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Abstract 

The temporal and spatial distribution of air pollution can be analysed with high 
accuracy using various methods. This study examines the temporal and spatial 
variation of particulate matter (PM₁₀) and sulphur dioxide (SO₂) pollutants in the 
Sakarya Basin (Turkiye) using a hybrid modelling approach and presents a spatial 
hazard analysis. In the study, ground-based measurement data obtained from 16 
monitoring stations for the period 2014–2023 were integrated with Sentinel-5 Tropomi 
satellite data, and calibrationand interpolation methods were applied to produce 
annual distributions of average and maximum values. Subsequently, the cumulative 
sum of data from the last ten years was used to reveal the spatial distribution of air 
quality. The air quality hazard analysis of the basin was modelled using the Random 
Forest Machine Learning method, employing -ten-year average and maximum result 
distributions together with topographic wetness index (TWI), land use, precipitation, 
temperature, road density, wind speed, topographic roughness index (TRI), and -
normalized difference vegetation index (NDVI) analysis variables. The study show that 
PM₁₀ concentrations generally decreased over the last decade, although temporal 
fluctuations were observed. The highest PM₁₀ values were recorded in 2017 and 2021 
and were mainly concentrated around Ankara, Kütahya, Sakarya, and İnegöl. Short-
term improvements were observed during the years 2020–2021 when COVID-19 
restrictions were in effect. It was determined that SO₂ concentrations entered a 
significant downward trend after 2015. According to machine learning-based hazard 
analysis, the areas with the highest risk in terms of PM₁₀ and SO₂ are the city centres 
of Ankara, Kütahya, Sakarya and İnegöl. The results indicate that air pollution in the 
Sakarya Basin is critical, particularly around industrial centres and major transport 
routes, while air quality levels are relatively lower in the northern and southern parts 
of the basin. 

Keywords: Air quality, PM10, SO2, Hybrid modelling, Machine Learning, Random 

Forests Air pollution hazard analysis. 
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1. Introduction 

Air quality is influenced by human activities, built 
structures, and the processes they generate, as well as by 
climatic conditions and topographical elements, and it is 
subject to change due to various air pollutants. When the 
concentrations of chemical elements in the 
atmosphereexceed certain threshold values, air quality 
deteriorates and reaches critical levels in terms of the 
environmental conditions, human health, ecosystem 
balance, and quality of life (Butler et al., 2008). In 
particular, increasing demands associated with population 
growth lead to intensification in many human activities, 
greater use of chemicals from multiple sources, increased 
fossil fuel consumption, and air pollution (Garipağaoğlu, 
2015). Industrialisation, migration to large cities, 
unplanned urbanisation, and mining activities, significantly 
alter the concentration of chemical substances in the 
atmosphere and result in intense air pollution (Ceylan & 
Bulkan, 2018; Yener & Demirarslan, 2024). A notable 
example is the Great Smog of London in 1952, during which 
approximately 4,000 people lost their lives over a four-day 
period (Ferreira et al., 2013). Similarly, an increase in air 
pollution–related mortality was observed in Chinese cities 
such as Beijing and Shanghai between 2000 and 2015 (Mao 
& Zhao, 2014; Pyae & Kallawicha; 2024; Zhai et al., 2024). 
Beyond these examples, the rapid increase in air pollution 
sources has led to declining in air quality and growing 
environmental problems across many countries, basins, 
and cities worldwide (Demirarslan & Akıncı, 2018; García 
Nieto et al., 2018; Coşkun et al., 2023).  

Particulate matter (PM₁₀) and sulphur dioxide (SO₂), which 
can cause significant problems when their concentrations 
exceed certain levels, are among the primary air pollutants 
prioritised for monitoring by international organisations 
such as the World Health Organisation (WHO) and the 
European Environment Agency (EEA) (WHO, 2021). 
Particulate matter (PM) consists of a mixture of solid and 
liquid particles suspended in the air, varying in size, shape, 
source and chemical composition (Pope & Dockery, 2006). 
Particle size plays a critical role in human health impacts 
and can trigger diseases such as emphysema, diabetes, and 
hypertension, potentially leading to mortality (Chen et al., 
2018; Al Suwaidi et al., 2024). Changes in PM 
concentrations are governed by key factors including fossil 
fuel emission volumes, time of day, temperature, sunshine 
duration, humidity, precipitation, wind speed, and wind 
direction (Chen et al., 2013). Sulphur dioxide (SO₂), is a 
colourless, pungent-smelling reactive gas that reaches high 
concentrations, primarily during fossil fuel combustion, 
metal smelting, and other industrial processes (Azmi et al., 
2025). During winter months, SO₂ concentrations tend to 
increase due to domestic heating andthe types of materials 
used to meet energy demands, which can result in 
significant environmental problems. Under such 
conditions, elevated SO₂ levels can cause increases in 
respiratory and other diseases, particularly among human 
populations (Kotan & Erener, 2023).  

Basin-based analyses are increasingly recognised as 
essential for assessing air quality at both global and 

national scales, including in Türkiye (Şişman, 2019; 
Garipağaoğlu, 2024). Basins represent primary natural 
units in which geographical, meteorological, and 
topographical characteristics vary considerably and play a 
key role in the distribution and accumulation of pollutants 
(Uzun & Garipağaoğlu, 2022). At the same time, the spacial 
concentration of anthropogenic activities in certain areas 
and the interaction of these pollutant sources with natural 
environmental conditions, which affect air quality in 
different areas, also stems from the holistic systematic 
structure of basins. The examination of different air 
pollutant parameters at the basin scale is of great 
importance for identifying regional pollution sources and 
developing effective local air quality management 
strategies. Basin-based approaches offer significant 
advantages in analysing air quality by enabling the 
assessment of local and regional pollution sources within 
natural boundaries (Zhou et al., 2019). 

Air pollution exhibits a non-linear dynamic nature, making 
its prediction highly challenging. Furthermore, the 
observation and analysis process required to closely 
understand the distribution of air pollutants in the 
atmosphere involve significant costs (Liu et al., 2026). 
Therefore, various methods are used to determine the 
distribution and quantity of air pollutants (Vorapracha et 
al., 2015; Di et al., 2019; Kumari & Toshniwal, 2020). The 
most reliable results are obtained from stations that 
perform direct measurements. However, as there no 
stations measuring air pollutant concentrations in every 
area or city worldwide, alternative techniques are 
required. One such approach involves the use of satellite 
data to detect air quality and pollutants. In particular, the 
Sentinel 5 Tropomi satellite provides spatial distribution 
data for certain pollutants and aerosols in the atmosphere 
at specific spatial scales (Liv et al., 2017c; Coşkun et al., 
2022). In addition, air pollutant analyses based on mobile 
measurements or short-term monitoring campaigns 
conducted over specific periods are also used. In this 
context, deterministic, statistical, heuristic, empirical, and 
stochastic methods are applied to simulate air pollutant 
concentrations in areas where measurements or sufficient 
data are not available (Liv et al., 2017a; Huang & Kuo, 
2018). The validity and reliability of these methods depend 
on data availability, quality, and spatial scale (Prajul vd., 
2025b). However, recent developments in artificial 
intelligence technologies, such as deep learning and 
machine learning, enable reliable results to be produced 
through the integration of different datasets (Bai et al., 
2018; Liv d., 2017b; Delavar et al., 2019, Choubin et al., 
2020; Yılmaz & Karagözoğlu, 2022; Mampitiya et al., 2024; 
Yang et al., 2024; Aydın & Kılar, 2025; Prajul & 
Subramanian, 2025). Accordingly, in recent years, hybrid 
models that integrate different methods or data sources 
have increasingly been used in the spatial distribution 
analysis of air pollutants (Chen et al., 2015; Irmak et al., 
2024; Prajul vd., 2025a). 

Air pollution occurring in any region or city can spread to 
other areas under the influence of natural conditions or 
produce global-scale effects through the release of 
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different chemical substances into the atmosphere. These 
effects may reach hazardous levels for humans, other living 
organisms, and ecosystems. Consequently, air pollution is 
not only a phenomenon of present conditions but also has 
the potential to affect broader areas over the long term 
through its interaction with global climate change. For this 
reason, the extent of air pollution experienced in countries 
or cities with different levels of development has been 
continuously examined worldwide, and various measures 
have been implemented to address this issue 
(Garipağaoğlu, 2020). Among these measures, monitoring 
air pollution in both temporal and spatial dimensions is of 
primary importance (Agustine et al., 2017). Accurately 
determining the extent of air pollution using spatially 
appropriate models is crucial for the implementation of 
effective mitigation strategies (Toros et al., 2018). In recent 
years, air pollution problems have intensified in large cities 
within countries experiencing rapid industrial development 
and economic growth, together with migration and 
urbanisation processes (Vural & Şahinalp, 2023; Uyar, 
2024; Akyürek, 2025; Aydın & Raja, 2025). Although air 
pollution has been examined from global and regional 
perspectives in numerous studies (Chen et al., 2015; 
Chelhaoui et al., 2024; Aydın & Kılar, 2025) the modelling 
approaches employed and the spatial limitations of the 
study areas constitute important constraints.Within the 
scope, this study utilises hybrid modelling approach to 
analyse changes in air pollutants and to conduct a spatial 
hazard analysis in the Sakarya Basin, which covers a large 
area in Turkiye and exhibits geographical diversity and air 
quality problems. 

 

Figure 1. Location of the study area 

The Sakarya Basin is one of Turkiye's 25 main water basins. 
The Sakarya River originates in the southern parts of the 
basin and from various upland areas in the west, flowing 
northwards and discharging into the Black Sea (Figure 1). 
The basin covers an area of 63,268.4 km², with an mean 
elevation of 980 m and an elevation amplitude of 2,325 m. 
The mean annual precipitation in the basin is 549.7 mm. 

Türkiye’s capital city, Ankara, as well as densely populated 
cities such as Sakarya and Eskişehir are located within the 
basin boundaries. In addition, the basin contains important 
transportation networks, including the D-100 and O-4 
motorways and railway lines, as well as industrial facilities 
distributed across differentareas.  Located in northwestern 
Türkiye, the Sakarya Basin has a highly complex structure 
shaped by both natural and socio-economic dynamics 
(Figure 1). The coexistence of agricultural activities, 
settlements, transportation infrastructure, and intensive 
industrial areas results in air quality conditions influenced 
by a wide range of regionally variable pollutant sources. 

The aim of this study is to model and analyse the spatial 
and temporal distribution of PM₁₀ and SO₂ concentrations 
in the Sakarya Basin over the last ten years (2014-2023) 
using Geographic Information Systems (GIS), Remote 
Sensing (RS) and Artificial Intelligence (AI) technologies. 
Furthermore, this study aims to reveal the spatial 
distribution of air quality and produce air quality hazard 
distribution data for the basin using the Random Forests 
(RF)Machine Learning (ML) method in order to identify 
contributing processes. The hybrid modelling of recent air 
pollutant distributions, basin-based determination of risk 
sensitivity, and identification of possible mitigation 
measures constitute additional focal points of the study. 

2. Data and method 

This research consists of two main stages. In the first stage, 
the temporal and spatial analysis of PM10 and SO2 values, 
examined as air pollutants in the basin for the period 2014–
2023, was carried out using a hybrid modelling approach. 
In the second stage, a hazard analysis was performed using 
the Random Forest (RF) method within Machine Learning 
(ML) framework, based on the ten-year mean and 
maximum datasets derived from the hybrid model results, 
together with eight different variables affecting air 
pollution. 

The air pollutant data used in the study were obtained from 
the air quality database of the Turkish Ministry of 
Environment, Urbanisation and Climate Change and cover 
16 monitoring stations (1-Sakarya-Adapazarı, 2-Bilecik, 3-
Bozüyük, 4-Eskişehir-Tepebaşı, 5-Eskişehir-Odunpazarı, 6-
Bolu-Abant, 7-Konya-Sarayönü, 8-İnegöl, 9-Kütahya-
Kentpark, 10-Polatlı-Ankara, 11-Bahçelievler-Ankara, 12-
Demetevler-Ankara, 13-Sincan-Ankara, 14-Keçiören-
Ankara, 15-Kayaş-Ankara, 16-Siteler-Ankara) The dataset 
consists of daily mean, maximum, and minimum PM10 and 
SO2 values for each year between 2014 and 2023 In 
addition, air quality data, including aerosol and SO₂ 
information for the period 2017–2023, were obtained from 
the Sentinel 5 Tropomi satellite via the Copernicus 
prgramme (Figure 2). A total of ten different variables were 
identified for the basin-scale air pollution hazard model. 
Two of the variables consist ofair pollutant model outputs. 
For the remaining variables, Normalized Difference 
Vegetation Index (NDVI) and land use data were obtained 
from the Sentinel 2 MSI multispectral satellite image dated 
09.07.2025. Temperature and precipitation data were 
obtained from the Turkish General Directorate of 
Meteorology based on long-term average records from 28 
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stations. Road network data were derived from 
OpenStreetMap, For Topographic Roughness Index (TRI) 
and Topographic Wetness Index (TWI) analyses, a 10 m 
resolution Digital Elevation Model (DEM) obtained from 
the General Directorate of Mapping was used, while wind 
speed data in TIFF format were obtained from the Global 
Wind Atlas. 

 Spatial Distribution of PM10 and SO2 Using Hybrid 
Modelling 

The study employed a multi-step procedural framework to 
analyse the temporal and spatial changesin air pollutants 
(Figure 2). First, the air pollutants to be analysed within the 
basin were identified. In this context, particulate matter 
(PM₁₀) and sulphur dioxide (SO₂) were included in the scope 
of the study, as increases in their atmospheric 
concentrations have the potential to cause both short-term 
and long-term health problems (Azmi et al., 2024). PM₁₀ 
refers to particles with diameters smaller than 10 
micrometres, while SO₂ is a gas mainly produced by the 
combustion of fossil fuels (Al Suwaidi et al., 2024). Both 
pollutants are associated with respiratory diseases and 
cardiovascular disorders and can affect all living organisms 
within the ecosystem.  

 

Figure 2. The workflow diagram and hybrid model of the study: 

1, the hybrid modelling of air pollutants between 2014 and 2023 

is presented, while. 2, a hazard sensitivity model using Machine 

Learning with various data is demonstrated. 

The study aimed to produce annual average and maximum 
distribution maps of PM10 and SO2 by correlating ground-
based station measurement data obtained from the 
Turkish air quality database with satellite data. Within this 
scope, the required coding was first performed in Google 
Earth Engine (GEE) without downloading data for the 

Sakarya Basin, using the Sentinel-5 Tropomi satellite 
imagery, and spatial distributions of aerosol and SO2 data 
were generated. The Sentinel-5 Tropomi (Tropospheric 
Monitoring Instrument) satellite data have been widely 
used in studies on air quality and pollutant distribution, 
ultraviolet radiation, climate monitoring and prediction 
(Coşkun et al., 2022). The satellite is funded by the 
European Space Agency (ESA) and provides free access 
through Copernicus programme. The aerosol and SO2 
datasets used in this study have a spatial resolution of 
1132.2 metres and are provided in mol/m^2 units.  

In this study, the quantitative values obtained from 
ground-based monitoring stations were organised and 
processed. At this stage, the Sentinel satellite data with a 
spatial resolution of 1132.2-were converted into point data 
using ArcGIS 10.5 software. The resulting point data were 
clustered within the zones of influence of the ground 
station measurements using the Thiessen polygon method. 
Satellite data and ground-based measurement data were 
then correlated to generate the values within these 
clusters. Relevant previous studies were reviewed, and 
calibration procedures were applied accordingly (Qi et al., 
2019; Pyae & Kallawicha, 2024). Linear regression analysis 
was used to establish the relationship between ground 
station measurements and satellite-derived values. 
Regression analysis is a functional method that explains the 
mathematical relationship and correlation between two or 
more variables.  

The calibrated numerical values were assigned to point 
features, and spatial distribution maps were subsequently 
generated using the inverse distance weighted (IDW) 
interpolation method. In hybrid air pollutant modelling, the 
spatial and temporal scales of emissions are of critical 
importance. At global or regional scales, spatial resolutions 
of 10 and 12 km are generally sufficient to capture 
pollutant distributions. However, for urban or basin-based 
modelling, data sources with grid spacing of less than 1-4 
km are required (Ferreira et al., 2013). For this reason, both 
ground-based measurements and satellite data were used 
in the study, and PM10 and SO2 distribution maps with an 1 
km across the basin were produced. Inverse distance 
weighted (IDW) interpolation is method used to estimate 
pixel values at points where data are unavailable based on 
the quantitative analysis of values at known sample points 
(Loyd, 2007). The fundamental principle of the IDW 
interpolation technique is that estimated values decrease 
as the distance from known points increases, according to 
predefined mathematical relationships (Watson & Philip, 
1985). Accordingly, the cell values are calculated by 
considering multiple surrounding points and their 
distances from the location being estimated (Jumaah et al., 
2019). The estimated values are a function of both distance 
and the magnitude of nearby points, with the influence of 
each point decreasing as distance increases. IDW 
interpolation is applied using the following formula. 

( ) 0
1 1

0

0
1 1
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 ( )
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i i
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In the formula, the predicted value at location X₀ is a 
function of the neighbouring measurements n (z(X0i) and 
i=1, 2, …, n); r represents the upper bound defining the 
range of influence of each observation, and d denotes the 
distance between the measurement location Xi and the 
prediction location X0 (Watson & Philip, 1985). As the 
exponent increases, the weight assigned to observations 
located farther from the estimated location decreases. An 
increase in the exponent results in estimates that more 
closely resemble the nearest measurement locations. 

The study produced annual distribution maps of the mean 
and maximum values PM10 and SO2 values and presented 
graphs illustrating their temporal changes. Subsequently, 
the mean and maximum values for the period 2014-2023 
were cumulatively aggregated. The resulting raster data 
data were classified into five categories using natural 
breaks method, and air quality data for PM10 and SO2 values 
in the Sakarya Basin were generated (Coşkun et al., 2022). 

 Air Pollution Spatial Hazard Model Variables 

Various variables are used in hazard sensitivity analyses 
related to air pollution and air quality (Tella et al. 2021). 
Variable selection differs across studies due to factors such 
as the characteristics of the research area and access to 
data sources. In this study, ten variables were used in the 
air pollution/air quality hazard sensitivity model. These 
include the cumulative average and maximum totals of 
PM10 and SO2 representing air quality, as well as land use, 
Normalised Difference Vegetation Index (NDVI), 
Topographic Wetness Index (TWI), temperature, 
precipitation, Topographic Roughness Index (TRI), road 
density, and wind speed data for the basin. The selected 
variables correspond to those showing the highest 
correlation with air quality in previous studies (Eeftens et 
al., 2012; Rani et al., 2018; Choubin et al., 2020; Bounakhla 
et al., 2023; Azmi et al., 2024). 

Land use data was produced using Sentinel 2 MSI 
multispectral satellite imagery using supervised 
classification and the nearest neighbour method. Land use 
is considered one of the key parameters influencing air 
pollution distribution, particularly as it reflects 
urbanisation patterns, population density, and industrial 
areas (Tella et al., 2021). The NDVI was calculated using the 
5th and 8th bands of the Sentinel satellite imagery 
according to the formula [NDVI= (PNIR-PRED) / 
(PNIR+PRED)] (Myneni et al., 1995). Vegetation density 
derived from NDVI explains important spatial patterns in 
the relationship between biological processes and air 
quality.  

Temperature and precipitation data for the basin were 
generated using the lapse rate adjustments, Thiessen 
polygons, and IDW interpolation methods based on long-
term (1990-2023) average values from 28 stations located 
within the basin. As climatic factors, temperature and 
precipitation influence air pressure, condensation 
processes, and radiation levels, and are therefore directly 
related to air quality. Road density data was created using 
line density tool in ArcGIS 10.5 software based on linear 
features obtainedfrom OpenStreetMap. Road density 

highlights areas with elevated air pollution levels, 
particularly those associated with fossil fuel consumption. 
Wind speed data were obtained in TIFF format from the 
Global Wind Atlas and used directly. The TWI and TRI 
variables were derived from the basin's 10 m resolution 
DEM data using the following formulas. 

( )
( 1)

 
1 . 

FA
TWI

E Log

+
=

+  

    ( ) /  ( )mean min max minTRI Grid H H Grid H H= − −  

In the TWI formula, FA represents the slope value, and e 
represents the cumulative flow (Parker, 1982). In the TRI 
formula, Hmean denotes the mean elevation within the grid 
cell, while Hmin and Hmax represent the minimum and 
maximum elevations, respectively (Riley et al., 1999). Wind 
speed, TWI, and TRI are closely related to the air 
circulation, circulation, and gas deposition processes within 
the basin, thereby affecting air quality. 

 Spatial Hazard Model for Air Pollution Using Machine 
Learning Random Forests Method 

The relationship between air pollution distribution and the 
parameters affecting it is complex, therefore, appropriate 
methods are required to to explore these relationships (Bai 
et al., 2018). In particular, recent advances in GIS and AI 
technologies provide effective approaches for revealing 
the relationship between variables affecting air pollution 
(Choubin et al., 2020). In machine learning (ML) modelling, 
where air quality hazard models are simulated using 
predictive variables, the selection of an appropriate 
number of predictive variables is essential (Carslaw & 
Ropkins, 2012). In this context, in order to identify the most 
relevant and effective variables, machine learning pre-
processing includes a step known as feature selection, 
during which unnecessary variables are eliminated and the 
most influential variables are determined (Jia et al., 2016; 
Ceylan & Bulkan, 2018; Sayed et al., 2019). Simulated 
annealing methods and stochastic search algorithms can be 
used to determine the degree of relationship and 
interaction between variables (Kirkpatrick et al., 1983; Rere 
et al., 2015; Pinedo, 2016; Joharestani et al., 2019; Choubin 
et al., 2020).  

The Random Forests (RF) method within Machine Learning 
is a combinatorial algorithm that is widely used in air 
pollution prediction studies (Choubin et al., 2020). This 
method is capable of handling multidimensional 
classification, regression, and correlation problems with 
high accuracy (Breiman 2001). In this type of algorithm, 
multiple classifications are employed for decision-making 
and for splitting each node. Each node represents a 
homogeneous region that contains observational data 
classified and divided by the algorithm. In the RF method, 
each decision tree corresponds to a subset of randomly 
selected data. Each decision tree then performs decision-
making and and classifications based on the variables 
within its corresponding data subset. For the classification 
of new data, the final RF output is determined based on the 
aggregated prediction results of all decision trees rather 
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than a single algorithm (Choubin et al., 2020). In this study, 
the Random Forest method within Machine Learning was 
selected to reveal air pollution hazard levels for both PM10 
and SO2 (Zimmerman et al., 2018). The Caret package 
(Kuhn, 2015) was used in R software together with the 10-
fold cross-validation (CV) method to select the most 
suitable predictor variables for PM₁₀ and SO₂ hazard 
prediction from the available set of ten variables. The k-fold 
cross-validation methodology (k = 10) was applied to 
calibrate the models using the Caret R package used for 
hazard modelling for both pollutants (Kuhn, 2008, Kuhn, 
2015). The optimal value of the model variables was 
generated using tuning function of the Caret R package, 
employing the random-search tuneLength function, which 
produces the maximum number of tuning parameter 
combinations (Kuhn, 2015; Choubin et al., 2020). The 
operational methodology of RF consists of creating 
datasets (model predictions in this study), using these 
subsets to create decision trees, and combining the 
inferences. The decision tree classification process is 
applied using the following formula. 

1

I

K

C argmax Ck

=

 
 =
 
 
  

Here, Ck denotes the class prediction of the k -th decision 

tree, I  denotes the total number of trees, and the final 

class prediction C  is determined as the class with the 

maximum summed votes across all trees (Wu et al., 2024). 
In this study, the Random Forest method assigns a 
randomly varying weight value based on misclassification 
in the observational data to evaluate the importance of 
each predictor used in classification. In this study, 50 ntree 
values were used for RF decision trees. The study also used 
10 as the mtry parameters, which is the number of 
randomly drawn variables that are candidates for insertion 
at each node (Tella et al., 2021). According to the Random 
Forest machine learning method, the hybrid model shows 
the highest impact, that is, importance level, for the air 
hazard model based on air quality data (Figure 3). The 
highest impact ranking among the dependent variables is 
land use, road density, TWI, NDVI, precipitation, TRI, 
temperature, and wind speed. At the end of the hazard 
model, the maximum number of terminal nodes in the 
decision tree (maxnodes) was left at the default setting, 
and PM10 and SO2 air pollution hazard maps were 
generated. 

 

Figure 3. Importance (impact) ratios of model variables 

 Methods Used for Model Accuracy Assessments 

The Root Mean Square Error (RMSE) formula was used to 
evaluate the performance of the hybrid model method 
proposed and used in this study. RMSE is calculated using 
the following formula. 

21
* ( _ )  MSE y y pred

n

 
= − 
 

  

RMSE MSE=  

In the formula, n is the number of data points, y represents 
the actual values, and y_pred represents the predicted 
values (Chapi et al., 2017). In the formula, the mean square 
error (MSE) is first calculated, and then the RMSE is 
calculated as the square root of this value. The study used 
ground measurement station data as actual point data and 
PM10 and SO2 hybrid model data as predicted data. 

The accuracy analysis of the air pollution hazard sensitivity 
model developed using the Random Forest machine 
learning method in this study was subjected to the Receiver 
Operating Characteristic (ROC) method. The ROC curve and 
analysis is one of the methods that measures the efficiency 
of sensitivity analyses produced at different scales 
(Tehrany et al., 2013). The analysis is generally calculated 
by comparing the sensitivity data with the inventory of the 
event data as training and test data. The ROC method is 
calculated using the following formula. 

FP
FPR

FP TN
=

+
 

TP
TPR

TP TN
=

+
 

In the formula, FP denotes the number of false positive 
cases, TN denotes the number of true negative cases, TP 
denotes the number of true positive cases, and FN denotes 
the number of false negative cases (Tehrany et al., 2013). 
The ROC curve distributes false positive and true positive 
values vertically and horizontally on the x and y axes. The 
value remaining on the obtained ROC curve (AUC) 
approaching 1 indicates high model accuracy, while 
approaching 0 indicates low accuracy. In this study, 258 
random point data were used in the accuracy analyses of 
the models. In the ROC analysis, 70% of these data points 
were randomly selected as training data (181 data points) 
and 30% as test data (77 data points). The obtained ROC 
results were evaluated for the accuracy of the hazard 
sensitivity model. 

3. Findings 

 Temporal and Spatial Variation of PM10 and SO2 in the 
Sakarya Basin 

The highest mean PM10 values in the Sakarya Basin 
between 2014 and 2023 were recorded in 2017 and 2021 
(Figure 4). In terms of the distribution of PM10 mean values, 
the highest air pollution was found to be concentrated 
around Ankara, Sakarya, Kütahya, and İnegöl (Figures 5 and 
6). The lowest values were observed in the southern and 
northern parts of the basin and towards the central part of 
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the basin from these areas. According to the hybrid model, 
the mean PM10 values in the basin ranged between 26.63 
and 38.1 during the 10-year period examined. According to 
the trend analysis of the mean values, the R2 value is 0.874, 
indicating a downward trend. When examining the 
temporal distribution of the basin's PM10 mean data, it can 
be seen that in 2014, 2015, and 2016, the highest values 
were in the Sakarya, Kütahya, and İnegöl areas, in 2017 in 
eastern Ankara, in 2018 in Kütahya, in 2019 in Eskişehir and 
Kütahya, and between 2020 and 2023 in large industrial 
cities (Ankara, Eskişehir, Kütahya, Sakarya).  

 

Figure 4. Temporal variation of mean and maximum PM10 and 

SO2 values in the Sakarya Basin 

According to the hybrid model results, when the Sakarya 
Basin was examined in terms of PM10 maximum values, the 
highest value was determined to be in 2018 (Figure 4). The 
R2 value of the PM10 maximum data, which shows a 
downward trend from 2014 to 2023, was determined to be 
0.425. It is noteworthy that values were high in 2020 and 
2021, when the COVID-19 pandemic was prevalent, and 
then began to decline.  An analysis of the last 10 years of 
data shows that PM10 maximum values are particularly 
concentrated in Ankara, Sakarya, İnegöl and Kütahya 
(Figures 5 and 6). However, maximum PM10 values have 
varied in certain years. The highest values detected 
between 2014 and 2017 around the city centres of Ankara, 

Bilecik, Kütahya, İnegöl, and Sakarya were recorded in 
Nallıhan, Kütahya, and Bozüyük in 2018. In 2019, 2020, and 
2021, the highest values were detected in Ankara, Polatlı, 
Eskişehir, Kütahya, İnegöl, and Bozüyük. In 2022 and 2023, 
Ankara has the highest values due to its population density. 
In recent years, high values have also been observed in 
İnegöl, Kütahya, Bozüyük, and Eskişehir outside this area. 

When examining the hybrid model results for SO2 mean 
values, it was determined that the highest value was 
measured in 2021. It was found that the trend in SO2 mean 
values remained almost constant between 2014 and 2023, 
with an R2 value of 0.022 (Figure 4). It was determined that 
the SO2 mean data, which showed temporal fluctuations, 
mostly did not exceed the threshold value for air pollution 
according to international standards. SO2 values with 
temporal fluctuations also showed spatial variability 
(Figures 5 and 6). The areas with the highest mean SO2 
values in 2014, 2015, and 2016 were İnegöl, Sakarya, 
Bilecik, Ankara, and Polatlı, while the highest values in 2017 
and 2019 were measured in Kütahya, İnegöl, and Sakarya, 
and in 2018 in Kütahya. Between 2020 and 2023, high 
measurements were detected in the western part of the 
basin, particularly in Kütahya, Eskişehir, İnegöl, and 
Sakarya. 

 

Figure 5. Spatial variation of PM10 and SO2 mean and maximum 

values (2014–2018) 

The year with the highest SO₂ maximum values was 2015 
(Figure 4). In that year, a significantly higher SO₂ 
concentration was detected in İnegöl compared to other 
years. From that year onwards, it was observed that SO₂ 
maximum values showed a decreasing trend, with an R² 
value of 0.879. The temporal and spatial distribution of SO2 
maximum values showed spatial differences. In 2014 and 
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2016, around Ankara, Polatlı, Sakarya and İnegöl; in 2015, 
around İnegöl; in 2017, to the west of the Kütahya, İnegöl, 
Sakarya line; in 2018 in the south of Ankara and Kütahya, in 
2019 and 2020 in Kütahya, İnegöl and Sakarya, in 2021 and 
2022 in Sakarya and its southern parts, and in 2023 in the 
vicinity of Kütahya and Bilecik (Figures 5 and 6). 

 

Figure 6. Spatial variation of PM10 and SO2 mean and maximum 

values (2019–2023) 
According to the European Union Air Quality Standard, the 
limit values are 40 μg/m³ for PM10 annually and μg/m³ for 
SO₂ annually. The limit values are the same for the winter 
period, when maximum values are mostly observed. In this 
regard, when PM10 air pollutants were analysed, it was 
determined that the mean values did not exceed the limit 
values for the basin average, but that pollution was well 
above this value in some local areas. In particular, it was 
determined that PM10 air pollutants were consistently 
above the limit values in the Sakarya, Ankara, Kütahya, and 
İnegöl areas. When PM10 maximum data were examined in 
terms of EU air quality limit values, it was found that the air 
average has consistently exceeded the limit value over the 
last 10 years. In this regard, it was determined that PM10 air 
pollution occurs during the winter season, particularly in 
the southern and northern parts, where pollution may be 
lower than that of the basin as a whole. SO2 mean values 
are below EU air quality standards. Furthermore, in terms 
of maximum SO2 mean values, the limit value was not 
exceeded only in 2017, 2020, and 2023. In terms of 
maximum SO2 values, it was determined that EU air quality 
standards were not exceeded only in 2023 in terms of basin 
average values, while they were exceeded in all years in 
terms of basin maximum values. 

 Air Quality in the Basin in Terms of PM10 and SO2 Based 
on Hybrid Model Data for the Period 2014-2023 

PM10 and SO2 values, whose spatial distribution was 
determined separately for each year over a 10-year 
period using the hybrid model, were cumulatively 
aggregated. The data obtained reveal the air quality in 
terms of the average and maximum values of PM10 and 
SO2 based on the data from the Sakarya Basin over the 
last 10 years (Figures 7 and 8).  

PM10 average values in the air quality results data show a 
spatial distribution in the basin at the following rates: 
lowest 16%, low 16%, moderate 17%, high 21%, and very 
high 30%. The areas with the highest air pollution and 
consequently the lowest air quality are concentrated in the 
city of Ankara and its surroundings, Kütahya, Bozüyük, 
İnegöl, Yenişehir, Sakarya and its surroundings (Figure 7A). 
It has been determined that air quality is very high in the 
mountainous and densely vegetated areas in the north of 
the basin and in the central and southern parts of the basin. 
Population distribution, urbanisation, and industrial 
centres within the basin have been particularly influential 
in creating this situation. 

When examining the results data for PM10 maximum values 
in the Sakarya Basin in terms of air quality, the basin covers 
an area with the lowest percentage of 3%, low 15%, 
moderate19%, high 21% and very high 42%. The areas with 
the lowest air quality in terms of PM10 maximum values are 
the eastern part of Ankara city, İnegöl, Yenişehir, Osmaneli, 
and Kütahya city centres and their surroundings (Figure 
7B). Population density and industry have been particularly 
influential factors in this situation. The areas with the 
highest air quality in terms of particulate matter are 
located in the area following the central line of the basin 
from north to south and expanding towards the south. 

 

Figure 7. Air quality distribution based on the cumulative total of 

the basin's 10-year PM10 values. A) mean, B) maximum 

 

Figure 8. Air quality distribution based on the cumulative total of 

the basin's 10-year SO2 values. A) mean, B) maximum 

https://doi.org/10.30955/gnj.07999


10  GAO et al. 

https://doi.org/10.30955/gnj.07999      Global NEST Journal, 28(XX), 1-10 

When examining the air quality results data for SO2 average 
values, the spatial distribution within the basin shows the 
following percentages: lowest 3%, low 9%, moderate 16%, 
high 44%, and very high 28%. The 10-year cumulative total 
of SO2 average values indicates that air quality is high in 
two-thirds of the basin. According to the analysis data, the 
areas with the lowest air quality are around Kütahya, 
İnegöl, Yenişehir, Osmaneli, and Pamukova (Figure 8A). In 
particular, industrial facilities around Kütahya and İnegöl, 
as well as the geomorphologically-induced heat inversion 
effect in Yenişehir, İnegöl, and Osmaneli, have caused high 
SO2 levels in these areas. The areas with the highest air 
quality are concentrated in the north and south of the 
basin.  

When analysing the 10-year cumulative total of maximum 
SO2 values, it was determined that the lowest air quality 
value was 2%, low 6%, moderate 8%, high 43% and very 
high 41% in the basin area. The findings reveal that air 
quality in 80% of the basin is high in terms of SO2. This 
situation has been caused, in particular, by the use of 
natural gas-based domestic heating in the urban centres of 
the Sakarya Basin over the last 10-15 years, as has been the 
case throughout Turkiye. The areas with the lowest air 
quality are the urban centres of Kütahya, İnegöl, Yenişehir, 
Osmaneli and Pamukova (Figure 8B). 

 Air Pollution and Quality Spatial Hazard Analysis 

The study presents average and maximum air quality data 
for PM10 and SO2 based on the cumulative total of 10 years 
of data produced using the hybrid model. These data were 
supplemented with NDVI, land use, TWI, TRI, temperature, 
precipitation, road density, and wind speed data affecting 
air pollution and quality, and a hazard sensitivity analysis 
was performed for both pollutants using the Random 
Forest (RF) machine learning method. The analysis results 
were categorised into five levels using the natural breaks 
method and produced as separate maps for PM10 and SO2. 
According to the findings, in the PM10 air quality hazard 
analysis, 3% of the total area of the basin has very low 
hazard, 50% has low hazard, 34% has medium hazard, 12% 
has high hazard, and 1% has very high hazard.  According 
to the PM10 air pollutant model, the highest risk was found 
in the city centres of Ankara, İnegöl, Kütahya, and Sakarya 
(Figure 9A). Areas covering a wider area with high levels of 
risk were found to be the immediate vicinity of the cities 
mentioned, between Yenişehir, Osmaneli, and Pamukova, 
north and south of Ankara, and along the D-100 and O-4 
roads in Sakarya. The use of lignite at the Ankara Çayırhan 
thermal power plant has increased the risk level in terms of 
PM10 in this region (around the Sarıyar Dam). 

In the SO2 air quality hazard analysis, 3% of the basin's total 
area is classified as very low hazard, 56% as low, 29% as 
moderate, 5% as high, and 1% as very high hazard.  In terms 
of SO2, the hazard level in 90% of the basin is fairly medium 
or below. This situation has been influenced by the 
widespread use of natural gas in city centres in recent 
years, the use of electric and hybrid cars, and exhaust 
emission controls. The concentration of industrial facilities 
that increase SO2 concentrations in certain areas has also 
increased the risk of air pollution in specific areas. 

According to the SO2 hazard model findings, the highest 
level of risk is in the city centres of İnegöl, Sakarya, and 
Kütahya (Figure 9B). At the same time, the immediate 
surroundings of these cities and the city centre of Ankara 
are at high risk. The presence of different types of industrial 
establishments in these areas and the lignite-fired thermal 
power plants in Kütahya province have increased the risk 
level in terms of SO₂. Air pollution risk levels were modelled 
as quite low in the northern, southern and central parts of 
the basin in terms of both SO₂ and PM10. 

 

Figure 9. A) PM10 air quality hazard analysis result B) SO2 air 

quality hazard analysis result 

4. Discussion 

One of the key contributions and findings of this study is 
the combined use of satellite data (Sentinel-5 Tropomi) and 
ground station measurements through hybrid modelling. 
This approach has increased spatial resolution and 
produced reliable distribution maps at a scale of 1 km. The 
literature shows that hybrid models are increasingly being 
used in air pollution analyses (Prajul et al. 2025a). For 
example, Chen et al. (2015) noted that hybrid models 
provide more accurate predictions, especially during 
periods of high PM concentration, while Chelhaoui et al. 
(2024) achieved similar high accuracy by combining WRF-
CHIMERE and machine learning (Chen et al., 2015; 
Chelhaouiet al., 2024). Furthermore, the similarity 
between the accuracies in hybrid model studies and this 
study indicates that they can be used in air quality and 
pollution modelling (Delavar et al., 2019; Irmak et al., 
2024). The application of hybrid modelling in the Sakarya 
Basin has reliably revealed the spatial distribution despite 
the limited number of stations in the region. This finding is 
consistent with the results of Coşkun et al. (2022), which 
showed that the calibration of satellite data with station 
measurements in the Kocaeli example achieved high 
success in air quality prediction (Coşkun et al., 2022). 

According to the research results presented in this study 
using hybrid modelling, PM₁₀ concentrations fluctuated 
during the 2014–2023 period but generally showed a 
downward trend. High values were recorded particularly in 
2017 and 2021, while short-term improvements in air 
quality were observed during the 2020–2021 period due to 
the impact of COVID-19 restrictions. This situation is similar 
to studies conducted in different cities in Turkiye. For 
example, Kotan & Erener (2023) observed temporary 
decreases in PM₁₀ values in Kocaeli during the COVID-19 
period, while Yener & Demirarslan (2024) also noted 
similar trends across Turkiye (Kotan & Erener, 2023; Yener 
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& Demirarslan, 2024). However, the persistence of high 
PM₁₀ levels around Ankara, Kütahya, İnegöl, and Sakarya 
creates the evidence that industrial activities, dense 
transport networks, and population pressure have created 
a lasting impact. This finding supports studies emphasising 
that industrialisation and urbanisation are decisive factors 
in air pollution in the Marmara and Central Anatolia regions 
(Demirarslan & Akıncı, 2018; Vural & Şahinalp, 2023; 
Akyürek, 2025; Aydın & Raja, 2025). Similar results have 
also been obtained in studies conducted on an 
international scale. Chen et al. (2018) examined PM₂.₅ and 
PM₁₀ concentrations in China and demonstrated that 
industry and transport are particularly decisive factors in 
large urban centres (Chen et al., 2018). Similarly, 
Bounakhla et al. (2023) emphasised that, along with 
meteorological factors, heavy traffic and industry in urban 
areas increase PM pollution in Morocco (Bounakhla et al., 
2023). Similar trends are observed in many densely 
populated areas around the world where industry is 
concentrated in specific areas (Al Suwaidi et al., 2024). The 
fact that the results for the Sakarya Basin are consistent 
with these findings indicates that the region faces a 
problem that parallels global trends while also possessing 
its own unique spatial characteristics. 

The findings of SO₂ values have shown a clear downward 
trend over time. Particularly in 2015, very high values were 
observed around İnegöl, with a downward trend becoming 
dominant in subsequent years. This situation can be 
explained by the widespread use of natural gas in many 
cities in Turkiye, the development of filtration technologies 
in thermal power plants, the monitoring of EU and WHO 
standards and practices, and the transformation in energy 
policies (increased investment in renewable energy). 
Indeed, Garipağaoğlu's (2020, 2024) studies emphasise a 
long-term downward trend in SO₂ values across Turkiye 
(Garipağaoğlu, 2020, 2024). However, the fact that high 
SO₂ levels are still observed around Kütahya, İnegöl, and 
Sakarya indicates that local risks persist in areas with a high 
concentration of industrial facilities. Similar results have 
been created in studies conducted in the Marmara Region 
(Kotan & Erener, 2023; Ceylan & Bulkan, 2018). 
Internationally, it is known that SO₂ is a persistent problem, 
particularly in regions where coal is heavily used for energy 
production (Mao & Zhao, 2014; Zhai et al., 2024). In this 
context, the findings from the Sakarya Basin are consistent 
with global trends but create the impression that risks 
persist in certain industrial centres at the regional level. 

 

Figurel 10. ROC analysis of the spatial hazard model for air 

pollution in the workplace 

In the study, the average and maximum data obtained from 
the cumulative sum of PM10 and SO2 data were tested using 
RMSE. The predicted data in RMSE were generated by the 
hybrid model data in the study, while the observed data 
were generated by ground measurement station data. 
According to the evaluation results, the average RMSE 
value for PM10 was calculated as 0.173, the maximum for 
PM10 as 0.191, the average RMSE value for SO2 as 0.167, 
and the maximum for SO2 as 0.198. The fact that the 
evaluation results are close to zero indicates that the model 
data has a high level of accuracy and reliability.  

In the machine learning (Random Forest)-based hazard 
analysis, the city centres of Ankara, Kütahya, İnegöl, and 
Sakarya emerged as high-risk areas in terms of PM₁₀. 
Although the risk for SO₂ is more limited, it is similarly 
concentrated in areas with high industrial and transport 
activity. This result is similar to the spatial hazard analyses 
conducted by Choubin et al. (2020) for PM₁₀ in Barcelona 
(Choubin et al., 2020). Furthermore, the analysis found that 
the topographic wetness index (TWI), land use, and road 
density variables were decisive. This situation creates the 
evidence that topography and meteorological factors play 
a critical role in pollutant distribution (Rani et al., 2018; 
Bounakhla et al., 2023). In particular, the prominence of 
the road density variable also shows that transport-related 
emissions are a key determinant of pollution distribution 
across the basin. 

In the study, the hazard sensitivity analysis data modelled 
using Random Forest was evaluated for accuracy using 
ROC. According to the ROC data, the model's AUC value 
was calculated as 0.93 (Figure 10). The high accuracy rate 
of the model is similar to previous artificial intelligence-
based air pollution distribution hazard analyses (Tella et al., 
2021). The high value of the ROC analysis result ensures 
that this model can be used in basin-based air pollution 
hazard sensitivity analyses in different areas, particularly in 
Turkiye. 

5. Conclusion 

The study has been one of the few studies conducted at the 
basin scale in Turkiye, revealing the spatio-temporal 
variation of PM₁₀ and SO₂ specifically in the Sakarya Basin. 
The combined use of hybrid modelling and machine 
learning has enabled both the mitigation of data 
deficiencies and the reliable determination of hazard 
levels. However, there are some limitations. Firstly, the 
limited number of stations has complicated model 
calibration. Additionally, the resolution of satellite data 
may prevent a more detailed examination of urban sub-
scale differences. Furthermore, in the Mediterranean 
Basinand transition zones, not only specific climatic, 
geographical, and anthropogenic emissions, but also the 
long-range transport of desert dust cause relatively high 
levels of PM and other air pollutants in certain areas. In this 
regard, fundamental factors such as emission volume, time 
of day, temperature, sunshine, humidity, precipitation, 
wind speed and direction govern changes in the 
concentration of pollutants such as PM10 and SO2. 
Therefore, simulating air pollution is a highly complex and 
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challenging process for both hybrid models and artificial 
intelligence-based models. The hybrid model used in this 
study, which yielded relatively good results (according to 
RMSE and ROC evaluation results), can be further improved 
in terms of accuracy and reliability in future studies by 
using a denser station network, high-resolution satellite 
data, and different machine learning algorithms (XGBoost, 
CNN-LSTM, and similar methods). 

The hybrid model used in the study revealed the average 
and maximum distribution of PM10 and SO2 values between 
2014 and 2023. The model results show that both pollutant 
values are decreasing over time, but the highest values are 
concentrated in certain centres. It was concluded that air 
quality is at its lowest level in areas with dense populations 
and industrial activities, such as Sakarya, Ankara, Kütahya, 
and İnegöl. According to the air quality hazard analysis 
modelled using the Machine Learning-Random Forests 
method based on 10 different variables, it was determined 
that problems could arise in Sakarya, İnegöl, and Kütahya 
in terms of PM10 and SO2 pollutants. Therefore, domestic, 
fossil fuel, and industrial air pollutants in metropolitan 
centres must be strictly controlled.  

The findings of this study demonstrate the importance of 
considering the basin-scale air quality management. 
Implementing emission reduction policies is critical, 
particularly in the areas of Kütahya, İnegöl, Sakarya, and 
Ankara, where industrial concentrations are concentrated 
within the study area. Controlling transportation-related 
emissions, increasing green spaces, and strengthening 
continuous monitoring systems at industrial facilities will 
contribute to air quality management. In conclusion, this 
study demonstrates that the combined use of hybrid 
modelling and machine learning offers a powerful 
approach when revealing the spatial and temporal 
dimensions of air pollution in the Sakarya Basin. The model 
and hazard analysis results yielded reliable data consistent 
with both national and international literature. However, 
another dimension of the results suggests that specific 
measures must be taken at the regional scale in the Sakarya 
Basin. 

 The Framework of Limitations in the Research 

The study presents a spatial hazard model for air pollution 
using a hybrid model for the annual distribution analysis of 
air pollutants and the Machine Learning Random Forests 
method based on 10 different variables at the basin level, 
which has certain limitations. The fundamental limitation is 
that the stations providing the most reliable measurement 
results in the hybrid modelling of the annual distribution of 
air pollutants are distributed in specific areas within the 
basin. In this regard, Sentinel 5 Tropomi satellite imagery 
was used in the study, and basin-based modelling was 
implemented. The IDW interpolation method was 
preferred in this model. Kriging and natural neighbourhood 
methods can also be used in subsequent studies based on 
this model. However, since each interpolation method uses 
different algorithms in terms of distribution, the result 
maps and, consequently, the distribution of air pollutants 
will vary.  

In this study, analyses were conducted on PM10 and SO2 
pollutants, which had the least data gaps at local 
monitoring stations during the last annual period. In this 
regard, the data gaps for other air pollutants such as 
PM2.5, CO2, O3, and NO2 constitute another limitation of 
the study. Another limitation in this part of the study is that 
the analyses were not conducted seasonally. This approach 
was chosen because modelling based on average and 
maximum values for PM10 and SO2 would have required a 
large amount of data, and analysing four different seasons 
would have made it difficult to detail this data. However, as 
winter air pollutants particularly contain maximum values, 
winter data was included in the study to a certain extent. 
The study did not include the effect of desert dust coming 
to Turkiye from the southeast during certain periods. This 
data, which is effective during the summer months and 
increases PM10 levels, is not available for each year within 
the 10-year period from the relevant public institutions. 
Therefore, it could not be used in the study.  

A Random Forest method was used to model 10 different 
variables in the basin-based air quality-air pollution hazard 
sensitivity analysis. A significant limitation of the model is 
the lack of airborne access to building data. However, the 
sheer size of the building data for Ankara alone 
demonstrates the difficulty and limitations of the model 
during processing. For this reason, land use data capable of 
showing population density, urbanisation, and building 
data at certain scales was preferred in the spatial hazard 
model. At the same time, the mining and industrial areas 
within the land use data also made important contributions 
to the model. 
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