
Air pollution is a significant global concern due to its 
severe impacts on ecosystems and human health, as well as its role 
in altering the global climate (Abdullatif et al., 2021; Yaseen and 
Abdulkareem, 2022). Urban areas are particularly affected by high 
levels of air pollution, primarily from anthropogenic activities like 
fossil fuel combustion in transportation and industry. Additionally, 
wind-borne particulate matter further degrades urban air quality. 
Pollutants such as O3, NO2, SO2, CO, PM2.5, and PM10 can persist in 
the atmosphere for hours to days, with their dispersion influenced 
by meteorological factors (Jayamurugan et al., 2013; Anad et al., 
2022; Taghizadeh et al., 2023). Exposure to these pollutants is 
linked to respiratory and psychological disorders, including asthma 
(Byrwa-Hill et al., 2020), nasal and throat irritation, hypertension, 
atherosclerosis, acute coronary syndrome, ischemic stroke, and 
arrhythmias. Various indices have been developed to quantify the 
effect of climatic parameters on the discomfort levels (Pandey, 
2018).

Emerging research suggests a connection between air 

pollution and cognitive decline, with higher dementia risk observed 
in individuals exposed to elevated PM2.5 levels also risk of lung 
and other cancers. Rapid urbanization, population growth, and 
vehicle proliferation, particularly in developing countries like Iraq, 
have exacerbated air pollution problems (Jadem et al., 2023). In 
addition, meteorological factors are the main drivers that affect the 
concentrations of various air pollutants and overall air quality such 
as temperature, solar radiation, wind, and precipitation. Karbala, due 
to its strategic location and religious significance, has experienced 
rapid development, impacting air quality. 

The air quality index (AQI) is widely used by governments 
and organizations to inform the public about air quality and its health 
implications. These assessments rely on continuous monitoring 
of pollutants, which are integrated into AQI models (Gayer et 
al., 2018). AQI has been closely related to discomfort indices 
(Mohamed et al., 2023). Scientists use many statistical techniques 
and predictive models to demonstrate the relationship between 
different atmospheric parameters such as correlation coefficients, 
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Atmospheric elements interact with pollutants in complex, multidimensional ways, affecting air quality. Understanding these relationships 
requires a comprehensive analysis of time-series weather and pollutant data which has a negative or positive impact on the ecosystem and human 
health. This study examines the relationships between meteorological factors and air pollutants in different landscapes (agricultural, park, desert 
and industrial) of Karbala, Iraq, using data from January 2021 to June 2024. Principal component analysis (PCA) revealed that photochemical 
smog (45-46%), particulate matter (20-22%), and meteorological effects on particulates (14-16%) are the main factors influencing air pollution. 
PM2.5 was the dominant pollutant, impacting air quality on 84-88% of days, followed by ozone on 12-16%. Winter showed the best air quality, 
while summer had no “Good” days. Among the four areas studied, the desert suburb had the cleanest air, and the industrial area the most polluted. 
These findings offer crucial insights for air quality management in the region.
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linear and multiple regression, principal component analysis, and 
others. Zuśka et al., (2019)  used principal component analysis 
(PCA) to analyze the influence of meteorological factors on PM10 
concentrations in a mountain valley over 10 years. 

The study found that temperature significantly influenced 
PM₁₀ levels across most seasons, with wind speed, humidity, 
atmospheric pressure, and precipitation also contributing. High PM₁₀ 
concentrations in winter were associated with anticyclonic wedge 
conditions. Shihab (2021) analysed the AQI in Mosul and found 
that AQI levels ranged from moderate to unhealthy for sensitive 
groups, with PM₁₀ being the primary contributor, and noted seasonal 
variations in AQI. Birinci et al., (2023) studied the impact of long-
range dust transport on PM concentrations at Turkish airports, 
identifying 163 dust episodes, with significant contributions from 
North Africa (17%) and the Mediterranean (12%). This underscores 
the importance of considering transboundary dust sources in air 
quality assessments. The present research aims to analyze the 
relationship between various meteorological factors and primary air 
quality index (AQI) pollutants, as well as to evaluate the daily AQI 
for selected areas for January 2021 - June 2024.

MATERIALS AND METHODS

Study area

Karbala governorate, located approximately 100 km 
southwest of Baghdad, Iraq, is characterized by a subtropical 
semi-arid climate. It covers an area of 52 km2 and is situated at an 
elevation of 32 meters above sea level. The region is bordered by 
desert and agricultural lands and is in proximity to the Euphrates 

and Husseinya rivers. Karbala is a significant religious and 
tourist center in Iraq, renowned for its Islamic heritage sites. The 
governorate has an estimated population of approximately 1.35 
million people (Al-Samarrai and Al-Jiboori, 2022). Fig. 1 shows 
study area, Agricultural area (Lat 32.72 0N, Long 44.00 0E), Park 
area (Lat 32.60 0N, Long 44.03 0E), Desert suburb (Lat 32.58 0N, 
Long 43.98 0E) and Industrial area (Lat 32.57 0N, Long 44.05 0E).

Dataset sources

The Copernicus Atmosphere Monitoring Service (CAMS) 
provides continuous data on atmospheric composition, offering 
current conditions, forecasts, and retrospective analyses for recent 
years. This service supports applications in health, environmental 
monitoring, renewable energy, meteorology, and climatology. 
Data for air pollutants (tropospheric ozone O3, nitrogen dioxide 
(NO2), sulfur dioxide (SO2), carbon monoxide (CO), particulate 
matter (PM2.5 and PM10) were sourced from Copernicus at: https://
ads.atmosphere.copernicus.eu/cdsapp#!/dataset/cams-europe-
air-quality-forecasts?tab=form. Meteorological data, including 
temperature (T), relative humidity (RH), All sky surface shortwave 
downward irradiance SWDI (solar radiation), wind speed (WS), 
and wind direction (WD), were obtained from NASA’s Prediction 
of Worldwide Energy Resources (POWER), Agroclimatology data 
at: https://power.larc.nasa.gov/data-access-viewer/. All data cover 
the period from January 2021 to June 2024.

Principal component analysis (PCA)

Principal component analysis (PCA) is a statistical 
method used to reduce the dimensionality of data by transforming 

Fig. 1: Study area
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the correlation relationships between them. PCA aids in identifying 
groups of uncorrelated variables, thereby facilitating the analysis of 
complex datasets (Zuśka et al., 2019).

Air quality index (AQI)

 The primary purpose of the air quality index (AQI) is 
to convert the measured concentrations of various air pollutants 
into a single, standardized numerical value through an appropriate 
aggregation method. Ideally, each index value should accurately 
represent both the actual and perceived air quality for a specific 
time period. Air quality indices are designed to standardize and 
consolidate air pollution data, making it easier to compare different 
conditions and meet the public’s demand for reliable and easily 
understandable information. Table 1 presents the categories of the 
air quality index as defined by the U.S. Environmental Protection 
Agency (EPA).

Sub-indices are computed using the equation below (Shihab, 2021);     

     (1)

 Where (IP) is index for pollutant p, (CP) is truncated 
concentration of pollutant p, (BPHI) is concentration breakpoint 
greater than or equal to CP, (BPLo) is concentration breakpoint less 
than or equal to CP, (IHi) is AQI value corresponding to BPHI, (ILo) is 
AQI value corresponding to BPLo. These breakpoints can be found 
in (Technical Assistance Document for the Reporting of Daily Air 
Quality – the Air Quality Index (AQI)) in https://www.airnow.gov/
publications/air-quality-index/technical-assistance-document-for-
reporting-the-daily-aqi/. 

The value of the highest sub-indices AQI is considered the 
AQI of the site (eq. 2) (Shihab, 2021).

AQI=Max(I_a,I_b,I_c,…,In)  (2)

RESULTS AND DISSECTIONS

Analysis the relationship of meteorological and pollutants by PCA

Principal components analysis (PCA) was conducted on 
the concentrations of selected air pollutants and meteorological 
parameters. The analysis identified five principal components, 
with the first three components having eigenvalues greater than 1, 
in accordance with the Kaiser criterion. In PCA, the proportion of 
variance explained by each principal component is represented by 
the square of the factor loadings, which can be interpreted as the 
coefficient of determination. This coefficient reflects the proportion 
of the variance in air pollutant concentrations and meteorological 
factors that can be attributed to their mutual influence. Examination 
of the eigenvalues in the correlation matrix (Table 2) indicated that 
the first three principal components accounted for approximately 
81.98% to 82.11% of the total variance, highlighting their 
significance in explaining the dataset’s variability.

PC1, accounting for 45-46% of the total variance in 
all regions, predominantly characterizes photochemical smog 
formation. It exhibits height positive loadings for ozone (0.39-
0.40), temperature (0.33-0.34), and solar radiation (SWDI: 0.35-
0.36), coupled with negative loadings for primary pollutants 
including NO2 (-0.35 to -0.36), SO2 (-0.32 to -0.33), CO (-0.37 
to -0.39) and RH (-0.31 to -0.32). The positive correlations with 
temperature and solar radiation (SWDI) underscore the critical role 
of solar light in driving photochemical reactions (Wahab, 2022), 
especially since the region is characterized by minimal cloud cover, 
primarily limited to winter and spring seasons (Al-Ramahy et al., 

Table 2: Eigenvalue, variance and cumulative of principal components

Location Agricultural area Park area
Principal component PC1 PC2 PC3 PC1 PC2 PC3
Eigenvalue 5.04837 2.39164 1.59244 5.07481 2.37673 1.57854
Variance (%) 45.89% 21.74% 14.48% 46.13% 21.61% 14.35%
Cumulative (%) 82.11% 82.09%
Location Desert suburb Industrial area
Principal component PC1 PC2 PC3 PC1 PC2 PC3
Eigenvalue 5.00748 2.3276 1.68239 5.02414 2.25741 1.74591
Variance (%) 45.52% 21.16% 15.29% 45.67% 20.52% 15.87%
Cumulative (%) 81.98% 82.07%

ALI et al.

Table 1: Categories of air quality index (AQI)

AQI Descriptor Colour
0 to 50 Good Green
51 to 100 Moderate Yellow
101 to 150 Unhealthy for sensitive groups Orange
151 to 200 Unhealthy Red
201 to 300 Very unhealthy Purple
301 to 500 Hazardous Maroon

a large set of correlated variables into a smaller set of uncorrelated 
variables, known as principal components. PCA helps simplify the 
interpretation of complex data by identifying independent factors 
that significantly explain the variance in the data. The Kaiser 
criterion is often used in PCA to determine the number of principal 
components to retain, considering only those components with an 
eigenvalue greater than 1 as significant (Namrata and Kapadia 2021). 
Graphical representations in PCA depict variables as vectors that 
indicate the strength and direction of their influence on the principal 
components. The angles between vectors provide information about 
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2022), and high temperatures (Al-Ataby and Altmimi, 2021). The 
negative loadings for primary pollutants (NO2, SO2, CO) suggest 
their consumption in these reactions, potentially forming ozone and 
other secondary pollutants. The negative correlation with relative 
humidity indicates that drier conditions favor these processes. The 
rise in O3 concentrations coincides with T and SWDI, and vice 
versa is true with ozone precursors (NO2, SO2 and CO) (Fig. 2). In 
agricultural areas, this component might be influenced by biogenic 
volatile organic compound (VOCs) emissions from crops, which can 
participate in ozone formation (Nguyen et al., 2022). The positive 
loadings of wind speed in desert suburb with 0.26 and industrial 
area with 0.27 suggests that pollutant dispersion and mixing play 
important roles in this setting. Fig. 3 polar plot (wind rose) shows 
that tropospheric ozone formation processes occur mostly in the 
northern and northwestern regions.

PC2, explaining 20-22% of the variance, primarily 
represents particulate matter dynamics with strong positive loadings 
for PM2.5 (0.52-0.55) and PM10 (0.48-0.49) across all sites (Fig. 4). In 
addition to positive loadings of gases pollutants NO2 (0.209-0.228) 
and SO2 (0.240-0.304) with temperature (0.270-0.319). However, 
PC2 exhibits site-specific characteristics. In agricultural areas, PC2 
highlights the role of thermal convection (temperature) in particulate 
concentrations, with practices like soil tillage and biomass burning 
contributing to emissions. Ammonia from fertilizers reacts with SO₂ 
and NO₂, forming secondary particulates. In urban park areas, PC2 
shows the impact of the urban heat island effect (temperature) with 
vehicular emissions and dust contributing to particulates. NOx and 
SO₂ undergo photochemical aging, forming secondary aerosols. 
In desert suburban areas, PC2 emphasizes the role of wind-driven 
dust and long-range transport. Suburban development increases 

Fig. 2: Time series of PC1 elements 

 Fig. 3: Polar plot of PC1,WS and O3 
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local dust emissions, while weather patterns bring in aerosols from 
distant sources (Fig. 4). In industrial areas, PC2 reflects the impact 
of direct emissions from industrial processes, with SO₂ converting 
to sulfate aerosols. Temperature inversions and wind patterns lead 
to pollutant accumulation, while machinery and traffic resuspend 
dust. The positive relationship between temperature and PC1 in all 
regions and PC2 in the agricultural region, the park region, also the 
desert Suburb and the industrial region, although to a lesser degree, 
confirms the important role of increasing pollutant emissions, (Al-
Knani et al., 2021) reported, when studying the relationship between 
solar radiation and temperature, that temperature plays a decisive 
role in increasing air pollutants. 

PC3 contributing 14-16% of the variance, consistently 
represents meteorological influences on particulate matters. It 

shows positive loadings for PM10 (0.47-0.49), PM2.5 (0.35-0.38), 
relative humidity (0.35-0.37), and wind speed (0.36-0.42). The 
positive correlations between PM and RH can be explained by two 
factors. First, high RH absorbs solar radiation, lowering surface 
temperatures and reducing air currents, which leads to increased 
pollutant concentrations (Jayamurugan et al., 2013). Second, 
high RH (above 80%) promotes the formation of fine particles, 
such as CaSO₄·2H₂O crystals, through the oxidation of SO₂ on 
calcium carbonate. In contrast, lower RH (below 40%) results in 
fewer crystal formations. This effect is most pronounced in winter 
when RH is highest (Yue et al., 2022). Regarding wind speed, high 
winds stir up dust, indicating sandstorm potential, especially in 
agricultural areas near barren lands. In the park area, the PM₁₀ load 
was higher (0.49), while wind speed had a lower impact compared 
to agricultural areas, suggesting that slower winds may increase PM 

Fig. 4: Time series of PC2 elements PM, NO2, SO2 and temperature.

Fig. 5: Time series of PC3 elements, RH and PM (PM10 and PM2.5).

ALI et al.
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 Polar plot of PM2.5 , WS and WD Polar plot of PM10 , WS and WD

Fig. 6: Polar plot of PC2.

Fig. 7: 3D Biplot of principal components.

Agricultural area Park area

Dessert suburb Industrial area

concentrations, particularly from PM2.5 and traffic emissions. This 
is more common in summer, where higher temperatures enhance 
convection and wind speeds. Fig. 5 shows elements of PC3 (RH, 
PM10 and PM2.5). Fig. 6 polar plot of PC3 shows PM2.5 concentrations 
more spread out at different speeds while PM10 are less spread out 

due to their heavier weight.

Analysis of the first three components (PC1, PC2 and 
PC3) across four distinct environments, agricultural areas, parks, 
desert suburbs and industrial areas, reveals complex interactions 
between anthropogenic emissions, photochemical processes, and 

Air quality index in Karbala in relation to meteorological factors and pollutants
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Table 3: Index of pollutants (IP) and their effects on AQI index

Locations AQI index under different pollutants ((IP)
IP (O3) IP (NO2) IP (SO2) IP (CO) IP (PM2.5) IP (PM10)

Days % Days % Days % Days % Days % Days %
Agricultural area 184 14.4 0 0 0 0 0 0 1085 85.0 8 0.6
Park area 153 12.0 0 0 0 0 0 0 1121 87.8 3 0.2
Desert suburb 199 15.6 0 0 0 0 0 0 1074 84.1 4 0.3
Industrial area 162 12.7 0 0 0 0 0 0 1108 86.8 7 0.5

Table 4: The seasonal air quality index (AQI) in four areas under different categories 

Location/ Area Season Good Moderate Unhealthy 
for sensitive 

groups

Unhealthy Very 
unhealthy

Hazardous

day % day % day % day % day % day %

Agricultural area

Winter 47 14.2 243 73.6 35 10.6 5 1.5 0 0 0 0
Spring 15 4.1 284 77.2 57 15.5 12 3.3 0 0 0 0
Summer 0 0 284 92.8 20 6.5 1 0.3 1 0.3 0 0
Autmn 10 3.7 221 82.5 36 13.4 1 0.4 0 0 0 0

Total 72 5.6 1037 81.2 148 11.6 19 1.5 1 0.1 0 0

Park area

Winter 40 12.1 256 77.3 32 9.7 3 0.9 0 0 0 0
Spring 14 3.8 291 79.1 55 14.9 8 2.2 0 0 0 0
Summer 0 0 291 95.1 14 4.6 1 0.3 0 0 0 0
Autmn 8 2.9 233 85.3 31 11.4 1 0.4 0 0 0 0

Total 61 4.8 1071 83.9 132 10.3 13 1 0 0 0 0

Desert suburb

Winter 57 17.3 238 72.1 31 9.4 4 1.2 0 0 0 0
Spring 18 4.9 282 76.6 59 16 9 2.4 0 0 0 0
Summer 0 0 286 93.5 18 5.9 1 0.3 1 0.3 0 0
Autmn 14 5.1 233 85.3 24 8.8 2 0.7 0 0 0 0

Total 89 7 1039 81.4 132 10.3 16 1.3 1 0.1 0 0

Industrial area

Winter 43 13.1 250 76.0 32 9.7 4 1.2 0 0 0 0
Spring 16 4.3 285 77.2 58 15.7 10 2.7 0 0 0 0
Summer 0 0 280 91.5 24 7.8 1 0.3 1 0.3 0 0
Autmn 8 2.9 236 86.4 28 10.3 1 0.4 0 0 0 0

Total 67 5.2 1051 82.3 142 11.1 16 1.3 1 0.1 0 0

atmospheric dynamics. Fig. 7 shows three-dimensional 3D Biplot 
of air pollutants and meteorological elements loadings.

Air quality index (AQI)

The impact of the IP (O₃) on the AQI ranged from 12% 
in the park area, corresponding to 153 days, to 15.6% in the desert 
suburb, accounting for 199 days, it is usually in summer and spring 
and to a lesser extent in winter and autumn seasons (Fig. 8). Table 
3 contains the index of each pollutant and the number of days of 
its impact on AQI in all areas. IP (PM₂. ₅) shows a much stronger 
influence on the AQI, with its impact ranging from 84.1% of the 
study days in the desert suburb to approximately 87.8% in the park 
area. This indicates that PM2.5 is the predominant driver of air quality 
deterioration in these areas. IP (PM₁₀) had a minimal impact on the 
AQI, ranging between 0.2% to 0.6%, corresponding to only 3-8 

days. This limited influence is likely due to sporadic dust storms, 
as PM₁₀ is primarily composed of larger particles, including dust 
and aerosols. Regarding to IP (NO₂, SO₂, CO), shows no significant 
impact on the AQI. 

Table 4 categorizes AQI into six levels, from “Good” 
to “Very dangerous,” showing the number and percentage of days 
each category occurred in each area. In winter, all areas generally 
have the best air quality. The agricultural area records the highest 
percentage of “Good” days (14.2%), while the desert suburb has 
the greatest number of “Good” days (57 days, 17.3%). However, 
there are still some “Unhealthy” days, particularly in the agricultural 
area (1.5%). In spring, there is a notable increase in “Unhealthy 
for sensitive groups” days across all areas, with the desert suburb 
having the highest percentage (16%). “Moderate” air quality is 
predominant in spring, ranging from 76.6% to 79.1%, while the 

ALI et al.
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Fig. 8: AQI and IP (O3, NO2, SO2, CO, PM2.5 and PM10) of four Areas.

Air quality index in Karbala in relation to meteorological factors and pollutants
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Industrial Area records the highest percentage of “Unhealthy” days 
(2.7%). In summer, “Moderate” air quality days dominate, with no 
“Good” days recorded in any area. Each of the agricultural area, 
desert suburb, and industrial area records one “Very unhealthy” 
day (0.3%). The park area maintains the highest percentage of 
“Moderate” days (95.1%) during summer. In autumn, air quality 
improves compared to summer, with some return of “Good” days. 
The desert suburb has the highest percentage of “Good” days 
in autumn (5.1%), while “Moderate” air quality still dominates 
(82.5%-86.4%). The agricultural area shows the highest variability 
in air quality across seasons, with the highest percentage of 
“Unhealthy for Sensitive groups” days in spring (15.5%) and the 
most significant improvement in “Good” days from summer to 
autumn. The park area maintains the most consistent air quality 
throughout the year, with the lowest percentage of “Unhealthy” 
days (1%) and no “Very unhealthy” days. The desert suburb has the 
best overall air quality, with the highest total percentage of “Good” 
days (7%) and the most significant seasonal variation in “Good” 
days. Conversely, the industrial area exhibits the poorest overall air 
quality, with the lowest percentage of “Good” days (5.2%) and the 
highest percentage of “Unhealthy” days (1.3%), showing the least 
improvement from summer to autumn. 

Fig. 9 shows the time series of the air quality index (AQI) 
for the four areas under study, The majority of the days studied 
were classified as having moderate air quality, which is normal for 
such areas, and therefore the air quality is not bad for a large group 
of people except those who suffer from very severe respiratory 
diseases.

CONCLUSIONS

The study used principal component analysis to identify 
three main factors influencing air pollution: photochemical smog 
formation (45-46% variance), particulate matter dynamics (20-
22%), and meteorological influences on particulates (14-16%). The 
air quality index analysis revealed PM2.5 as the primary driver of 
air quality deterioration (84-88% of days), followed by ozone (12-
16%). Seasonal variations showed winter with the best air quality, 

summer with no “Good” days, and autumn improving. Among the 
areas studied, the desert suburb had the best overall air quality, 
while the industrial area had the poorest and these results indicate 
that air quality is not ideal but not significantly dangerous, requiring 
strategies to improve AQI levels to ensure a better air environment. 
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