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Abstract The lockdowns and curfews during the 
COVID-19 pandemic have halted economic and 
transportation activities across the world. This study 
aims to investigate air pollution levels in the Marmara 
region, particularly in Istanbul, before and during the 
COVID-19 pandemic. The study used real data pro-
vided by the General Directorate of Meteorology and 
applied three machine learning algorithms (ANN, 
RBFreg, and SMOreg) to analyze air pollution data. 
In addition, a one-sample t-test was performed to 
compare air pollution levels before and during the 
COVID-19 pandemic in the Marmara region and 
Istanbul. The results of the study showed a significant 
reduction in the particulate matter (PM) value, which 
indicates the degree of air pollution, in both the 
Marmara region and Istanbul during the COVID-19 
pandemic. The one-sample t-test results showed that 

the reduction in air pollution levels was statistically 
significant in both areas (t = 11.45, p < .001 for the 
Marmara region, and t = 3.188, p < .001 for Istanbul). 
These findings have important practical implications 
for decision-makers planning for a more sustainable 
environment. Overall, the study provides valuable 
insights into the impact of the COVID-19 pandemic 
on air pollution levels in the Marmara region, particu-
larly in Istanbul. The application of machine learning 
algorithms and statistical analysis provides a rigor-
ous approach to the investigation of this important 
issue by comparing before and during the COVID-19 
outbreak.

Keywords Air pollution · COVID-19 · Türkiye · 
Regression

Introduction

These days, air pollution is one of the largest threats 
to environmental and public health. The levels of 
CO2 carbon dioxide, NO (nitric oxide), NO2 nitrogen 
dioxide, SO2 sulfur dioxide, PM (particulate matter), 
and SO3 (ozone) are increasing worldwide, which can 
be categorized as toxic gases in the air (Adam et al., 
2021). Those gases increase the risk of heart attacks, 
hypertension, potentially fatal respiratory tract infec-
tions, and many other diseases. Traffic, social mobil-
ity, and industrial and agricultural activities are the 
major factors affecting air quality (Jephcote et  al., 
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2021). It is important to know that several measures 
must be taken to reduce air pollution and increase air 
quality. The lockdown periods might reduce the main 
sources of pollutants.

A novel virus type was first reported in Decem-
ber 2019, in Wuhan, China. The coronavirus, called 
COVID-19, has rapidly spread around China as well 
as other parts of the world. The World Health Organi-
zation (WHO) declared COVID-19 a pandemic on 
April 11, 2020. On the same day, the first coronavi-
rus case was also confirmed in Türkiye. A nation-
wide lockdown was imposed in Türkiye on March 16, 
2020, while facing the first death and 47th case on 
March 16, 2020. The quarantine and lockdown peri-
ods in response to the COVID-19 pandemic remained 
in April, May, and June of 2020. In this study, we 
would like to observe whether the lockdown period 
statistically reduces air pollution significantly or not 
(Kiliçarslan et al., 2023; Adem & Kılıçarslan, 2021).

Air pollution data is recorded at fully automated 
monitoring stations belonging to the Ministry of 
Environment and Urbanization, established in all 
81 provinces in Türkiye. Since 2012, the air quality 
data have been continuously published in real-time 
through the National Air Quality Monitoring Network 
(NAQMN) in a new format (Ministry, 2022). The air 
monitoring network has 195 stable and 4 mobile air 
quality monitoring stations in Türkiye.

In this research, the amount of air pollution before 
and during the COVID-19 lockdown was investi-
gated. As far as we know, this research study is the 
first to measure air pollution before and during the 
COVID-19 outbreak. To measure air pollution, we 
used three machine learning algorithms, namely, 
ANN, RBFreg, and SMOreg, to classify the collected 
data. Besides, a t-test was used to find out air pollu-
tion levels before and during the COVID-19 pan-
demic. The experiments were carried out on real data 
that was provided by the General Directorate of Mete-
orology in Türkiye. Since the city of Istanbul and the 
Marmara region are the most crowded and industri-
alized regions, the study was focused on Istanbul as 
well as the Marmara region. The experimental test 
results showed that the level of air pollution decreased 
sharply during the COVID-19 lockdown.

The study helps to extract data-driven insights into 
the impact of a pandemic on air pollution levels. It is 
mainly focused on the Marmara region and the city 
of Istanbul by the comparison of before and during 

the COVID-19 outbreak. The findings of the research 
using ANN, RBFreg, and SMOreg algorithms show 
a significant reduction in air pollution levels during 
the pandemic. The outcome of the data-driven analy-
sis has important practical implications for decision-
makers in planning for a more sustainable environ-
ment, especially in the Marmara region and Istanbul.

The rest of the paper is organized as follows: In 
Sect. 2, the bibliometric review is explained. In this 
section, the studies that were somehow related to 
COVID-19 were examined. In Sect.  3, a proposed 
method to analyze the data is presented. In this 
context, three machine learning classifiers, includ-
ing ANN, RBFreg, and SMOreg, and a description 
of the data are given in detail. In Sect.  4, experi-
mental results of machine learning algorithms are 
listed, and t-test results are compared for air pollu-
tion before and during the COVID-19 outbreak. In 
Sects. 5 and 6, the discussion, key findings, and lim-
itations of the study are listed. Finally, the conclu-
sion is given in Sect. 7.

Bibliometric Review

Scientific studies on the links between COVID-19 and 
air pollution have begun to appear since 2020. There 
are 338 articles that include the keywords “air pollu-
tion” and “COVID-19” within the title. A bibliometric 
mapping analysis using VOSviewer was conducted, 
including the studies indexed in the Web of Sci-
ence (WOS) database. The results revealed that the 
most commonly used keywords in these studies are 
“COVID-19” (f = 182), “air pollution” (f = 148), and 
“particulate matter” (f = 36). Figure  1 illustrates the 
most commonly used author keywords in these studies.

The results indicated that Zhu et  al. (2020) (461 
WOS citations), Wang et  al. (2020) (328 citations), 
Le et al. (2020) (283 citations), Fattorini and Regoli 
(2020) (277 citations), and Venter et al. (2020) (255 
citations) were the most cited authors. Further-
more, “Science of the Total Environment” (24 docu-
ments, 1536 citations), “Environmental Pollution” 
(21 documents, 1097 citations), and “Environmental 
Research” (24 documents, 388 citations) were the 
most cited journals. Figure 2 indicates that there are 
40 co-cited authors with a minimum of 30 citations. 
Wu et  al. (2020) (110 citations), the World Health 
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Organization (85 citations), and Zhu et al. (2020) (84 
citations) were the most co-cited sources.

The bibliometric mapping analysis results 
indicated that several studies focused on air pol-
lution during the pandemic. However, a limited 

number of studies focused on the comparison 
of air pollution before and during the COVID-
19 outbreak. Therefore, the current study aimed 
to investigate air pollution before and during the 
pandemic.

Fig. 1  The most used 
keywords

Fig. 2  The most co-cited authors
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Applying three machine learning algorithms and 
a one-sample t-test to real data provided by the Gen-
eral Directorate of Meteorology, the study employs a 
novel methodology to investigate air pollution levels 
in the Marmara region and Istanbul before and during 
the COVID-19 pandemic. This makes it distinct from 
previous studies. This strategy offers an in-depth, 
data-driven investigation of the pandemic’s effects 
on air pollution levels. The study contributes to our 
knowledge of the impact of the COVID-19 pan-
demic on air pollution levels in the Marmara region 
and the city of Istanbul. The findings show a signifi-
cant reduction in air pollution levels during the pan-
demic, which has important practical implications for 
decision-makers in planning for a more sustainable 
environment. The study provides important practi-
cal implications for decision-makers in the Marmara 
region and Istanbul in terms of planning for a more 
sustainable environment. The findings suggest that 
the reduction in air pollution levels during the pan-
demic could be maintained through sustainable poli-
cies and practices in the future. The study highlights 
the significance of air pollution for public health in 
the Marmara region and Istanbul. The findings sug-
gest that reducing air pollution levels could have posi-
tive effects on public health, particularly during pan-
demics such as COVID-19.

Methods and Material

Machine Learning Methods

Developing machine learning models involves several 
steps, and performance indices are typically used to 
evaluate the effectiveness of each step. Data preproc-
essing is the first step that involves preparing the data 
for use in the machine learning model (Al-Sharafi 
et  al., 2022). Feature selection, as a second step, 
involves selecting the most relevant features from the 
dataset to use in the machine learning model. In the 
study, six features, including carbon dioxide, nitric 
oxide, nitrogen dioxide, sulfur dioxide, particulate 
matter (PM), and ozone concentration levels, were 
used. Model selection involves selecting the appropri-
ate machine learning algorithm to use for the given 
problem. In the study, we have used three machine 
learning algorithms; Artificial Neural Network 
(ANN), Radial Basis Functions Regression (RBFreg), 

and Sequential Minimal Optimization Regression 
(SMOreg). Performance indices for this step include 
accuracy, recall, F1 score, precision, and area under 
the ROC curve.

Artificial Neural Network

The idea of an artificial neural network (ANN) is a 
machine learning algorithm based on the develop-
ment of mathematical models that reference the 
functionality of the human brain, and can be imi-
tated using silicon and wires as living neurons and 
dendrites (Schalkoff, 1997). The ANN has the ability 
to make quick decisions on samples. In other words, 
ANN has been developed to produce accurate and 
fast solutions to complex problems (Kaastra & Boyd, 
1996; Zhang et al., 1998). The ANN model consists 
of three layers; input, hidden, and output (Yöntem 
et  al., 2019). In the ANN architecture, the best net 
value is obtained with the help of the activation func-
tions used in the hidden layer. After obtaining the 
best net value, the output layer is presented with the 
output values produced by the network. In the ANN 
method, the optimum number of neurons in the hid-
den layer was found by the trial-and-error method. 
Neuron numbers in the hidden layer were 10. The 
hyperbolic tangent sigmoid transfer function (tansig) 
and linear transfer function (purelin) were used for 
the activation of the hidden and output layers of the 
network, respectively.

Radial Basis Functions Regression (RBFreg)

Radial Basis Functions Regression (RBFreg) was 
developed by Witten et al. (2016) to provide solutions 
to estimation problems. The RBFreg model appears to 
be a curve-fitting approach suitable for multi-dimen-
sional datasets during the training phase. Thus, it pro-
vides the most ideal curve for the prediction result, 
close to the true value of the datasets. The RBFreg 
model consists of input, hidden, and output layers. 
RBFreg can learn to estimate nonlinear problems 
and the underlying trend using many Gaussian curves 
(Pereira & Aires, 2018). The training of the RBFreg 
algorithm works by finding the cell centers and opti-
mizing the weights in the output layer. We have imple-
mented the RBFreg method with standard parameters, 
which were as follows: batch size = 100, numDeci-
malPlaces = 2, numFunctions = 2, numTree = 2, 
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numThreads = 1, poolSize = 1, ridge = 0.01, seed = 1, 
and tolerance 1.0E-6 with one hidden layer.

Sequential Minimal Optimization Regression

The Sequential Minimal Optimization Regres-
sion (SMOreg) algorithm proposed by Smola and 
Schölkopf (2004) is a machine learning algorithm 
based on statistical learning theory. SMOreg is an 
improved support vector machine (SVM). SMOreg 
was developed to predict complex regression problems 
(Shevade et  al.,  2000; Smola and Schölkopf, 2004). 
In the SMOreg algorithm, there is an error term (ε), a 
regulation factor (C), and kernel parameters that can 
directly affect the performance. The error term controls 
noise on the performance of the model and the regula-
tion factor is used to minimize error in the model. Also, 
the kernel parameter affects the performance of the 
model in the regression process (Shevade et al., 2000; 
Smola and Schölkopf, 2004). While this method was 
used with the Weka software in the study, the neces-
sary parameters were determined as complexity param-
eter = 0.1001, regressor optimizer = RegSMOImproved 
by the trial and error method.

Material

On the collected dataset, we performed ANN, 
RBFreg, and SMOreg algorithms to identify air pollu-
tion before and during the COVID-19 pandemic. We 
measured air pollution based on six different gas con-
centration levels. Missing data points were removed 
from the dataset. In order to classify the data points 
correctly, the RMSE, MAE, MAPE, and R2 errors 
were measured for performing the ANN, RBFreg, 
and SMOreg algorithms. Furthermore, a t-test was 
performed to compare the air pollution before and 
during the COVID-19 periods for a given dataset. The 
details of the material given are as follows:

Study Area

The study focuses on the Marmara region, which 
is the most developed geographical region among 
the seven main geographical regions of Türkiye. 
Although it has the second-smallest area, it has the 
largest population in the country. The Marmara region 
comprises 10 provinces (or il) including Balikesir, 
Bilecik, Bursa, Edirne, Istanbul, Kirklareli, Kocaeli, 
Sakarya Tekirdag, and Yalova. Hence, air pollutants 
are also recorded at stations in the Marmara Region. 
The parameters monitored in each province are given 
in Table  1. National Air Quality Monitoring Net-
work Data Set on the portal for meteorological data 
(https:// sim. csb. gov. tr/ STN/ STN_ Report/ Stati onDat 
aDown loadN ew visit date: 24.04.2023).

Parameters

A number of different criteria for pollutants are used 
on the air quality index (AQI). However, there are six 
available and common gaseous air pollutants illus-
trated in Table 1: Carbon monoxide (CO), ozone O3 , 
sulfur dioxide SO2 , nitrogen dioxide NO2 , and partic-
ulate matter, which is currently split into PM10 and 
PM2.5 size fractions. PM10 (particulate monitors) is 
particles with a diameter of 10 µm or less; PM2.5 are 
particles with a diameter of 2.5 µm or less.

Data

In order to determine the local air quality, the data 
generated by the air quality stations belonging to 
the Ministry of Environment and Urbanization in 
provinces of the Marmara region were examined 
in Table  1. The data was captured in daily periods 
through the stations between 11 March 2015, and 
22 March 2022 to measure the impact of multiple 
pollutants before, during, and after the COVID-19 

Table 1  Summary of 
monitored air pollutants at 
each location discussed in 
this paper

Pollutant Symbol Pollutant Name Standard Definition

PM10 Particulate Matter Mg/m3 Particles with a diameter of 10 µm or less
PM2.5 Particulate Matter Mg/m3 Particles with a diameter of 2.5 µm or less
SO2 Sulfur Dioxide Mg/m3 Gaseous air pollutant
CO Carbon Monoxide Mg/m3 Gaseous air pollutant
NO2 Nitrogen Dioxide Mg/m3 Gaseous air pollutant
O3 Ozone Mg/m3 Gaseous air pollutant

https://sim.csb.gov.tr/STN/STN_Report/StationDataDownloadNew
https://sim.csb.gov.tr/STN/STN_Report/StationDataDownloadNew
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pandemic period. In this study, three different tech-
niques have been tested to obtain the best model to 
predict the 2015–2021 data set of the studied air pol-
lutants, namely ANN, RBFreg, and SMOreg. The 
best model obtained will be used to estimate 2022 air 
quality levels. The data set is divided into K groups 
by random method or other criteria, such as grouped 
by yearly data. One group is chosen for the testing 
data set and the remaining K-1 groups are used as 
the training data set. The process is repeated K times 
and calculates the average model performance. The K 
value is different depending on the researchers. Some 
research articles applied CV with only the training 
data set, and fixed testing data set with the previous 
year’s data (Moustris et al., 2013; Sayegh et al., 2014; 
S. Yadav et al., 2015).

Results

Machine Learning Results

In the study, the predictive performances of refer-
ence Particulate Matter (PM10) values by using the 
climate parameters measured with machine learning 
techniques, including SMOreg, RBFreg, and ANN 
models, were investigated. In the study, experimen-
tal evaluations of the dataset were carried out using 
the k-fold = 10 cross-validation method. The perfor-
mances of the predictive algorithms were compared 
according to MAE, RMSE, MAPE, and  R2 criteria. 
The results obtained in the experimental evaluation 
are presented in Table 2. The flow chart of the study 
is given in Fig. 3.

Based on stations, the success of estimating 
PM-10 of the three models in terms of the  R2 per-
formance measure varied between 0.50 and 0.958. 
However, using only the R2 evaluation criterion 
among estimation studies is an erroneous approach. 
Therefore, it is ensured that the estimation process 
is made more realistic by using different evaluation 
criteria. For the Balikesir station, the RBFRegres-
sor model represented the relevant data proportion-
ally better than SMOreg, and ANN models by 0.3%, 
and 0.1% respectively. In Table 2, it is seen that the 
best performance is obtained at Balıkesir station with 
MAE 2.6805, RMSE 4.0741, MAPE 11.9786, and R2 
0.9582. In Table 4, it is seen that poor performance 
is obtained at Istanbul station with MAE 12.6994, 

RMSE 16.9937, MAPE 39.6141, and R2 0.5076 with 
the ANN model. When the  R2 performance measure 
of the RBFRegressor model was compared with those 
of the other models, at Bilecik, Bursa, Kırklareli, 
Kocaeli Sakarya, Tekirdag, and Yalova stations, 

Table 2  Performance measures of the PM10 prediction mod-
els for datasets

Cities Methods MAE RMSE MAPE % R2

Balikesir RBFRe-
gressor

2.6805 4.0741 11.9786 0.9582

SMOReg 4.2193 5.9329 21.2874 0.9139
ANN 2.6355 4.1365 11.1369 0.9574

Bilecik RBFRe-
gressor

2.6266 4.0628 28.3049 0.8345

SMOReg 2.7302 4.2538 28.1909 0.8202
ANN 2.9558 4.4574 33.8358 0.7988

Bursa RBFRe-
gressor

4.7805 7.0976 21.2061 0.9439

SMOReg 5.5694 7.9204 26.2775 0.9301
ANN 8.9520 12.2371 45.2808 0.8357

Edirne RBFRe-
gressor

19.5026 24.8331 30.2844 0.7190

SMOReg 19.795 25.626 44.6604 0.7030
ANN 8.4817 10.6792 58.2998 0.6662

Istanbul RBFRe-
gressor

10.4587 14.7064 31.1158 0.6009

SMOReg 10.8154 15.1340 32.8404 0.5686
ANN 12.6994 16.9937 39.6141 0.5076

Kırklareli RBFRe-
gressor

1.1100 1.8198 8.1883 0.9518

SMOReg 1.3778 2.5063 9.8638 0.9288
ANN 1.1297 1.7253 8.6919 0.9573

Kocaeli RBFRe-
gressor

5.5910 7.7896 15.5996 0.8679

SMOReg 5.5108 7.7718 15.4546 0.8686
ANN 5.9742 7.9633 16.8022 0.8665

Sakarya RBFRe-
gressor

8.6276 11.8294 25.8207 0.8561

SMOReg 8.9272 12.8861 26.1590 0.8299
ANN 9.4141 12.8193 28.2537 0.8351

Tekirdağ RBFRe-
gressor

3.5257 4.8476 30.1486 0.8280

SMOReg 3.8892 5.5682 31.5041 0.7757
ANN 3.8054 5.1506 33.6802 0.8084

Yalova RBFRe-
gressor

7.2405 9.5000 18.5724 0.8626

SMOReg 7.5838 9.8780 20.1693 0.8529
ANN 7.7717 10.6544 19.9938 0.8273
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showed the best  R2 value. The RBFRegressor and 
ANN models were compared with those of the other 
models, at Kırklareli station, which showed the best 
MAE, RMSE, and MAPE values. Table  2 shows 
the differences between the experimental evaluation 
performance results. These differences between per-
formance criteria are due to too much missing data 
in the datasets.  R2 represents the rate of variance 
explained by the independent variables of the depend-
ent variable (Fisher, 1922). MAE represents the aver-
age absolute differences between observed and pre-
dicted values (Willmott & Matsuura, 2005). RMSE is 
a quadratic metric that measures the size of the error 
and is often used to find the distance between the pre-
dicted values and the observed values of the estimator 
(Willmott & Matsuura, 2005). MAPE is expressed as 
the mean absolute percent error to measure estima-
tion accuracy in regression and time series models. 
Lewis (1982) states that models with a MAPE value 
of less than 10% are “very good”, models between 
10–20% are “good”, models between 20–50% are 
“acceptable”, and models above 50% are “wrong 
and faulty”. Since the MAPE value in our study is 
between 20–50% for all stations, the results obtained 
are expressed as acceptable. The performances of the 
Istanbul station with the lowest estimation perfor-
mance result and the Kırklareli station with the high-
est performance for all models are visually compared 
in Figs. 4 and 5. In Kırklareli station, the regression 
lines of all models almost coincide with the x = y 
line. In addition, it is observed that the Istanbul sta-
tion deviates more from the regression line x = y of 
all models.

Comparison of Air Pollution Before and During the 
COVID-19 Outbreak

The first case in Türkiye was recorded on 11 
March 2020, and the first death due to COVID-19 
in the country occurred on 15 March 2020 (BBC, 
2021). On 4 May 2020, the “Coronavirus Scientific 
Advisory Board” stated the need for public health 
interventions such as mandatory mask use and 
lockdowns (Arpaci et  al., 2020). With the highest 
infection rate in Europe, Türkiye entered its first 
nationwide lockdown on April 29, 2021 (Arpaci 
et al., 2021; BBC, 2021).

The present study investigated air pollution 
before and during the COVID-19 pandemic. There-
fore, the date between March 11, 2018, and March 
10, 2020 was defined as the pre-COVID-19 pan-
demic period, and the date between March 11, 2020, 
and March 11, 2022 was defined as the COVID-19 
pandemic period. Accordingly, the first data set 
included records between the dates of March 11, 
2018, and March 10, 2020, and the second data set 
included records between the dates of March 11, 
2020, and March 11, 2022.

The population of Türkiye in 2021 was reported as 
84 million 680 thousand 273 people (TUIK, 2021). 
The Marmara region has the highest population density 
in Türkiye and more than 30% of the total population 
lives there. The Marmara region is the most trafficked 
and industrialized region of Türkiye and one-third of the 
country’s industrial activities take place in this region. 
There are 10 cities in the Marmara region, namely 
Balikesir, Bilecik, Bursa, Edirne, Istanbul, Kırklareli, 

Fig. 3  The flow chart of 
study
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Fig. 4  The regression plots 
for values of PM-10 and 
predicted models (RBFre-
gressor, SMOreg, ANN) for 
Istanbul station
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Fig. 5  The regression plots 
for values of PM-10 and 
predicted models (RBFre-
gressor, SMOreg, ANN) for 
Kırklareli station
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Kocaeli, Sakarya, Tekirdag, and Yalova. The popula-
tion of Istanbul, which is the most crowded city in Tür-
kiye, is 15 million 840 thousand 900, and its ratio to the 
country’s population is 18.71%. Therefore, the main 
analysis is focused on the Marmara region and the city 
of Istanbul.

A one sample t-test was performed to compare 
air pollution before and during COVID-19 in the 
Marmara region. Table  3 shows the comparison 
results of air pollution before and during COVID-
19 in the Marmara region. The mean value of PM10 
pollution (M = 52.64, SD = 32.33) before the pan-
demic was significantly lower than the PM10 pollu-
tion (M = 47.07, SD = 28.97) during the pandemic; t 
(df = 15,896) = 11.45, p < 0.001. This indicated that 
air pollution was reduced significantly in the Mar-
mara region due to the lockdowns and curfews dur-
ing the pandemic.

Further, a one sample t-test was performed to 
compare air pollution before and during COVID-19 
in Istanbul. Table  4 shows the comparison results 
of the air pollution before and during COVID-
19 in Istanbul. The mean value of PM10 pollu-
tion (M = 50.49, SD = 28.66) before the pandemic 
was significantly lower than the PM10 pollution 
(M = 45.98, SD = 28.68) during the pandemic; t 
(df = 1643) = 3.188, p < 0.001. This indicated that air 
pollution was reduced significantly in Istanbul due to 
the lockdowns and curfews during the pandemic.

Discussion

Our results indicated that air pollution has decreased 
considerably in Istanbul city as well as the Marmara 
region during the COVID-19 pandemic lockdown. 
The concentrations of six gases that are indicators 

Table 3  Comparison of 
the air pollution before 
and during COVID-19 in 
Marmara region

N Mean SD t df p

PM10 Before 7897 52.64 32.33 11.45 15,896 0.000
During 8001 47.07 28.97

PM2.5 Before 5228 21.05 15.81 14.88 12,450 0.000
During 7224 17.148 13.36

SO2 Before 7570 7.012 9.61 -27.25 15,411 0.000
During 7843 14.53 22.07

NO2 Before 5467 96.29 206.78 -3.90 13,598 0.000
During 8133 113.77 284.23

NOX Before 5423 59.68 49.19 17.22 13,403 0.000
During 7982 46.50 39.16

O3 Before 5554 73.76 88.94 23.18 13,011 0.000
During 7459 47.89 32.01

Table 4  Comparison of 
the air pollution before 
and during COVID-19 in 
Istanbul

N Mean SD t df p

PM10 Before 806 50.492 28.663 3.188 1643 0.001
During 839 45.983 28.685

SO2 Before 434 3.884 2.801 0.233 1163 0.816
During 731 3.845 2.762

NO2 Before 749 243.473 347.533 11.022 1573 0.000
During 826 79.384 237.693

NOX Before 808 35.161 44.874 17.542 1645 0.000
During 839 6.051 16.903

O3 Before 808 104.121 154.679 16.277 1638 0.000
During 832 13.621 41.747
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of air pollution, including PM2.5, PM10,NOX , 
NO2, SO2andO3 were decreased during the COVID-
19 outbreaks. The findings are consistent because 
similar declines have been seen in different parts 
of the world. For instance, the level of PM (par-
ticulate matter) NO2 decreased by 31% and 60%, 
respectively, in 34 countries during the lockdowns 
(Venter et  al., 2020). According to the same study, 
the ground level of PM2.5 and NO2 level declined 
considerably while the concentration of O3 increased 
in 34 countries. At the peak of the COVID-19 pan-
demic outbreak in China, the level of NO2 fractional 
reduction was 93% in Wuhan (Le et al., 2020). There 
was a huge decrease in air pollution in terms of CO2 
emissions, which declined by a quarter following the 
lockdown in China (Dutheil et al., 2020).

The key findings of the study demonstrated that 
the obtained t-test results successfully measured the 
pollution before and during the COVID-19 lockdown. 
For the Marmara region, we found that the PM10 pol-
lution mean value (M = 52.64, SD = 32.33) before the 
pandemic and (M = 47.07, SD = 28.97) during the 
pandemic, which was significantly lower. Similar val-
ues were obtained for Istanbul city. For Istanbul, we 
found that the mean level of PM10 pollution before 
the lockdown was significantly higher than during the 
pandemic (M = 50.49, SD = 28.66) and (M = 45.98, 
SD = 28.68), respectively. Based on the findings, we 
can conclude that air pollution has declined sharply 
in Istanbul as well as the Marmara region because of 
COVID-19 lockdowns in Türkiye (Efe, 2022).

The experimental results of the study demon-
strated that the various error rates measured, includ-
ing RMSE, MAE, MAPE, and R2 (the difference 
between observed and predicted values), were in 
an acceptable range. We found the MAPE error 
value to be between 20–50% for all stations. This 
finding was supported by Lewis (1982) because he 
emphasized that MAPE values between 20–50% are 
acceptable for a given model. Based on the differ-
ent stations, the estimation of PM-10 with ANN, 
RBFreg, and SMOreg models measured between 
0.50 and 0.958 in terms of the R2 which showed that 
most of the observed variables could explain the 
models’ inputs successfully.

This methodology provides a straightforward 
but reliable framework for exploratory analysis and 
intervention detection in air quality studies. In par-
ticular, it aids in the interpretation of the air quality 

improvement linked to the COVID-19 pandemic’s 
impact on mobility and the pressing need to imple-
ment urban mobility plans like electrification of the 
vehicle fleet to reduce NOx concentrations. In addi-
tion, the resulting trained models can provide helpful 
insights for governmental decision-making in health.

Limitations

Although the presented methodology could effec-
tively measure air pollution before and during the 
COVID-19 pandemic lockdown, there were a few 
limitations to our study that need to be addressed. The 
first limitation was missing data in the training and 
the test data. The missing data were removed from 
the datasets before performing the machine learning 
algorithms. This can affect the distribution of the gas 
concentration at given time intervals. The second lim-
itation was that our training and test data were lim-
ited to the Marmara region in Türkiye. Only perform-
ing experiments for one region in Türkiye was not 
enough to conclude the same results for the other six 
regions in Türkiye. Thus, we are planning to extend 
our experiments to test other regions in Türkiye as 
well. If it is possible, we will perform a test case for 
various regions in different parts of the world as well. 
In an ANN classifier, the obtained error values on the 
sample mean training were completed, but sometimes 
the obtained results were not optimal. The SMOreg 
classifier was susceptible to over-fitting depending on 
the kernel parameter used, and the error value could 
not control the noise all the time. For the next study, 
it is aiming to increase the performance of the ANN 
and SMOreg by changing the parameters, and using 
more machine learning algorithms to fit the data more 
efficiently. For training and testing, the k-fold = 10 
cross-validation method has been used. For the next 
study, we would like to use a holdout method (per-
centage split) as well.

Conclusion

In this study, we investigated the amount of air pollu-
tion before and during the COVID-19 lockdown. As 
far as we know, this study is one of the few research 
studies that measure air pollution before and during 
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the COVID-19 outbreak. The tests were performed on 
real data that was provided by the General Directorate 
of Meteorology in Türkiye. Since the city of Istan-
bul and the Marmara region are the most crowded 
and industrialized regions, the study was focused on 
Istanbul city and the Marmara region.

Three machine learning algorithms, including 
ANN, RBFreg, and SMOreg were performed on 
air pollution datasets created before and during the 
COVID-19 pandemic. The air pollution was meas-
ured based on six different gasses’ concentration 
levels in the air, including PM10, PM2.5, SO2 , NO2 , 
NOX and O3 . The performance of the classifiers was 
compared based on the RMSE, MAE, MAPE, and R2 
error criteria. The RBFRegressor algorithm outper-
formed the SMOreg and ANN algorithms for obtain-
ing RMSE, MAE, MAPE, and R2 errors. Most of the 
observed variables could explain the models’ inputs 
successfully. In this regard, on different stations, 
the estimation of PM-10 with ANN, RBFreg, and 
SMOreg models measured between 0.50 and 0.958 in 
terms of the R2.

For the Marmara region, it was found that the 
PM10 pollution mean and standard deviation were 
measured lower during the pandemic when compared 
before the pandemic, with values of (M = 47.07, 
SD = 28.97) versus (M = 52.64, SD = 32.33). Simi-
lar performance results were obtained for Istanbul as 
well. In addition, a t-test was performed to compare 
the air pollution before and during the COVID-19 
periods for given datasets. The results demonstrated 
that the PM value (in some way indicates the degree 
of air pollution) was reduced significantly in Istan-
bul city (t = 3.188, p < 0.001) as well as the Marmara 
region (t = 11.45, p < 0.001) during the pandemic 
lockdown. The concentration of other measured gases 
such as SO2 , NO2 , NOX and O3 decreased signifi-
cantly as well.

Based on the experiment results, we concluded 
that the air pollution declined considerably in the 
Marmara region of Türkiye especially in Istanbul, 
during the COVID-19 pandemic lockdowns. We 
think that the main reasons for this decline were the 
reduced burning of fossil fuels, industrial emissions, 
vehicle transportation, and agricultural activities that 
were performed during the COVID-19 outbreak. For 
future study, we aim to extend our research to six 
more regions, including Ege, Akdeniz, Karadeniz, İç 
Anadolu, Doğu Anadolu, and Güneydoğu Anadolu in 

Türkiye. It is also planned to test more machine learn-
ing algorithms on given datasets.
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