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Abstract:	 Precise and effective air quality forecasting plays a crucial role in predicting 
and mitigating health risks in communities worldwide. This research focuses 
on estimating particulate matter (PM2.5) concentrations using geographically 
weighted regression  (GWR) and MATLAB  models, utilizing remote sensing 
data in Baghdad city, Iraq. The estimation process incorporates multiple in-
fluencing factors, including aerosol optical depth (AOD), population density, 
normalized difference vegetation index  (NDVI), relative humidity, tempera-
ture, wind speed, and elevation. The analysis of the relationship between influ-
encing factors and PM2.5 concentration using grey relational analysis revealed 
that aerosol optical depth (AOD) exhibited the strongest correlation, whereas 
population density was the weakest. Furthermore, the results indicated that the 
PM2.5 concentration model developed using MATLAB, based on remote sens-
ing data and incorporating eight influencing factors, demonstrated the highest 
accuracy, achieving an R2 value of 0.98 and a root mean square error (RMSE) 
of 1.7 × 10−10. The performance of the predictive equation for PM2.5 concentra-
tion, derived using MATLAB, was assessed by comparing its estimations with 
ground station measurements obtained from independent locations and time 
periods. The model achieved a coefficient of determination (R2) of 0.77, indi-
cating that it accounts for 77% of the variability in the observed values. This 
outcome signifies a strong correlation between the predicted and measured 
concentrations, confirming that the model effectively represents the underlying 
relationships with a satisfactory degree of accuracy.
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1.	 Introduction

The continuity of life on Earth is greatly affected by the quality of air and the ex-
tent of its pollution, due to its fundamental impact on the health of living organisms 
and the progress of economic life [1]. In recent decades, air quality has deteriorated, 
and air pollution has become widespread worldwide. This issue stems from rapid in-
dustrial growth, increased use of personal vehicles, and the burning of fossil fuels [2]. 
Air pollutants, including carbon monoxide and dioxide, nitrogen oxides, sulfur diox-
ide, and fine particulate matter (PM2.5 and PM10), pose a serious threat to living or-
ganisms and the environment as a whole. Globally, air pollution is recognized as one 
of the major threats to human health, with an estimated 7 million premature deaths 
annually. For example, 4 million deaths were recorded due to air pollution in 2019, 
with Central Europe and East Asia accounting for the largest share [3].

PM2.5 can be described as very small particles with a diameter of approximately 
2.5 μm or less and is a group of particles that are small enough to be inhaled [4]. It is 
well established in numerous scientific studies that PM2.5 has significant negative 
health effects, and exposure to it is associated with premature death [5–8]. Others have 
also linked the presence of PM2.5 to increased mortality, with regional variations [9]. 
There are many studies that have linked PM2.5 to a number of respiratory diseases 
such as asthma, chronic obstructive pulmonary disease (COPD), lung microbiome 
disorders, pneumonia, and lung cancer [10–12]. Recently, studies have shown a strong 
relationship between high PM2.5 concentrations and COVID-19 infection  [13, 14].

PM2.5 sources are divided into natural and anthropogenic sources. There are many 
natural sources, such as dust storms, forest fires, marine saline aerosols, volcanic erup-
tions, plants, and biological aerosols [15]. Anthropogenic sources of PM2.5 emissions 
include transportation, solid fuel combustion, industrial emissions, agricultural activi-
ties products, and municipal biomass burning [16]. The level of PM2.5 is influenced not 
just by local particulate emissions but also by meteorological conditions and altitude.

In Iraq, PM2.5  levels were high, ranking sixth globally at  43.8  µg/m³, while 
Baghdad, the capital, ranked fifth among world capitals at 45.8 µg/m³, as recorded 
in 2023  [17]. These values indicate that Iraq in general, and Baghdad city in par-
ticular, has PM2.5 levels that exceed the World Health Organization’s PM2.5 stan-
dard (5 µg/m³). This demonstrates the extent of the deterioration of air quality and 
pollution levels in Baghdad city, which requires continuous monitoring to find pos-
sible solutions to the air pollution threat.

Currently, the methods used to determine PM2.5 levels are ground-based monitor-
ing stations and remote sensing techniques [18]. Ground stations use measuring devices 
at fixed locations. Although they provide more accurate data, the results have low spa-
tial and temporal resolution and limited scale due to the limited number of monitoring 
stations. Remote sensing-based estimation depends on image data acquired through 
a range of remote sensing techniques [19, 20]. Studies have shown that incorporat-
ing atmospheric parameters, terrain, and vegetation into the AOD–PM2.5 correlation 
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model increases its accuracy [21]. With the worsening problem of air pollution and 
the increasing levels of pollution worldwide, the use of remote sensing techniques to 
estimate PM2.5 levels has become essential in scientific studies. Research has focused 
on developing remote sensing techniques to represent the relatio nship between AOD 
and PM2.5. Additionally, incorporating other factors affecting PM2.5 into remote sens-
ing estimation has improved accuracy. Therefore, selecting factors influencing PM2.5 
is essential for developing remote sensing estimation methods in this field.

In Iraq, studies on this subject are limited, and this study is among the first to 
use multiple models based on remote sensing technology to estimate high-precision 
PM2.5 concentrations.

The primary aims of this study are to:
1)	 identify the key factors affecting PM2.5  concentrations, including aerosol 

optical depth  (AOD), elevation, relative humidity, temperature, precipita-
tion, wind speed, normalized difference vegetation index (NDVI), and pop-
ulation density, by employing grey relational analysis (GRA);

2)	 develop a MATLAB-based model for estimating PM2.5  levels in Baghdad 
city using remote sensing techniques;

3)	 validate the estimation results by comparing them with ground-based 
PM2.5 monitoring data.

2.	 Study Area

Baghdad is the capital of Iraq, 
situated in the central region of the 
country within a flat sedimentary 
plain. Its geographic coordinates 
range approximately from 32°50′N 
to 33°46′N latitude and from 43°50′E 
to 44°58′E longitude, as depicted in 
Figure 1.

According to the Statistics and 
Geographic Information Systems 
Authority of the Iraqi Ministry of 
Planning, the population of Bagh-
dad Governorate was  8,558,625 
in 2020 [22]. The study area is char-
acterized by significant temperature 
fluctuations, low precipitation, low 
relative humidity, and high solar 
radiation, indicating a subtropical 
desert climate. Fig. 1. Location of the study area
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3.	 Methodology and Data Processing

3.1.	 Data Collection and Processing

A number of methods have been developed in recent years to estimate PM mass 
from digital data from satellite sensors. In this study, average monthly climatic data 
obtained from remote sensing were collected from the NASA website. The speci-
fications of the dataset are presented in Table 1. The data was downloaded in the 
NetCDF  format and converted to the shapefile format  (Fig. 2). It was then inter-
polated using the Kriging interpolation method to produce raster data. Finally, to 
facilitate the use of the dataset in model development programs, 70 reference points 
were selected and uniformly distributed across the study area (Fig. 3). Subsequently, 
the data corresponding to these points were extracted and organized into a table. All 
the data processing was conducted using the ArcGIS 10.8 software.

Table 1. Specifications of the climatic remote sensing dataset

Parameter Data source Date Spatial 
resolution Unit Download link

PM2.5 MERRA 2 January 2024 0.5° × 0.625° μg/m3 https://www.nasa.gov/

AOD data MERRA 2 January 2024 0.5° × 0.625° – https://www.nasa.gov/

Precipitation MERRA 2 January 2024 0.5° × 0.625° mm https://www.nasa.gov/

Wind speed MERRA 2 January 2024 0.5° × 0.625° m/s https://www.nasa.gov/

Temperature MERRA 2 January 2024 0.5° × 0.625° °C https://www.nasa.gov/

Relative 
humidity AIRS January 2024 1° % https://www.nasa.gov/

Population 
density – 2024 – – –

NDVI
MOD13A3 
vegetation 

product
January 2024 1 km × 1 km – https://www.nasa.gov/

DEM SRTM
V3 data – 30 m m https://earthexplorer.usgs.gov/

https://www.nasa.gov/
https://www.nasa.gov/
https://www.nasa.gov/
https://www.nasa.gov/
https://www.nasa.gov/
https://www.nasa.gov/
https://www.nasa.gov/
https://earthexplorer.usgs.gov/
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Fig. 2. Conversion of NetCDF data to shapefile format
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Fig. 3. Distribution of the reference locations in the study area

3.2.	 Methods
Grey Relational Analysis
Grey Relational Analysis, introduced by Deng in 1982, is a widely utilized ap-

proach within the Grey System framework [23]. It can be described as a statistical 
program through which the degree of association of independent variables with de-
pendent variables is determined based on the degree of similarity [24]. In this anal-
ysis, the sample size and distribution are treated as the same value of interest to ob-
tain consistent results for quantitative analysis and qualitative assessment. For this 
important reason, this analysis was chosen in this study to evaluate the relationship 
between various factors such as AOD, atmospheric parameters, NDVI, population 
density, and PM2.5 values.

The grey relational grade is formulated as:

	
=

γ = ζ∑
1

1 ( )
m

i
k

k
m

	 (1)

where γ is the grey relational grade, ζi is the grey relation coefficient at each point, 
and m – number of variables. For the purpose of analyzing the results, the variables 
that will have the highest gray relational grade are those with the greatest influence.
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Development of a Remote Sensing-Based Retrieval Model

Geographically weighted regression (GWR) is a localized spatial analysis tech-
nique that was first introduced in geographical research in 1996. GWR is grounded in 
statistical techniques commonly employed for curve fitting and smoothing, enabling 
the analysis of spatially varying relationships within datasets [25]. This method re-
lies on the core principle of estimating localized models by drawing upon subsets 
of observations surrounding a specific geographic point of interest. GWR constructs 
spatially localized relationships through the use of a spatial weighting matrix, which 
assigns weights based on geographic proximity. The model is then fitted and cali-
brated by accounting for the distance decay effect, wherein closer observations exert 
greater influence. The correlation within the GWR framework is typically computed 
as described by Fotheringham et al. [26]:

	
=

= β + β + ε∑0
1

m

i i ik ik i
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y X 	 (2)

where yi  represents the dependent variable at location  i, while Xik  denotes the 
kth  independent variable at the same location. The parameter m signifies the to-
tal number of independent variables, the term βi0 corresponds to the intercept at 
location  i, whereas βik  represents the local regression coefficient for the kth  inde-
pendent variable at location i. Lastly, εi accounts for the random error at location i. 
The optimal bandwidth for the GWR  model was selected using the software’s 
internal optimization process, which works by minimizing the Akaike information 
criterion (AIC).

MATLAB is a software suite designed for addressing technical computing 
challenges, incorporating a programming language of the same name [27]. This 
program is widely used in scientific studies that require data analysis, modeling 
and algorithm development, and an efficient tool for numerical calculations and 
programming. The program creates a model that describes the relationship between 
predictor variables and the response variable. The model formed using linear re-
gression represents the relationship between variables using a linear equation. This 
approach characterizes the relationship between a dependent variable (response 
variable), y, and one or more independent variables (predictors), x1,  ..., xn. In the 
context of simple linear regression, the model specifically examines the influence 
of a single independent variable in defining this relationship [28].

	 = β +β + ε0 1y x 	 (3)

where β0  is the y-intercept, β1  is the slope (or regression coefficient), and  ε is the 
error term.



48	 S.T. Alnasrawy, N.A. Aziz

The coefficient of determination (R2) is one of the most widely used methods 
for determining a model’s suitability and effectiveness in predicting data. Its value 
ranges between 0 and 1, where the higher the value and the closer it is to 1, the stron-
ger the model’s prediction. The root mean square error (RMSE) is a key indicator of 
a model’s effectiveness. The lower the value of this indicator, the higher the model’s 
accuracy, and it should be positive. The values of these indicators (R2 and RMSE) are 
calculated using Equations (4) and (5) [28, 29]:
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where yi is the observed value, ˆ iy  is the predicted value, y  – mean of the observed 
values, and n – number of observations.

The software performs internal preprocessing steps during model training, in-
cluding normalization or standardization of the input variables. Consequently, the 
calculated error metrics, such as RMSE and MAE, are expressed in the normalized 
data scale rather than in the original measurement units, unless explicitly stated 
otherwise.

External Validation of the Estimated Model

A subsequent evaluation was performed to assess the accuracy of the mathe-
matical model or the predictive equation derived from the MATLAB program. This 
evaluation represents an external validation, wherein the parameters used in the 
model’s calculations – namely temperature, humidity, wind speed, AOD, NDVI, 
population density, and altitude – were gathered for a time period (from June 1 to 
June 26, 2024) and locations (three earth stations), different from the one original-
ly used for model development. Although limited, these stations provide the only 
available reliable measurements within the study area. The PM2.5 concentrations 
were then calculated using the predictive equation obtained from  MATLAB and 
compared with the corresponding PM2.5 measurements recorded at ground moni-
toring stations for the same locations and timeframes. Microsoft Excel was utilized 
to calculate the coefficient of determination (R2) for the derived equation, thereby 
assessing the correlation and accuracy of the model. The coefficient of determina-
tion (R2) was used as the primary performance indicator due to the limited number 
of validation samples.
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4.	 Results and Discussion

4.1.	 Investigation of the Factors Affecting PM2.5

The accuracy and reliability of the data analysis were enhanced by assessing the 
correlation between PM2.5 and various factors, including AOD, temperature, rela-
tive humidity, precipitation, wind speed, elevation, NDVI, and population density.

Table 2 arranges the variables (influencing factors) according to their degree of 
correlation or impact on PM2.5. AOD had the highest correlation strength, while 
population density had the lowest correlation strength among the other variables. 
These results showed that the correlation strength with PM2.5 for all factors was 
high, ranging between 0.51 and 0.72. The relational grades of AOD, NDVI, and wind 
speed exceeded 0.7, indicating their strong impact on PM2.5 within the study area. 
The moderate effect of humidity, elevation, precipitation, and temperature, and the 
acceptable effect of population density on PM2.5 values was evident, with their rel-
ative relational grades ranging between 0.5 and 0.7 [30].

Table 2. Ranking the influencing factors on PM2.5 according to their relational grades 

Factor Relational grades Rank

AOD 0.727 1

Wind speed 0.706 2

NDVI 0.702 3

Elevation 0.670 4

Humidity 0.642 5

Precipitation 0.638 6

Temperature 0.601 7

Population density 0.511 8

These results are convincing and consistent with what has been previously 
found and established by other researchers in this field. Although we cannot directly 
classify AOD as a parameter for air pollution, it has a strong linear correlation with 
PM2.5 values [18, 31, 32].

Numerous studies have proven that meteorological conditions have a strong 
impact on PM2.5 values [33–36]. Liu et al. [37] demonstrated that wind speed and 
precipitation (depending on its intensity) have a significant effect on PM2.5 pollu-
tion, Zhang et al.  [38] reported that temperature and wind speed were the main 
meteorological factors that strongly influenced seasonal variations in PM2.5 values 
in Kunming. Yang et al. [39] concluded that meteorological factors play a major role 
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in atmospheric particulate matter pollution, alongside emissions from various hu-
man activities and the geographical characteristics of the region, which also exert 
significant impacts. Another study described temperature and humidity as among 
the most influential meteorological factors on PM2.5 values in Beijing, China [40].

4.2.	 Modeling PM2.5 Concentrations

A predictive model was created to estimate PM2.5  concentrations using the 
GWR  program, based on eight influencing parameters: temperature, humidity, 
wind speed, precipitation, AOD, NDVI, population density, and elevation. Remote 
sensing data from 70 locations across Baghdad city were used. All model properties 
are shown in Table 3, while the resulting predictive equation was as follows:

	
= + + − + + + − +
+ + + −

2.5 23.14 0.058 ( 0.021) 0.015 0.038Pr ( 0.011)
0.026 0.042 ( 0.015)                          

PM T W H E
Po NDVI AOD

	 (6)

where: T – temperature, H – humidity, W – wind speed, Po – population density, 
Pr – precipitation, and E – elevation.

Table 3. Optimal bandwidth and other key parameters of GWR model

Bandwidth type Bandwidth value Sigma (σ) Tau (τ) RMSE R2 Adjusted R2

adaptive 3.72 km 2.11 0.85 2.51 0.842 0.823

The results indicated that the GWR model demonstrates a good fit to the data, 
effectively capturing the intricate relationships between PM2.5 and its predictor 
variables while accounting for spatial variability.

Other spatial diagnostics, such as Moran’s I and mapping of local coefficients, 
were not part of this study, but could be explored in future work to provide a deeper 
understanding of the spatial patterns.

The PM2.5 levels were estimated through a multivariate linear regression ap-
proach implemented in the MATLAB software. The explanatory variables includ-
ed AOD, NDVI, temperature, wind speed, relative humidity, precipitation, eleva-
tion, and population density. Using a dataset comprising the same 70 points and 
employing 5-fold cross-validation, the resulting predictive model was expressed as:

	
= + ⋅ + ⋅ + ⋅ + ⋅ + ⋅ +
+ ⋅ + ⋅ + ⋅

2.5 1
                              

PM T H T AOD W Po H Pr Pr AOD
E NDVI Po AOD NDVI AOD

	 (7)

A more accurate model is characterized by an R2 value approaching 1. In this case, 
the R2 was 0.98, which is considered outstanding. The RMSE model was 1.7 × 10−10. It 
should be noted that the extremely low RMSE values are associated with normalized 



Estimation of PM2.5 Particulate Matter Using MATLAB and GWR Models…	 51

data and do not reflect the actual error magnitude in micrograms per cubic meter. 
It indicates an exceptionally high level of accuracy, as the error between the predict-
ed and observed values is nearly negligible. This suggests that the model fits the 
data extremely well, with minimal deviation in predictions.

The predicted versus actual plot illustrates the model’s ability to replicate the 
observed data. In an ideal regression model, the predicted values match the actual 
recorded values exactly, resulting in all points aligning along a diagonal line. The 
vertical distance from the line to any individual point represents the prediction error 
for that specific observation.

Fig. 4. True versus predicted response

As demonstrated in Figure 4, this model performs exceptionally well, with 
minimal errors, as the predicted values are closely clustered around the diago-
nal line.
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Figure 5 displays the comparison between the predicted PM2.5 concentrations 
derived from the regression model and the actual recorded PM2.5 values. The errors 
are represented by yellow lines, where smaller error magnitudes indicate a more 
accurate and reliable model.

Fig. 5. Predicted versus true values of PM2.5

4.3.	 External Validation

To evaluate the effectiveness of the predictive equation derived from MATLAB 
(recognized for its high accuracy and minimal error rate when validated within the 
program), PM2.5 concentration readings from ground stations at locations and time 
periods that were not part of the dataset used to develop the model were compared 
with the PM2.5 concentrations predicted using the estimated equation. The resulting 
relationship is presented in Figure 6.

The coefficient of determination (R2) value of 0.77 indicates that the predictive 
model for estimating PM2.5 concentrations explains 77% of the variance in the mea-
sured values. This suggests a relatively strong correlation between the estimated 
and observed values, reflecting a reasonable level of model accuracy in capturing 
the underlying relationships.

Figure 6 illustrates the mathematical correlation between the PM2.5 values es-
timated using the MATLAB  program (based on the eight input parameters) and 
the corresponding ground-based measurements across different locations and time 
periods. Considering the limited number of official air quality monitoring stations 
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in Baghdad city, which currently consists of only three stations, the development 
of such an equation capable of providing highly accurate estimates of ground-
level PM2.5 concentrations based on the MATLAB-derived values is of significant 
importance.

y = 1.7142x - 2.4344
R² = 0.7776
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Fig. 6. Comparison of measured and estimated PM2.5 concentrations  
using the MATLAB model

5.	 Conclusions

This study aims to establish a correlation between multiple influencing factors 
and the concentration of  PM2.5 in the air over Baghdad city by utilizing remote 
sensing data. Various analytical programs will be employed to assess their effective-
ness, with the objective of identifying the most accurate and representative model 
for PM2.5 estimation.

Grey relational analysis was employed to enhance the accuracy and reliability 
of data analysis by evaluating the correlation between PM2.5  concentrations and 
factors such as AOD, temperature, relative humidity, precipitation, wind speed, ele-
vation, NDVI, and population density. The ranking of parameters according to their 
degree of influence placed AOD as the strongest correlate, followed by NDVI, then 
elevation, relative humidity, precipitation, temperature, and finally population den-
sity. AOD, NDVI, and wind speed all had grey relational grades above 0.7, so they 
are described as having a major influence on PM2.5 values. The remaining parame-
ters had a relational grade ranging from 0.5 to 0.7, so their influence can be classified 
as moderate.

Predictive models for PM2.5  values were developed utilizing two programs, 
GWR and  MATLAB, based on the eight influencing factors. Comparative analy-
sis indicated that MATLAB achieved superior performance, with an R2 of 0.98 and 
an RMSE of 1.7 × 10−10, whereas GWR yielded an R2 of 0.842 and an RMSE of 2.51.
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The efficiency of the MATLAB-derived predictive model for PM2.5 values was 
assessed by comparing its estimates with ground station measurements at locations 
and time periods different from those used in the predictive model. The model 
achieved a coefficient of determination (R2) of 0.77, indicating that it explains 77% of 
the variance in observed values. This result demonstrates a strong correlation be-
tween the predicted and measured concentrations, suggesting that the model ef-
fectively captures the underlying relationships with a reasonable level of accuracy.

However, it is important to note that this study is subject to certain limitations. 
One of the limitations of this study is that the model was developed using data from 
a single month (January 2024), which does not account for seasonal variability in 
PM2.5 concentrations. Future studies should incorporate multi-seasonal or long-
term datasets to enhance model robustness and applicability. A further limitation 
of this study is the relatively small number of spatial samples (70 points), which 
may influence the model’s spatial representativeness and stability. Although each 
point represents a MERRA-2 grid cell with a resolution of 0.5° × 0.625°, the total 
number of samples is still modest compared to those typically used in large-scale 
remote sensing analyses. Expanding the dataset to include more grid cells and 
higher-resolution data would likely improve the robustness of the model and en-
hance its ability to generalize spatially. Multicollinearity diagnostics such as VIF 
were not included and may be considered in future work to further strengthen the 
regression analysis.

Funding

This research received no specific grant from any funding agency in the public, 
commercial, or not-for-profit sectors.

CRediT Author Contribution

S.T.A.: conceptualization, methodology, formal analysis, softwar, writing – 
original draft preparation, writing – review and editing.

N.A.A.: data curation, software, investigation.

Declaration of Competing Interest

The authors declare that they have no known competing financial interests or 
personal relationships that could have appeared to influence the work reported in 
this paper.

Data Availability

All data, models, and code generated or used during the study appear in the 
published article.

Use of Generative AI and AI-Assisted Technologies

No generative AI or AI-assisted technologies were employed in the preparation 
of this manuscript.



Estimation of PM2.5 Particulate Matter Using MATLAB and GWR Models…	 55

References

[1]	 Bai L., Wang J., Ma X., Lu H.: Air pollution forecasts: An overview. International 
Journal of Environmental Research and Public Health, vol. 15(4), 2018, 780. 
https://doi.org/10.3390/ijerph15040780.

[2]	 Ali Z.F., Salam D., Pirisi G., Kiss K.: Assessment of air quality and consequent 
in Erbil, Iraqi Kurdistan region based GEE, GIS, and remote sensing techniques. 
E3S  Web of Conferences, vol. 436, 2023, 10007. https://doi.org/10.1051/​
e3sconf/​202343610007.

[3]	 UN Environment Program: Pollution Action Note – Data you need to know. 
September 7, 2021. https://www.unep.org/interactives/air-pollution-note 
[access: January 29, 2024].

[4]	 EPA (United States Environmental Protection Agency): Particulate Matter 
(PM) Pollution – Particulate Matter (PM) Basics. 2024. https://www.epa.gov/
pm-pollution/particulate-matter-pm-basics [access: February 12, 2024].

[5]	 Tran B.L., Chang C.C., Hsu C.S., Chen C.C., Tseng W.C., Hsu S.H.: Thresh-
old effects of PM2.5 exposure on particle-related mortality in China. Internation-
al Journal of Environmental Research and Public Health, vol. 19(16), 2019, 
3549. https://doi.org/10.3390/ijerph16193549.

[6]	 Pun V.C., Kazemiparkouhi F., Manjourides J., Suh H.H.: Long-term PM2.5 expo-
sure and respiratory, cancer, and cardiovascular mortality in older US adults. Amer-
ican Journal of Epidemiology, vol. 186(8), 2017, pp. 961–969. https://doi.org/​
10.1093/aje/kwx166.

[7]	 Fischer P.H., Marra M., Ameling C.B., Velders G.J.M., Hoogerbrugge R., 
de  Vries  W., Wesseling  J., Janssen  N.A.H., Houthuijs  D.: Particulate air 
pollution from different sources and mortality in 7.5 million adults – The Dutch 
Environmental Longitudinal Study  (DUELS). Science of The Total Envi-
ronment, vol. 705, 2020, 135778. https://doi.org/10.1016/​j.scitotenv.​2019.​
135778.

[8]	 Nan N., Yan Z., Zhang Y., Chen R., Qin G., Sang N.: Overview of  PM2.5 
and health outcomes: Focusing on components, sources, and pollutant mixture 
co-exposure. Chemosphere, vol. 323, 2023, 138181. https://doi.org/10.1016/​
j.chemosphere.2023.138181.

[9]	 Atkinson R.W., Kang S., Anderson H.R., Mills I.C., Walton H.A.: Epidemio-
logical time series studies of PM2.5 and daily mortality and hospital admissions: 
A systematic review and meta-analysis. Thorax, vol. 69(7), 2014, pp. 660–665. 
https://doi.org/10.1136/thoraxjnl-2013-204492.

[10]	 Jeong S., Park S.A., Park I., Kim P., Cho N.H., Hyun J.W., Hyun  Y.M.: 
PM2.5 exposure in the respiratory system induces distinct inflammatory signaling 
in the lung and the liver of mice. Journal of Environmental Science and Medi-
cine, vol. 1, 2019, 3486841. https://doi.org/10.1155/2019/3486841.

https://doi.org/10.3390/ijerph15040780
https://doi.org/10.1051/e3sconf/202343610007
https://doi.org/10.1051/e3sconf/202343610007
https://www.unep.org/interactives/air-pollution-note
https://www.epa.gov/pm-pollution/particulate-matter-pm-basics
https://www.epa.gov/pm-pollution/particulate-matter-pm-basics
https://doi.org/10.3390/ijerph16193549
https://doi.org/10.1093/aje/kwx166
https://doi.org/10.1093/aje/kwx166
https://doi.org/10.1016/j.scitotenv.2019.135778
https://doi.org/10.1016/j.scitotenv.2019.135778
https://doi.org/10.1016/j.chemosphere.2023.138181
https://doi.org/10.1016/j.chemosphere.2023.138181
https://doi.org/10.1136/thoraxjnl-2013-204492
https://doi.org/10.1155/2019/3486841


56	 S.T. Alnasrawy, N.A. Aziz

[11]	 Li R., Sun Q., Lam S.M., Chen R., Zhu J., Gu W., Zhang L., Tian H., Zhang K., 
Chen L.C., Sun Q., Shui G., Liu C.: Sex-dependent effects of ambient PM2.5 pollu-
tion on insulin sensitivity and hepatic lipid metabolism in mice. Particle and Fibre 
Toxicology, vol. 17(1), 2020, 14. https://doi.org/10.1186/s12989-020-00343-5.

[12]	 Zhao C., Wang Y., Su Z., Pu W., Niu M., Song S., Wei L., Ding Y., Xu L., Tian 
M., Wang H.: Respiratory exposure to PM2.5  soluble extract disrupts mucosal 
barrier function and promotes the development of experimental asthma. Environ-
mental Science and Medicine, vol. 730, 2020, 139145. https://doi.org/10.1016/​
j.scitotenv.2020.139145.

[13]	 Meo S.A., Al-Khlaiwi T., Ullah C.H.: Effect of ambient air pollutants  PM2.5 
and  PM10 on COVID-19  incidence and mortality: observational study. Euro-
pean Review for Medical and Pharmacological Sciences, vol. 25(4), 2021, 
pp. 1916–1922. https://doi.org/10.26355/eurrev_202112_27455.

[14]	 Renard J.B., Surcin J., Annesi-Maesano I., Delaunay G., Poincelet E., Dixsaut 
G.: Relation between PM2.5 pollution and Covid-19 mortality in Western Europe 
for the 2020–2022 period. Science of The Total Environment, vol. 809, 2022, 
157579. https://doi.org/10.1016/j.scitotenv.2022.157579.

[15]	 Karimi A., Shirmardi M., Hadei M., Tahmasebi Birgani Y., Neisi A., Takdas-
tan A., Goudarzi G.: Concentrations and health effects of short- and long-term expo-
sure to PM2.5, NO2, and O3 in ambient air of Ahvaz city, Iran (2014–2017). Ecotox-
icology and Environmental Safety, vol. 180, 2019, pp. 542–548. https://doi.org/​
10.1016/​j.ecoenv.2019.05.026.

[16]	 Alemayehu Y.A., Asfaw S.L., Terfie T.A.: Exposure to urban particulate matter 
and its association with human health risks. Environmental Science and Pol-
lution Research, vol. 27(22), 2020, pp. 27491–27506. https://doi.org/10.1007/
s11356-020-09132-1.

[17]	 IQAir: 2023 World Air Quality Report: Region and City PM2.5  Ranking. 
March 19, 2024. https://www.iqair.com/us/newsroom/waqr-2023-pr [access: 
February 20, 2024].

[18]	 Liu L., Liu Y., Cheng F., Yu Y., Wang J., Wang C., Nong L., Deng  H.: 
Remote sensing estimation of regional PM2.5  based on GTWR  model – A case 
study of southwest China. Environmental Pollution, vol. 351, 2024, 124057. 
https://doi.org/​10.1016/j.envpol.2024.124057.

[19]	 Lee H.J.: Advancing exposure assessment of  PM2.5 using satellite remote sens-
ing: A review. Asian Journal of Atmospheric Environment, vol. 14(4), 2020, 
pp. 319–334. https://doi.org/10.5572/ajae.2020.14.4.319.

[20]	 Zhang H., Wang J., Castro García L., Zhou M., Ge C., Plessel T., Szykman J., 
Levy R.C., Murphy B., Spero T.L.: Improving surface PM2.5 forecasts in the Unit-
ed States using an ensemble of chemical transport model outputs: 1. Bias correction 
with surface observations in Nonrural areas. Journal of Geophysical Research: 
Atmospheres, vol. 125(14), 2020, e2021JD035563. https://doi.org/10.1029/
2019JD032293.

https://doi.org/10.1186/s12989-020-00343-5
https://doi.org/10.1016/j.scitotenv.2020.139145
https://doi.org/10.1016/j.scitotenv.2020.139145
https://doi.org/10.26355/eurrev_202112_27455
https://doi.org/10.1016/j.scitotenv.2022.157579
https://doi.org/10.1016/j.ecoenv.2019.05.026
https://doi.org/10.1016/j.ecoenv.2019.05.026
https://doi.org/10.1007/s11356-020-09132-1
https://doi.org/10.1007/s11356-020-09132-1
https://www.iqair.com/us/newsroom/waqr-2023-pr
https://doi.org/10.1016/j.envpol.2024.124057
https://doi.org/10.5572/ajae.2020.14.4.319
https://doi.org/10.1029/2019JD032293
https://doi.org/10.1029/2019JD032293


Estimation of PM2.5 Particulate Matter Using MATLAB and GWR Models…	 57

[21]	 Guo Y., Zou B., Zheng Z., Wang M., Xu S., Fang X.: High spatio-temporal resolu-
tion simulation and mapping of PM2.5 concentration using land use regression mod-
el. Remote Sensing Information, vol. 30(5), 2015, pp. 94–101. https://doi.org/​
10.3969/j.issn.1000-3177.2015.05.015.

[22]	 Commission of Statistics and GIS (COSIT): Population Estimates of Iraq 2020 
(Baghdad Governorate Population Estimates). Ministry of Planning, Iraq, 2020. 
https://www.cosit.gov.iq/documents/population/projection [access: Septem-
ber 12, 2024].

[23]	 Ju-Long D.: Control problems of grey systems. Systems &  Control Letters, 
vol. 1(5), 1982, pp. 288–294. https://doi.org/10.1016/S0167-6911(82)80025-X.

[24]	 Patil A.N., Walke A., Gawkhare M.: Grey relation analysis methodology and 
its application. Research Review International Journal of Multidisciplinary, 
vol. 4(2), 2019, pp. 409–411. https://doi.org/10.5281/zenodo.2578088.

[25]	 Páez A., Wheeler D.C.: Geographically Weighted Regression, [in:] Kitchin R., 
Thrift N. (eds.), International Encyclopedia of Human Geography, Elsevier, Ox-
ford 2009, pp. 407–414. https://doi.org/10.1016/b978-008044910-4.00447-8.

[26]	 Fotheringham A.S., Brunsdon C., Charlton M.: Geographically Weighted Re-
gression: The Analysis of Spatially Varying Relationships. Wiley, Chichester 2002.

[27]	 Kurasov D.: Mathematical modeling system MatLab. Journal of Physics: 
Conference Series, vol. 1691, 2020, 012123. https://doi.org/10.1088/1742-
6596/1691/1/012123.

[28]	 MathWorks: Linear regression. https://www.mathworks.com/discovery/​
linear-regression.html [access: June 15, 2024].

[29]	 Montgomery D.C., Peck E.A., Vining G.G.: Introduction to Linear Regression 
Analysis  (5th  ed.). Wiley Series in Probability and Statistics, John Wiley 
& Sons, Hoboken, New Jersey 2012.

[30]	 Liu S., Yang Y., Forrest J.Y.L.: Grey relational analysis models, [in:] Liu S., Yang Y., 
Forrest  J.Y.L., Grey Systems Analysis: Methods, Models and Applications, Se-
ries on Grey System, Springer, Singapore 2022, pp. 77–124. https://doi.org/​
10.1007/978-981-19-6160-1_5.

[31]	 Koelemeijer R.B.A., Homan C.D., Matthijsen J.: Comparison of spatial and 
temporal variations of aerosol optical thickness and particulate matter over Europe. 
Atmospheric Environment, vol. 40(27), 2006, pp. 5304–5315. https://doi.org/​
10.1016/j.atmosenv.2006.04.044.

[32]	 Tariq S., Zia ul-H., Ali M.: Satellite and ground-based remote sensing of aero-
sols during intense haze event of October 2013 over Lahore, Pakistan. Asia-Pacific 
Journal of Atmospheric Sciences, vol. 52(1), 2016, pp. 25–33. https://doi.org/​
10.1007/s13143-015-0084-3.

[33]	 Liuzzo L., Viola F., Noto L.V.: Wind speed and temperature trends impacts on ref-
erence evapotranspiration in Southern Italy. Theoretical and Applied Climatolo-
gy, vol. 123(1–2), 2016, pp. 43–62. https://doi.org/10.1007/s00704-014-1342-5.

https://doi.org/10.3969/j.issn.1000-3177.2015.05.015
https://doi.org/10.3969/j.issn.1000-3177.2015.05.015
https://www.cosit.gov.iq/documents/population/projection
https://doi.org/10.1016/S0167-6911(82)80025-X
https://doi.org/10.5281/zenodo.2578088
https://doi.org/10.1016/b978-008044910-4.00447-8
https://doi.org/10.1088/1742-6596/1691/1/012123
https://doi.org/10.1088/1742-6596/1691/1/012123
https://www.mathworks.com/discovery/linear-regression.html
https://www.mathworks.com/discovery/linear-regression.html
https://doi.org/10.1007/978-981-19-6160-1_5
https://doi.org/10.1007/978-981-19-6160-1_5
https://doi.org/10.1016/j.atmosenv.2006.04.044
https://doi.org/10.1016/j.atmosenv.2006.04.044
https://doi.org/10.1007/s13143-015-0084-3
https://doi.org/10.1007/s13143-015-0084-3
https://doi.org/10.1007/s00704-014-1342-5


58	 S.T. Alnasrawy, N.A. Aziz

[34]	 Tiwari S., Pandithurai G., Attri S.D., Srivastava A.K., Soni V.K., Bisht D.S., 
Anil Kumar V., Srivastava M.K.: Aerosol optical properties and their relationship 
with meteorological parameters during wintertime in Delhi, India. Atmospher-
ic Research, vol. 153, 2015, pp. 465–479. https://doi.org/10.1016/​j.atmosres.​
2014.10.003.

[35]	 Yang Q., Yuan Q., Li T., Shen H., Zhang L.: The relationships between PM2.5 
and meteorological factors in China: Seasonal and regional variations. Internation-
al Journal of Environmental Research and Public Health. vol. 14(12), 2017, 
1510. https://doi.org/10.3390/ijerph14121510.

[36]	 Zhang H., Wang Y., Hu J., Ying Q., Hu X.: Relationships between meteorolog-
ical parameters and criteria air pollutants in three megacities in China. Environ-
mental Research, vol. 140, 2015, pp. 242–254. https://doi.org/10.1016/​j.envres.​
2015.04.004.

[37]	 Liu Z., Shen L., Yan C., Du J., Li Y., Zhao H.: Analysis of the influence of precip-
itation and wind on PM2.5 and PM10 in the atmosphere. Advances in Meteorol-
ogy, vol. 1, 2020, 5039613. https://doi.org/10.1155/2020/5039613.

[38]	 Zhang H., Wang Z., Zhang W.: Exploring spatiotemporal patterns of PM2.5 in 
China based on ground-level observations for 190 cities. Environmental Pollution, 
vol. 216, 2016, pp. 559–567. https://doi.org/10.1016/j.envpol.2016.06.009.

[39]	 Yang Q., Yuan Q., Yue L., Li T., Shen H., Zhang L.: Investigation of the spa-
tially varying relationships of PM2.5 with meteorology, topography, and emissions 
over China in 2015 by using modified geographically weighted regression. Envi-
ronmental Pollution, vol. 262, 2020, 114257. https://doi.org/10.1016/​j.envpol.​
2020.114257.

[40]	 Huang F., Li X., Wang C., Xu Q., Wang W., Luo Y., Tao L., Gao Q., Guo J., 
Chen S., Cao K., Liu L., Gao N., Liu X., Yang K., Yan A., Guo X: PM2.5 spatio-
temporal variations and the relationship with meteorological factors during 2013–2014 
in Beijing, China. PLOS ONE, vol. 10(11), 2015, e0141642. https://doi.org/​10.1371/​
journal.pone.0141642.

https://doi.org/10.1016/j.atmosres.2014.10.003
https://doi.org/10.1016/j.atmosres.2014.10.003
https://doi.org/10.3390/ijerph14121510
https://doi.org/10.1016/j.envres.2015.04.004
https://doi.org/10.1016/j.envres.2015.04.004
https://doi.org/10.1155/2020/5039613
https://doi.org/10.1016/j.envpol.2016.06.009
https://doi.org/10.1016/j.envpol.2020.114257
https://doi.org/10.1016/j.envpol.2020.114257
https://doi.org/10.1371/journal.pone.0141642
https://doi.org/10.1371/journal.pone.0141642

	1. Introduction
	2. Study Area
	3. Methodology and Data Processing
	3.1. Data Collection and Processing
	3.2. Methods

	4. Results and Discussion
	4.1. Investigation of the Factors Affecting PM2.5
	4.2. Modeling PM2.5 Concentrations
	4.3. External Validation

	5. Conclusions
	References




Raport dostępności





		Nazwa pliku: 

		Alnasrawy K2.pdf









		Autor raportu: 

		Marcin Herzog



		Organizacja: 

		







 [Informacje osobiste oraz dotyczące organizacji dostępne w oknie dialogowym Preferencje > Tożsamość.]



Podsumowanie



Sprawdzanie nie napotkało żadnych problemów w tym dokumencie.





		Wymaga sprawdzenia ręcznego: 1



		Zatwierdzono ręcznie: 0



		Odrzucono ręcznie: 0



		Pominięto: 2



		Zatwierdzono: 29



		Niepowodzenie: 0







Raport szczegółowy





		Dokument





		Nazwa reguły		Status		Opis



		Flaga przyzwolenia dostępności		Zatwierdzono		Należy ustawić flagę przyzwolenia dostępności



		PDF zawierający wyłącznie obrazy		Zatwierdzono		Dokument nie jest plikiem PDF zawierającym wyłącznie obrazy



		Oznakowany PDF		Zatwierdzono		Dokument jest oznakowanym plikiem PDF



		Logiczna kolejność odczytu		Wymaga sprawdzenia ręcznego		Struktura dokumentu zapewnia logiczną kolejność odczytu



		Język główny		Zatwierdzono		Język tekstu jest określony



		Tytuł		Zatwierdzono		Tytuł dokumentu jest wyświetlany na pasku tytułowym



		Zakładki		Zatwierdzono		W dużych dokumentach znajdują się zakładki



		Kontrast kolorów		Pominięto		Dokument ma odpowiedni kontrast kolorów



		Zawartość strony





		Nazwa reguły		Status		Opis



		Oznakowana zawartość		Zatwierdzono		Cała zawartość stron jest oznakowana



		Oznakowane adnotacje		Zatwierdzono		Wszystkie adnotacje są oznakowane



		Kolejność tabulatorów		Zatwierdzono		Kolejność tabulatorów jest zgodna z kolejnością struktury



		Kodowanie znaków		Zatwierdzono		Dostarczone jest niezawodne kodowanie znaku



		Oznakowane multimedia		Zatwierdzono		Wszystkie obiekty multimedialne są oznakowane



		Miganie ekranu		Zatwierdzono		Strona nie spowoduje migania ekranu



		Skrypty		Zatwierdzono		Brak niedostępnych skryptów



		Odpowiedzi czasowe		Zatwierdzono		Strona nie wymaga odpowiedzi czasowych



		Łącza nawigacyjne		Zatwierdzono		Łącza nawigacji nie powtarzają się



		Formularze





		Nazwa reguły		Status		Opis



		Oznakowane pola formularza		Zatwierdzono		Wszystkie pola formularza są oznakowane



		Opisy pól		Zatwierdzono		Wszystkie pola formularza mają opis



		Tekst zastępczy





		Nazwa reguły		Status		Opis



		Tekst zastępczy ilustracji		Zatwierdzono		Ilustracje wymagają tekstu zastępczego



		Zagnieżdżony tekst zastępczy		Zatwierdzono		Tekst zastępczy, który nigdy nie będzie odczytany



		Powiązane z zawartością		Zatwierdzono		Tekst zastępczy musi być powiązany z zawartością



		Ukrywa adnotacje		Zatwierdzono		Tekst zastępczy nie powinien ukrywać adnotacji



		Tekst zastępczy pozostałych elementów		Zatwierdzono		Pozostałe elementy, dla których wymagany jest tekst zastępczy



		Tabele





		Nazwa reguły		Status		Opis



		Wiersze		Zatwierdzono		TR musi być elementem potomnym Table, THead, TBody lub TFoot



		TH i TD		Zatwierdzono		TH i TD muszą być elementami potomnymi TR



		Nagłówki		Zatwierdzono		Tabele powinny mieć nagłówki



		Regularność		Zatwierdzono		Tabele muszą zawierać taką samą liczbę kolumn w każdym wierszu oraz wierszy w każdej kolumnie



		Podsumowanie		Pominięto		Tabele muszą mieć podsumowanie



		Listy





		Nazwa reguły		Status		Opis



		Elementy listy		Zatwierdzono		LI musi być elementem potomnym L



		Lbl i LBody		Zatwierdzono		Lbl i LBody muszą być elementami potomnymi LI



		Nagłówki





		Nazwa reguły		Status		Opis



		Właściwe zagnieżdżenie		Zatwierdzono		Właściwe zagnieżdżenie










Powrót w górę

