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A R T I C L E  I N F O  ABSTRACT 

ORIGINAL ARTICLE 
 Introduction: In recent years, remote sensing (RS) products have emerged as 

effective tools for monitoring air pollution. This study aims to predict the 

concentrations of particulate matter with a diameter smaller than 10μm (PM10) 

using a multivariate linear regression (MLR) model, incorporating both Aerosol 

Optical Depth (AOD) products and meteorological parameters. 

Material and Methods: In this study, data on PM10 concentrations, Aerosol 

Optical Depth (AOD), and meteorological parameters (wind speed, temperature, 

humidity, and horizontal visibility) were used. The study focused on the time 

15:00 each day, as this time was identified as having significant data relevance. 

The methodology section also consisted of three steps: 1) pairwise correlation 

analysis: The relationship between meteorological parameters, AOD, and PM10 

was assessed using the pairwise correlation method. 2) Model development: A 

MLR model was developed to predict PM10 concentrations. 3) Validation: The 

model was validated using a separate dataset, ensuring that 70% of the data was 

used for training, and 30% for testing and validation. 

Results: The pairwise correlation analysis revealed a strong correlation (0.86) 

between AOD remote sensing index and PM10. The highest correlation (0.9) 

was observed during the spring season. The five developed equations to 

estimate the PM10 index yielded correlation coefficients ranging from 0.86 to 

0.90. Notably, the highest correlation was achieved when AOD data and all the 

meteorological parameters were utilized simultaneously. These results 

highlighted the utility of remote sensing products and meteorological data in air 

quality monitoring and prediction. 

Conclusion: This study demonstrates that a MLR model incorporating AOD 

and meteorological parameters can effectively predict PM10 concentrations in 

Ahvaz City, particularly during dust storms in hot seasons. These findings can 

aid policymakers and public health officials in developing strategies to mitigate 

the adverse effects of dust storms on air quality and public health. 
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Introduction 

The issue of air pollution is one of the most 

important problems that humans have ever faced. 

The effects of air pollution on the environment and 

human health have been extensively studied in 

various countries, leading to increased public 

awareness
1, 2

. Emitting PM10 particles into the 

atmosphere, resulting from natural sources and 

human activities, can harm respiratory health
3
. The 

most essential human need is air, and any 
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disruption in its quality severely impacts our 

ability to sustain life 
1
. 

Ahvaz has witnessed a significant amount of 

dust phenomena in the past two decades, resulting 

in a noticeable decrease in air quality 
4
. Air 

pollutant criteria are PM2.5, CO, NOx, SO2, O3 and 

PM10 
5
. The primary health impacts of airborne 

particles include lung cancer, ischemic heart 

disease (IHD), chronic obstructive pulmonary 

disease (COPD), asthma, and stroke. Fine particles 

with a diameter of 2.5 μm or less (PM2.5) are 

particularly harmful, as they can penetrate deep 

into the lungs and reach the alveoli 
6
. PM10 also 

refers to suspended particles in the atmosphere 

originating from natural and human sources that 

considerably impact weather, the environment, and 

human health 
7, 8

. Natural sources include dust 

storms, jungle fires, pollen, and natural gas 

leakage, while human-made sources are formed as 

a result of outgoing gases from power plants, 

industries, and vehicles reacting in the air 
9
. 

Particles smaller than 10 micrometers in diameter 

(PM10) are introduced as the main index of 

suspended materials in the air as they can enter the 

lower respiratory system 
1, 9

. These particles play a 

major role in increasing respiratory failures, 

cardiovascular and pulmonary diseases, chronic 

bronchitis, premature mortality, and cancer. They 

can also reduce visibility and cause eye, ear, nose, 

throat, and skin irritation
10

. In addition to its effects 

on physical health, recent studies suggest that air 

pollution may also negatively impact brain and 

mental health, potentially contributing to cognitive 

decline, neurodegenerative diseases, and 

Alzheimer's disease 
11, 12

. 

Iran is situated in a region severely affected by 

dust storms, owing to its location within the 

world's arid and semi-arid belt. This geographical 

positioning results in continuous exposure to both 

local and regional dust sources
13, 14

. The frequency 

and intensity of these storms have increased in 

recent years. Recent studies have shown that 

numerical weather prediction models are 

insufficient to track and diagnose dust storms 

automatically. Therefore, the use of remote sensing 

(RS) data has become necessary. RS techniques 

have made tremendous progress in studying and 

predicting trends and modeling changes in 

atmospheric phenomena such as dust. An effective 

method to investigate PM10 particles on the ground 

is to use statistical models and remote sensing data 

such as aerosol optical depth (AOD) 
15, 16

, which is 

mainly performed in urban areas with poor air 

quality 
5, 17, 18

. Given that the relationship between 

AOD and PM10 particles varies spatially and 

temporally, it is better to evaluate the relationship 

between these two parameters in different areas 

and seasons
16, 19

. 

AOD is one of the most important parameters in 

the study of dust 
15, 20

. This parameter can be 

obtained from different remote sensing products 

such as Multi-Angle Imaging Spectroradiometer 

(MISR), Visible Infrared Imaging Radiometer 

Suite (VIIRS), and Moderate Resolution Imaging 

Spectroradiometer (MODIS) using an empirical 

model developed 
21

. So far, many studies have 

been conducted to estimate the concentration of 

suspended particles using satellite imagery 
22

. 

However, the use of MODIS has positive 

advantages due to its measurements every two 

days, moderate resolution, and long-term results 

(from 2000 for Terra and 2002 for Aqua) 
23

. 

Therefore, given the adverse effects of air 

pollutants, especially PM10 particles, on human 

health, evaluating these pollutants in polluted cities 

is very important 
24

. In this regard, various studies 

have been conducted regarding the comparison of 

PM10 particles from ground measurement stations 

and satellite remote sensing imagery, some of 

which are referred to below: 

Rangzan et al. (2022) conducted a study to 

evaluate the spatial and temporal concentrations of 

PM2.5 in Khuzestan province, and investigated the 

factors affecting these concentrations, including 

wind speed, land surface temperature, and 

precipitation [1]. Their results showed that due to 

population density and the number of industries, 

the southern and central parts of Khuzestan have a 

higher potential for dust compared with the 

northern parts. Gharibzadeh et al. (2022) carried 

out a study to estimate the surface concentration of 

PM2.5 and PM10 using multivariate linear and 
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nonlinear models based on remote sensing data and 

meteorological variables in Ahvaz 
25

. The results 

of their study showed that PM10 concentration was 

better predicted by multivariate nonlinear 

regression compared to the linear model. Solgi et 

al. (2022) performed a study entitled "Prediction 

and modeling of daily suspended PM2.5, PM10 in 

Hamadan’s winter using a multilayer perceptron 

artificial neural network (MLP)"
26

. The results 

indicated that climatic parameters such as wind 

and precipitation significantly reduce air pollution. 

Asrari et al. (2022) conducted a study to 

investigate and model the concentration of carbon 

monoxide, ozone, and PM10 in Karaj’s air using an 

artificial neural network 
27

. The results showed that 

the highest PM10 particulate concentration occurs 

in the summer and the lowest PM10 particulate 

concentration in the fall. Gholizadeh et al. (2022) 

conducted a study to evaluate the correlation 

between PM10 data from Sanandaj ground station 

and AOD data 
28

. The results suggested that 

MODIS products are suitable and practical for 

exploring PM10 values and their thermal patterns 

over extensive dust storm coverage. Damascena 

Aline Santos et al. (2019) studied the relationship 

between high-resolution AOD and particulate 

matter surface concentration in the São Paulo 

urban area 
29

. The results showed that populations 

living in urban areas are more affected by air 

pollution. Carmona et al. (2021) evaluated MODIS 

high-resolution AOD data and surface data using a 

group modeling approach to assess PM2.5 spatial 

and temporal distributions 
5
. The results 

demonstrated the best performance for seasons 

with calm to relatively calm winds and low to mild 

temperatures (winter and spring) and the worst 

performance in summer. Viñas Mary Joy et al. 

(2022) predicted the PM2.5 and PM10 air quality 

index using artificial neural networks 
30

. The 

results showed that AQI prediction will be suitable 

for predicting pollutant concentrations. Kujawska 

Justyna et al. (2022) applied machine learning 

methods to predict PM10 concentration in Lublin, 

Poland 
31

. The results showed that ANN models 

can estimate PM10 using data from weather 

stations. In another study, Plocoste Thomas et al. 

(2023) predicted PM10 concentration in the 

Caribbean region using a machine-learning model 
32

. The results revealed that air temperature and 

precipitation strongly influence African dust 

deposition. 

The geographical location of Ahvaz, situated on 

the border with Iraq, and the presence of wetlands 

and plains in the region contribute to the existing 

pollution and dust storms
1, 33

. In addition to 

industrial and technological advances, the presence 

of power plants, a high population density, an 

increase in vehicles, fossil fuel consumption, oil 

and gas wells in the vicinity of Ahvaz, and 

ultimately, poor management have contributed to 

the transformation of this city into one of the 

megacities with a high air pollution 

coefficient
14

.Ahvaz is one of the most polluted 

cities in the country in terms of the PM10 index; 

thus, its air pollution has been assessed. In light of 

the intricate behavior of dust and the limited 

amount of research in Iran, it is imperative to 

investigate this issue. In light of the adverse effects 

of air pollutants, particularly PM10 particulate 

matter, on human health, evaluating these 

pollutants in polluted cities such as Ahvaz is of 

great importance. Therefore, the present study aims 

to model PM10 particulate matter using remote 

sensing and meteorological parameters in Ahvaz 

city.  

Materials and Methods 

Study area 

Ahvaz is a historical metropolis in southwestern 

Iran and the capital of Khuzestan province 
34

. With 

a population of over 2.1 million, this city covers an 

area of 220 km
2
 at the geographical location of 31 

degrees and 20 minutes’ north latitude and 48 

degrees and 40 minutes east longitude. Figure 1 

shows the location map of Ahvaz city in Khuzestan 

province and air pollution monitoring stations 

(Naderi and General Department) located in this 

city. One of the serious problems of Ahvaz, which 

is unique to this city compared to other major cities 

in the country, is the existence of numerous highly 

polluting factories within the city
35

. 
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Figure 1: Location of air pollution monitoring stations in Ahvaz city. 

 

Data used 

The ground data used in this study was divided 

into three categories: climatic from weather 

stations, air pollution monitoring data, and remote 

sensing data, which are explained in order: 

 Climatic data 

Since climatic parameters, directly and 

indirectly, affect PM10, climatic variables (such as 

temperature, wind and air humidity) can be used to 

investigate PM10 concentration and modeling 

(Asuguwa et al., 2023). So, in this study, 

horizontal visibility (HV), temperature (T), wind 

speed (WS), and air humidity (AH) for the year 

2022-2023 were collected from Iran 

Meteorological Data Request System 

(www.irimo.ir) at 15:00 among other parameters. 

 Ground station pollution data 

In this study, the air pollution data from ground 

stations were obtained from the country's air 

pollution monitoring website (www.aqms.doe.ir). 

The location studied in this study belongs to an 

Ahvaz air quality control station (Khuzestan 

Environmental Protection General Department 

station) specified in Figure 1. The data used in this 

study were collected from this station in 2022-

2023, totaling 219 observations. The statistical 

characteristics of this data for the hours and days 

studied are presented in Table 1. 

 

Table 1: Statistical characteristics of PM10 (μg/m
3
) data for 2022- 2023 in Ahvaz city. 

Station name Mean Median Standard deviation Maximum Minimum 

Environmental Protection 

   General Department 180.16 115.17 260.72 2249.67 20 

 

 MODIS sensor data 

One of the most important factors in air 

pollution monitoring through RS is the use of the 

most suitable, easiest, and most cost-effective free 

satellite imagery 
36

. MODIS sensor can be 

considered an optimal choice for measuring 

pollution levels, especially suspended particulates 
37

, due to its numerous spectral bands, daily Earth 

http://www.irimo.ir/
http://www.aqms.doe.ir/
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imaging, and free and accessible imagery. Since 

the overpass time range of the MODIS sensor 

over Iran is between 14:00 and 15:00 and 

preliminary data analysis shows the highest 

correlation of AOD at 15:00, the focus of relating 

this sensor's data with ground data has been at 

this hour. In this study, AOD data from the 

MCD19A2 product was used 
38, 39

. The 

MCD19A2 dataset is a combined dataset from the 

Aqua and Terra satellites utilizing the Deep Blue 

algorithm 
29, 37

. This combination helps increase 

the spatial accuracy of the resultant product, with 

the extracted product's spatial resolution 

estimated at 1 km 
29

. The required data for this 

satellite was downloaded from NASA Earth 

Observation Data (www.earthdata.nasa.gov). The 

statistical specifications of the AOD data for 

different periods are presented in Table 2. 

 

Table 2: Statistical specifications of AOD data for 2022-2023 in Ahvaz city 

No. Period Mean Median Standard deviation Minimum Minimum 

1 Spring 0.42 0.28 0.59 3.34 0.06 

2 Summer 0.45 0.36 0.36 2.25 0.082 

3 Autumn 0.2 0.21 0.12 0.82 0.121 

4 Winter 0.21 0.21 0.09 0.43 0.05 

5 Daily 0.36 0.27 0.41 3.3 0.05 

 

Modeling using Multivariate Linear 

Regression (MLR) 

Linear modeling using AOD can be useful in air 

pollution science 
40

. A simple trend for building a 

linear model is to first collect AOD data from 

MODIS sensor, PM10 data from ground station, and 

meteorological parameters. Next, the data is 

statistically analyzed in the second step to identify 

patterns, relationships, and correlations between 

PM10, meteorological parameters, and AOD. In the 

third step, based on the data analysis, which 

parameters are included in the modeling according 

to their correlation level with the dependent 

variable PM10. Finally, in the fourth step, the 

model is constructed. Equation 1 presents a simple 

MLR model with its parameters: 

𝑌 = 𝐶 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛  (1) 

 

Where Y is the independent parameter equal to 

the PM10 index, the variables X1 to Xn are the 

meteorological parameters and AOD, 

respectively, and β1 to βn are the coefficients of 

the parameters. C is also the constant value of the 

model. Finally, after modeling, it is necessary to 

evaluate the accuracy of different models based 

on error indices. The Pearson correlation 

coefficient was used in this study, which is fully 

explained below. 

Accuracy assessment 

In this study, the accuracy of different models 

will be evaluated based on t Pearson regression 

error index (R). For this purpose, the regression 

coefficient between the real PM10 values from the 

Department of Environment station and the 

estimated PM10 values from meteorological data 

and AOD data using the MLR model was extracted 

using Equation 2 
41

.  

(2)   √  
      
 (    ̂ )

∑ (    ̅ )
 
     

 

In this equation, R is the correlation coefficient 

between the two parameters, yi is the real PM10 

value, ŷi indicates the estimated value using MLR 

models, and   𝑖 is the mean of the real PM10 values. 

Results 

This section investigates remote sensing AOD 

data with PM10 across different seasons. 

Subsequently, the results of the correlation 

between the parameters employed in this study will 

be discussed. Subsequently, several multiple linear 

regression (MLR) models developed using the 

investigated parameters will be presented. Finally, 

the results of the comparison between the 

simulated values and the actual PM10 index values 

will be presented. 
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Investigating the relationship between AOD 

data and PM10 

The correlation results related to the PM10 index 

with remote sensing AOD data at 3 pm are shown 

in Figure 2. According to this study, AOD values 

and PM10 index at 3 pm indicated an annual 

correlation of 0.86. Moreover, the highest 

correlation between the different seasons was 

between spring and summer, with values of 0.9 and 

0.86, respectively. On the other hand, the lowest 

correlation was related to the autumn and winter, 

with values of 0.13 and 0.079, respectively. 

 
Figure 2: Regression relationship at 15:00 between MODIS sensor AOD and ground data in 2022-2023 

 

The frequency of dusty days varies across 

regions, largely influenced by local climatic 

conditions. This phenomenon is particularly 

pronounced in arid and desert areas
42

. Several 

factors contribute to the occurrence of dusty days, 

including strong winds, decreased moisture, 

changes in topography, and natural processes
35

. 

Figure 3 shows the number of dusty days in Ahvaz 

city for the year 2022 across seasons.  
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Figure 3: Dusty days in Ahvaz city during different seasons of the year 2022-2023 

 

Evaluation of pairwise correlation of 

parameters 

Table 3 displays the pairwise correlation of 

parameters in this study. In Table 3, green 

indicates a positive correlation between the 

variables, while red signifies a negative and 

significant correlation between the variables under 

study. Moreover, the color yellow was used to 

represent a weak relationship between the 

variables. The results showed that among the used 

parameters, the PM10 index had the highest 

correlation with AOD and HV, with values of 0.86 

and 0.52, respectively, representing a direct 

relationship with AOD and an inverse relationship 

with HV parameter.  

 

Table 3: Pairwise correlation relationship of parameters used in this study between pollutant PM10 and AOD and also 

meteorological parameters HV, WS, T, AH in Ahvaz city 

Parameters PM10 HV WS T AH AOD 

PM10 1.00 - 0.52
*
 0.10 0.17

*
 - 0.20

*
 0.86

*
 

HV - 0.52
*
 1.00 - 0.03 0.11 - 0.26

*
 - 0.50

*
 

WS 0.10 - 0.03 1.00 - 0.13
*
 0.01 - 0.01 

T 0.17
*
 0.11 - 0.13

*
 1.00 - 0.83

*
 0.18

*
 

AH - 0.20
*
 - 0.26

*
 0.02 - 0.83

*
 1.00 - 0.12

*
 

AOD 0.86
*
 - 0.50

*
 - 0.01 0.18

*
 - 0.12

*
 1.00 

* Correlation was significant at 95% level 

 

Regression models for estimating PM10 

After examining the pairwise correlation of the 

variables used, models could be presented to 

estimate the PM10
 

index using multivariate 

regression methods. In Table 4, 5 equations are 

presented in order to model the estimation of 

PM10
 
concentration using meteorological data and 

AOD. Their correlation values were also 

mentioned, ranging between 0.86 and 0.90. In 

other words, these equations could estimate PM10 

index with this accuracy using the available data. 

The first model presented in this table, using only 

AOD with an accuracy of 0.86, could estimate the 

PM10 index, while by employing wind speed 

along with the AOD remote sensing index, model 

2 was presented, and the correlation value reached 

0.87. Subsequently, model 3 included a 

combination of two meteorological parameters, 

wind speed, horizontal visibility, and AOD, 

which achieved a correlation coefficient of 0.88. 

Model 4, comprising AOD and meteorological 

parameters such as wind speed, horizontal 

visibility, and humidity, showed a correlation 

coefficient of 0.89. 
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Table 4: PM10 prediction using meteorological parameters and AOD in Ahvaz city. 

No MLR Models R (Pearson) 

1 PM10-Model 1 = - 17.206 + 544.648 × AOD 0.86 

2 PM10-Model 2 = - 92.686 + 545.856 × AOD + 0.326 × WS 0.87 

3 PM10-Model 3 = 26.923 + 509.508 × AOD + 0.314 × WS – 0.012 × HV 0.88 

4 PM10-Model 4 = 156.130 + 475.599 × AOD + 0.314 × WS – 0.020 × HV – 2.047 × AH 0.89 

5 PM10-Model 5 = 425.243 + 477.864 × AOD
*
 + 0.241 × WS

*
 – 0.022 × HV

* 
– 4.428 × AH

*
 – 

5.056 × T 

0.90 

*Aerosol Optical Depth, * Wind Speed, *Horizontal Visibility, * Air Humidity 

 

Figure 4 shows correlation plots between the 

estimated value (using 5 MLR models) and the 

actual PM10 index data. The results of this  

study indicated that model 5 could be obtained 

by utilizing MODIS sensor AOD and 

meteorological data of wind speed, air  

humidity, horizontal visibility, and surface 

temperature among the mentioned models,  

which could estimate PM10 with the highest 

accuracy (0.90).  

 
Figure 4: Evaluation of the MLR model for estimating PM10 (μg/m

3
) and meteorological parameters and AOD in 

2022-2023 
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Comparison of actual and modeled PM10 index 

This modeling method uses multivariate linear 

regression to examine the relationship between 

meteorological parameter values (HV, WS, AH 

and T) and PM10, as seen in the regression model 

findings of Table 4 and Figure 5. As a result, 

PM10 values were estimated using the 

meteorological parameters and AOD, allowing 

comparison between the actual PM10 value and the 

estimated value. 

 
Figure 5: Comparison of actual PM10 levels with estimated values using meteorological parameters and AOD with 

the MLR method in 2022-2023 

 

Discussion 

The correlation at different hours with PM10 

ground data may vary, but the closer it is to the 

ground data collection time, the stronger and better 

this relationship will be. Various researchers have 

addressed this issue, and in confirming this, one 

can refer to the study of Rabiei Dastjerdi et al. 

(2022), who used remote sensing data to estimate 

NO2 
43

; they stated that remote sensing data, if the 

data collection time is the same or close together, 

can estimate ground data with a correlation greater 

than 0.7. Moreover, Rangzan et al. (2023) 

investigated PM2.5 using remote sensing for 

Khuzestan province in their study and emphasized 

the high capability of remote sensing products in 

estimating air pollution indices 
1
. 

The results of this study showed that AOD and 

PM10 measured on the ground at 15:00 and in 
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different seasons exhibited differences in 

correlation magnitude. Given that aerosols increase 

as a result of higher temperature and solar 

radiation, and on the other hand, the intensity of 

surface winds increases in warm seasons, the 

potential for transport of larger particles are 

intensified. In Ahvaz, the dry periods during spring 

and summer contribute to the suspension of dust 

particles in the air. Therefore, the production and 

transport of aerosols in the entire atmospheric 

column increases, which can explain the observed 

AOD peak in spring. 

The PM10 index in Ahvaz exhibits seasonal 

variation, reaching its lowest levels in winter and 

peaking in spring. This pattern coincides with the 

city's climate, where temperatures begin to rise in 

spring. On the other hand, autumn and winter are 

known as rainy seasons; thus, their AOD level is 

lower than in spring and summer. Additionally, 

cloud cover can also affect PM10 assessments, as 

satellite retrieval methods rely on solar reflectance, 

unlike ground monitoring, which measures PM10 

concentration regardless of cloud conditions, 

requiring a clear sky. The Shin et al.’s (2019) study 

demonstrated that the correlation between AOD 

and ground-based PM10 varied with different 

temporal averaging and geographic locations 
44

. In 

Guo et al.’s (2017) study, similar to the present 

study, the best correlation was obtained with 

hourly remote sensing data 
45

. Although the highest 

correlation was observed with 15:00 data in this 

study, this may not hold for all the regions, given 

the location and climate. A study by Mancilla et al. 

(2019) stated that in summer, geological materials 

make up 45% of the chemical composition of 

coarse particles, indicating the presence of dust in 

the atmosphere 
46

. On the other hand, Damascena 

et al. (2021) concluded that AOD data from 

MAIAC provided acceptable results for predicting 

PM concentration using the Dark Target (DT) 

algorithm 
29

. 

Additionally, the findings of this study implied 

that the number of days with dust particles in 

spring and summer was markedly higher than in 

winter and autumn. Hence, the main reason for the 

poor correlation of satellite data with ground data 

in winter and autumn could be the absence or low 

levels of dust plumes in this season. Additionally, 

studies by Gupta (2009) and Benas (2013) showed 

that with increasing temperature, especially in 

summer, there was a significant increase in PM10 

concentration, consistent with the results of this 

study
47, 48

. 

Therefore, the lowest correlation with PM10 

index was observed in WS. In other words, the 

higher the horizontal visibility, the lower the 

amount of dust present in the atmosphere and the 

cleaner the air. On the other hand, the relationship 

between air humidity and PM10 index was 

inversely significant, indicating that increasing air 

humidity markedly reduced pollution levels based 

on this index. In fact, in warm seasons, parameters 

like humidity and precipitation decrease due to 

lower moisture, leading to reductions in the 

mentioned parameters and horizontal visibility, 

while PM10 will have higher concentrations. 

Moreover, the evaluation of significance levels 

showed that all the existing parameters (WS) had a 

significant correlation with PM10 index at the 95% 

confidence level. However, this parameter also had 

a positive coefficient, which could be justified by 

the fact that wind causes the displacement of PM10 

particles. In this regard, Gupta et al. (2020) 

conducted a study to investigate the estimation of 

suspended particulate matter (PM2.5, PM10) 

concentration and its variations in urban areas in 

Bangladesh, stating that there was a significant 

correlation between air pollution indices (PM10 and 

PM2.5) and meteorological parameters 
49

. The 

review of Stirnberg et al. (2018) showed that wind 

speed and direction are very important in particle 

concentration variations. These researchers stated 

that the PM10 relationship with wind speed was 

positive, consistent with the results of this study 
50

. 

It is noticeable that the final model, which 

included the results of all meteorological and remote 

sensing parameters, significantly enhanced the 

correlation coefficient and estimation accuracy. 

Therefore, it can be said that the simultaneous use of 

remote sensing data and concurrent integration with 

meteorological parameters can improve model 

accuracy. In a study by Allabakash et al. (2022) 



 Modeling of PM10 Particulate Matter using Remote Sensing           Khafaie MA, et al. 

JEHSD, Vol (9), Issue (3), September 2024, 2304-2317  CC BY 4.0 

J
eh

sd
.ssu

.a
c.ir 

2314 

examining suspended particulate matter 

concentration in South Korea, meteorological 

parameters such as relative humidity, temperature, 

and wind speed were considered highly important 

for PM10 index modeling
51

. Amnuaylojaroen et al. 

(2022) conducted a study entitled "PM2.5 prediction 

in a northern Thailand urban area using multivariate 

linear regression model", which utilized AOD data, 

meteorological parameters (WS, T, and AH) and air 

pollutants (NO2, SO2). The results confirmed that 

the mean PM2.5 concentrations during the dry season 

is markedly higher than during the wet season. Also, 

the coefficient of determination values for wet and 

dry seasons were 0.18 and 0.26, respectively 
52

. 

Additionally, Zaman Nurul Amalin et al. (2017) 

studied the estimation of suspended PM10 using 

AOD and meteorological variables in Malaysia. The 

results of this study indicated that the simultaneous 

use of humidity, land surface temperature, and AOD 

data is necessary for better estimation of the PM10 

index. Finally, they stated that integrating remote 

sensing data and meteorological parameters led to 

increased modeling accuracy, and the accuracy of 

the MLR model in estimating the daily PM10 index 

reached 0.81 regression 
53

.  It should be noted that 

the results obtained in this study demonstrated better 

outcomes and higher correlations compared to other 

similar studies. It can be stated that the results were 

consistent with previous studies. 

Conclusion 

This paper utilized remote sensing data and 

meteorological parameters to model air pollution 

based on the PM10 index in Ahvaz city. This study 

first examined the correlation of AOD in different 

seasons with the PM10 index. The results 

demonstrated that the highest correlation was 0.9 in 

the spring, while the lowest correlation exhibited a 

value of less than 0.1 in the autumn. On the other 

hand, the pairwise correlation of parameters with the 

PM10 index showed that parameters like AOD, wind 

speed, and temperature have a direct relationship 

with pollution levels, while horizontal visibility and 

relative humidity have a significant inverse 

relationship with PM10 values. The results also 

demonstrated that AOD has the highest correlation 

among the parameters used, with a value of 0.86. 

Regarding modeling the PM10 index using MLR 

models, the highest accuracy of 0.9 was achieved 

when remote sensing AOD and meteorological 

parameters (WS, HV, T, and AH) were used 

simultaneously in the model. However, it has been 

shown that using AOD and meteorological 

parameters is beneficial in model-based applications 

and pollution monitoring (e.g., public health 

assessments and air quality index), and thus, warrants 

further research. Despite the highlights of this study, 

future research should apply nonlinear regressions, 

neural networks, or machine learning to model this 

index. This study only performed PM10 index 

modeling, while other air pollutants like PM2.5 could 

also be investigated. Furthermore, this modeling was 

conducted using remote sensing data and 

meteorological stations within the geographical 

boundaries of Ahvaz City. It is recommended that the 

effectiveness of these findings be evaluated in other 

geographical areas, especially metropolitan areas. 
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