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A B S T R A C T

Aerosols are crucial constituents of the atmosphere, with significant impacts on air quality. Aerosol optical
depth (AOD) is critical in assessing solar resources and modeling sky radiance. However, comprehensive aerosol
studies at a continental scale are limited, and existing methodologies need to consider spatial characteristics.
This study develops a spatio-temporal unmixing with heterogeneity (STUH) model to evaluate spatial patterns
and temporal trends of atmospheric aerosols across the African continent. The spatio-temporal AOD data cube,
comprising monthly averaged MODIS-derived AOD data from 2001 to 2015, was decomposed using spatially
non-negative matrix variabilization to explore the spatial determinants and the impacts of their interactions
to AOD using a geographically optimal zones-based heterogeneity (GOZH) model. Our findings reveal an
increasing trend of aerosol levels across Africa in the past 15 years, combined with the spatio-temporal AOD
pattern explained by five abundance variables. We find that in different regions across Africa, the impact
of natural variables on AOD was 1.56 to 3.01 times the impact of human variables, with significant spatial
variations. These results are essential for understanding the climatic implications of atmospheric aerosols in
Africa.
1. Introduction

Atmospheric aerosols influence human health, climate change, and
the use of solar energy (Li et al., 2020c; Wu et al., 2018). These
microscopic suspended particles in ambient air comprise a variety of
liquids and solids including, but not limited to dust, smoke from straw
burning and solid dust from mining and quarrying processes (Hay-
wood, 2021). The composition of aerosols has impacts on climate
and human health. From a climatic risk perspective, aerosol particles
can scatter and refract solar radiation, reducing the amount of solar
radiation reaching the ground (Ramanathan et al., 2001; Ramanathan
and Carmichael, 2008). Moreover, the size range of these particles
is similar to the visible wavelengths, which affects the atmospheric
extinction coefficient, leading to reduced visibility and impacting crop
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production (Bond et al., 2013; Gettelman et al., 2015). Furthermore,
an increased concentration of cloud condensation nuclei can lead to
a substantial rise in airborne lightning activity (Sun et al., 2021). In
terms of human health risks, some aerosol particles pose hazards as
these materials can attach to the respiratory tract or enter the alveoli
and damage cellular DNA (Pope et al., 2011; Lelieveld et al., 2019).
Studying aerosol composition and its explanatory variables is thus of
great importance.

The explanatory variables behind atmospheric aerosols can be clas-
sified into anthropogenic and natural ones. Anthropogenic sources refer
to human activities that emit various types of aerosol particles into the
atmosphere, such as industrial PM2.5 emissions and unburned fuel from
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vehicles. Additionally, some human activities can increase solid parti-
cles, including crop waste burning, garbage burning, cigarette smoke,
fireworks, and food cooking. On the other hand, natural variables, such
as geographical location, climatic conditions, ecological state and wild-
fires can also affect the concentration and distribution of atmospheric
aerosols. For example, surf-generated sea-salt and water vapor aerosols
are major contributors to coastal zone concentrations (Tedeschi et al.,
2017), while dust is the primary aerosol source in drought regions and
deserts. Optical properties and seasonal variations in aerosols in China
were investigated and shown that highly absorbing and non-absorbing
aerosols occur seasonally (Chen et al., 2013). Moreover, ecological
processes can change aerosol composition, such as when wildfires
modify landscapes, alter surface albedo, and release greenhouse gases
and aerosols into the atmosphere (Gunsch et al., 2018). However,
as suggested by previous studies, the dynamic processes that lead to
aerosol generation are complex, and determining the generating vari-
ables in some regions requires further research effort. Understanding
the explanatory variables of aerosols is important for environmental
protection and management.

In the current research, three statistical categories were used to
identify the explanatory variables of geographical phenomenon: gen-
eral spatial statistical analysis, spatio-temporal modeling, and machine
learning (Song, 2022; Luo et al., 2023; Zhang et al., 2023; Song, 2023;
Cheng et al., 2023). General spatial statistical analysis methods have
been used widely to explore the influencing variables of aerosols. These
methods include the Mann–Kendall mutation test (Zhang et al., 2021),
spatial hotspot detection analysis (Amiridis et al., 2009), positive ma-
trix variable analysis (Zhang et al., 2011), hierarchical cluster analysis
(HCA) (Tutsak and Koçak, 2020), spatial autocorrelation analysis (Hua
et al., 2016), trend analysis and wavelet analysis (Barik et al., 2020).
However, the complexity of the aerosol mixing state and contribution
leads to large uncertainties or biases in the study of chemical com-
position and anthropogenic contribution. Moreover, statistical analysis
methods are not universally applicable to different study areas and do
not always yield accurate results.

Spatio-temporal modeling has been proposed as a more compre-
hensive method of analyzing aerosols by considering their spatial and
temporal characteristics. For example, the sectional aerosol model
(CARMA) and the Community Earth System Model (CESM1) simu-
late aerosol microphysics, radiative properties, and interactions with
clouds (Yu et al., 2015). Maximum Covariance Analysis (MCA) has been
used to extract the variability of major aerosol regimes and allowed
the simultaneous examination of aerosol variability both spatially and
temporally (Li et al., 2014). However, spatio-temporal modeling meth-
ods cannot accurately model aerosol measurement data, and although
modeling tools have advanced in the past two decades, including the
evolution of the chemical mixing state of aerosols (Riemer et al.,
2019), these models are not suitable for application to remote sensing
data products to analyze the contribution and spatial properties of
aerosols (Ma et al., 2018).

Recently, some researchers introduced machine learning in aerosol
studies due to its ability to quickly and accurately acquire features from
large-scale data (Chen et al., 2023). Transfer learning, for example,
can significantly increase the accuracy of dust and cloud classifica-
tion results by utilizing knowledge from previously collected data and
adding dozens of new samples (Ma et al., 2015). Machine learning
approaches such as neural networks and support vector machines can
explore the reasons for persistent bias between the aerosol optical
depths (AOD) retrieved from two measurements (Lary et al., 2009).
However, the performance of machine learning methods can be limited
by the number of labeled samples (Lary et al., 2009). Most machine
learning methods are used to generate the AOD data instead of aerosol
concentration analysis (Chen et al., 2020).

The above existing research methods have several limitations that
this research aims to address. First, current approaches do not ad-
2

equately consider the spatio-temporal characteristics of AOD data,
particularly the local spatial homogeneity. Thus, spatio-temporal ap-
proaches need to be improved for a more effective understanding
and analysis of aerosol dynamics. Second, previous methods have not
effectively determined the impacts of individual variables and their
interactions from a spatial perspective, which is crucial for a compre-
hensive understanding of aerosol sources and influences. To address the
complexity of aerosol contributions, a few studies have presented Non-
Negative Least Squares (NNLS) as a practical method for calculating
aerosol compound composition and tracing the source of air pollu-
tion (McGraw, 2007; Gong et al., 2021). Finally, and most importantly,
there is a significant lack of research focused on the entire African
continent. To date, no study has investigated trends and classifications
of aerosol types across the African continent. Only a few aerosol studies
have focused on different regions of the African continent, such as the
climatology of aerosol optical properties and aerosol emissions from
savanna fires in South Africa (Andreae et al., 1998; Queface et al.,
2011), and the impact of dust aerosol on regional precipitation and the
importance of the diurnal cycle of AOD over western Africa (Solmon
et al., 2008; Kocha et al., 2013). As a result, there is a substantial
knowledge gap regarding aerosol dynamics in Africa.

In this research, we propose a Spatio-Temporal Unmixing with
Heterogeneity (STUH) model to assess the spatial patterns and temporal
trends in atmospheric aerosols across the African continent. Using
the STUH model, we obtain the aerosol compound’s spatio-temporal
properties and analyze them alongside several natural and anthro-
pogenic variables using the GOZH method. Consequently, this paper
offers three significant contributions: (i) a novel method is devel-
oped to estimate aerosol types from a physical model perspective;
(ii) the spatio-temporal characteristics of aerosols are determined; and
(iii) a comprehensive study of atmospheric aerosols across Africa is
conducted.

2. Spatio-temporal unmixing with heterogeneity model

2.1. Background: Concepts and methods of unmixing

Unmixing is a technique designed to decompose mixed signatures
into a set of substance signatures and their corresponding proportions,
demonstrating effectiveness in aerosols analysis (Wei and Wang, 2020).
The success of unmixing relies on the mixing model, which describes
how substances in a scene interact and form mixtures. As a result,
unmixing can estimate parameters with physical meaning and facilitate
mixture component analysis (Xu et al., 2015; Bhatia et al., 2018).
Since atmospheric aerosols are mixtures, unmixing serves as a suitable
method for analyzing aerosol compositions.

Unmixing methods can be classified into nonlinear and linear ap-
proaches (Borsoi et al., 2021). Nonlinear unmixing can describe sub-
stance mixing cases to a certain extent but may encounter limitations
due to its complexity (Altmann et al., 2013; Li et al., 2020b). In
contrast, linear spectral unmixing offers simplicity, high efficiency, and
clear physical meaning, making it suitable for images with sub-meter
spatial resolution (Wei and Wang, 2020). However, linear unmixing
remains a challenging and ill-posed inverse problem due to the presence
of observation noise, environmental conditions, and spectral variabil-
ity (Feng et al., 2022). Currently, linear unmixing methods can be
categorized into five groups: geometric methods, nonnegative matrix
variabilization (NMF), archetypal analysis (AA), Bayesian method and
sparse unmixing (SU) (Wei and Wang, 2020). Deep learning was in-
creasingly applied to unmixing, leveraging the advantages of neural
networks in processing large datasets and their robust ability to solve
nonlinear problems (Rasti et al., 2021; Özdemir et al., 2022). These un-
mixing methods have the potential to facilitate more in-depth analysis
of aerosols. In particular, NMF theory is used widely in unmixing due
to its ability to preserve the non-negative properties of data (Feng et al.,

2022).
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2.2. Possible explanations of unmixing for spatio-temporal analysis

Initially developed for hyperspectral image processing, unmixing,
also known as ‘‘spectral unmixing’’, was employed to address the
challenges posed by mixed pixels with coarse spatial resolution in
imaging spectrometers (Xu et al., 2018). Spectral unmixing decomposes
the spectral signature of a mixed pixel into a set of pure substance
spectral signatures, termed ‘‘endmembers’’, and their corresponding
abundances. Hyperspectral image unmixing typically consists of two
stages: endmember extraction and abundance estimation (Wang et al.,
2022; Campos-Delgado et al., 2022).

Due to its ability to derive interpretable physical parameters, unmix-
ing has been widely adopted in various research fields. In fluorescence
measurements, overlapping fluorescence spectra are computationally
separated using fluorescence unmixing (Ikoma et al., 2014). In medical
multispectral optoacoustic tomography (MSOT), blind source unmixing
methods were proposed to decompose the spectral contributions of
different photo-absorbing molecules of interest in real-time, enabling
the identification of tissue biomarkers (Zhang et al., 2020). For lunar
surface mineral distribution analysis, unmixing of spectral reflectance
data serves as an effective method for mineral resource interpretation,
particularly in hard-to-access areas (Yin et al., 2019). In addition,
unmixing is also used to analyze temporal social media data to detect
land use patterns (Wu et al., 2020).

Unmixing was also utilized in spatio-temporal data analysis to ex-
plore the spatial characteristics and temporal trends of feature changes.
From a field perspective, the applications of unmixing for spatio-
temporal data analysis can be classified into three aspects. First, in
the field of environmental monitoring, techniques such as time series
analysis based on partial unmixing for vegetation were employed for
soil remediation monitoring in coal mining regions, enabling fast and
unbiased detection and extraction of single landcover classes of inter-
est (Künzer et al., 2008). Similarly, Landsat time series data unmixing
was utilized to assess spatial and temporal changes of urban vegetation
at regional scales (Lu et al., 2017). The spatio-temporal spectral unmix-
ing approach was also proposed for automatic dynamic monitoring of
land cover changes, exploiting multi-scale spatio-temporal information
and extracting proportion information from unchanged mixed pixels
required for training (Wang et al., 2021).

Second, in urban areas, researchers used unmixing techniques on
coarse-spatial-fine-temporal remote sensing data to predict time-series
impervious surface maps (Chen et al., 2021; Knight and Voth, 2010).
Furthermore, linear and nonlinear unmixing models were combined
to extract impervious surfaces in nonshadow and shadow areas in
medium-resolution images (Luo and Chen, 2021).

Finally, with the increasing availability of multitemporal data, the
analysis of spatial properties and temporal trends has become increas-
ingly significant in many research fields. Techniques such as empir-
ical orthogonal function and temporal unmixing analysis were em-
ployed to monitor phenological characteristics and spatial distribution
of vegetation using MODIS and EVI data (Xu and Fu, 2015). Addi-
tionally, crop-specific Normalized Difference Vegetation Index (NDVI)
profiles were retrieved using two unmixing approaches from fine-
resolution land-cover maps (Atzberger et al., 2014), followed by sub-
pixel crop acreage estimation using non-linear unmixing of temporal
information (Atzberger and Rembold, 2013).

Existing unmixing methods for spatio-temporal data analysis still
exhibit limitations. First, these methods have difficulty in capturing the
spatio-temporal characteristics of geospatial and Earth data due to local
spatial homogeneity, resulting in a limited understanding of local data
dynamics. In addition, these methods are not proficient in quantifying
the impacts of individual variables and their interactions from both
3

spatial pattern and spatial association perspectives.
2.3. The proposed model

In this paper, a spatio-temporal unmixing with heterogeneity
(STUH) model is proposed to decompose the spatio-temporal data into
temporal trends and spatial distribution characteristics, and determine
the composition. It includes two basic elements: spatio-temporal cube
generation and unmixing with the heterogeneity model. A few time
series aerosol data are overlapped into an data cube in spatio-temporal
cube generation step. Then, the aerosol data cube are analyzed for
influence factors in unmixing with the heterogeneity model. At the final
step, we conduct a sensitivity analysis to evaluate the uncertainty of the
proposed method.

2.3.1. The generation of spatio-temporal cube
The temporal data of the response variables in the study area should

be transformed into a spatio-temporal cube. In this study, the spatio-
temporal data of aerosols are aggregated into images on a monthly
base (𝑡), where 𝑋 and 𝑌 dimensions represent geographic location. The
aerosol data of each month record the average aerosol level for that
month. All aerosol data covering the same (𝑥, 𝑦) region share the same
location, and can be combined to represent a time series. In this way,
at any given moment, the corresponding section can be achieved in the
three-dimensional spatio-temporal cube.

2.3.2. Spatio-temporal unmixing with heterogeneity models
The spatial–temporal-unmixing-based model extracts the temporal

trend and spatial variation in the composition aerosols through spa-
tial homogeneous region segmentation and spatial–temporal unmixing.
Spatial homogeneous region segmentation is utilized to acquire irregu-
lar subregions composed of homogeneous combinations of neighboring
image elements by a named simple linear iteration clustering (SLIC)
method. The spatial–temporal unmixing is implemented using the NMF
method to decompose the endmembers and abundances, where the
abundance can be considered as the spatial distribution of the com-
ponents in the aerosol, and the endmember as the temporal trend of
the components.

2.3.2.1. Spatial homogeneous region segmentation. The process can be
viewed as grouping image pixels in space, and all pixels in the same
homogeneous region are considered to be of the same sparsity to
construct group sparsity constraints. Given the image 𝒀 ∈ R𝑇×𝑚×𝑛, in
which 𝑚, 𝑛, 𝑇 are the height, width and date, the SLIC approach is used
to segment it with three steps as follows:
(1) Assignment of region centers

Assuming that the region number is 𝐾, the region seeds are sampled
on a regular grid spaced 𝑆 =

√

𝑁
𝐾 pixel apart. All pixels surrounded by

the same seed are assigned the same region label.
(2) Similarity calculation

Setting a 2𝑆 × 2𝑆 sized search window with the 𝑘th seed in the
center, and calculating the similarity between this seed and all pixels
in the window, the region label of the pixel is updated with the largest
similarity value. The similarity calculation can be formulated as:

𝑑𝑐 = ‖𝑦0𝑘 − 𝑦𝑖‖2

𝑑𝑠 =
√

(

𝑚𝑘 − 𝑚𝑖
)2 +

(

𝑛𝑘 − 𝑛𝑖
)2

𝐷𝑘𝑖 = 𝑑𝑐 +
𝜅
𝑆
𝑑𝑠

(1)

where 𝑦𝑖 and 𝑦0𝑘 denote the 𝑖th pixel vector in the search window and
he 𝑘th seed vector, respectively; 𝑚𝑘, 𝑛𝑘, 𝑚𝑖, and 𝑛𝑖 are their spatial

locations; 𝑑𝑐 and 𝑑𝑠 are their distance in vector and space, respectively;
𝑘𝑖 is the similarity, where a lower value means more similar; 𝜅 is a
eight for balancing vector and spatial.

3) Updating of region centers
After reassigning the region labels to each pixel, the corresponding

egion centers need to be re-defined by the following:

̂𝑘 = 1
𝑁

∑

𝒈𝑖𝑘 (2)

𝑘 𝑖∈𝐺𝑘
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where, 𝒔̂𝑘 =
[

𝑦𝑘, 𝑚𝑘, 𝑛𝑘
]𝑇 denotes the 𝑘th region center vector; 𝐺𝑘

denotes the 𝑘th region with 𝑁𝑘 pixels; 𝑔𝑖𝑘 denotes the vector of the
𝑖th pixel in the 𝑘th region. Then, step 2 and 3 are repeated until the
predefined conditions are met.

2.3.2.2. Spatial–temporal unmixing. Since NMF could variablize a ma-
trix 𝒀 into two smaller matrices 𝑾 ∈ R𝑇×𝐾 and 𝑯 ∈ R𝐾×𝑚×𝑛, with
the 𝑘 denotes the number of endmember and 𝒀 ≈ 𝑾𝑯 , in which
all elements are non-negative, it enhances the interpretability of the
matrix 𝒀 in various applications. To analyze the spatial pattern and
temporal trend of the contributions of aerosol cross the entire study
area, the temporal response variable (e.g. aerosol data in this study)
need to be combined to form a spatio-temporal data cube. Local spatial
homogeneity is an important spatial feature in aerosol data, and serves
as a spatial constraint of the NMF method. Thus, the process is defined
as spatial–temporal unmixing.

To solve an approximate decomposition with respect to 𝒀 , the objec-
tive function is constructed based on the Euclidean distance between 𝒀
and 𝑾𝑯 , considering the local spatial homogeneity. The minimization
of the objective function is denoted as:

arg min
𝑯𝑾

1
2
‖𝒀 −𝑾𝑯‖

2
F+𝛼

𝑁𝑠
∑

𝑠=1

∑

𝑖∈𝜗𝑠

𝑐𝑖 ‖‖𝑾
𝑠𝒉𝑖‖‖

2
2 s.t. 𝑯 ≥ 0,𝑾 ≥ 0,𝑯𝑰 = 𝟏T

(3)

here the operator‖ ⋅ ‖𝐹 denotes the Frobenius norm; 𝛼 adjusts the
eights of the local spatial constraints, 𝛼 ∈ (0, 1).

The projected gradient descent algorithm for non-negative ma-
rix variabilization is used to calculate 𝑾 and 𝑯 in two steps alter-
ately (Lin, 2007).
1) Spatial feature extraction

In the first step, assuming that the endmember 𝑾 is known, the
bundance map 𝑯 is created by.

𝑠 = max
(

0,𝑯𝑠 − 𝛼𝑘
(

𝑾
𝑇 (

𝑾𝑯𝑠 − 𝒀
𝑠)

+ 𝛼 (𝑾 𝑠)𝑇 𝑾 𝑠𝑯𝑠𝑩𝑠
))

(4)

here 𝒀
𝑠
=
[

𝒀 𝑠

𝛿𝟏𝑛𝑠

]

, 𝑾 =
[

𝑾
𝛿𝟏𝐾

]

.

2) Temporal feature estimation
In the second step, the endmember 𝑾 is updated by using the first

tep result—the abundance map 𝑯 .

= max
(

0,𝑾 − 𝛽𝑘(𝑾𝑯 − 𝒀 )𝑯𝑇 ) (5)

here 𝛼𝑘, 𝛽𝑘 denote the step size.

.3.2.3. GOZH-based explanatory variable identification. The spatial
tratified heterogeneity model was employed to identify the explana-
ory variables of aerosols by analyzing the estimated abundance map.
patial stratified heterogeneity involves comparing variance within
trata, defined by geospatial variables, to those between strata (Wang
t al., 2010, 2016). In recent years, several advanced methods were
eveloped based on spatial stratified heterogeneity theory for geo-
raphical variable exploration and spatial prediction. These methods
nclude optimal parameter-based geographical detectors (OPGD) (Song
t al., 2020), interactive detectors for spatial association (IDSA) (Song
nd Wu, 2021), the generalized heterogeneity model (GHM) (Luo et al.,
023), robust geographical detectors (Zhang et al., 2022), geographi-
ally optimal zones-based heterogeneity (GOZH) (Luo et al., 2022), and
ocally explained stratified heterogeneity model (Li et al., 2023).

Among the above techniques, the GOZH model offers the advantage
f avoiding underestimation and overestimation of spatial associations
etween geographical variables while providing fine-grained divisions
f zones in geographical variable exploration (Luo et al., 2022). This
odel was implemented for investigating geographical variables re-

ated to soil moisture (Luo et al., 2021), carbon emissions (Wang et al.,
023) and public health issues (Tang et al., 2023). In this research,
4

he GOZH model was employed to examine the potential explanatory N
ariables of aerosols. The GOZH model uses a novel index, Ω, to
haracterize spatial stratified heterogeneity with high accuracy and
obust performance (Wang et al., 2010; Luo et al., 2022; Song et al.,
020).

= Max
[

1 − 𝑆𝑆𝑊
𝑆𝑆𝑇

]

(6)

where Ω is an indicator to measure spatial stratified heterogeneity, SSW
is the sum of squares within subzones, and SST is the total sum of
squares for marine chlorophyll across the entire study area. The Ω value
is determined through a step-wise approach.

2.3.2.4. Identifying spatial varying relationships. The relationship be-
tween geographical variables exhibits spatial heterogeneity. Exploring
the spatial variation of these relationships can deepen our understand-
ing of geographical phenomena and help design appropriate actions
and policies for different regions. The proposed STUH model can
identify several abundances of response variable in space and explain
the impact of explanatory variables on each abundance of the response
variable. Since these abundances have spatial distribution details, the
STUH model can thus calculate the spatial variation between response
and explanatory variables.

For an explanatory variable 𝑖, its impact to the response variable at
ocation 𝑗 is calculated as follows:

Abundance-based 𝛺(i)𝑗 =
𝐾
∑

𝑚=1
𝐴(m)𝑗𝛺(i) (7)

here 𝐴(m)𝑗 is the abundance value of the 𝑚th endmember at the
ocation 𝑗, 𝐾 is the number of the endmembers, 𝛺(i) is the 𝛺 value
f the explanatory variable 𝑖.

.3.3. Sensitivity analysis
In order to demonstrate the robustness of the model, we conducted

sensitivity analysis of the parameters. The number of endmembers
s a crucial parameter in this research for aerosol component analysis.

e set different numbers of endmembers and obtained results using the
TUH model. The Ω values of the explanatory variables with varying
ndmember counts are calculated and compared to analyze the stability
f the model results.

. Study area and data

.1. Study area

As one of the seven continents, Africa boasts a diverse and complex
opography. The continent is endowed with an extensive variety and
eserve of proven mineral resources, although their distribution is
arkedly uneven. Consequently, Africa’s regional economic distribu-

ion pattern is characterized as ‘‘developed in the north and south,
ackward in the middle, rich in the north and south, poor in the
iddle’’. This unique landscape results in substantial aerosol presence
ith considerable spatial variability across the continent. Investigating
frican aerosols is therefore of critical importance for understanding

heir environmental implications across the continent.

.2. AOD product datasets

According to solar radiation attenuation by atmosphere aerosol con-
tituents, aerosol optical depth (AOD) can be retrieved from satellite re-
ote sensing observation data for assessing the aerosol vertical column

oading in ambient air (Bright and Gueymard, 2019; Filonchyk et al.,
019). AOD is a comprehensive parameter that has significantly im-
roved our understanding of geographical aerosol properties (Filonchyk
t al., 2019; He et al., 2021).

In this research, the AOD product (Remer et al., 2005) comes from
he MODIS sensor, which is one of the most important sensors on the

ASA Terra and Aqua satellites and has 36 spectral channels covering
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Table 1
Explanatory variables of the spatial disparities of AOD.
Class Variable Dataset Spatial resolution Temporal resolution

Anthropogenic variables Emission

SO2 (EDGAR v5.0)

0.1 degree Annual

BC (EDGAR v5.0)
PM2.5 (EDGAR v5.0)
VOC (EDGAR v5.0)
OC (EDGAR v5.0)
NO𝑥 (EDGAR v5.0)

Natural variables
Vegetation MOD13A1.006 NDVI 500 m 16-daysMOD13A1.006 EVI

Temperature MOD11A2.006 LST 1200 m 8-days
Precipitation GPM v6 0.1 degree Monthly
b
p
r
t
p
o
o
r
T
p
A
o
e
o
s
I
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the UV, visible, NIR and IR wavelengths with fine spatial resolution.
MODIS is a widely used aerosol detection sensor with high update
frequency and wide spectral range. Its Level 2 𝑀𝑂𝐷04𝐿2 AOD product
atasets are available covering Africa from 2001–2015. The average
alue of effective image elements in the study area is calculated using
ixels as the processing unit to obtain the monthly average AOD data
or Africa.

.3. Explanatory variables

In this study, we selected 10 explanatory variables to explain the
patial distributions of AOD in Africa. These include six emission-
elated variables, two vegetation-related variables, land surface tem-
erature, and precipitation. The details of these explanatory variables
re presented in Table 1.

Various air pollutants, generated by human activities, can directly
r indirectly affect aerosol composition. To explore their influence,
e collected six anthropogenic emission-related variables: NO𝑥 (Li
t al., 2020a), PM2.5 (Just et al., 2018), black carbon (BC) (He et al.,
020), organic carbon (OC) (Levy et al., 2010), SO2 (Mhawish et al.,
021), and VOC (Zhang et al., 2012). These annual emission data were
ourced from the Emissions Database for Global Atmospheric Research
EDGAR), specifically the EDGARv5.0 product, which records emission
alues at a resolution of 0.1 x 0.1 degrees (Janssens-Maenhout et al.,
019).

The concentration and distribution of aerosols are deeply affected
y natural changes and human activity. As part of nature, atmospheric
erosols interact with other components anytime and anywhere, such
s climate and environment. In this study, to analyze the influence of
atural sources in aerosols, three variables, NDVI (Mao et al., 2012),
VI (Obata et al., 2016) and LST (Pande et al., 2024), were used to
xemplify the relationship between AOD spatio-temporal data and the
hree variables.

Both NDVI and EVI are vegetation indices, which highlight the
haracteristics of vegetation in remote sensing images and effectively
eflect the ecological conditions. Thus, they are selected as the eco-
ogical variables in this research. NDVI can reflect background effects
f the plant canopy, such as soil, wet ground, snow, dead leaves,
oughness, etc. EVI can reduce the effects from both atmospheric and
oil noise, and stabilize the response to vegetation. They are derived
rom the 16-days MOD13A1 composition with the spatial resolution
f 500 m (Cheng et al., 2022). Land Surface Temperature (LST) is
fundamental aspect of climate and biology, determining the radia-

ive energy budget of the Earth’s surface and affecting organisms and
cosystems from local to global scales. Therefore, it is used as the cli-
ate environment variable in this study. We collected the temperature
ata from the 8-days MOD11A2 products (de Andrade et al., 2021).
he precipitation process can not only remove aerosol particles, but
lso re-release them through evaporation, which can seriously affect the
oncentration and distribution of aerosols. In this study, we collected
onthly precipitation data from the Global Precipitation Measurement

GPM) version 6. This dataset records precipitation values with a spatial
5

esolution of 0.1 degrees (Moazami and Najafi, 2021).
4. Case study and results

4.1. Study workflow

The workflow of exploring the explanatory variables behind AOD
across Africa using the STUH model is shown in Fig. 1. First, the AOD
data and the remote sensing data products representing 10 explanatory
variables were obtained and reprojected to a spatial resolution of 0.1◦
y means of mean synthesis (Fig. 1a). For the time series of 10 ex-
lanatory variables, the mean image and slope image were calculated,
espectively. A total of 20 image datasets were obtained. Second, for
he time series products of AOD, a mixed pixel decomposition was
erformed (Fig. 1b). In this study, we determined that the number
f endmembers should be set at five. This decision was made based
n a visual check of the unmixing results. We will substantiate the
ationality of this choice through comprehensive sensitivity analysis.
hird, for the 10 explanatory variables, the spatial pattern and temporal
attern were revealed (Fig. 1c).3 Fourth, for the five endmembers of
OD, the GOZH model was used to calculate the determinant power
f each variable ((Fig. 1d)). The determining power is the synergistic
ffect of mean and slope. In addition, we explored the determinants
f human and natural variables on the five endmembers. Finally, a
ensitivity analysis was applied to the abundance numbers (Fig. 1e).
n this study, the number of endmembers was set to range from 3 to 6.

.2. Spatio-temporal pattern of AOD and explanatory variables across
frica

Fig. 2(a) show the annual averaged values of AOD during 2001–
015. Over this time, AOD has significantly increased (𝛽 value = 1.16)

in these regions: rapid urbanization and industrialization activities took
place, and these activities may result in considerable anthropogenic
aerosol emissions. Since ADRETOA and ADRESFC were all negative,
the aerosols exerted cooling effects at the top of the atmosphere and
the surface. However, there was a warming effect of aerosols within
the atmosphere. The spatial distributions of ADRE were consistent with
those of AOD.

The African continent was geographically divided into five regions,
and their respective mean values and variances for aerosol optical
depth (AOD) are shown in Fig. 2(b) and (c). The largest AOD values
are observed in the western region (0.327), which is primarily covered
by the Sahara desert with only one side facing the sea. On the other
hand, the southern region is characterized by its mountainous terrain,
numerous rivers, with three sides facing the sea, and produced the
smallest AOD values (0.119). The statistical distributions of AOD values
in the northern and eastern regions of Africa are similar, with average
values of 0.214 and 0.203, respectively.

The geographical distribution of the 15-year averaged AOD over
the continent of Africa is shown in Fig. 2(d). The largest AOD (1.168)
occurred over and north of Chad, which is Tibesti Plateau, located in
the middle of the Sahara Desert and composed of a series of volcanoes.

It has high temperatures and little rainfall. The second largest AOD
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Fig. 1. Flowchart of spatio-temporal unmixing with heterogeneity (STUH)-based aerosol optical depths (AOD) analysis. The proposed STUH model is the combination of step b,
c, and d.

Fig. 2. Spatial and temporal statistics on African AOD. (a) Spatial distribution of annual average AOD; (b) temporal trends of AOD by year; (c) AOD statistics by region; and (d)
spatial distribution of AOD slope.
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Fig. 3. Spatial patterns of explanatory variables presented by the annual average values over 15 years: NO𝑥, SO2, PM2.5, OC, VOC, BC, NDVI, EVI, LST, and precipitation.
levels occurred mainly in the marginal areas, namely, Porto Novo,
Libreville, Lomé, and so on. Large AOD values were closely related to
coarse-particle aerosol and attributable to large amounts of airborne
dust and sand rising from the natural surface of the eastern coastal
area. In the other high AOD areas, located mainly in lowland and
densely populated areas, the large amounts of fine-particle aerosols
from anthropogenic activities occupied a larger proportion of the total
aerosols. Large emissions of coarse-particle aerosols, such as soot and
dust aerosols originating from industrial pollution and civil coal fuel
combustion, were another important source.

To identify the overall trend across the entire continent, a long-
term linear trend analysis based on the slope of AOD over Africa was
undertaken (Fig. 2(e)). In the Gulf of Guinea coastal countries, as well
as in parts of Chad, AOD showed a decreasing trend. This may indicate
an environmental improvement from 2001 to 2015. However, in central
African regions, such as the Democratic Republic of Congo, the slope
of change in AOD is close to 0.5, showing a more pronounced upward
trend.

The spatial pattern of the explanatory variables related to aerosols
is also presented in Fig. 3. These variables were increasing across
continent and have a strong global consistency. The mean values of
most explanatory variables are smaller in North Africa and part of
South Africa and larger in Central Africa. The opposite is true for some
other variables. For example LST is larger in the North and lower
in Central Africa. This is because North Africa is dominated by the
Sahara desert and the South Africa by the basin area. In the South
African highlands in the south, each various variable is lower than
other regions. The range of averaged natural variable values is larger
than for anthropogenic variables. Comparing natural variables with
7

anthropogenic variables, the latter has a more apparent spatial pattern
than the former. In general, the spatial pattern of most explanatory
variables is positively related to AOD and negatively associated with
LST.

Fig. 4 shows the temporal trends of the various explanatory vari-
ables. The temporal trends of natural explanatory variables are similar,
especially in Africa’s central and southern regions. These natural ex-
planatory variables change less in the northern Sahara Desert region
and slightly more variable in the south and central areas. The temporal
trends for NO𝑥 and SO2 are consistent, with minor variation across the
continent and only a tiny number of significant shifts, such as in Cairo,
Pretoria, Accra, Takoradi. The temporal trends of the PM2.5, OC, VOC
and BCD variables are strongly similar, and their range of variation
is slightly more than that of the first two variables, for example, in
Nigeria.

4.3. STUH-based variables affecting AOD patterns

To analyze the relationship between aerosols and various potential
influencing variables on the African continent, the AOD was decom-
posed using the STUH method to determine five endmembers, and the
spatial distribution characteristics of each endmembers were obtained.

Determining the geographical area corresponding to each abun-
dance is the first analysis to be performed. It can be seen from these five
spatial distribution characteristics that the different endmembers have
obvious spatial aggregation characteristics (Fig. 5). Abundance 1 is
mainly distributed in Central Africa. In Central Africa it has an average
value of 0.190, while in other regions it is 0.002 to 0.104. Abundance 2
was mainly distributed in humid subtropical climate regions in Central
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Fig. 4. Temporal patterns of explanatory variables presented by the slope of annual values among 15 years: NO𝑥, SO2, PM2.5, OC, VOC, BC, NDVI, EVI, LST, and precipitation.
and Southern Africa (b). Abundance 3 has a large number of outliers,
especially for the Central African region. It is mainly distributed in
the Tibesti Mountains. Among all the abundances, abundance 4 has
the widest spatial distribution with larger values. This suggests that
abundance 4 characterizes the main explanatory variables of AOD
in Africa. Among them, the value of abundance 4 is the largest in
North Africa and the lowest in Central Africa. Abundance 5 is mainly
distributed in densely populated Western Africa (e).

Once the geographical areas corresponding to the abundances are
determined, the explanatory variables of AOD in each area can be
analyzed. The determinants of each abundances were developed by the
GOZH model. The average value and slope of each variable were fed
to the GOZH model to obtain its contribution to AOD. Results show
that the power of determinant (Ω) of human and natural variables are
critically different among the five regions.

In abundance 1, natural variables are much more critical than
human variables. The 𝛺 value ranges from 0.258 to 0.339 for the four
natural variables, and the 𝛺 value ranges from 0.026 to 0.058 for the
human variables. This shows that the AOD in this area is less influenced
by humans. In abundance 2, the influence of natural variables on AOD
is still much greater than that of human variables. However, the gap
between the two is reduced compared to abundance 1. Among them,
EVI was the most important explanatory variables (𝛺 = 0.485, P <
0.05), which indicates that vegetation in this region had the greatest
impact on AOD. Abundance 3 is mainly concentrated in the northern
mountainous area, and the explanatory variables analysis shows that
the contributions of natural variables and human variables to AOD
are demonstrating that the causes of AOD are complex. Of these,
temperature is the most important explanatory variables (𝛺 = 0.265).
8

Abundance 4 is the most widely distributed type. Environmental and
natural variables also have the strongest explanatory power for AOD.
Among them, the 𝛺 value range of human elements is from 0.129 to
0.268, and the 𝛺 value range of environmental elements is from 0.365
to 0.623. NDVI and EVI, two variables representing vegetation, had
the greatest impact on AOD. This shows that the lack of vegetation is
the main explanatory variable in most of northern Africa, as well as in
South Africa. Abundance 5 is found in more densely populated areas.
Rainfall was the most important spatial determinant of AOD, followed
by vegetation. Among human variables, OC emissions had the greatest
impact on AOD (𝛺 = 0.258).

For the spatial pattern of different potential variables, the variance
plot shows that the influence of abundance 4 has the largest value and
the largest range of values, followed by abundance 2, and the smallest
one is abundance 3, also the most concentrated. This indicates that the
degree of influence of natural variables and anthropogenic variables
on AOD differed greatly in endmembers 4 and 2, while the influence
of these two variables was relatively small in endmember 3.

All the variables including the average values and slopes were
merged into a single natural variable and human variable. They were
input to the GOZH model to explore the overall effect of human
and environment variables on AOD. In general, the natural variable
is always larger than the anthropogenic variable in each abundance.
Fig. 5(f) shows that the natural impact is about 1.564–3.010 times
greater than the human impact on AOD, which varies in different
regions. This indicates that the aerosols in the African continent are
mostly influenced by natural variables.
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Fig. 5. A matrix on statistical summaries of five endmembers. (a) Abundance maps; (b) statistical summaries of abundance by regions; (c) 𝛺 values of explanatory variables for
the abundances; and (d) summaries of abundances and 𝛺 values for five endmembers.

Fig. 6. Spatial distributions of impacts of different human variables on AOD quantified using the abundance-based 𝛺, including impacts of (a) NO𝑥, (b) SO2, (c) PM2 .5, (d) OC,
(e) VOC, and (f) BC.
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Fig. 7. Spatial distributions of impacts of different natural variables on AOD quantified using the abundance-based 𝛺, including impacts of (a) NDVI, (b) EVI, (c) LST, and (d)
precipitation.
4.4. The impact of human and environment variables on AOD

After calculating the 𝛺 value for each explanatory variable and de-
termining the abundance value of the AOD, we explored the
abundance-based 𝛺 values using Eq. (7).

The spatial effects of individual variables on AOD are revealed.
Fig. 6 shows the abundance-based Ω value of six human variables. Re-
sults indicate that the spatial characteristics of these six anthropogenic
influences have strong similarities, with the least influence in the south-
central region of Africa and varying degrees of influence in other large
areas. OC has the greatest impact on the spatio-temporal variation of
AOD among human variables. In comparison, NO𝑥 has the least impact,
and PM2.5 and BC have the most consistent impact.

The spatial distribution of 𝛺 of natural variables was calculated
(Fig. 7). In general, these four natural variables also have consistency
in spatial distribution, all showing a small bias in the central local
range and a large bias in different degrees in other regions. This
is particularly evident in the most northern and southern regions.
However, the influence of these four natural variables is the smallest
in one region, but the AOD in that region is relatively high. Comparing
the influencing variables with each other, it can be seen that these 4
influencing variables are EVI, NDVI, Precipitation and LST in the order
from largest to smallest.

4.5. Sensitivity analysis

A sensitivity analysis was conducted to explore the influence of
endmember numbers on the results. Fig. 8 shows the statistical re-
sults of 𝛺 values for each influencing variable at different abundance
numbers (3 to 6). The number of abundances in the STUH model
determines the number of influencing variables and their corresponding
spatial patterns of influence. The mean and slope of the 𝛺 values also
support this view (Fig. 8c). For the anthropogenic and natural variables,
respectively, the 𝛺 values for anthropogenic variables do not differ
significantly for abundance numbers 4 and 5, but natural variables are
significant for abundance numbers 5. The results indicate that five is
the best abundance number for unmixing the time series AOD images
in Africa.
10
Table 2
Comparison of functions between the developed spatio-temporal unmixing with het-
erogeneity (STUH) model and previous spatio-temporal models, including hierarchical
cluster analysis (HCA), empirical orthogonal function (EOF), and transfer learning.

Model characteristics HCA EOF Transfer learning STUH model

Result expandability # ! # !

Modeling nonlinearity # # ! !

Temporal heterogeneity # ! ! !

Spatial heterogeneity # # # !

5. Discussion

5.1. Model comparison

To further analyze the characteristics of STUH method, we chose
three existing methods together for comparative analysis, which are
hierarchical cluster analysis (HCA) (Tutsak and Koçak, 2020), Empirical
Orthogonal Function (EOF) (Xu et al., 2017) and transfer learning (Ma
et al., 2015), as shown in Table 2. We analyze each method in four
aspects, namely expandability, nonlinear, temporal heterogeneity, spa-
tial heterogeneity and complexity. Compared with other methods, the
STUH method had all properties. The transfer learning could handle
the nonlinear aerosol data with high computational complexity and
requires labeled samples, but it is difficult to explain the physical
meaning of AOD variables and simultaneously analyze several aerosol
variables. EOF did well in expandability and temporal heterogeneity.
The HCA method is the only method with low complexity.

Aerosols have long plagued environmental protection and human
health. Exploring the complex determinants behind them is crucial
for environmental protection. However, most current methods use
statistical analysis models that fail to consider the temporal and spatial
heterogeneity of the explanatory variables. Hybrid image element de-
composition methods can effectively classify hyperspectral images and
have started to be applied to Spatio-temporal data analysis problems. In
this research, we developed a model based on spatio-temporal hybrid
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Fig. 8. Sensitivity analysis based on different explanatory variables and numbers of endmember.(a) 𝛺 value for explanatory variables; (b) 𝛺 value for natural and anthropogenic
variables; (c) 𝛺 value statistics for explanatory variables; (d) 𝛺 value statistics for natural and anthropogenic variables.
image element decomposition to obtain the abundance of images char-
acterizing the drivers by hybrid image element decomposition of long
time series of aerosol data. Based on the local spatial homogeneity, a
STUH model was proposed, to unmix the spatio-temporal AOD cube
data by the NMF method for exploiting the variable patterns. After
that, the GOZH model was introduced to interpret each abundance
image interpretively. The resulting determinants of aerosol were thus
determined.

5.2. Africa AOD analysis

In this research, we applied the proposed STUH method to an-
alyze AOD of the Africa continent and achieved the following dis-
coveries: First, by analyzing the variables influencing aerosols, we
conclude that the influence of natural environmental variables is 1.5
to 3 times greater than the influence of anthropogenic variables in
2000–2015. Second, the proposed STUH method effectively separates
anthropogenic and natural factors. For example, aerosols in the Gulf of
Guinea region are mainly influenced by anthropogenic variables, due
to the large population and industry. This result could be achieved
for endmember 5 and was consistent with the results reported by
several authors (Aklesso et al., 2018; Boiyo et al., 2017). Third, aerosols
are most severe in the Sahara region during 2000–2015, shown in
endmember 3 and endmember 4. This finding is consistent with the
results reported by authors (Iguchi et al., 2018). But, endmember 3
shown the main influence by LST, and endmember 4 displayed the
other natural variables.

This research offers new insights for analyzing spatio-temporal data
and further complements its modeling theory. It contributes to the
relatively sparse literature on AOD in Africa. The results provide an
evidence base for local decision-making and government policy formu-
lation across Africa, including by Ministries of Health.

6. Conclusion

This research investigated the spatial pattern and temporal trends
of AOD during 2000–2015. We proposed an STUH model to explore
11
the natural and anthropogenic variables influencing changes in AOD.
The investigation of the spatial and temporal trends of AOD showed
a significant increase. The overall spatial distribution of aerosols in
Africa was distinctly localized and gradually increased due to natural
environmental variability and anthropogenic variables. To analyze the
causes of the increase in detail, the STUH model was used to unmix
the AOD spatial and temporal matrix. The 𝛺 values between each
influencing variable and the abundance map were calculated using the
GOZH model. The statistical results showed that for the African region,
the influence of natural variables was more significant than that of
anthropogenic variables, and the Enhanced Vegetation Index and the
Organic Emission are the most influential natural and anthropogenic
variables, respectively. This study provides a scientific solution to
analyze the causes of aerosols, provides some reference for subsequent
aerosol inversion studies, and provides guidance for aerosol research in
Africa.
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