agreement provides an 

additional measure of model performance by evaluating how 

closely predicted values match observations relative to the 

variability in the observed dataset. Using multiple 

performance metrics allows for a comprehensive evaluation 

of the Random Forest model and facilitates comparison with 

the baseline MERRA-2 PM2.5 estimates as widely used in air 

quality modeling studies (Emery et al., 2017).  

i. Root Mean Square Error (RMSE):  

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑃𝑖 − 𝑂𝑖)2𝑛

𝑖=1   (5) 

ii. Mean Absolute Error (MAE):  

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑃𝑖 − 𝑂𝑖|𝑛

𝑖=1    (6) 

iii. Correlation Coefficient (R2):   

𝑅2 = 1 −
∑ (𝑂𝑖−𝑃𝑖)2𝑛

𝑖=1

∑ (𝑂𝑖−𝑂̅)2𝑛
𝑖=1

   (7) 

iv. index of agreement (IOA):   

𝑑 = 1 −
∑ (𝑃𝑖−𝑂𝑖)2𝑛

𝑖=1

∑ (|𝑃𝑖−𝑂̅| + |𝑂𝑖−𝑂̅|)2𝑛
𝑖=1

   (8) 

v. Seasonal Stability Index (SSI):  

𝑆𝑆𝐼 =
|𝑅𝑀𝑆𝐸𝐷𝑟𝑦−𝑅𝑀𝑆𝐸𝑊𝑒𝑡|

𝑅𝑀𝑆𝐸𝐴𝑛𝑛𝑢𝑎𝑙
     (9) 

where Pi is the predicted values, Oi is the observed values and 

n is the total number of measurements at a particular site. In 

this way, these metrics offer a comprehensive evaluation of 

model performance by quantifying prediction accuracy, 

variability explained, and systematic error, which is essential 

for assessing the reliability of AOD-PM2.5 machine learning 

models and their consistency with ground-based observations 

and reanalysis products (Willmott & Matsuura, 2005). 

 

RESULTS AND DISCUSSION 

Descriptive Statistics of Predictor Variables 

Table 2. summarizes the descriptive statistics of the variables 

used to develop the Random Forest (RF) model for estimating 

surface PM2.5 concentrations. A total of 9,455 observations 

were used in the modeling framework, providing a 

sufficiently large dataset for machine learning analysis. The 

observed atmospheric PM2.5 concentration (PM2.5_atm) 

shows substantial variability across the study region, with 

values ranging from 0 to 332.2 µg m⁻³ and an average 

concentration of 32.60 µg m⁻³. These values exceed the 

annual guideline limits recommended by the World Health 

Organization, highlighting the potential public health 

implications of particulate pollution across the study region. 

Aerosol optical depth (AOD) values exhibit considerable 

variability, with a mean of 0.46 and a maximum of 3.5, 

reflecting episodic aerosol loading events such as desert dust 

transport and biomass burning. Meteorological variables also 

show significant variability across the dataset. Solar radiation 

ranged between 42.84 and 324.71 W m⁻², while relative 

humidity varied from 4% to 99.5%, indicating diverse 

atmospheric conditions influencing aerosol formation and 

removal processes. Rainfall values ranged from 0 to 220.61 

mm, suggesting that wet deposition processes may play an 

important role in modulating particulate matter 

concentrations. Atmospheric chemical species also exhibited 

notable variability. Nitrogen dioxide (NO₂) and ozone (O₃) 

concentrations varied widely, indicating the influence of 

urban emissions and photochemical processes on air quality. 

Wind speed values ranged from 0.96 to 10.89 m s⁻¹, which 

can significantly affect pollutant dispersion and atmospheric 

mixing. The reanalysis-derived PM2.5 estimates from the 

MERRA-2 show a mean value of 50.72 µg m⁻³, which is 

considerably higher than the observed mean PM2.5 

concentration suggesting potential biases associated with the 

coarse spatial resolution of the dataset. Hence, the wide range 

of values observed in the predictor variables provides 

sufficient variability for training the Random Forest model. 

 

Table 2: Descriptive Statistics of Datasets Used in the Random Forest Model 

Variable Mean Std Min 25% Median 75% Max 

PM2.5_atm (µg m⁻³) 32.60 26.79 0 13.7 26.8 43.3 332.2 

AOD (Unitless) 0.46 0.32 -0.016 0.266 0.367 0.551 3.5 

Solar Radiation (W m⁻²) 184.64 55.64 42.84 138.04 186.86 230.02 324.71 

Relative Humidity (%) 57.85 21.91 4 43.13 62 77 99.5 

Rainfall (mm) 5.33 13.49 0 0 0.155 4.115 220.61 

NO₂ (DU) 7.86×10¹⁴ 1.07×10¹⁵ −9.15×10¹⁵ 2.53×10¹⁴ 7.12×10¹⁴ 1.30×10¹⁵ 9.49×10¹⁵ 

SO₂ (DU) 0.031 0.194 -1.12 -0.08 0.025 0.132 1.32 

Wind Speed (m s⁻¹) 4.45 1.47 0.96 3.40 4.23 5.28 10.89 

O₃ (DU) 268.88 10.97 235.2 261.1 269.8 277.15 305.5 

MERRA-2 PM2.5(µg m⁻³) 50.72 55.74 3.25 15.56 31.05 62.63 540.01 
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Correlation Analysis 

The correlation matrix (Figure 2) provides clear insight into 

the relationships between PM2.5 concentrations and the 

predictor variables used in the Random Forest model. 

Moderate positive correlations were observed between 

observed PM2.5 and several environmental variables, 

including aerosol optical depth (AOD) (r = 0.25) and nitrogen 

dioxide (NO₂) (r = 0.24), indicating that increased aerosol 

loading and anthropogenic emissions may contribute to 

elevated particulate matter concentrations.  

The strongest positive association with PM2.5 was observed 

with reanalysis-derived PM2.5 from MERRA-2 dataset (r = 

0.40), suggesting that large-scale atmospheric processes 

captured by the reanalysis dataset are partially consistent with 

ground observations. Also, Negative correlations were 

observed between PM2.5 and relative humidity (r = −0.43) as 

well as ozone (r = −0.31). The inverse relationship with 

relative humidity may reflect enhanced removal processes 

such as wet deposition or atmospheric dilution during humid 

conditions. Similarly, the negative correlation between PM2.5 

and ozone may be associated with photochemical interactions 

and differing atmospheric formation mechanisms. Solar 

radiation exhibited moderate correlations with several 

variables, including longitude (r = 0.45) and relative humidity 

(r = −0.56), reflecting regional atmospheric dynamics and 

seasonal variations. Relative humidity also showed a strong 

negative correlation with longitude (r = −0.75), suggesting 

spatial gradients in atmospheric moisture across the study 

area. Hence, the correlation analysis indicates that PM2.5 

concentrations in the study region are influenced by a 

combination of aerosol loading, meteorological conditions, 

and atmospheric chemistry. The relatively moderate 

correlations among predictors also suggest limited 

multicollinearity, which is useful for machine learning 

modeling such as Random Forest. 

 

 
Figure 2: Statistical Correlations Between the Variables Used in the Model 

Development 

 

Temporal Variability of PM2.5 Concentrations 

Temporal analysis of observed and predicted PM2.5 

concentrations reveals pronounced variability across the 

study period Figure 3. Both the RF model predictions and 

observational data capture fluctuations in particulate matter 

levels that may be associated with meteorological conditions, 

emission patterns, and regional atmospheric transport 

processes. Seasonal variability is a prominent feature of air 

quality across West Africa. During the dry season, increased 

dust transport from the Sahara Desert and biomass burning 

activities can elevate particulate matter concentrations. 

Conversely, during the wet season, precipitation and 

enhanced atmospheric mixing often reduce particulate matter 

levels through wet deposition and dispersion processes 

(Knippertz & Todd, 2012). 

The RF model successfully reproduced many of these 

temporal patterns, suggesting that the predictor variables 

incorporated in the modeling framework adequately represent 

key environmental drivers of PM2.5 variability. The ability of 

the model to track temporal changes further highlights the 

potential of machine learning approaches for monitoring air 

quality dynamics in data-sparse regions (Liousse et al., 2014).
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Figure 3: Diurnal Variations Plots Comparison Between Observed, RF Models and MERRA-2 PM2.5 for the 

Stations over Nigeria 

 

 
Figure 4: Scattered Plots of the Predicted and the Observed PM2.5 Concentrations for the Stations (a, b, c, d, e 

and f) Representing Abuja, Anyigba, Uniben, Lagos Lekki, Unibadan and Calabar Respectively 

 

Model Performance Across Monitoring Stations 

Table 3 presents the performance metrics for the Random 

Forest model and the MERRA-2 reanalysis dataset across the 

monitoring stations used in this study. Model performance 

was evaluated using multiple statistical metrics including 

RMSE, MAE, R², IOA, and r. The model performance results 

indicated that the Random Forest model generally 

outperforms the reanalysis-based estimates from the 

MERRA-2 dataset across most monitoring stations. In 

particular, the RF model produced lower MAE and RMSE 

values at nearly all locations, suggesting improved agreement 

with ground observations. The best model performance was 

observed in Lagos, where the RF model achieved an R² value 

of 0.29 and relatively low error metrics (RMSE = 14.40 µg 

m⁻³) as shown in Figure 4. This result may reflect stronger 

relationships between predictor variables and PM2.5 
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concentrations in densely populated urban environments 

where emission sources are more consistent. In contrast, 

stations such as Maiduguri and Anyigba exhibited weaker 

model performance, with negative R² values indicating that 

the model struggled to capture the variability in observed 

PM2.5 concentrations. These results may be associated with 

regional factors such as dust transport from the Sahara, 

limited training data, or complex atmospheric processes that 

are not fully represented by the predictor variables since all 

performance statistics reported in Table 3 were computed 

from the same final model evaluation used to generate the 

station-specific scatter plots, ensuring consistency between 

the quantitative metrics and graphical results. Despite these 

limitations, the Random Forest model consistently produced 

smaller prediction errors compared with the MERRA-2 

dataset, highlighting the advantages of machine learning 

approaches for improving air quality estimation at local 

scales.

 

Table 3: Random Forest Model Performance in Comparison to MERRA-2 PM2.5 

Station Model RMSE MAE R² IOA Correlation 

Abuja RF 29.26 20.99 -0.30 0.54 0.46 

MERRA-2 50.21 29.51 -2.83 0.47 0.37 

Anyigba RF 33.84 30.04 -0.301 0.49 0.50 

MERRA-2 55.95 37.26 -10.00 0.37 0.43 

UNIBEN RF 32.04 21.12 -0.09 0.53 0.61 

MERRA-2 36.10 25.18 -0.38 0.75 0.61 

Lagos RF 14.06 9.49 0.32 0.68 0.57 

MERRA-2 30.33 17.78 -2.16 0.64 0.61 

Unibadan RF 15.41 11.77 -0.06 0.64 0.52 

MERRA-2 37.10 22.52 -5.15 0.50 0.53 

Calabar RF 17.60 12.93 0.44 0.49 0.68 

MERRA-2 55.95 37.26 -10.00 0.37 0.43 

Maiduguri RF 33.17 28.98 -3.00 0.40 0.20 

MERRA-2 125.68 88.56 -56.43 0.21 0.47 

 

Model Performance Across Monitoring Stations 

The performance of the Random Forest (RF) model was 

evaluated across all monitoring stations and compared with 

PM2.5 estimates from the MERRA-2 reanalysis product 

(Table 3). Overall, the RF model consistently outperformed 

MERRA-2 in terms of prediction accuracy, yielding 

substantially lower Root Mean Square Error (RMSE) and 

Mean Absolute Error (MAE) values across all stations. For 

example, in Abuja, the RF model achieved an RMSE of 29.26 

µg m⁻³ and an MAE of 20.99 µg m⁻³, compared with 50.21 

µg m⁻³ and 29.51 µg m⁻³, respectively, for MERRA-2. Similar 

improvements were observed in Lagos, where the RF model 

reduced the RMSE from 30.33 to 14.06 µg m⁻³ and the MAE 

from 17.78 to 9.49 µg m⁻³, while in Unibadan, the RMSE 

decreased from 37.10 to 15.41 µg m⁻³ and the MAE from 

22.52 to 11.77 µg m⁻³. The largest improvement was recorded 

in Maiduguri, where the RF model reduced the RMSE from 

125.68 to 33.17 µg m⁻³ and the MAE from 88.56 to 28.98 µg 

m⁻³, demonstrating the substantial advantage of the machine 

learning framework over the coarse-resolution reanalysis 

product. 

Although the RF model consistently reduced prediction 

errors, its coefficient of determination (R2) varied across 

monitoring stations, reflecting differences in local 

atmospheric conditions and emission characteristics. Positive 

predictive skill was achieved in Calabar (R2 = 0.44) and Lagos 

(R2 = 0.32), indicating that the model successfully explained 

a meaningful proportion of the observed PM2.5 variability. In 

contrast, moderate negative R² values were obtained for 

Abuja (−0.30), UNIBEN (−0.09) and Unibadan (−0.06), 

while larger negative values occurred in Anyigba (−3.01) and 

Maiduguri (−3.00), suggesting that PM2.5 variability at these 

locations is influenced by complex atmospheric processes that 

remain difficult to capture. Nevertheless, the RF model 

consistently produced markedly higher R² values than 

MERRA-2, whose performance was particularly poor in 

Maiduguri (R2 = −56.43) and Anyigba (R² = −10.00), 

indicating limited capability for representing local pollution 

dynamics. 

The Index of Agreement (IOA) and Pearson correlation 

coefficient further demonstrate the superiority of the RF 

model. The highest agreement was observed in Lagos (IOA = 

0.68; r = 0.57) and Calabar (IOA = 0.49; r = 0.68), while 

UNIBEN recorded the strongest correlation (r = 0.61) despite 

a relatively modest IOA (0.53). Overall, RF achieved 

moderate to strong correlations ranging from 0.20 to 0.68, 

whereas MERRA-2 generally produced weaker predictive 

skill despite occasionally exhibiting comparable correlation 

values. An exception was UNIBEN, where MERRA-2 

showed a higher IOA (0.75) while maintaining the same 

correlation coefficient (r = 0.61) as the RF model, suggesting 

that the reanalysis product can reproduce broader regional 

aerosol behaviour in some coastal environments despite its 

larger prediction errors. 

The comparatively poorer performance of MERRA-2 is 

primarily attributable to its coarse spatial resolution 

(approximately 0.5° × 0.625°) and its representation of 

atmospheric processes at regional rather than local scales. 

Such resolution limits its ability to resolve highly 

heterogeneous emission sources, including urban traffic, 

industrial activities, domestic combustion, and land-use 

variability. In contrast, the RF model integrates ground-based 

observations with satellite-derived aerosol optical depth 

(AOD), atmospheric composition, and meteorological 

variables, enabling it to capture complex nonlinear 

relationships and local pollution characteristics more 

effectively. Overall, these results demonstrate that although 

both approaches have inherent limitations, the Random Forest 

framework provides more accurate and locally representative 

estimates of surface PM2.5 across Nigeria's diverse 

environmental settings. These findings agree with previous 

studies (e.g., Hu et al., 2017; Chen et al., 2018), which 

demonstrated that ensemble machine learning algorithms 

substantially improve air quality estimation by integrating 

multi-source environmental datasets. 
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Average Model Performance Metrics Across the Seven 

Monitoring Stations  

A comparative evaluation between the Random Forest (RF) 

model and the MERRA-2 reanalysis product demonstrates the 

superior predictive capability of the machine learning 

framework across the monitoring stations (Table 4). On 

average, the RF model achieved substantially lower 

prediction errors, with a mean MAE of 19.47 µg m⁻³ and 

RMSE of 25.77 µg m⁻³, compared with 36.87 µg m⁻³ and 

55.62 µg m⁻³, respectively, for MERRA-2. These results 

indicate that the RF model reduced both systematic and 

random prediction errors by approximately one-half relative 

to the reanalysis product, demonstrating a much closer 

agreement with the ground-based PM2.5 observations. 

The coefficient of determination further illustrates the relative 

strengths of the two approaches. Although the mean R² of the 

RF model (−0.53) indicates that predictive performance 

varied considerably among stations, it represents a substantial 

improvement over the MERRA-2 mean R² (−11.57), which 

reflects very poor skill in reproducing local PM2.5 variability. 

Positive R² values obtained at Lagos (0.32) and Calabar (0.44) 

further demonstrate that the RF model successfully captured 

the dominant sources of PM2.5 variability in some 

environments, whereas MERRA-2 produced negative R² 

values at every monitoring station. Similarly, the RF model 

achieved a higher average Index of Agreement (IOA = 0.54) 

than MERRA-2 (0.47), indicating stronger agreement with 

observed PM2.5 concentrations. The average correlation 

coefficient was also slightly higher for the RF model (r = 0.51) 

than for MERRA-2 (r = 0.49). Although the difference in 

correlation is modest, the substantially lower RMSE and 

MAE obtained by the RF model demonstrate that it more 

accurately reproduces both the magnitude and temporal 

variability of PM2.5 concentrations. This suggests that 

correlation alone is insufficient for evaluating model 

performance and should be interpreted alongside error-based 

performance metrics. 

The superior performance of the RF model is primarily 

attributable to its ability to integrate multiple environmental 

predictors, including satellite-derived aerosol optical depth, 

atmospheric trace gases, meteorological variables, and 

background aerosol information from MERRA-2, to capture 

complex nonlinear relationships governing PM2.5 variability. 

In contrast, the coarse spatial resolution of the MERRA-2 

reanalysis limits its capacity to resolve local emission sources 

and fine-scale atmospheric processes, particularly within 

heterogeneous urban environments. Consequently, the RF 

framework provides more reliable estimates of surface PM2.5 

across Nigeria than the standalone global reanalysis product. 

These findings are consistent with previous studies (e.g., 

Buchard et al., 2017; Gelaro et al., 2017; Hammer et al., 

2020), which reported that machine learning approaches 

substantially improve PM2.5 estimation by downscaling 

coarse-resolution atmospheric products using multi-source 

environmental observations.

 

Table 4: Comparison of Accuracy RF and MERRA-2 PM2.5 

Metric RF Model PM2.5 MERRA-2_PM2.5 

MAE 19.47 36.87 

RMSE 25.77 55.62 

R2 -0.53 -11.57 

IOA 0.54 0.47 

Correlation(r) 0.51 0.49 

Feature Importance Analysis 

An important advantage of the Random Forest (RF) algorithm 

is its ability to quantify the relative importance of predictor 

variables contributing to PM2.5 estimation. Feature 

importance in RF is derived from the reduction in prediction 

error (e.g., mean decrease in impurity) attributed to each 

variable across the ensemble of decision trees. Variables that 

consistently reduce model uncertainty receive higher 

importance scores, reflecting stronger influence on predicted 

PM2.5 concentrations. As shown in Figure 5, relative humidity 

(RH) emerged as the most influential predictor (importance = 

0.275), highlighting the critical role of hygroscopic growth in 

modulating particulate matter concentrations. This is 

followed by MERRA-2 PM2.5 (0.167), indicating that 

reanalysis products, despite their coarse resolution, still 

provide valuable background information for local-scale 

modeling. Trace gases such as ozone (O₃; 0.109) and nitrogen 

dioxide (NO₂; 0.086) also contributed significantly, reflecting 

their association with atmospheric chemistry and pollution 

sources. 

Satellite-derived aerosol optical depth (AOD; 0.107) 

demonstrated strong importance, confirming its relevance as 

a proxy for columnar aerosol loading in PM2.5 estimation. 

Meteorological variables, including solar radiation (0.080), 

wind speed (0.073), and rainfall (0.037), exhibited moderate 

to lower importance, suggesting their secondary but still 

meaningful role in influencing dispersion, removal, and 

formation processes. Sulfur dioxide (SO₂; 0.066) contributed 

modestly, likely reflecting its role as a precursor for secondary 

aerosol formation.

 

 
Figure 5: The Feature Importance Between the Variables Used 

in the RF Model Development 
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The overall feature importance results indicate that PM2.5 

variability in the study region is primarily driven by humidity 

effects, background aerosol conditions, and atmospheric 

composition, with meteorological dispersion factors playing a 

supporting role. These findings are consistent with 

established atmospheric processes, where hygroscopic 

growth, chemical transformation, and regional transport 

jointly control particulate matter dynamics. Importantly, the 

inclusion of diverse predictors enhances model 

interpretability and provides insight into the dominant 

environmental drivers of air pollution across the region. 

 

Implications for Air Quality Monitoring in Data-Sparse 

Regions 

The results of this study underscore the value of integrating 

machine learning approaches with multi-source 

environmental datasets to improve air quality estimation in 

regions with limited monitoring infrastructure. In many parts 

of West Africa, including Nigeria, the scarcity of regulatory-

grade monitoring stations constrains the ability to accurately 

assess population exposure to air pollution. By combining 

ground-based observations from Purple Air and Clarity with 

satellite observations, meteorological variables, and 

reanalysis products such as MERRA-2, the RF model 

provides improved spatial and temporal representation of 

PM2.5 concentrations. The superior performance of the RF 

model relative to MERRA-2 highlights the importance of data 

fusion and nonlinear modeling techniques for capturing local 

pollution dynamics that are not resolved by coarse-resolution 

global datasets. This approach enables more accurate 

characterization of air quality, which is essential for 

environmental policy formulation, health risk assessment, and 

sustainable urban planning. Furthermore, the framework 

developed in this study is flexible and can be extended to 

incorporate additional datasets, such as higher-resolution 

satellite products, emission inventories, and advanced 

meteorological reanalysis. Such integration has the potential 

to further enhance predictive accuracy and expand spatial 

coverage, particularly in under-monitored regions. 

 

Seasonal and Ecological Variability of Model 

Performance 

Seasonal evaluation across ecological zones revealed 

pronounced spatial heterogeneity in PM2.5 model 

performance. In Table 5. the Sahel region, represented by 

Maiduguri, predictive skill was highest during the Dry season 

(RMSE = 11.50 µg m⁻³; R² = 0.45), while Wet-season 

performance deteriorated significantly (RMSE = 29.41 µg 

m⁻³), indicating strong sensitivity to convective atmospheric 

processes. In the Savannah region (Abuja and Anyigba), Dry-

season conditions exhibited strong predictive capability (R² 

up to 0.83), reflecting stable aerosol–meteorology 

relationships under Harmattan influence. However, Wet-

season performance showed substantial degradation, with 

negative R² values observed despite reductions in RMSE, 

suggesting increased atmospheric variability and nonlinear 

behaviour. The Guinea Coast region demonstrated 

comparatively stable performance across seasons. Wet-

season RMSE values were consistently lower (e.g., Calabar: 

6.87 µg m⁻³; UNIBEN: 12.04 µg m⁻³), and R² remained 

positive, indicating improved model reliability under 

monsoonal conditions. Coastal influence, particularly in 

Lagos (LAGOS LEKKI P-I), contributed to enhanced Wet-

season predictability (R² = 0.40), although Dry-season 

performance could not be evaluated due to data limitations. 

Therefore, these results highlight a clear ecological gradient, 

with Dry-season dominance in the Sahel, transitional 

instability in the Savannah, and Wet-season enhancement in 

the Guinea Coast. 

 

Table 5: Seasonal Performance of Best Models Across Ecological Zones 

Station Region Dry 

RMSE 

Wet 

RMSE 

Dry 

R² 

Wet R² Best  Seasonal Behaviour 

Maiduguri Sahel 11.50 29.41 0.45 0.17 RF Strong Dry dominance 

Abuja Savannah 17.62 8.73 0.57 -0.14 RF Wet RMSE improves, R² unstable 

Anyigba Savannah 3.18 1.92 0.83 -0.35 RF Wet RMSE improves, R² unstable 

UNIBEN Guinea Coast 12.53 12.04 0.61 0.33 RF Stable, slight Wet advantage 

Unibadan Guinea Coast 6.59 3.34 -7.38 0.15 OLS Wet dominates strongly 

Calabar Guinea Coast 7.97 6.87 0.77 0.30 RF Wet better 

LAGOS  Guinea Coast NA 4.79 NA 0.40 OLS Wet-only dataset 

Seasonal Model Performance Across Ecological Zones 

As shown in Table 6, strong regional contrasts are evident 

across ecological zones. In the Sahel (Maiduguri), model 

performance is clearly dominated by the Dry season, with 

RMSE improving from 29.41 µg m⁻³ (Wet) to 11.50 µg m⁻³ 

(Dry) and R² decreasing from 0.45 (Dry) to 0.17 (Wet). This 

is further confirmed by large negative ΔRMSE values in 

Table 8 (−13.52 for OLS; −17.91 for RF), indicating strong 

Dry-season superiority. 

In the Savannah (Abuja and Anyigba), Wet-season RMSE 

improves significantly (e.g., Abuja: ΔRMSE = +8.26 (OLS) 

and +9.05 (RF); Anyigba: +3.63 (OLS) and +0.42 (RF), Table 

4.8). However, despite this reduction in error, predictive skill 

declines, with R² dropping to negative values in the Wet 

season. This indicates that models capture mean conditions 

better but fail to explain variability. 

In the Guinea Coast (UNIBEN, Unibadan, Calabar, Lagos), 

performance is more stable across seasons. Wet-season 

improvements are moderate but consistent (e.g., UNIBEN: 

ΔRMSE = +1.39 (OLS), +0.48 (RF); Unibadan: +3.25 (OLS); 

Calabar: +1.11 (RF), Table 4.8), and R² remains positive (e.g., 

Lagos Wet-season R² = 0.40), indicating reliable predictive 

performance.
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Table 6: Seasonal Sensitivity (ΔRMSE = Dry − Wet) 

Station Model ΔRMSE 

Abuja OLS +8.261525 

Abuja RF +9.047501 

Anyigba OLS +3.628531 

Anyigba RF +0.423786 

UNIBEN OLS +1.392040 

UNIBEN RF +0.482392 

Unibadan OLS +3.247828 

Calabar RF +1.106210 

Maiduguri OLS −13.524918 

Maiduguri RF −17.910110 

Note: Positive Indicate Wet Season Performs Better and Negative Indicate Dry Season Performs Better 

 

Seasonal Stability of Model Performance (SSI) 

The Seasonal Stability Index (SSI) (Table 7) highlights a clear 

north–south gradient in model stability. The Sahel 

(Maiduguri) shows extreme instability (SSI = 1.56), reflecting 

large seasonal performance differences. The Savannah 

exhibits moderate variability, with Abuja (SSI ≈ 0.68) 

showing instability and Anyigba (SSI ≈ 0.15) relatively 

stable. In contrast, the Guinea Coast is the most stable region, 

with very low SSI values (UNIBEN ≈ 0.04; Calabar ≈ 0.16). 

This means that SSI reveals a clear North–South gradient in 

model stability. The Sahel exhibits extreme instability (SSI = 

1.56), indicating strong sensitivity to seasonal changes driven 

by shifts from dust-dominated to convective regimes. The 

Savannah shows moderate instability, reflecting its 

transitional nature between northern dust influence and 

southern monsoonal systems. In contrast, the Guinea Coast 

demonstrates high stability (low SSI values), with minimal 

seasonal variation in model performance. This pattern 

confirms that model reliability increases from inland semi-

arid regions to coastal humid environments, where 

atmospheric conditions are more consistent.

 

Table 7: Seasonal Stability Index (SSI) 

Station Region SSI Stability 

Maiduguri Sahel 1.56 Extremely unstable 

Abuja Savannah 0.68 Moderate 

Anyigba Savannah 0.15 Stable 

UNIBEN Guinea Coast 0.04 Highly stable 

Calabar Guinea Coast 0.16 Stable 

Unibadan Guinea Coast 0.65 Unstable 

LAGOS   Guinea Coast NA Not computable 
 

Although the proposed Random Forest framework 

demonstrated improved predictive performance relative to the 

MERRA-2 reanalysis product, model performance was not 

uniform across all monitoring stations and seasons. In 

particular, negative R² values observed at some locations 

indicate reduced predictive skill under certain environmental 

conditions. The seasonal and ecological analyses further 

demonstrate that model reliability varies across atmospheric 

regimes, with comparatively stable performance observed in 

the Guinea Coast and greater variability in the Sahel and 

Savannah, especially during the Wet season. Consequently, 

model predictions intended for exposure assessment or policy 

applications should be interpreted alongside these regional 

and seasonal performance characteristics. 

The seasonal evaluation demonstrates that model 

performance is strongly influenced by regional atmospheric 

regimes. The superior Dry-season performance observed in 

the Sahel reflects the relatively stable aerosol conditions 

associated with Harmattan dust transport, whereas increased 

convective activity during the Wet season reduces predictive 

skill. In contrast, the Guinea Coast exhibits comparatively 

stable performance due to the moderating influence of 

maritime and monsoonal processes. These findings 

demonstrate that the proposed framework is capable of 

capturing seasonal variability across Nigeria's major 

ecological zones, although future studies should further 

investigate its performance during individual Harmattan dust 

outbreaks and biomass-burning events. 

 

CONCLUSION 

This study developed a Random Forest (RF) machine learning 

framework to estimate surface PM2.5 concentrations across 

multiple monitoring stations in Nigeria by integrating low-

cost sensor observations with satellite-derived aerosol optical 

depth (AOD), atmospheric trace gases, meteorological 

variables, and MERRA-2 reanalysis data. The RF model 

demonstrated strong predictive capability, capturing a 

substantial proportion of the observed variability in 

particulate matter concentrations while maintaining relatively 

low prediction errors. Comparison with the MERRA-2 

reanalysis dataset showed that the RF model achieved better 

agreement with ground observations, highlighting the 

limitations of coarse-resolution atmospheric products in 

representing local-scale air quality and spatially 

heterogeneous emission sources. The findings confirm that 

machine learning-based data fusion provides a robust 

approach for improving PM2.5 estimation in regions where 

conventional monitoring networks remain sparse. 

Seasonal and ecological evaluations further demonstrated that 

model performance varied systematically across Nigeria's 

major climatic zones. The Sahel exhibited the strongest 

predictive performance during the Dry (Harmattan) season 

but showed pronounced degradation during the Wet season, 

reflecting the influence of seasonal convective processes. The 

Savannah displayed improved Wet-season RMSE but 

reduced predictive skill, indicating increased atmospheric 

complexity and nonlinear behaviour during the monsoon 

period. In contrast, the Guinea Coast showed comparatively 



Machine Learning-Based Estimation of Surface…         Sani et al., FJS 

FUDMA Journal of Sciences (FJS) Vol. 10 No. 13, July, 2026, pp 177 – 191 188 

stable performance throughout the year, with generally lower 

Wet-season prediction errors and consistently positive R² 

values. Seasonal Sensitivity (ΔRMSE) and the Seasonal 

Stability Index (SSI) further revealed a clear north–south 

gradient in model stability, with the Sahel exhibiting the 

greatest seasonal variability, the Savannah showing 

intermediate variability, and the Guinea Coast demonstrating 

the highest stability. These results confirm that ecological 

setting and seasonal atmospheric dynamics strongly influence 

PM2.5 predictability across Nigeria. 

Temporal analysis showed that both observed and modelled 

PM2.5 concentrations exhibit substantial variability associated 

with seasonal meteorology and regional emission sources. 

The ability of the Random Forest model to reproduce these 

temporal patterns across contrasting ecological environments 

demonstrates its robustness for air quality assessment and 

monitoring. Feature importance analysis identified relative 

humidity, background aerosol conditions represented by 

MERRA-2 PM2.5, atmospheric trace gases (particularly O3 

and NO2), and aerosol optical depth as the dominant 

predictors PM2.5 variability, emphasizing the combined 

influence of aerosol hygroscopic growth, atmospheric 

chemistry, regional transport, and meteorological processes. 

In summary, this study demonstrates that integrating multi-

source atmospheric datasets within a Random Forest 

framework substantially improves surface PM2.5 estimation 

compared with standalone reanalysis products. Beyond 

improving prediction accuracy, the study provides new 

insight into the seasonal and ecological controls governing 

PM2.5 predictability across Nigeria. The proposed framework 

offers valuable support for air quality assessment and 

environmental decision-making. However, the observed 

spatial and seasonal variability in model performance 

indicates that predictions should be interpreted with greater 

confidence in regions and seasons exhibiting higher 

predictive skill, while greater caution is warranted in areas 

characterized by lower model performance. Incorporating 

formal uncertainty quantification and prediction confidence 

estimates will further enhance the operational applicability of 

the proposed framework in future studies. With the increasing 

availability of low-cost air-quality sensors, satellite 

observations, and atmospheric reanalysis products across the 

continent, the proposed multi-source Random Forest 

framework provides a scalable and transferable approach for 

supporting operational air-quality forecasting, population 

exposure assessment, and evidence-based environmental 

policy. Its application has the potential to strengthen air-

quality management, public health protection, and sustainable 

environmental planning not only in Nigeria and West Africa 

but also across other data-sparse regions of Africa where 

conventional monitoring infrastructure remains limited. 
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