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Highlights

Machine-Learning Approaches for Assessing Aerosol Optical Depth (AOD) in Ghana,

West Africa

Jesse Gilbert, Jeffrey N. A. Aryee, Mary Jessie Adjei

• MODIS exhibits exceptional performance in retrieving AOD values throughout Ghana.

• The research contributes a comprehensive sixteen-year assessment (2003-2019) of AOD

at a 3 km resolution, obtained from MODIS Aqua and Terra satellites.

• The examination of MODIS Aqua and Terra AOD retrievals unveiled an overall lower

aerosol burden over Ghana, marked by mean AOD values hovering around 0.35.

• The findings indicate that the southwestern part of the country displays elevated aerosol

levels compared to other major cities.

• All machine learning models developed in the study exhibited an acceptable level of

accuracy.
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Abstract

In the field of environmental health, assessing air pollution exposure has historically posed

challenges, primarily due to sparse ground observation networks. To overcome this limitation,

satellite remote sensing of aerosols provides a valuable tool for monitoring air quality and es-

timating particulate matter concentration (PM) at the surface. In this study, we employ two

predictive models to estimate Aerosol Optical Depth (AOD) levels over Ghana and selected

localities from January 2003 to December 2019. Our investigation focuses on evaluating the

capabilities of multiple linear regression (MLR) and artificial neural network (ANN) models in

predicting AOD levels. Additionally, we introduce a novel approach to constructing the MLR

model by leveraging the ANN architecture. These models utilize meteorological variables as

input, to facilitate accurate predictions. Despite Ghana’s alarming air pollution health ranking

and its substantial role in mortality, routine monitoring remains sparse. This research con-

tributes a comprehensive sixteen-year assessment (2003-2019) of AOD at a 3 km resolution,

obtained from MODIS Aqua and Terra satellites. The findings indicate that the southwest-

ern part of the country displays elevated aerosol levels compared to other major cities. This

phenomenon can be attributed to biogenic emissions, given the region’s dense vegetation. Ad-

ditionally, many small cities within this area are recognized as hotspots for surface mining

operations, potentially contributing to increased local dust loadings in the atmosphere. No-

tably, the MLR model, implemented using the ANN model structure, outperformed the other

utilized models. This endeavor aims to unravel the spatiotemporal distribution patterns of

aerosols across Ghana, and its major urban hubs.
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1. Introduction

Aerosols are airborne particles suspended in the atmosphere, encompassing various compo-

sitions and sizes (Kondratyev et al., 2006; Putaud et al., 2010b). These particles emerge from

two primary sources: direct emission of primary particulate matter (PM) and secondary parti-

cle formation from gaseous precursors. Black carbon (BC), primary biological aerosol particles

(PBAPs), sea salt spray, and, mineral dust are some examples of primary aerosols. On the

contrary, secondary aerosols arise from processes of sulfate, nitrate, and ammonium formation

(Boucher et al., 2013). Aerosols directly influence the atmosphere’s energy balance through

radiation scattering and absorption (Yu et al., 2006). Furthermore, they act as nuclei for cloud

formation (Lohmann and Feichter, 2005), and indirectly impact atmospheric heat by absorb-

ing radiation, contributing to reduced low cloud cover (Johnson et al., 2004). Consequently,

aerosols impact the earth’s hydrological cycle (Creamean et al., 2013) and, to a considerable

extent, food security (Misra, 2014). Fine PM with diameters below 2.5 µm (PM2.5) have been

linked to negative health outcomes, such as immediate to chronic effects (WHO, 2013). These

include aggravated respiratory symptoms (Kato, 2018; Prieto-Parra et al., 2017; Zeng et al.,

2016), worsened asthma (Jung et al., 2017; Williams et al., 2019), heightened cardiovascular

diseases (Dabass et al., 2018; Vidale and Campana, 2018), diminished lung function (Thaller

et al. (2008)), and increased premature mortality linked to heart or lung conditions (Apte

et al., 2015; David et al., 2019). The surge in vehicle numbers and land use transformations,

largely driven by rapid urban growth in Ghana’s major cities (Ministry of Transport, 2016),

has led to escalating PM2.5 concentrations. These concentrations are significantly affected by

local traffic emissions, land use practices like bush burning, and industrial discharges. Rapid

and precise assessment of the spatiotemporal distribution of PM2.5 (SIERRA-VARGAS and

Teran, 2012; Cai et al., 2017) at a finer resolution can enhance the accuracy of health out-

come studies related to PM2.5 (Williams et al., 2019), especially when conducted on a local

spatial scale. However, PM2.5 ground monitoring stations are usually limitedly distributed

worldwide, especially for developing countries such as Ghana and its neighbors. This may be

a result of resource constraints because establishing and maintaining a network of monitor-

ing stations requires financial investment for equipment, infrastructure, and personnel, which

may be challenging for countries with limited budgets. Furthermore, the spatio-temporal vari-

ation of PM2.5 is complex, influenced by a combination of factors, including local emissions

from various sources, meteorological influences, topography, and seasonal patterns such as the

movement of the trade winds over Ghana. Long-range transport from diverse geographical
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locations and chemical transformations further contribute to this complexity. Without con-

tinuous monitoring of PM2.5, our ability to rapidly assess, model, and forecast PM2.5 levels

for Ghana, particularly over the major cities, is severely limited. As an alternative, satellite

retrievals are used since they have a wider capture and provide information in most instances

even for remote and inaccessible locations. The most relevant satellite-derived parameter for

assessing PM2.5 concentration levels is Aerosol Optical Depth (AOD) (Wu et al., 2016; Mhaw-

ish et al., 2017; Shen et al., 2018; Wei et al., 2019). AOD measures the drop in light intensity

caused by aerosol scattering and absorption throughout the atmospheric column (Lee et al.,

2011). This metric directly reflects the extent of aerosol presence, providing valuable insights

into the overall concentration of optically active particles within each geographical location

(Dandou et al., 2002). In the domain of satellite-based aerosol retrievals, AOD datasets are

predominantly sourced from two key satellite observations: the Moderate Resolution Imaging

Spectroradiometer (MODIS) (Kanabkaew, 2013; Hu et al., 2013; Xu et al., 2016), and the Terra

Multi-angle Imaging SpectroRadiometer (MISR) (Liu et al., 2007; Kahn and Gaitley, 2015).

MODIS stands out, utilizing Aqua and Terra satellites. Its widespread adoption is owed to

its impressive characteristics: a wide swath width covering 2330 kilometers and near-global

coverage every 1 to 2 days (Fosu-Amankwah et al., 2021). MODIS aerosol retrievals rely on

three main algorithms: Dark Target (DT), Deep Blue (DB), and the combined Dark Target and

Deep Blue (DTB) algorithms. Further discussion on these algorithms is provided in Section

2.2.1. This present study utilized the DTB product, based on the DT and DB algorithm. AOD

has consistently demonstrated strong correlations with PM measurements (Engel-Cox et al.,

2004; Chu et al., 2003; Gupta et al., 2006). Conventional modeling approaches have predom-

inantly relied on chemical transport models (CTMs) and land-use regression (LUR) models,

for modeling PM2.5 levels while incorporating AOD as a key predictor (Kloog et al., 2012;

Geng et al., 2015). Nevertheless, it is worth noting that Land Use Regression models (LURs)

have inherent limitations in capturing temporal fluctuations, while Chemical Transport Models

(CTMs) may exhibit discrepancies when employed in isolation (Danesh Yazdi et al., 2020).

Various statistical methods, spanning from simple univariate regression to complex non-linear

models have been developed for the estimation of PM (Danesh Yazdi et al., 2020; Lee et al.,

2011; Taheri Shahraiyni and Sodoudi, 2016; Li, 2020; Nabavi et al., 2019). Machine learning

(ML) methods have gained popularity in the study of aerosol dynamics and air quality fore-

casts (Bai et al., 2019; Xiao et al., 2020; Nabavi et al., 2019; Danesh Yazdi et al., 2020). These

techniques offer enhanced accuracy and flexibility while requiring smaller datasets compared to

traditional models. This shift in approach highlights the need for further research to explore the
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potential of ML in advancing our understanding of aerosol dynamics and improving air quality

predictions. The application of advanced algorithms enables non-parametric exploration of the

intricate relationship between predictor variables and measured pollutant concentrations (Di

et al., 2016; Taghavi-Shahri et al., 2020). The current investigation focuses on understanding

aerosol dynamics in Ghana, a nation experiencing enhanced population growth and economic

expansion (Abokyi et al., 2019). Geographically situated in West Africa, Ghana is influenced

by two major trade winds, especially the northwesterly winds carrying Saharan dust. This

unique positioning exposes the region to diverse aerosol types and concentrations throughout

the year. Agriculture, particularly among young adults, plays a vital role in the economy

(Ghana Statistical Service, 2014), with activities like biomass burning contributing to aerosol

levels. Additionally, urban areas in Ghana are the major hub for economic activities and

substantial emissions from industries, transportation, construction, petroleum extraction, and

mining, further impacting aerosol concentrations (Fosu-Amankwah et al., 2021). This study

aims to explore these aerosol dynamics in Ghana’s evolving environmental landscape, offering

valuable insights for scientific research. Despite the multitude of potential aerosol emission

sources, systematic assessment of aerosols in Ghana is notably lacking in the existing scientific

literature. Hence the need to assess ML performance in forecasting AOD levels with readily

available data for our region. The current study therefore aims to provide: i) Spatio-temporal

aerosol assessment from MODIS 3km AOD Aqua and Terra products over Ghana; ii) train ML

models with meteorological variables; iii) Assess the performance and accuracy of the machine

learning model in predicting AOD at different spatial and temporal scales.

2. Dataset and Methodology

2.1. Study Area

The study was carried out in Ghana, situated on the West African Guinea Coast. Ghana

experiences a monsoonal climate, characterized by two distinct seasons, dry and wet, due to its

tropical location (Aryee et al., 2018). The West African Monsoon (WAM) significantly influ-

ences rainfall in the region, along with various convective activities triggered by the movements

of the Inter-Tropical Discontinuity (ITD), resulting in a mean annual rainfall ranging from 150

to 2500 mm. It is a component of the global monsoon system, and the shift in the trade wind

path in the lower troposphere during the WAM has traditionally been linked to the thermal

contrast between the cooler tropical Atlantic and the warmer North African continent (Sultan

and Janicot, 2003; Janicot et al., 2011; Louvet et al., 2005). The primary driving forces behind
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these wind systems are the energy and temperature differentials between the Gulf of Guinea and

the Sahara. Along the ITD, the moist maritime tropical air mass originating from the Atlantic

Ocean converges with the dry northeast continental tropical air mass (Amekudzi et al., 2015).

The seasonal movement of the ITD gives rise to a bi-modal rainfall pattern in the southern

part of Ghana and a uni-modal pattern in the northern region (Owusu and Waylen, 2013). The

onset of the rainy season occurs when the maritime tropical air mass is significantly laden with

water vapor, typically between the second and third decades of March, with peak precipitation

recorded in June. The minor season, lasting only a few weeks, initiates in the first and second

decades of September and concludes in the second to third decades of November (Amekudzi

et al., 2015; Manzanas et al., 2014). The country experiences an annual average rainfall ranging

between 900 and 1900 mm (Baidu et al., 2017). The annual average relative humidity (RH)

varies from 77 percent to 85 percent (Williams et al., 2017; Asante and Amuakwa-Mensah,

2014; Kabo-Bah et al., 2016). Ghana is notably one of the fastest-developing countries on the

African continent (Amoatey et al., 2018). The nation boasts four key urban centers: Accra,

Kumasi, Takoradi, and Tamale. However, this rapid economic growth coupled with population

growth, industrialization, and a surge in vehicular density seems to have contributed to incre-

mental growth in air pollution in the country, particularly in these urban centers. Furthermore,

findings from Agyemang-Bonsu et al. (2010) indicate that a considerable number of vehicles

imported into Ghana are aging, receive limited maintenance, and consequently contribute to

elevated emission levels. As of September 2018, over 28,000 deaths in Ghana were linked to air

pollution (World Health Organisation, 2016; Odonkor et al., 2020). The World Health Orga-

nization (WHO) reported that Ghana’s annual average PM2.5 level in 2016 was 31.1 µg/m3,

well above the recommended guideline of 10µg/m3 (World Health Organisation, 2016).

2.2. Dataset

2.2.1. MODIS

MODIS serves as the pivotal instrument aboard NASA’s Terra and Aqua satellites, launched

in December 1999 and May 2002, respectively. Terra follows an orbit from north to south

across the equator in the morning, whereas Aqua’s orbit goes from south to north over the

equator in the afternoon. With Terra MODIS and Aqua MODIS working in tandem, they

achieve a comprehensive view of the Earth’s surface approximately every one to two days. This

remarkable feat is achieved by capturing data across 36 spectral bands, spanning wavelengths

from 0.4 to 14.385 µm. The visual richness of MODIS imagery emerges with spatial resolutions

of 250m, 500m, and 1km (Kahn et al., 2009; Zhang and Reid, 2009; Shi et al., 2015; Acharya
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and Sreekesh, 2013). Of noteworthy significance are the specific channels with wavelengths

spanning from 0.47 to 2.12µm, adeptly employed for retrieving vital aerosol characteristics.

In further detail, this instrumental suite produces daily-level aerosol optical thickness data,

expertly mapped at a global spatial resolution of 10 km × 10 km. The MODIS swath width

is 2330 km, slightly narrower than that of AVHRR. As a result, the coverage for a single

day is not complete, and any gaps from one day are filled in on the next. For an animation

illustrating the MODIS scan pattern, refer to http://aqua.nasa.gov/sites/default/files/

aqua_modis_h264.mov (last accessed: 27 July 2023). The retrieval of aerosol data through

MODIS employs three distinct algorithms, each designed for specific settings: DT and DB

algorithms are employed over land, while the DT algorithm is used over oceans (Hsu et al.,

2019). Additionally, the DTB algorithm harmonizes these main approaches, selecting the most

suitable one based on the land’s characteristics. The DT algorithm is tailored for dark surfaces

like dark soil and vegetation. Meanwhile, the advanced second-generation DB algorithm is

adept at bright surfaces such as deserts, urban areas, and vegetated regions. The retrieval

process of aerosol properties using the DT algorithm over dense vegetation and dark soil relies

on how visible wavelengths, specifically 0.47 and 0.65 µm, correlate with a shortwave of 2.12 µm

in the infra-red range (Levy et al., 2007). The present operational MODIS dataset, denoted as

C061, furnishes standard aerosol characteristics with a spatial resolution of 10 × 10 km² within

the Level 2 (L2) datasets, specifically MOD04 for Terra and MYD04 for Aqua. In aggregated

Level 3 (L3) products, this resolution is lowered to 1° × 1°. Furthermore, an additional aerosol

file based on the Dark Target (DT) approach with a resolution of 3 km is included in the

C006 dataset, which has been continued in the current C061. This enhancement serves to offer

air quality insights at local or urban scales. Detailed information about the C006 dataset is

elaborated by (Remer et al., 2013), while the progression from the DT C006 to the current

C061 is detailed from (Mattoo, 2017). It is noteworthy that the DT product may exhibit

relatively higher uncertainty, particularly when applied to bright underlying surfaces (Levy

et al., 2010). The monthly AOD dataset at a wavelength of λ = 0.55 µm for Terra at 10:30

am local time and for Aqua at 1:30 pm local time during overpass times was downloaded from

https://ladsweb.modaps.eosdis.nasa.gov/forthestudy (last accessed on 27 July 2023).

2.2.2. Input Variables

To predict the AOD from MODIS, climate variables such as temperature(t2m; K), dew-

point(K), surface net downward shortwave flux(Jm-2), surface upward longwave flux (Jm-2),

surface upward latent heat flux (Jm-2), relative humidity, boundary layer height(m), Down-
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ward UV radiation (Jm-2), Evaporation (m), Precipitation(m), Pressure (hPa), Top net solar

radiation (Jm-2), and low cloud cover. We utilized these covariates, primarily relying on expert

knowledge and data availability. Meteorological variables are known for their influence on the

dispersion and transport of fine particulate matter. Atmospheric heat flux variables are also

known to be influenced by aerosols which can lead to negative or positive radiative forcing.

As previously mentioned, AOD is a key predictor of PM2.5, with higher levels of AOD indicat-

ing higher PM2.5 levels (Wang et al., 2003; Liu et al., 2007; Van Donkelaar et al., 2006, 2010;

Gupta et al., 2006). In general, the MinMaxScaler normalizer and the normalization layer from

Keras tensorflow were used to normalize and standardize the input data. All climate variables

used in prediction were obtained from ERA5 (https://cds.climate.copernicus.eu/) with

a temporal range spanning 2003 to 2019. A total of 80% of the data was used for training and

20% was used for testing. The DT and deep blue DB combined products were used for this

study. The decision to use this product was mainly due to the highly variable topography of

our region. Here, we incorporate meteorological data to predict AOD levels, from 1st January

2003 to 31st December 2019 over the entire country and some selected locales.

Table 1 represents the statistical distribution of the input variables for the model.

Table 1: Descriptive Statistics of Covariates Used.

Variables Count Mean Standard Deviation Minimum 25% 50% 75% Maximum

t2m 204 303.02 1.73 299.75 301.30 303.296 304.38 307.33
d2m 204 295.24 2.087 281.60 294.92 295.79 296.40 297.54
RH 204 62.28 8.97 27.45 56.89 64.79 69.63 73.60
SH 204 -164.16 62.11 -342.88 -212.80 -136.27 -112.29 -81.22
LH 204 -230.03 48.33 -353.90 -263.17 -228.46 -193.69 -78.18
DS 204 542.92 95.05 333.19 456.26 558.37 616.44 745.10
UL 204 -63.65 22.82 -140.17 -76.46 -56.27 -46.11 -34.08
BLH 204 597.63 109.32 410.93 514.22 579.73 673.09 940.14
AQUA 204 0.47 0.27 0.15 0.28 0.39 0.55 1.50
TERRA 204 0.53 0.26 0.16 0.34 0.46 0.61 1.62

2.2.3. Data Preprocessing

The issue of missing (NaN) values is a prominent challenge commonly faced in the analysis

of satellite-borne data products. In this study, we employed a methodology outlined by Fosu-

Amankwah et al. (2021) to ensure a cohesive analysis of Aerosol Optical Depth (AOD) datasets.

This involved partitioning the country into smaller grids (0.04° × 0.04°) and employing an av-

eraging technique on pixel values (a minimum of three) within these grids to address missing

data instances. The practice of averaging data within reduced grids is a conventional approach
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in spatial analysis, particularly in the context of remote sensing data and other geospatial

datasets characterized by substantial missing or NaN values. In this research, the entire coun-

try and specific major localities were considered, with AOD datasets from AQUA and TERRA

serving as dependent variables, while other satellite-borne data products, including temper-

ature, dewpoint, surface upward longwave flux, surface upward latent heat flux, surface net

downward shortwave flux, relative humidity, boundary layer height, Downward UV radiation,

Evaporation, Precipitation, Pressure, Top net solar radiation, and low cloud cover, constituted

the independent variables. Given the inherent variation in spatial resolution among the diverse

data products utilized in this study, all data products not conforming to the 1 km × 1 km

grid were standardized through bilinear interpolation. The bilinear interpolation method was

chosen primarily for its versatility, as it strikes a balance between computational efficiency and

accuracy (Arif and Akbar, 2005). This makes it suitable for a broad spectrum of applications

where smooth interpolation between gridded data points is essential. Additionally, the tem-

poral resolution of independent variables was adjusted to align with AOD datasets from Aqua

and Terra, ensuring consistency.

2.3. Model Development

While performing the data preprocessing, it became evident that the MODIS dataset con-

tained a substantial number of missing values (NaN), which further compounded the scarcity of

ground-level observations for PM2.5. To bridge this disparity, the integration of various machine

learning algorithms emerged as a requisite approach to facilitate the comprehensive evaluation,

continuous monitoring, and precise forecasting of Aerosol Optical Depth (AOD) values. These

prognostic outcomes have multifaceted utility, including but not limited to data imputation,

model parameterization, and broader assessments about regional air quality. One of the main

goals of this study was to use ML to assess Aerosol Optical Depth (AOD) in certain areas of

Ghana. As the no free lunch (NFL) theorem states; there is no single algorithm that performs

best for all possible problems. Hence, we employed two well-known machine learning methods

that are often used to predict AOD based on previous research.

2.3.1. Multiple Linear Regression(MLR)

The MLR model is a well-known ML algorithm utilized in establishing the linear relation-

ships among numerous independent variables and a continuous dependent variable. Prior to

constructing the MLR model, an extensive review of existing literature was undertaken to as-

similate and implement the most effective methodologies outlined in prior research studies.

Notably, the MLR model, unlike certain other machine learning algorithms, does not involve
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a lot of hyperparameter tuning. However, akin to various machine learning techniques, proper

normalization of covariates holds paramount importance in ensuring optimal model perfor-

mance. Consequently, the MinMaxScaler normalizer was employed in this study to standardize

our covariates. This choice was motivated by the method’s widespread adoption in numerous

studies, predominantly due to its efficiency and computational expediency, making it a popular

choice in the scientific community. The mathematical representation of the MLR model is given

in equation 1 as:

y = β0 + β1x1 + β2x2 + . . .+ βpxp + ϵ (1)

where:

y : Dependent variable

x1, x2, . . . , xp : Independent variables

β0, β1, β2, . . . , βp : Regression coefficients

ϵ : Error term

2.3.2. Multi Linear Regression(MLR) Using ANN

Before constructing the neural network using the optimal parameters determined through

the hyperparameter tuning process, we employed the Artificial Neural Network (ANN) model

for conducting a multi-linear regression analysis. This was executed by defining a single in-

put layer and an output layer while excluding any hidden layers during model construction.

The fundamental principle of linear regression is to capture linear associations between the

dependent variable and independent variables. By structuring the ANN model with solely an

input and output layer, it effectively operates akin to a linear regression model. This is mainly

because one of the fundamental differences between a linear regression model and a neural

network, even with just input and output layers, is the activation function. Linear regression

models directly output a weighted sum of inputs without applying any non-linear transforma-

tion. In contrast, neural networks typically use activation functions, even in the hidden layers,

to introduce non-linearity. This non-linearity allows neural networks to discern complex pat-

terns and relationships in the data. For this model, the Adam optimizer was utilized with a

specific learning rate set at 0.01. A batch size of 12 and a total of 89 epochs were employed

during the training process. It is noteworthy that these hyperparameters were tuned using the

trial-and-error approach.
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2.3.3. Artificial Neural Network(ANN)

ANNs are computational models inspired by the intricate neural networks in living organ-

isms. They are renowned for their adept utilization of the backpropagation error technique,

a pivotal method for training these networks. This technique revolves around iteratively fine-

tuning the network’s weights to minimize the discrepancy between anticipated and actual out-

puts. This intricate process encompasses several essential steps. In the forward pass, input data

traverses through the network layer by layer. Neurons calculate weighted sums of inputs, sub-

sequently processed by activation functions to yield neuron outputs. The distinction between

predicted and target outputs is computed via a designated error or loss function, like the Mean

Squared Error (MSE) for regression or Cross-Entropy for classification. Calculated derivatives

guide the adjustment of weights and biases within the network using optimization algorithms,

often Gradient Descent or its variants. This endeavor strives to discern weight adjustments

that curtail the error. The iterative repetition of this process over multiple epochs refines

weights, progressively diminishing errors. Convergence towards an optimal weight configura-

tion, minimizing the error function, characterizes the network’s learning trajectory. Influential

hyperparameters like activation functions and learning rates can be selected through manual

methods, involving trial and error, or alternative strategies such as grid search, random search,

or Bayesian optimization. In this study, grid search was employed to identify optimal param-

eters, as detailed in Table 2. The training of the model involved the application of the Adam

optimizer, primarily chosen mainly due to its fast convergence. Additionally, the MSE was

employed as the loss function during the training process. The mathematical representation of

the MLPN is given in equation 2 as:

yj = f

(
N∑
i=1

xji · wji + bj

)
(2)

where:

yj is the output of node j,

f is the activation function,

xji represents the input from node i to node j,

wji denotes the weight associated with the connection between node i and node j,

bj stands for the bias of node j.
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Figure 1: Artificial Neural Network Structure.

Figure 1 depicts the architecture of the ANN model, commonly referred to as the Multilayer

Perceptron Network (MLPN). This model falls within the category of Feed-forward backprop-

agation Neural Networks (FFNN), characterized by its composition of multiple hidden layers

and input/output layers that enable the seamless flow of data throughout the network (Bedi

et al., 2020).

2.3.4. Hyper-Parameter Tuning

While machine learning methods eliminate the need for certain distribution assumptions,

they introduce another factor known as hyper-parameters, which essentially act as guiding

settings during the learning process. To fine-tune these hyper-parameters, we conducted a

grid search, evaluating model performance based on mean square error and cross-validation R2

values (indicating prediction accuracy). For our neural network component, we took further

steps to enhance its performance. Specifically, we optimized the architecture by selecting three

hidden layers and adjusting the number of neurons within them. Moreover, we made necessary

refinements such as determining the optimal number of learning iterations (epochs), choosing

an appropriate activation function for the neurons, the batch size, dropout rate and fine-tuning

the speed at which the model adapts its learning rate. All of these measures were implemented

to yield the most effective outcomes from our model. This whole tuning process was done using

Keras tuner. Table 2 depicts the result of the tuning process.

Table 2: Best hyperparameters from Keras tuner.

Hidden Layer Neurons Learning Rate Activation Function Dropout Rate Batch size

1 71 0.001 ReLU 0.2 16
2 65 0.001 ReLU 0.2 16
3 10 0.001 ReLU 0.2 16
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2.4. Validation Metrics

The control parameters of the models were initially chosen and then adjusted through trials

to achieve the most optimal fitness measures. To assess the effectiveness of the proposed

models, four statistical indicators were employed: root mean square error (RMSE), coefficient

of determination (R2), mean absolute error (MAE), and the Kling-Gupta Efficiency (KGE).

2.4.1. RMSE

RMSE quantifies the standard deviation of the disparities between predicted and observed

values, known as residuals. A diminished RMSE signifies a model with reduced errors. The

formula for RMSE is depicted in equation 3 as:

RMSE =

√√√√ 1

n

n∑
i=1

(predi − observedi)2 (3)

2.4.2. MAE

The MAE signifies the average of the absolute differences between the predicted and ob-

served values in the dataset. A smaller MAE value indicates a more accurate model, as it

reflects reduced errors. The formula for MAE is depicted in equation 4 as:

MAE =
1

n

n∑
i=1

|observedi − predi| (4)

2.4.3. R2

The R2 indicates the fraction of the variance in the dependent variable that can be predicted

by the independent variables in the model. It ranges from 0 to 1, where 1 indicates a perfect fit.

A higher R-squared value suggests that the model explains a larger portion of the variability

in the data. The formula for R2 is depicted in equation 5 as:

R2 = 1−
∑n

i=1(observedi − predi)
2∑n

i=1(observedi −mean of observed)2
(5)

2.4.4. KGE

The KGE is a metric used to evaluate model performance. It combines correlation, mean

ratio, and variability ratio. A perfect match between observed and simulated data yields a

KGE value of 1, indicating optimal model performance. The formula for KGE is depicted in

equation 6 as:

KGE = 1−
√

(r − 1)2 + (β − 1)2 + (γ − 1)2 (6)
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Where:

• r is the correlation coefficient between observed and predicted values,

• β is the ratio of the standard deviation of predicted values to the standard deviation of

observed values,

• γ is the ratio of the mean of predicted values to the mean of observed values.

3. Results and Discussion

3.1. AOD distribution over Ghana

The representation of aerosol levels across Ghana’s climatology is depicted in Figures 2a and

2b. These visuals are derived from AOD measurements at a wavelength of 550 nm, collected

over sixteen years (2003-2019) using MODIS. Figures 2a and 2b showcase the geographical

distribution of AOD values across the nation, providing a clear demonstration of MODIS’s ef-

fectiveness in capturing AOD throughout Ghana. The average AOD values for Aqua and Terra

over Ghana were 0.470 (± 0.206 sd) and 0.528 (± 0.208 sd), respectively. When compared to

its Aqua equivalent, the Terra DTB algorithm produced results with higher mean AOD. Dis-

crepancies in aerosol statistics between Terra and Aqua, despite their shared data processing

techniques, can be attributed to disparities in their orbital characteristics and the timing of

satellite overpasses. Terra follows a descending orbital trajectory, traversing the equator in a

southward direction around 10:30 am local solar time. Conversely, Aqua ascends northward

and undertakes its data collection roughly at 1:30 pm local time. The relatively short temporal

interval of approximately 3 hours between the overpasses of the Aqua and Terra satellites offers

a unique opportunity to merge data from both sources. This collaborative approach holds the

potential to mitigate data losses, primarily attributed to cloud-related issues. These variations

in overpass timings, shaped by the distinct orbital trajectories of the satellites, introduce the

potential for disparate aerosol statistics to emerge. These differences may arise due to the

influence of diurnal aerosol or cloud cycles, contributing to distinct sampling outcomes (Levy

et al., 2018). Additionally, the Terra satellite, with its morning overpass, is more inclined to

encounter aerosols characterized by notable hygroscopic growth during its observational jour-

ney. This phenomenon can be attributed to the heightened humidity levels typically prevalent

in tropical regions during the morning hours (Moradi et al., 2016). Several studies (Tsai et al.,

2011; Wang et al., 2010; Zhang et al., 2016; Engel-Cox et al., 2006) have highlighted the signif-

icant influence of ambient RH on the correlation between satellite AOD and PM. Furthermore,
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the Terra satellite’s morning orbit provides an opportunity to intercept a dense aerosol air mass

generated during the morning ”rush hour” period. This air mass includes emissions such as soot

from wood fires, frequently used for domestic and commercial food preparation in the region, as

well as exhaust emissions from older vehicles. These aerosol particles may have been retained

within the stable nighttime and morning atmospheric conditions (Fosu-Amankwah et al., 2021).

The difference we observed in Aqua and Terra AOD retrievals in our study was approximately

6%. This difference, although noteworthy, contrasts the findings of Levy et al. (2018) and Fosu-

Amankwah et al. (2021), who independently reported a more substantial statistical difference

of around 13% in global Aqua and Terra AOD retrievals. It is important to highlight that

the discrepancy we observed, which is nearly half of their reported difference, may be linked

to the fact that we integrated the DTB comprising the DT and DB products, as opposed to

their utilization of stand-alone products. Our observations reveal a concentration of elevated

AODs in the southwestern region of the country, while sporadically elevated AOD fluctuations

manifest along the mid and southeastern boundaries. These findings align with findings from

Aklesso et al. (2018) and Fosu-Amankwah et al. (2021). Aklesso et al. (2018) attributed their

findings to the geographical characteristics of the southernmost regions of southern West Africa.

They pointed out that these areas are predominantly characterized by low elevations. They

observed that the multi-year averaged AOD550 (AOD at 550 nm) over this region exhibits an

upward trend as the elevation decreases. This phenomenon can be explained by the influence

of high terrain, which can either impede or modify wind directions. Such alterations in wind

patterns disrupt the horizontal dispersion of pollutants (Ma et al., 2016; Ning et al., 2018),

consequently leading to the diminishing in pollutant concentration levels. Furthermore, Fosu-

Amankwah et al. (2021) provided additional insights into the factors influencing the elevated

AOD values observed in southwestern Ghana. These heightened AOD values are postulated

to arise from various sources, including the presence of sea salt spray suspended within the

atmospheric column and aerosols originating from specific source regions. These components

not only directly contribute to localized dust accumulations but also exert a significant in-

fluence on overall aerosol loadings. In contrast, the comparatively higher AODs detected in

the middle and eastern sectors of Ghana are likely linked to anthropogenic activities. These

activities encompass emissions of both fine and coarse PM, primarily associated with surface

mining operations. Furthermore, these elevated AOD levels may result from emissions of BC

originating from biomass combustion and aerosols transported from distant source regions. The

complex interplay of these factors, coupled with the unique regional topography, contributes to

the observed AOD patterns. Of particular note is the presence of the Akuapim-Togo mountain
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(a) (b)

Figure 2: Average AOD distribution over Ghana for Aqua (a) and Terra (b) retrievals resolution over Ghana
spanning 2003-2019

range within the eastern corridors of Ghana. This geographical feature significantly influences

the dispersion and containment of aerosols within the region. Consequently, the topographical

characteristics of the elevated terrain likely play a crucial role in contributing to the relatively

higher AOD levels observed in the eastern sector of the country. These observations underscore

the intricate interrelationships between geographical features, human activities, and aerosol

dynamics in shaping regional aerosol distribution patterns.

3.2. Feature Importance

According to Mayer and Gróf (2021) and Markovics and Mayer (2022), the process of fea-

ture selection stands out as a crucial phase in machine learning, possibly even more important

than the model selection itself. Understanding the individual contribution of each covariate

to the model’s performance is indispensable. The inclusion of irrelevant variables and highly

correlated variables, often referred to as multi-collinearity, can significantly impair a model’s

effectiveness. In this study, we employed both correlation analysis and the intrinsic feature

importance attribute derived from the random forest (RF) algorithm. These methods were in-

strumental in our quest to identify the most optimal features for our models. Figure 3 provides a

comprehensive visualization of the contributions made by various covariates for both the AQUA

and TERRA datasets, obtained through the RF feature importance property. For TERRA,

the most influential feature was the downward shortwave flux, contributing approximately 50%,

followed by the latent heat flux, which accounted for around 12% of the variance. Notably, the

other features contributed less than 10% individually. Conversely, in the case of AQUA, the
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Figure 3: Relative contribution (%) of individual covariates on model performance.

downward shortwave flux remained paramount, contributing about 45%. Here, the influence

of latent heat flux decreased significantly, from 12% to 8%. Intriguingly, the contribution of

sensible heat flux rose notably from 8% to 17%, making it the second most influential feature

for predicting AQUA. The shift between sensible and latent heat flux concerning AQUA and

TERRA can be ascribed to the variance in satellite overpass times. For TERRA, the overpass

transpires in the morning when the sun has yet to reach its zenith. Overnight, surface temper-

atures tend to decrease, causing any moisture present on surfaces to undergo a phase change,

releasing latent heat. This latent heat energy profoundly influences the aerosols detected by

the satellite during its morning overpass. Conversely, AQUA’s overpass occurs in the afternoon

when the sun shines brightly. By this time, the sun has sufficiently warmed the surface, causing

the adjacent air to heat up. Consequently, this warm air ascends, carrying heat energy with it,

thereby influencing the aerosols detected by the satellite. Figure 4 illustrates the correlation

matrix, a fundamental analytical tool employed in this study. The correlation matrix serves a

dual purpose: firstly, it aids in identifying covariates that exhibit strong correlations with the

target variable. Secondly, it facilitates the detection of variables displaying high intercorrela-

tions, thereby assisting in mitigating the challenge of multicollinearity. Through the elimination

of highly correlated and redundant variables, the selected set comprises the following key pa-

rameters: downward shortwave flux, latent heat flux, sensible heat flux, evaporation, pressure,

and temperature.
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3.3. Spatial Patterns of the Predicted AOD Levels

To evaluate the models’ predictive abilities of the spatiotemporal distribution of AOD at a

1km resolution over the region, an array of validation and performance metrics were employed,

as previously detailed in section 2.4. Machine learning models were applied across the entirety of

the region. Figures 5a and 5b illustrate the diverse metrics utilized for evaluating the predictive

capabilities of TERRA and AQUA data, respectively. In Fig 5a, the first row showcases RMSE

values. Minimal RMSE values were observed for nearly the entire country, particularly in

the northern and middle sectors, ranging from 0.025 to 0.100. Notably, all models exhibited

suboptimal performance in the southwestern sector of the country, with RMSE values nearing

0.200. Similarly, the second row, representing Mean Absolute Error (MAE) values, displayed

a comparable bias. Models performed exceptionally well in the northern and middle sectors,

exhibiting MAE values ranging from 0.100 to 0.175. Conversely, in the southwestern part of the

country, all models demonstrated elevated MAE values, approaching 0.300. Moreover, the third

row, which depicts the R2, both MLR and ANN(MLR) models surpassed the traditional ANN

model with hidden layers, yielding R2 values ranging from 0.50 to 0.85 across the entire country.

Notably, in the southwestern part of the country, both the traditional ANN and ANN(MLR)

models outperformed the MLR model. Finally, the last row illustrates KGE values for the

models. It is evident from the figure that both the traditional ANN and ANN(MLR) models

outperformed the MLR model, specifically in the middle and southern sectors of the country,

where KGE values ranged from 0.50 to 0.8. Notably, the MLR model exhibited comparatively

low KGE values in the southwestern part of the country compared to the other models.

In Fig. 5b, the first row depicts RMSE values for various models’ predictions of AOD

from the AQUA satellite across the study area. Among these models, the ANN(MLR) model

demonstrated exceptional performance, displaying RMSE values ranging from 0.025 to 0.125

nationwide. Conversely, both the traditional ANN and MLR models exhibited comparatively

inferior performance, specifically in the middle and southern sectors of the country, where RMSE

values ranged from 0.125 to 0.175. In the second row, denoting MAE, all models performed

remarkably well in the northwestern part of the country, displaying MAE values ranging from

0.125 to 0.200. In the middle and southern sectors, ANN demonstrated superior performance,

closely followed by ANN(MLR). MLR, however, displayed the lowest performance in these

sectors, with values ranging from 0.225 to 0.300. Moving to the third row representing the R2,

the MLR model exhibited superior performance nationwide, closely followed by ANN(MLR).

The traditional ANN model showcased notable proficiency, particularly in the northwestern

and eastern parts of the middle sector, where R2 values ranged from 0.5 to 0.75. Conversely,
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Figure 4: Correlation Matrix.

(a) (b)

Figure 5: Error Metrics for the Predicted Spatial Distribution of AOD levels for Terra (a) and Aqua (b) retrievals
over Ghana spanning 2003-2019
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in the western part of the middle sector extending towards the southern region, both MLR

and ANN(MLR) models displayed superior performance. In the final row, representing KGE

values, all models demonstrated high KGE values, especially in the northern and southern

sectors, ranging from 0.50 to 0.85. However, within the middle sector, the ANN(MLR) model

displayed superior performance, closely followed by the traditional ANN model. MLR yielded

lower KGE values in this sector, ranging from 0.1 to 0.25.

On average, the models demonstrated exceptional predictive accuracy for AQUA and TERRA

data across much of the country, particularly in the northern and middle regions. However,

challenges arose in the southern sector, particularly in the southwestern and specific middle

regions. This difficulty can be attributed to the exclusive utilization of meteorological variables

as input data in our models. The southwestern region, as detailed by Fosu-Amankwah et al.

(2021), is characterized by substantial vegetation cover. Under low to moderate temperatures,

dense vegetation could potentially serve as a significant source of biogenic aerosols, as noted by

Charlson et al. (1992). Consequently, this phenomenon could influence aerosol optical depths,

especially observed by TERRA during its morning overpass. Additionally, the presence of dense

vegetation in the area could lead to challenges related to illegal timber cutting which occurs

mostly during nighttime, directly contributing to local dust loadings and plant debris. These

factors, in turn, impact aerosol loading. Unfortunately, the absence of readily available ground

observation data prevented the incorporation of such meaningful covariates into our models.

Consequently, our models were limited in their ability to efficiently learn from these complex

environmental variables, underscoring the importance of integrating comprehensive datasets

for more accurate and nuanced predictions.

3.4. ML aerosol assessments over selected locales.

Within the framework of our machine learning evaluations, our attention was directed to-

ward Accra and Takoradi, two significant urban hubs within Ghana’s landscape. Accra, being

the nation’s capital, boasts a substantial population of approximately 3 million (Rain et al.,

2011; Ghana Statistical Service, 2019). Its demographic expansion is notably rapid, given its

status as a primary recipient of migrants compared to other regions (Ghana Statistical Service,

2019). In contrast, Takoradi, often referred to as the oil city, is a coastal metropolitan area

situated about 280 km west of Accra, positioned within the southwestern expanse of Ghana.

Upon analyzing the AOD datasets across major Ghanaian cities, our analysis revealed that

these two metropolitan regions exhibited the highest mean aerosol burden. Specifically, Accra

demonstrated readings of 0.56 for TERRA and 0.48 for AQUA, while Takoradi displayed values
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of 0.56 for TERRA and 0.51 for AQUA. The escalated aerosol levels in Accra can be attributed

to rapidly increasing population figures, extensive industrial and economic activities, and a high

volume of vehicular traffic, especially during morning rush hours, leading to significant vehicu-

lar emissions. Conversely, in Takoradi, heightened aerosol burdens could result from emissions

originating from offshore oil rigs and gas industries. The transport of these emissions over

the city is influenced by factors such as wind direction, speed, and proximity to the coastline.

This influential observation enabled our research focus: to assess the predictive capabilities

of the employed machine learning models in simulating and predicting fluctuations in aerosol

burden levels within these locales. Our objective was to critically evaluate the performance

of these models under such critical circumstances. Figure 6 presents a comparative analysis

of observed and simulated AOD levels over Accra and Takoradi, employing machine learning

models developed within this study.

In the case of Accra (AQUA) represented in the first row, the ANN(MLR) model demon-

strated superior performance, exhibiting an RMSE value of 0.18, MAE value of 0.203, R2 value

of 0.75, and a KGE value of 0.72. Following closely was the MLR model, outperforming the

ANN model. Notably, the ANN model displayed noteworthy skill in terms of MAE values,

boasting the lowest MAE value of 0.163. Refer to Table 3 for a comprehensive summary of

the utilized metrics. In the context of Accra (TERRA), all models demonstrated commendable

performance. However, considering KGE values, ANN(MLR) surpassed both the MLR and

ANN models. Notably, the MLR model exhibited the lowest KGE value at 0.45, compared

to the impressive 0.72 for ANN(MLR) and 0.69 for ANN. Moving to Takoradi (AQUA), the

ANN(MLR) model exhibited exceptional proficiency, yielding an RMSE value of 0.110, MAE

value of 0.122, R2 value of 0.72, and the highest recorded KGE value among the models at 0.76.

Subsequently, the MLR model and the ANN model followed suit. Finally, examining Takoradi

(TERRA) in the last row, all models showcased commendable performance in simulating AOD

levels over the region. Yet, the ANN(MLR) model demonstrated superior accuracy, closely

trailed by the MLR model and then the ANN model. Specifically, the ANN(MLR) model dis-

played an RMSE value of 0.173, MAE value of 0.273, R2 value of 0.67, and a KGE value of

0.63. Notably, the MLR model recorded the lowest KGE value, standing at 0.31. A detailed

summary of the various metrics employed in this analysis is presented in Table 3.

4. Conclusions

The study delineates a comprehensive spatio-temporal assessment of aerosol distribution

across Ghana and two of its prominent cities using MODIS AOD data at a spatial resolution of
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Figure 6: Comparison between predicted and observed variations in AOD levels over selected locales.

Table 3: Summary of the Various Metrics employed over selected locales

Results
Location Metrics MLR ANN(MLR) ANN
Accra(AQUA) RMSE 0.12 0.08 0.12

MAE 0.23 0.20 0.16
R2 0.73 0.75 0.43

KGE 0.69 0.72 0.67
Accra(TERRA) RMSE 0.08 0.09 0.10

MAE 0.18 0.18 0.19
R2 0.76 0.72 0.21

KGE 0.45 0.72 0.69
Tarkoradi(AQUA) RMSE 0.18 0.11 0.17

MAE 0.24 0.12 0.21
R2 0.74 0.72 0.25

KGE 0.61 0.76 0.67
Tarkoradi(TERRA) RMSE 0.19 0.17 0.19

MAE 0.28 0.27 0.27
R2 0.21 0.67 0.24

KGE 0.31 0.63 0.60
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1 km. This investigation spans a sixteen-year period (2003–2019) and delves into the intricate

patterns of aerosol distribution and concentration. AOD is a key predictor of PM2.5, with higher

levels of AOD indicating higher PM2.5 levels, a relationship underscored by several referenced

studies.

Guided by the principle of the No Free Lunch (NFL) theorem, which underscores the ab-

sence of a universally optimal algorithm for all problems, we undertook an evaluation of the

performance of two distinct machine learning algorithms in predicting AOD values over the en-

tire country and some selected locales, specifically, Accra and Takoradi. The selection of these

regions is grounded in their status as major cities in Ghana, characterized by the highest mean

aerosol burden in comparison to other significant urban centers. To the best of our knowledge,

this study is the first to use machine learning models to perform AOD assessments over the

country. The following conclusions are drawn:

1. The analysis of spatio-temporal aerosol distribution revealed noteworthy insights. The

examination of MODIS Aqua and Terra AOD retrievals unveiled an overall lower aerosol

burden over Ghana, marked by mean AOD values hovering around 0.35. Moreover, the

retrieval patterns demonstrated a subtle variance of approximately 0.06 between the mean

Terra and Aqua AODs. Our research reveals distinctive patterns in aerosol concentra-

tion across various regions within our study area. The southwestern part of the country

consistently exhibits elevated aerosol loadings, while the northern, eastern coastal areas

and some parts of the middle sector, consistently display lower aerosol concentrations.

This recurring observation aligns with prior studies undertaken in the same geographical

vicinity (Aklesso et al., 2018; Fosu-Amankwah et al., 2021) and can be ascribed to various

factors. The presence of dense vegetation in the southwestern region likely contributes

to this aerosol distribution pattern, possibly linked to increased biogenic emissions. Ad-

ditionally, Fosu-Amankwah et al. (2021) suggested that elevated aerosol loadings in the

southwestern sector of the country result from a combination of factors, including the

complex dynamics of sea salt spray deposition from oceanic bubble eruptions and emis-

sions from the petroleum and gas sectors along the western coast. The proximity of these

coastal phenomena to the southwestern region significantly contributes to higher aerosol

concentrations. Aklesso et al. (2018) also attributed their findings to geographical char-

acteristics in southern West Africa, where low elevations prevail and elevated terrain can

alter wind patterns, affecting pollutant dispersion.

2. Utilizing a comprehensive range of validation metrics for assessing model performance, we
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can confidently conclude all models developed in the study exhibited an acceptable level

of accuracy. However, the MLR Regression utilizing the ANN architecture ANN(MLR),

exhibited superior predictive capabilities compared to both the original MLR and the

standard Keras-tuned ANN model.

3. The sub-optimal performance of the standard ANN model aligns with previous research

(He et al., 2016; Srivastava and Singh, 2015), indicating that standard feed-forward neu-

ral networks might encounter issues related to saturation and reduced accuracy as the

number of hidden layers increases, as observed in various similar studies. This modest per-

formance of the ANN model might be attributed to inherent limitations. Specifically, two

prominent limitations include overfitting, where the model becomes too closely tailored

to training data, leading to poorer generalization on unseen data, and the requirement of

substantial data, which often necessitates large datasets to achieve meaningful learning.

Other noteworthy limitations include the local minimum trap and the exploding gradient

problems. More information on these limitations can be found in (Shang and Wah, 1996).

4. In the selected major cities, the presence of elevated pollution levels, predominantly at-

tributed to biogenic and anthropogenic emissions, is a defining characteristic. However,

our analysis of MODIS data preprocessing revealed a widespread occurrence of NaN

(Not a Number) values. This challenge, coupled with limited ground-level observations,

severely constrains our ability to systematically monitor and forecast air quality in these

urban centers and the broader region. Leveraging machine learning models presents a

promising solution to mitigate this substantial constraint. These models offer an effective

approach for monitoring and predicting air quality using readily accessible data sources,

while maintaining an acceptable level of accuracy, thereby overcoming the limitations

posed by data gaps and enabling more robust environmental assessments.

5. For future studies, it’s worth noting that the datasets we used in our research have a

relatively basic level of detail in terms of spatial resolution. To improve the precision of

upcoming studies, it would be beneficial to consider datasets from other data sources with

finer spatial resolutions. These more detailed datasets would allow for quicker and more

thorough assessments of aerosol distributions and related factors, providing a more com-

prehensive understanding of the subject matter. Also, our analysis primarily concentrated

on meteorological variables as input data for the models. However, it is recommended

that future investigations consider the integration of additional variables, such as land

use characteristics, population growth patterns, vehicular emissions, agricultural residue

burning, domestic waste burning, industrial/biogenic emissions, the density of transporta-
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tion hubs, and daily traffic counts. These supplementary variables can provide a more

holistic understanding of the factors influencing aerosol distribution and facilitate more

comprehensive predictive models.
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