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ABSTRACT 

Atmospheric aerosol pollution remains a major environmental and public health concern in rapidly urbanizing 

regions with limited air-quality monitoring infrastructure. This study developed a satellite-based framework for 

estimating and analyzing PM₂.₅ concentration over the University of Benin, Nigeria, using MODIS MAIAC 

Aerosol Optical Depth (AOD) data integrated with ground-based observations. High-resolution AOD data 

spanning 2015–2024 were processed within Google Earth Engine and calibrated using monthly PM₂.₅ 

measurements from two monitoring locations. A linear regression model produced a moderate positive 

relationship between AOD and PM₂.₅ (R = 0.54; R² = 0.29), indicating that approximately 29% of PM₂.₅ 

variability could be explained by aerosol loading. Although the explanatory power is moderate, such behaviour 

is common in humid tropical environments where cloud cover, aerosol mixing, atmospheric humidity, and 

boundary-layer dynamics weaken the AOD–PM₂.₅ relationship. Seasonal Mann–Kendall analysis revealed a 

statistically significant decreasing Harmattan AOD trend (p = 0.0031) with a Sen’s slope of −0.046 AOD per 

season. Estimated PM₂.₅ concentrations also exhibited decreasing seasonal trends ranging from approximately 

−0.997 to −1.20 µg/m³ per season across calibration approaches. The study demonstrates that satellite 

observations, when locally calibrated, can support seasonal aerosol monitoring and long-term environmental 

assessment in data-scarce tropical environments. The framework further highlights the potential of low-cost 

satellite-based air-quality surveillance for campus-scale environmental management and exposure assessment. 
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INTRODUCTION 

Air quality degradation due to increasing atmospheric aerosol 

concentrations has become a major environmental and public 

health concern, particularly in rapidly urbanizing regions of 

developing countries. Aerosols, including dust and fine 

particulate matter (PM₂.₅), have been strongly linked to 

respiratory and cardiovascular diseases, reduced visibility, 

and broader climate impacts (Marone et al., 2020; Atuyambe 

et al., 2024). Long-term exposure to airborne particulate 

matter has also been associated with accelerated lung aging 

and chronic respiratory complications (Eckhardt & Wu, 2021; 

Hu & Rao, 2009). In West Africa, these impacts are further 

intensified during the Harmattan season, when dry and dust-

laden winds originating from the Sahara Desert significantly 

elevate aerosol loading across the region (Ogunjo et al., 

2022). University environments, such as the University of 

Benin, represent densely populated micro-urban systems 

where anthropogenic activities including vehicular emissions, 

construction, and energy use, contribute to localized air 

pollution. Despite the potential health risks to students and 

staff, routine monitoring of particulate matter remains limited 

due to the high cost and maintenance requirements of ground-

based air quality instruments (Rahal, 2020; Ramírez et al., 

2023). This creates a critical gap in environmental data 

needed for effective air quality management and policy 

formulation (United Nations Environment Programme, 

{UNEP, 2021}). 

Satellite remote sensing offers a viable alternative for large-

scale and long-term air quality monitoring. In particular, 

Aerosol Optical Depth (AOD), derived from instruments such 

as the Moderate Resolution Imaging Spectroradiometer 

(MODIS), provides a quantitative measure of atmospheric 

aerosol loading and has been widely used as a proxy for 

surface-level particulate matter concentrations (Gupta & 

Christopher, 2009; van Donkelaar et al., 2010). The MODIS 

MAIAC product further improves retrieval accuracy over 

heterogeneous land surfaces, making it suitable for urban and 

peri-urban environments (Lyapustin et al., 2018). Several 

studies have demonstrated the feasibility of estimating PM₂.₅ 

concentrations from satellite-derived AOD using statistical 

and machine learning approaches (Chew et al., 2016; Li et al., 

2024; Logothetis et al., 2024). Recent advances in deep 

learning techniques have further improved airborne 

particulate matter sensing and aerosol estimation capabilities 

(Chauhan et al., 2025). However, the strength of this 

relationship varies significantly across regions due to 

meteorological conditions, aerosol composition, and vertical 

atmospheric structure. Consequently, locally calibrated 

models are essential for improving estimation accuracy, 

particularly in tropical environments where cloud cover and 

humidity introduce additional uncertainty.  

Despite the increasing use of satellite remote sensing for 

regional and continental aerosol monitoring, limited attention 

has been given to campus-scale environments within rapidly 

urbanizing tropical cities in Nigeria. University campuses 

represent unique micro-urban systems characterized by 

concentrated human activities, vehicular movement, 

residential density, and localized emission sources that may 

significantly influence aerosol behaviour and exposure 

patterns. Yet, routine air-quality monitoring within many 

Nigerian universities remains absent due to financial and 

technical limitations associated with ground-based 

instrumentation. Consequently, there is limited understanding 

of long-term particulate pollution dynamics within these 

institutional environments, particularly during Harmattan 

periods when aerosol loading intensifies across West Africa. 
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This study therefore addresses this gap by developing a 

satellite-based framework for estimating PM₂.₅ concentrations 

over the University of Benin using MODIS MAIAC AOD 

data integrated with ground-based observations. Specifically, 

the study goals are to: (i) establish a statistical relationship 

between AOD and PM₂.₅ using locally calibrated regression 

models; (ii) analyze seasonal and long-term trends in aerosol 

loading from 2015 to 2024; and (iii) evaluate the feasibility of 

satellite-derived air quality monitoring for supporting 

environmental management in data-limited regions. 

 

MATERIALS AND METHODS 

Study Area Description 

The study was conducted at the University of Benin 

(UNIBEN), Ugbowo Campus, located in Benin City, Edo 

State, Nigeria. The geographic extent of the study area, 

expressed in Universal Transverse Mercator (UTM Zone 

31N), ranges between 788666.50 mE to 790748.71 mE and 

707944.94 mN to 708442.54 mN. The campus represents a 

densely populated academic and residential environment with 

an estimated population exceeding 40,000 students and 

approximately 8,000 staff members. This makes it a suitable 

micro-urban environment for assessing localized air quality 

dynamics. Climatically, the study area lies within a humid 

tropical zone characterized by two dominant seasons: the wet 

season (April–October) and the dry season (November–

March). The dry season is strongly influenced by the 

Harmattan phenomenon, during which dust-laden winds from 

the Sahara Desert significantly increase atmospheric aerosol 

concentrations across West Africa (Ogunjo et al., 2022). A 

spatial representation of the study area is presented in Figure 

1, illustrating the geographic extent and environmental 

context of the analysis. 

 

 
Figure 1: Study Area Map Showing University of Benin 

 

Data Sources 

This study integrates satellite-derived aerosol data with 

ground-based particulate matter observations to estimate 

PM₂.₅ concentrations and analyze long-term trends. 

 

MODIS MAIAC Aerosol Optical Depth Data 

Aerosol Optical Depth (AOD) data were obtained from the 

MODIS MAIAC product (MCD19A2, Collection 6.1), which 

provides high-resolution (1 km) aerosol retrievals with 

improved performance over heterogeneous land surfaces 

(Lyapustin et al., 2018; Bodhaine et al, 1999). Accurate 

aerosol optical depth retrieval remains fundamental for 

atmospheric pollution assessment and environmental 

monitoring (Chylek et al., 2005). The AOD parameter used 

corresponds to a wavelength of 0.47 µm, which is particularly 

sensitive to fine-mode aerosols associated with anthropogenic 

pollution and transported dust (National Aeronautics and 

Space Administration {NASA, 2026}). The dataset spans a 

10-year period (2015–2024) and was accessed and processed 

using Google Earth Engine (GEE).  

 

 

 

Ground-Based PM₂.₅ Data 

Ground-based PM₂.₅ measurements were obtained from two 

monitoring stations within Benin City: University of Benin 

Station (Primary Dataset): Located within the study area and 

used for model calibration. Palm House Station (Secondary 

Dataset): Located in a more urbanized environment and used 

for validation.  

Daily observations from both stations were aggregated into 

monthly averages to ensure consistency with satellite-derived 

AOD data. The integration of both datasets enables spatial 

comparison and validation of the developed regression model. 

 

Data Processing in Google Earth Engine 

Satellite data processing was carried out within the Google 

Earth Engine platform to ensure efficient handling of large 

geospatial datasets (Pham-Duc et al. 2023). 

 

AOD Scaling 

Atmospheric optical depth retrievals are also influenced by 

Rayleigh scattering effects associated with atmospheric 

molecules (Bodhaine et al., 1999). MODIS MAIAC AOD 

values are stored as scaled integers and were converted into 
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physically meaningful values using a scaling factor of 0.001, 

as shown in equation (1): 

𝐴𝑂𝐷 = 𝐴𝑂𝐷𝑟𝑎𝑤 × 0.001   (1) 

 

 

This scaling ensures that the retrieved values represent actual 

atmospheric aerosol optical depth. The workflow for AOD 

acquisition and scaling is illustrated in Figure 2. 

 

 
Figure 2: MODIS MAIAC AOD Data Acquisition and Scaling 

 

Daily Aggregation 

Due to multiple satellite overpasses within a single day, daily 

AOD values were computed by averaging all available 

observations: 

𝐴𝑂𝐷𝑑𝑎𝑖𝑙𝑦 =
1

𝑛
∑ 𝐴𝑂𝑛

𝑖=1 𝐷𝑖   (2) 

Where 𝑛 represents the number of observations per day. 

The aggregation process is illustrated in Figure 3

 

 
Figure 3: Daily AOD Aggregation 

 

Spatial Averaging 

To obtain a representative value for the study area, spatial 

averaging was performed across all pixels within the Area of 

Interest (AOI): 

𝐴𝑂𝐷𝑚𝑒𝑎𝑛 =
1

𝑁
∑ 𝐴𝑂𝑁

𝑗=1 𝐷𝑗    (3) 

 

Where 𝑁 is the total number of pixels within the AOI. 

This approach minimizes spatial noise and enhances 

robustness. The process is shown in Figure 4. 

 

 
Figure 4: AOD Spatial Averaging 

 

Handling Missing Data 

Cloud cover and atmospheric interference often result in 

missing AOD values. In this study, only valid (non-null) 

observations were retained, while missing values were 

excluded. Unlike conventional approaches, strict quality 

assurance (QA) filtering was not applied in order to preserve 

temporal coverage, particularly in tropical environments 

where cloud contamination is frequent (Zhang et al., 2017). 

 

Estimation of PM₂.₅ from Aerosol Optical Depth 

The relationship between AOD and PM₂.₅ was modeled using 

linear regression based on the framework established by 

(Gupta and Christopher, 2009; van Donkelaar et al., 2010) 

which demonstrated that AOD can serve as a proxy for 

surface particulate matter concentrations. 

The linear model is expressed as: 

𝑃𝑀2.5 = 𝑚 ⋅ 𝐴𝑂𝐷 + 𝑐   (4) 

Where: 𝑚 is the slope (sensitivity of PM₂.₅ to AOD) 𝑐 is the 

intercept (background PM₂.₅ concentration). 

The derived regression model is expressed as:  

𝑃𝑀2.5 = 25.51 ⋅ 𝐴𝑂𝐷 + 22.32 

 

Ordinary Least Squares (OLS) Estimation 

Model parameters were estimated using Ordinary Least 

Squares (OLS), which minimizes the sum of squared residuals 

(Montgomery et al., 2012): 
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𝑆 = ∑ (
𝑛

𝑖=1
𝑦𝑖 − (𝑚𝑥𝑖 + 𝑐))2   (5) 

By setting partial derivatives to zero, the optimal parameters 

are obtained using equations 6 and 7: 

𝑚 =
∑(𝑥𝑖−𝑥̄)(𝑦𝑖−𝑦̄)

∑(𝑥𝑖−𝑥̄)2
    (6) 

 

𝑐 = 𝑦̄ − 𝑚𝑥̄    (7) 

Where 𝑥̄  and 𝑦̄  represent mean values of AOD and PM₂.₅, 

respectively. The regression workflow is illustrated in Figure 

5. 

 
Figure 5: Regression Model Workflow 

 

Model Evaluation Metrics 

The coefficient of determination (R²), as described by Draper 

and Smith (1998), was used to evaluate model performance: 

𝑅2 = 1 −
∑(𝑦𝑖−𝑦̂𝑖)2

∑(𝑦𝑖−𝑦̄)2     (8) 

The correlation coefficient (R) was computed as with the aid 

of equation 9: 

𝑅 = √𝑅2     (9) 

These metrics quantify the strength and direction of the 

relationship between AOD and PM₂.₅. Using the observed 

dataset, the regression coefficients were obtained as stated 

ealier under the application of equation 4. 

 

 

 
Figure 6: Regression Model Used to Estimate PM2.5 from AOD 

 

Model Uncertainty and Validation 

Due to the humid tropical characteristics of the study area, 

strict MAIAC quality assurance (QA) filtering was not fully 

enforced in order to preserve sufficient temporal coverage for 

long-term trend analysis. Previous studies have shown that 

aggressive QA filtering in tropical environments may remove 

a substantial proportion of valid observations due to persistent 

cloud contamination and atmospheric variability (Zhang et al., 

2017). Ground-based aerosol monitoring systems such as 

AERONET have significantly improved aerosol validation 

and calibration studies globally (Giles et al., 2019; Holben et 

al., 1998). To minimize uncertainty, only non-null 

observations were retained and monthly aggregation was 

applied to reduce short-term atmospheric noise. 

The developed regression model was evaluated using the 

coefficient of determination (R²) and correlation coefficient 

(R). Additional residual assessment was conducted through 

visual inspection of regression dispersion patterns and 

comparison with an independent secondary monitoring 

location (Palm House Station). Although the calibration 

dataset was relatively limited (n ≈ 36–50 valid observations 

depending on seasonal filtering), the analysis was intended 

primarily for seasonal aerosol characterization rather than 

high-precision PM₂.₅ exposure prediction. 

 

Seasonal Analysis (Harmattan Period) 

Due to data limitations during the wet season, analysis 

focused on the Harmattan period (November–March), when 

aerosol concentrations are highest. 

To account for seasonal overlap across calendar years, a 

seasonal index was defined as shown in equation 10: 

𝑆𝑒𝑎𝑠𝑜𝑛𝑦𝑒𝑎𝑟 = 𝑁𝑜𝑣𝑡 + 𝐷𝑒𝑐𝑡 + 𝐽𝑎𝑛𝑡+1 + 𝐹𝑒𝑏𝑡+1 + 𝑀𝑎𝑟𝑡+1
     (10) 
Seasonal averages were computed as using equation 11: 

𝑋̄𝑠𝑒𝑎𝑠𝑜𝑛 =
1

𝑛
∑ 𝑋𝑖

𝑛
𝑖=1    (11) 

 

Trend Analysis 

Trend analysis was carried out using two model’s vis: Mann-

Kendall and Sen’s Slope Estimator: 

 

Mann–Kendall Test 

The Mann–Kendall test (Mann, 1945; Kendall, 1975) was 

used to detect monotonic trends. Equation 12 was particularly 

useful for achieving this task: 

𝑆 = ∑ ∑ sign(
𝑛

𝑗=𝑖+1

𝑛−1

𝑖=1
𝑥𝑗 − 𝑥𝑖)  (12) 
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Sen’s Slope Estimator 

Trend magnitude was estimated using Sen’s slope (Sen, 1968) 

based on equation 13: 

𝑄 = 𝑚𝑒𝑑𝑖𝑎𝑛 (
𝑥𝑗−𝑥𝑖

𝑗−𝑖
)   (13) 

 

Statistical and Time-Series Analysis 

All analyses were performed using Python libraries 

including: 

i. Pandas which were used for (data handling)  

ii. NumPy adopted for (numerical computation)  

iii. Matplotlib, for (visualization)  

iv. PyMannKendall used for (trend detection)  

The analytical workflow is illustrated in Figure 7, showing the 

integration of satellite data processing and statistical 

modeling. 

 

 
Figure 7: Python Workflow of Seasonal AOD on VsCode 

 

Data Export and Integration 

Processed AOD and PM₂.₅ datasets were exported from 

Google Earth Engine as CSV files and subsequently analyzed 

in Python. This approach ensured consistency and enhanced 

harmonization between remote sensing outputs and statistical 

analysis. 

 

RESULTS AND DISCUSSION 

Relationship Between AOD and PM₂.₅ 

The statistical relationship between satellite-derived Aerosol 

Optical Depth (AOD) and ground-measured PM₂.₅ 

concentrations was evaluated using linear regression based on 

monthly averaged observations spanning November 2020 to 

December 2024. The regression results indicate a moderate 

positive relationship, with a coefficient of determination 

𝑅2 = 0.2916 and correlation coefficient 𝑅 = 0.54 . This 

implies that approximately 29.2% of the variability in PM₂.₅ 

concentrations can be associated with variations in 

atmospheric aerosol loading, while the remaining variability 

may be influenced by meteorological conditions, atmospheric 

mixing, humidity effects, and local emission variability. The 

regression plot illustrating this relationship is presented in 

Figure 8, where the linear trend demonstrates that increasing 

AOD values are associated with higher surface particulate 

concentrations. 

 

 
Figure 8: Linear Regression Plot 

 

This finding is consistent with earlier studies by Gupta and 

Christopher (2009) and van Donkelaar et al. (2010), who 

demonstrated that AOD can provide useful proxy information 

for surface-level particulate matter, although the strength of 

the relationship is often reduced in humid tropical 

environments due to cloud cover, aerosol hygroscopic growth, 

and atmospheric instability. When the regression analysis was 

restricted to Harmattan months only, the coefficient of 

determination decreased to 𝑅2 = 0.23, reflecting increased 

variability due to limited sample size and fluctuations in 
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vertical aerosol distribution. Consequently, the all-months 

model was retained for subsequent PM₂.₅ estimation because 

it provided relatively improved statistical stability and a larger 

calibration dataset compared to the Harmattan-only model. 

For validation, the Palm House dataset produced a stronger 

correlation ( 𝑅 ≈ 0.77 ), indicating that aerosol–PM 

relationships tend to be stronger in highly urbanized 

environments with more consistent emission sources. 

However, the University of Benin model was retained to 

ensure spatial consistency with the study area. 

 

Seasonal Data Availability 

The availability of valid AOD observations during the 

Harmattan season (November–March) varied across the study 

period. The number of observations ranged from a minimum 

of 17 in 2015 to a maximum of 63 in 2016, with most years 

recording between 35 and 59 observations. This variability is 

primarily attributed to cloud contamination, aerosol retrieval 

uncertainty, and atmospheric interference, which commonly 

affect satellite observations in humid tropical regions. 

Nevertheless, the relatively higher data availability during the 

dry Harmattan season confirms that this period is optimal for 

aerosol analysis. The seasonal distribution of valid 

observations supports the methodological decision to focus on 

Harmattan months for trend analysis. 

 

Seasonal Trend in Aerosol Optical Depth (AOD) 

The Mann–Kendall test (equation 12) was applied to the 

seasonal AOD time series to evaluate long-term trends. The 

results indicate a statistically significant decreasing trend, 

with a p-value of 0.0031 (p < 0.05). The magnitude (Q) of the 

trend, estimated using Sen’s slope (equation 13), was found 

to be: −0.046 AOD per season . This indicates a gradual 

reduction in atmospheric aerosol loading over the study 

period. Over the full duration (2015–2024), the cumulative 

decrease in AOD was approximately −0.519. The temporal 

evolution of seasonal AOD is presented in Figure 9, where the 

declining trend is clearly visible. The highest AOD value 

(~1.04) was observed during the 2015 Harmattan season, 

suggesting a period of intense aerosol concentration, likely 

associated with strong dust transport events. 

 

 
Figure 9: Seasonal AOD Trend 

 

Although strict MAIAC quality assurance filtering was not 

fully implemented in this study, the use of monthly 

aggregation and exclusion of null observations helped reduce 

the influence of short-term atmospheric noise and preserve 

temporal continuity for long-term trend analysis. Similar 

decreasing trends in aerosol loading have been reported in 

other regional studies using satellite observations (Gavrouzou 

et al., 2021). 

 

Seasonal Trend in PM₂.₅ Concentration 

Since PM₂.₅ concentrations were derived from AOD using the 

regression model (equation 4), the trend analysis results are 

mathematically consistent with those of AOD. To assess 

robustness, two different calibration models were applied; all-

months model (n = 50): (𝑃𝑀2.5) the model is: 25.51 ⋅
𝐴𝑂𝐷 + 22.32 Harmattan-only model (n = 19); this model can 

be applied 𝑃𝑀2.5 = 21.13 ⋅ 𝐴𝑂𝐷 + 𝑐. Both models yielded 

statistically significant decreasing trends (p = 0.0031), with 

Sen’s slope values of approximately: −1.20 µg/m³ per season 

(all-months model) and −0.997 µg/m³ per season (Harmattan-

only model). The consistency in trend direction across both 

calibration approaches suggests that the observed decline in 

PM₂.₅ is relatively stable despite uncertainties associated with 

aerosol retrieval and model calibration. The temporal 

variation in PM₂.₅ concentrations is illustrated in Figure 10. 

 

 

 
Figure 10: Seasonal PM2.5 Trend 



SATELLITE-BASED ESTIMATION AND TRE…     Oladosu et al., FJS 

FUDMA Journal of Sciences (FJS) Vol. 10 No. 7, April, 2026, pp 329 – 337 335 

Combined Interpretation of AOD and PM₂.₅ Trends 

A comparative analysis of AOD and PM₂.₅ trends reveals 

strong agreement in both direction and magnitude. Both 

variables exhibit statistically significant decreasing trends, 

with similar temporal patterns and identical Mann–Kendall 

statistics. This agreement suggests that AOD can provide 

useful information for characterizing broad seasonal aerosol 

behaviour, although uncertainties associated with 

atmospheric humidity, boundary-layer dynamics, aerosol 

mixing, and satellite retrieval limitations remain important 

considerations. Furthermore, the consistency across different 

calibration approaches indicates that the observed decreasing 

trend is unlikely to be solely associated with methodological 

variability. 

 

 

Descriptive Statistics 

The descriptive statistics of seasonal AOD and PM₂.₅ 

concentrations are presented in Table 1. AOD values exhibit 

moderate variability, with: Mean = 0.79; Minimum = 0.51; 

Maximum = 1.04 and Standard deviation = 0.17. Similarly, 

PM₂.₅ concentrations show: Mean = 42.52 µg/m³; Range = 

35.34–48.85 µg/m³ and Standard deviation = 4.32 µg/m³. The 

relatively close agreement between mean and median values 

indicates a stable distribution, while occasional higher values 

correspond to periods of intense aerosol loading during strong 

Harmattan events. This supports the suitability of the dataset 

for broad seasonal trend characterization despite inherent 

uncertainties associated with satellite-derived aerosol 

retrievals. The distributions of both variables are further 

illustrated in Figure 11 and Figure 12, which present 

histograms of seasonal PM₂.₅ and AOD values, respectively. 

 

Table 1: Descriptive Statistics of Seasonal AOD and 𝐏𝐌𝟐.𝟓 

Variable Mean Minimum Maximum Std. Deviation 

AOD 0.7918 0.5103 1.0400 0.1695 

PM2.5 (µg/m³) 42.52 35.34 48.85 4.32 

 

 
Figure 11: Histogram of Averaged Seasonal PM2.5  

 

From Figure 11, the histogram reveals that PM₂.₅ 

concentrations are moderately distributed within a relatively 

narrow range, indicating consistent seasonal aerosol 

conditions over the study period. The distribution appears 

approximately symmetric, with most values clustering around 

the mean (~42 µg/m³), suggesting a stable central tendency. 

The absence of extreme outliers indicates that although 

seasonal variations exist, there are no abnormal pollution 

spikes, and PM₂.₅ levels remain within a predictable range 

during Harmattan periods. This supports the reliability of the 

dataset for long-term trend analysis. 

 

 

 
Figure 12: Histogram of Averaged Seasonal AOD  

 

The histogram in Figure 12 shows that AOD values are 

moderately concentrated within the range of approximately 

0.5 to 1.0, with a clear clustering around the mean (~0.79). 

This indicates consistent aerosol loading across seasons, with 

variations largely reflecting differences in dust transport 

intensity. 

The relatively smooth and unimodal distribution suggests that 

aerosol conditions are systematically influenced by seasonal 

processes, particularly Harmattan-driven dust influx, rather 

than random fluctuations. 
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Limitations 

Despite the promising findings, several limitations must be 

acknowledged. First, the regression model explains only 29% 

of the variability in PM₂.₅ concentrations. While this may 

appear low, it is consistent with similar studies conducted in 

tropical environments, where meteorological factors and 

atmospheric complexity weaken the AOD–PM relationship 

(Ma et al., 2019; Attey-Yeboah et al., 2025). 

The absence of strict quality assurance (QA) filtering may 

introduce some uncertainty into the AOD dataset. However, 

studies have shown that applying strict QA filters in humid 

regions can result in the loss of more than 75% of observations 

(Zhang et al., 2017), making it impractical for long-term trend 

analysis. The PM₂.₅ time series is derived from AOD, 

meaning that trend results are not entirely independent. While 

ground-based data were used for calibration, they do not cover 

the full temporal range of the study. 

Another important limitation relates to the temporal mismatch 

between satellite overpass observations and ground-based 

PM₂.₅ measurements. MODIS observations represent near-

instantaneous atmospheric conditions during satellite 

overpass periods, whereas the ground-based measurements 

were aggregated into broader temporal intervals. In addition, 

the use of spatial averaging across the entire study area rather 

than station-buffer collocation may reduce sensitivity to 

localized aerosol variability. Atmospheric humidity, 

boundary-layer height, and aerosol vertical distribution may 

also influence the observed AOD–PM₂.₅ relationship. 

The regression model does not incorporate meteorological 

variables such as humidity, boundary layer height, and wind 

speed, which are known to influence aerosol behaviour 

(Gupta & Christopher, 2009; van Donkelaar et al., 2010). 

Finally, the model is spatially limited to the University of 

Benin environment and may not be directly transferable to 

other regions without recalibration. 

 

CONCLUSION 

This study developed a satellite-based framework for 

estimating and analyzing PM₂.₅ concentrations over the 

University of Benin using MODIS MAIAC Aerosol Optical 

Depth (AOD) data integrated with ground-based 

observations. The results revealed a moderate positive 

relationship between AOD and PM₂.₅ concentrations, with a 

correlation coefficient of 0.54 and coefficient of 

determination (R²) of 0.29. Although the explanatory strength 

of the regression model is moderate, the observed relationship 

remains meaningful for tropical environments where 

atmospheric humidity, cloud contamination, aerosol mixing, 

and boundary-layer variability commonly weaken the AOD–

PM₂.₅ linkage. 

Seasonal Mann–Kendall trend analysis revealed a statistically 

significant decreasing trend in Harmattan aerosol loading 

over the study period (2015–2024), with a Sen’s slope of 

approximately −0.046 AOD per season. Similarly, the 

estimated PM₂.₅ concentrations showed decreasing seasonal 

trends ranging from approximately −0.997 to −1.20 µg/m³ per 

season across different calibration approaches. The 

consistency in trend direction suggests that the observed 

decline reflects a relatively stable environmental signal 

despite uncertainties associated with satellite retrievals and 

model calibration. 

The study further demonstrated that satellite-derived aerosol 

observations, when locally calibrated with available ground 

measurements, can provide useful insight into seasonal 

aerosol behaviour and long-term environmental trends in 

data-limited tropical environments. While the developed 

regression framework is more suitable for seasonal 

characterization than high-precision PM₂.₅ prediction, the 

approach offers practical value for campus-scale 

environmental monitoring, low-cost air-quality surveillance, 

and preliminary public-health exposure assessment. Future 

studies should integrate meteorological variables, quality-

assured aerosol retrievals, and machine learning approaches 

to further improve PM₂.₅ estimation accuracy and 

environmental interpretation. 
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