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Abstract: The specific geographic location of Sarajevo, which is located in a valley surrounded by
mountains, provides the opportunity to analyze the relation between the concentration of PM10 and
meteorological parameters with and without temperature inversion. The main aim of this paper was
to develop forecasting models of the hourly average of PM10 values in the Sarajevo urban area based
on meteorological parameters measured in Sarajevo and on the Bjelasnica mountain with and without
temperature inversion by using principal component regression (PCR). Also, this research explored
and analyzed the differences in the values of the meteorological parameters and PM10 in Sarajevo
with and without temperature inversion, and the difference in temperatures between Sarajevo and
Bjelasnica with temperature inversion using statistical hypothesis testing with a total of 240 hypothesis
tests performed. The measurements of meteorological parameters were taken from 2020 to 2022 for
both Sarajevo (630 m) and the Bjelasnica mountain (2067 m), which allowed for the identification of
time periods with and without temperature inversion, while measurements of PM10 were taken only
in Sarajevo. Data were collected during the heating season (November, December, January, February
and March). Since analyses have shown that only January and November had time periods with and
without temperature inversion during each hour of the day, a total of seven cases were identified:
two cases with and five cases without temperature inversion. For each case, three PCR models
were developed using all principal components, backward elimination and eigenvalue principal
component elimination criteria (λ < 1). A total of 21 models were developed. The performance of
the models were evaluated based on the coefficient of determination R2 and the standard error SE.
The backward elimination models were shown to have high performances with the highest value of
R2 = 97.19 and the lowest value of SE = 1.32. The study showed that some principal components
with eigenvalues λ < 1 were significantly related to the independent variable PM10 and thus were
retained in the PCR models. In the study, it was shown that backward elimination PCR was an
adequate tool to develop PM10 forecasting models with high performances and that it could be useful
for authorities for early warnings or other action to protect citizens from very harmful pollution.
Hypothesis tests showed different relations of meteorological parameters and PM10 with and without
temperature inversion.

Keywords: principal component regression; environmental and spatiotemporal statistics; tempera-
ture inversion; air quality and pollution; PM10; meteorological parameters

1. Introduction

Temperature inversion, as a natural phenomenon, occurs when temperatures at higher
altitudes are higher than temperatures at lower altitudes, causing pollutants to be stuck and
leading to higher pollutant concentrations in the air. The problem of air pollution is one of
the major problems in the city of Sarajevo, where the citizens often face excessive levels
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of air pollutants [1,2]. The problem of air pollution is particularly present in the winter
period and the heating season in the months of November, December, January, February
and March. In addition to the increased emission of pollutants in the winter and heating
season, the air quality is also affected by the reduced air flow in winter, the occurrence of
temperature inversion, turbulent diffusion and the presence of heat islands. Sarajevo has
a specific geographical location because it is surrounded by mountains, which makes air
ventilation difficult. Due to its position in the heart of the Dinaric Alps and its remoteness
from the Mediterranean belt, Sarajevo is subject to a continental and alpine climate, which
is mainly characterized by long and cold winters; hot summers with fleeting in-between
periods of spring and autumn; strong temperature inversions; frequent presence of dense
fog, especially during winter months; very low wind speeds and weak winds potential
caused by Sarajevo’s valley-like topography.

The relation between temperature inversion during the winter and visits to the emer-
gency department due to asthma was investigated in [3]. Single and multiple linear
regression was used to assess the effects of temperature inversion on the PM10 concentra-
tion in the air. It was concluded that elevated temperature inversions mostly determined
an unfavorable PM10 concentration in the lower troposphere [4]. Hua [5] investigated the
relationship between temperature inversion and the concentration of polluting air particles,
such as SO2, CO, NO2, PM2.5 and PM10, and found that the temperature inversion level is
positively correlated with the concentration of most polluting particles in Beijing. In [6],
a rapid increase in PM10 and PM2.5 was highlighted during temperature inversions in
the winter season in Tehran, causing health problems due to air pollution. In Hanoi City,
Vietnam, Trinh et al. [7] investigated the impact of temperature inversions on acute respira-
tory and cardiovascular diseases commonly associated with air pollution. The relationship
between temperature inversion and the concentration of polluting air particles (SO2, NO2,
PM2.5 and PM10) was positively correlated.

The WHO identified particulate matter (PM), ozone (O3), nitrogen dioxide (NO2) and
sulfur dioxide (SO2) as the main components of the air that are harmful to human health.
Measurements of the concentrations of solid particles and ozone show concentrations that
represent a health hazard in many cities, including cities in developed countries [8]. Partic-
ulate matter (PM) is a complex mixture of particles of mainly an inhomogeneous chemical
composition of different sizes, shapes, chemical, physical and thermodynamic properties,
usually solid carbon material, unburned hydrocarbons and inorganic compounds. Particu-
late matter contains the fraction of grains below 10 µm (PM10). Fine particulate matter is
defined as particles that are 2.5 microns or less in diameter (PM2.5) [9]. The air quality in
Poland exceeded the norms for particulate matter, especially in the winter season, which
mainly influences the comfort of living of the population of inner-city areas of big cities
and agglomerations. In 2013, PM10 amounted to 12.6%, and PM2.5 to 10.9% of the total
emissions [10].

In most research studies, the levels of nitrogen dioxide are correlated with the levels of
particulate matter and ozone in the air, and the harmful pollutants are examined together
in the case of three pollutants. Traffic, and the residential heating industry and systems are
the most significant sources of particulate matter [11–13]. Many earlier works have pointed
out the harmfulness of air pollutants for human health, which was especially manifest in
urban areas [11,14,15].

Neural network models were developed in [16,17] to predict the concentrations of
air pollutants of SO2, PM10, NO2, O3 and CO based on meteorological parameters, air
humidity, pressure and temperature, wind speed and direction. It was concluded that the
optimal models had very good performances and could be used to predict the concentration
of air pollutants in Sarajevo with high performance. In these research studies, temperature
inversion and its specific interaction with air pollutants was not separately analyzed. In [18],
a hybrid model consisting of feed-forward neural networks, convolution neural network
and long short-term neural networks showed the best performance in prediction of PM in
Ankara. It was concluded that the most important variables in the prediction of PM were
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its own lagged values, other air pollutants, the earth skin temperature and wind speed.
A hybrid model that combines the k-means clustering technique and the long short-term
memory (LSTM) was developed in [19] for the prediction of the daily average concentration
of PM10.

The comparison of air quality in Sarajevo during March 2019 and March 2020 presented
a unique opportunity, as both months shared similar causes of air pollution for one portion
of the month, but differed in terms of the causes of air pollution during the lockdown
period that was imposed due to the outbreak of SARS-CoV-2. It was determined that
there was statistical evidence to conclude that the mean PM10 and O3 values during the
lockdown period in March 2020 are greater than the mean PM10 and O3 values before
the lockdown in March 2020. Also, it was shown that there was insufficient evidence to
conclude that the mean PM10 value in March 2019 is greater than the mean PM10 in March
2020 before the lockdown measures. The conclusions in this paper addressed the issue of
the sources of air pollution since there were no cars on the streets during the lockdown,
and people spent the majority of the time in houses and flats that were heated [20], which
is in contrast to some other areas in the world where pollution declined due to much lower
global economic and transport activities [21].

Depending on the size and characteristics of inhalable particles, the health risks
are varied. Short-term exposure to PM10 and PM2.5 particles can lead to lung diseases,
triggering asthma attacks or acute bronchitis. Long-term exposure to these particles is
connected with problems such as impaired lung function, cardiovascular disease, and the
development of chronic bronchitis [22]. According to EU Directive 2008/50/EC, the mean
annual and daily PM10 limit may not exceed 40 µg/m3 and 50 µg/m3, respectively [23].
The concentration of particulate matter is not only influenced by the source of emission but
also by different diffusion conditions, whereas the diffusion of particulate matter in the air
is influenced by the geographic location and meteorological parameters. Some of the key
meteorological parameters affecting the concentration of particulate matter in the air are
temperature, precipitation, wind, and relative humidity [15,24,25].

According to research, there is a negative correlation between air temperature and the
concentration of particulate matter, the lower the air temperature the higher the concen-
tration of particular matter [26,27]. A positive correlation is observed between relative air
humidity and the concentration of particulate matter, which is visible up to a threshold
value, above which it ceases to exist. Specifically, particulate matter accumulates humidity,
and so humidity and the concentration of particulate matter move up in tandem until they
reach the point of the so-called dry deposition [28,29].

Wind direction and wind velocity affect the direction in which particulate matter
spreads in the air as well as the airborne concentration of particulate matter. From the
perspective of air pollution, poor wind potential, especially when coupled with low wind
speeds in the winter, is conducive to the build-up of pollutants in the thin layer of the
atmosphere, which, depending on the level of emissions, can hit peak concentrations [30].
Precipitation has a different effect on the concentration of air pollution by eliminating gases
and depositing particles through chemical processes [31,32].

In combination with an anticyclone and the absence of wind, low temperatures led to
the build-up and formation of a thick layer of smog. Approximately 4000 people died in
just seven days of December 1952 as a consequence of the Great Smog of London [33,34].
The relationships between meteorological parameters were examined in [35], and it was
found that atmospheric pressure and relative humidity were positively correlated with
PM10, while the correlation between solar radiation and temperature was negative. Data
on PM10 concentrations and their connection with other pollutants (NOx, CO, O3 and
SO2) and meteorological parameters were analyzed in [36], and a positive correlation was
observed between PM10 and NOx, and CO and solar radiation at selected monitoring sites
during the winter period. The concentration of PM10 and O3, wind speed and precipitation
are negatively correlated.
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In [37], the maximum wind velocity for the period from 2001 to 2010 analyzed, which
ranged from 8.3 to 25.9 m/s, while the average wind velocity ranged from 0 to 2.6 m/s.
Figure 2 shows average wind velocities and directions for the Sarajevo measuring station.
As for air pollution, such poor wind potential, particularly in the winter with low wind
speed conditions, is advantageous for the build-up of pollutants in the very thin layer of the
atmosphere, which, depending on the level of the emission, can reach peak concentrations.

The maximum wind velocity was analyzed with reference to the period from the
year 2000 through to 2010, which during November and December ranged from 36 to
52 m/s at the Bjelasnica Meteorological Station. During other months, the maximum
wind velocity oscillated from 24 to 45 m/s, while the mean wind velocity ranged from
5.5 to 19.4 m/s. Figure 1 shows prevailing wind directions to be north (N), south (S), and
southwest (SW)—more specifically, south-southwest (SSW) [38].
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Figure 2. Average wind velocities and directions for the Sarajevo measuring station for the period
2001–2010 [37].

If accompanied by high emissions of harmful elements into the atmosphere, such
climatic conditions are conducive to their concentration, especially in the winter season.
Sarajevo is situated along the erosion-affected Miljacka River at an average altitude of 542 m.
It is towered by mountain massifs: Ozren (1532 m), Romanija (1649 m), Trebevic (1629 m),
Jahorina (1913 m), Treskavica (2088 m), Igman (1502 m), Bjelasnica (2067 m) and Ivan
mountain (1542 m). The Sarajevo Meteorological Station (Bjelave) is placed at an altitude
of 630 m above sea level at 43◦52′21′′ N 18◦25′59′′ E, while the Bjelasnica Meteorological
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Station, also known as the Bjelasnica Observatory, is located at an altitude of 2067 m above
sea level at 43◦42′21′′ N and 18◦15′15′′ E (Figure 3).

A big problem for the city of Sarajevo is the appearance of the phenomenon of temper-
ature inversion. With the presence of temperature inversion, fog appears and interacts with
the pollutants in the air to form smog, which is a big problem during the winter in Sarajevo.
In the winter period spanning November through March, as radiation fog starts to form,
the air temperature in Sarajevo, instead of decreasing, begins to increase with altitude, i.e.,
the altitude-induced change in temperature is positive, and thus the so-called temperature
inversion must be discussed. Depending on weather conditions, temperature inversion
occurs in the lower and upper layers of air. The atmosphere is then extremely stable, which
creates the worst possible situation from the point of view of air pollution as pollutants
become substantially dispersed. The period during the months of November, December,
January, February, and March is the heating season in Sarajevo.

Sustainability 2023, 15, x FOR PEER REVIEW 5 of 23 
 

 

m), Jahorina (1913 m), Treskavica (2088 m), Igman (1502 m), Bjelasnica (2067 m) and Ivan 
mountain (1542 m). The Sarajevo Meteorological Station (Bjelave) is placed at an altitude 
of 630 m above sea level at 43°52′21″ N 18°25′59″ E, while the Bjelasnica Meteorological 
Station, also known as the Bjelasnica Observatory, is located at an altitude of 2067 m above 
sea level at 43°42′21″ N and 18°15′15″ E (Figure 3). 

A big problem for the city of Sarajevo is the appearance of the phenomenon of tem-
perature inversion. With the presence of temperature inversion, fog appears and interacts 
with the pollutants in the air to form smog, which is a big problem during the winter in 
Sarajevo. In the winter period spanning November through March, as radiation fog starts 
to form, the air temperature in Sarajevo, instead of decreasing, begins to increase with 
altitude, i.e., the altitude-induced change in temperature is positive, and thus the so-called 
temperature inversion must be discussed. Depending on weather conditions, temperature 
inversion occurs in the lower and upper layers of air. The atmosphere is then extremely 
stable, which creates the worst possible situation from the point of view of air pollution 
as pollutants become substantially dispersed. The period during the months of Novem-
ber, December, January, February, and March is the heating season in Sarajevo. 

 
Figure 3. Locations of Bjelasnica Meteorological Station (red dot) and Sarajevo Meteorological Station 
(orange dot). Adapted from [39]. 

With the aim of analyzing this problem of the interaction between temperature in-
version and air pollution, values of the 𝑃𝑀ଵ଴ concentration, temperature, humidity, pres-
sure, and wind speed in Sarajevo, as well as data on temperature, pressure, and humidity 
on the mountain Bjelasnica were collected. The data were collected at the Federal Meteor-
ological Institute of BiH and contain consecutive hourly values of the meteorological pa-
rameters and the concentration of 𝑃𝑀ଵ଴ air pollutant. The data were collected in the win-
ter period and the heating season in Sarajevo for the months of November, December, 
January, February, and March in the period from 2020 to 2022. Since the heating season in 
Sarajevo begins mid-October and ends mid-April, the months from April until October 
were not taken into consideration. 

In this research, time periods with and without temperature inversion were identi-
fied, meteorological parameters and the 𝑃𝑀ଵ଴ concentration were analyzed, and principal 
component regression 𝑃𝑀ଵ଴  forecasting models were developed. The temperature, hu-
midity, pressure and wind speed for Sarajevo, and temperature, humidity and pressure 
for Bjelasnica were used as inputs, while the output was the 𝑃𝑀ଵ଴ concentration for Sara-
jevo. Models were created for seven cases: November and January with and without in-
version; and November, December, January, February, and March without inversion. For 

Figure 3. Locations of Bjelasnica Meteorological Station (red dot) and Sarajevo Meteorological Station
(orange dot). Adapted from [39].

With the aim of analyzing this problem of the interaction between temperature inver-
sion and air pollution, values of the PM10 concentration, temperature, humidity, pressure,
and wind speed in Sarajevo, as well as data on temperature, pressure, and humidity on the
mountain Bjelasnica were collected. The data were collected at the Federal Meteorological
Institute of BiH and contain consecutive hourly values of the meteorological parameters
and the concentration of PM10 air pollutant. The data were collected in the winter period
and the heating season in Sarajevo for the months of November, December, January, Febru-
ary, and March in the period from 2020 to 2022. Since the heating season in Sarajevo begins
mid-October and ends mid-April, the months from April until October were not taken
into consideration.

In this research, time periods with and without temperature inversion were identi-
fied, meteorological parameters and the PM10 concentration were analyzed, and principal
component regression PM10 forecasting models were developed. The temperature, humid-
ity, pressure and wind speed for Sarajevo, and temperature, humidity and pressure for
Bjelasnica were used as inputs, while the output was the PM10 concentration for Sarajevo.
Models were created for seven cases: November and January with and without inversion;
and November, December, January, February, and March without inversion. For each case,
three principal component regression models were developed using all principal com-
ponents, backward elimination, and eigenvalue principal component elimination criteria
(λ < 1). Also, 240 statistical hypothesis tests were performed to examine the significance of
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the difference of values of the meteorological parameters and PM10 in Sarajevo with and
without temperature inversion, and the difference of temperatures between Sarajevo and
Bjelasnica with temperature inversion.

2. Materials and Methods
2.1. Study Area and Data Collection

Data for this research were collected from the Federal Hydrometeorological Institute
of BiH. The place where the foundations of the first meteorological station in Bosnia and
Herzegovina were laid 122 years ago today is the place of the Federal Hydrometeorological
Institute of BiH, where all weather phenomena are monitored, as shown in Figure 4. In 1894,
a meteorological observatory was erected at the highest point of the Bjelasnica Mountain,
at an altitude of 2067 m as depicted in Figure 5.

So, for the collection of data two meteorological stations were used: one at low altitude
in the Sarajevo urban area and one at high altitude on the Bjelasnica mountain. The
Sarajevo Meteorological Station is located in the part of the city called Bjelave at an altitude
of 630 m, while the Bjelasnica Meteorological Station is located on the top of the mountain
at an altitude of 2067 m. Data collected at the low and the high altitudes allowed for the
identification of time periods with and without temperature inversion. Data collected at the
Sarajevo Meteorological Station included the concentration of air pollutant PM10

[
µg/m3],

temperature [◦C], relative humidity [%], pressure [hPa], and wind speed [m/s], while data
collected at the Bjelasnica Meteorological Station included temperature [◦C], pressure [hPa]
and relative humidity [%]. Data were collected on hourly basis.
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2.2. Principal Component Regression

The presence of multicollinearity between the regressor (predictor or independent)
variables in multiple linear regression (MLR) variances of the estimated regression coef-
ficients can become large. This means that the estimates of the coefficients become less
precise and can make it difficult to interpret the significance of individual variables in the
model, and can lead to unstable and potentially misleading estimates of the regression
coefficients and the regression equation as a whole. One of the methods to avoid the multi-
collinearity problem in regression analysis is to perform principal component regression
(PCR). The difference between MLR is that PCR uses the principal components as the
predictor variables for regression analysis instead of the original variables. In other words,
the first step is to perform principal component analysis (PCA) on the original independent
variables, and then to use the obtained principal components (PC) as the independent
variables in MLR with the original dependent variable.

Since independent variables in this research were correlated, PCR is performed to
create a prediction regression model of the average of PM10 and to avoid the problem
of multicollinearity.

Each principal component represents the linear combination of the original regressor
variables with respect to maximum variability in the data. After the eigenvectors, also
known as loadings or weights, and eigenvalues are computed, it is possible to calculate the
values of principal components for each sample by multiplying the matrix of independent
variables with the matrix of eigenvectors, as given by Equation (1):

P = XA (1)

where:

X =
[
X1 X2 · · · Xk

]
=


x11 x12 · · · x1k
x21 x22 · · · x2k

...
...

. . .
...

xn1 xn2 · · · xnk



A =
[
A1 A2 · · · Ak

]
=


a11 a12 · · · a1k
a21 a22 · · · a2k
...

...
. . .

...
ak1 ak2 · · · akk



P =
[
P1 P2 · · · Pk

]
=


p11 p12 · · · p1k
p21 p22 · · · p2k

...
...

. . .
...

pn1 pn2 · · · pnk


where:

k = number of independent variables;
n = number of samples (observations);
X = matrix of independent variables;
A = matrix of eigenvectors;
P = matrix of principal components.

As it can be seen from Equation (1) and the P matrix, the number of calculated principal
components is the same as the number of independent variables. Computed principal
components are then used in the developing regression model instead of the original
regressors for the prediction of the average hourly PM10 concentration with and without
temperature inversion, as shown by Equation (2):

ŷ = b0 +
m

∑
j=1

bjPCj (2)
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where:

m = number of principal components;
ŷ = predicted value of average hourly PM10;
bj = principal component regression coefficients;
b0 = intercept;
PCj = principal components.

There are different strategies and suggestions on how many principal components to
retain in the model. The decision on the best number m of how many principal components
to retain is not clear-cut [40]. If all principal components were preserved, then the resulting
model would be the same as that obtained by ordinary least square (OLS). However, as
indicated in [41], the calculation may be numerically more stable than direct calculation.
A simple but arbitrary rule of thumb, which proved to be practical, was to only consider
principal components with eigenvalues of 1 or higher [42]. Typically, a principal component
was considered statistically significant if its eigenvalue was λ ≥ 1 [43]. However, as stated
in [44], all relations should be thoroughly analyzed since it has always possible that a PC
with a small variance could be related to the dependent variable in a regression model,
which could be important in explaining the dependent variable as PCs with large variances,
and should not be discarded without careful consideration. The cautionary note regarding
the selection of principal components was written in [45], stating that it was possible
that the first (k− 1) PCs, which might include all of the variances cumulatively, had no
contribution to the regression fit and that the dependent variable might be better related
and explained by the last PC with the smallest variance, which was typically ignored in
traditional PCR methodology. The method chosen in [46,47] for the selection of PCs was
the forward selection procedure, while in this research, the backward selection procedure
was applied.

Since principal components are used as predictor variables in principal component re-
gression, computed regression coefficients are not related to original independent variables
and thus their interpretation is very complicated, which is considered as a drawback of
principal component regression. PC scores are obtained by multiplying the values of the
original independent variables and eigenvectors of each PC. Thus, individual elements of
eigenvectors signify the weight of the corresponding independent variable xi (i = 1, . . . , k).
In this research, the interpretation of PCs is based on the computation of correlation coeffi-
cients between the original variables, PCs, and the findings in which the original variables
have strong correlation with each principal component.

In this research study, three strategies were used for the development of regression
models: (1) full PCR models with all PCs included, (2) backward elimination regression and
(3) eigenvalue PCs elimination criteria. The evaluation of the performances of the developed
models was done based on the coefficient of determination ( R2) and the standard error ( SE).

The number of developed models was as follows: 3 PCR models for November with
temperature inversion, 3 PCR models for January with temperature inversion as well
as 3 PCR models individually for November, December, January, February, and March
without temperature inversion. It is important to note that data collected showed that
temperature inversion was present during the months of November and January, while
during December, February and March, there were only a few hours detected or none at
all with temperature inversion. That is why the analysis was performed for November
and January for both cases, i.e., with and without temperature inversion, while analysis
for December, February, and March was done for the case without temperature inversion.
In total 21 PCR models were developed, out of which 6 PCR models with temperature
inversion and 15 PCR models without temperature inversion.

In this research study, a total of seven meteorological parameters were taken into
consideration as regressor variables. Values of pressure, temperature, relative humidity, and
wind speed were measured in Sarajevo, while the values of relative humidity, temperature,
and pressure were measured on the Bjelasnica mountain.
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3. Results and Discussion
3.1. Analysis of PM10 and Meteorological Parameters

The average January hourly values of PM10
[
µg/m3], pressure [hPa], temperature

[◦C], and relative humidity [%] in Sarajevo, with temperature inversion (TI) and without
temperature inversion, are presented in Figures 6–9, respectively, while the average hourly
temperatures [◦C] in Sarajevo and on the Bjelasnica mountain with temperature inversion
are depicted in Figure 10. Figures 6–10 include 95% confidence intervals. In January,
only one case of temperature inversion was detected at 14:00 and 15:00 h, so there are no
confidence intervals for these two hours in January, while at 13:00, there were only three
cases of temperature inversion. The average PM10 values in Sarajevo with and without
temperature inversion in January are shown by box and whisker plot in Figure 11. In
Figure 11, five-number summary values are depicted, which are minimum and maximum
values, median value as well as the first quartile and third quartile values.
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Figure 11. Average PM10 in January in Sarajevo with and without TI.

It can be seen that with temperature inversion, average hourly values of pressure
and relative humidity in Sarajevo are higher than when there is no temperature inversion.
The concentration of PM10 is always higher in the presence of temperature inversion
compared to values when there is no temperature inversion. Both average hourly PM10
concentration values show almost the same distribution patterns in a way that the values
start to decline in the late afternoon hours until the following morning hours. The values
start to rise in the morning hours until late afternoon. This distribution pattern can be
explained by the intensity of activities of the people during the day as well as the by the
daily heating pattern. The box and whisker plot shows that the concentration of PM10 goes
up to the maximum value of 267.21 µg/m3, while the minimum value of the concentration
of PM10 with temperature inversion is 108.55 µg/m3. The maximum PM10 value without
temperature inversion is 109.84 µg/m3, while the minimum value is 54.41 µg/m3.

The concentration of PM10
[
µg/m3], pressure [hPa], temperature [◦C], and relative

humidity [%] both with and without temperature inversion in November are depicted
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in Figures 12–15, respectively. It can be seen that during November, the average hourly
temperatures both in Sarajevo and on the Bjelasnica mountain are positive, as depicted in
Figure 16. Figures 12–16 include 95% confidence intervals. As in January, it can be seen
that with the presence of temperature inversion, average hourly values of pressure and
relative humidity in Sarajevo are higher than when there is no temperature inversion. The
concentration of PM10 is higher in the presence of temperature inversion compared to
values when there is no temperature inversion, except at 3 a.m., 4 a.m., 1 p.m. and 2 p.m.,
when it follows almost the same pattern as in January, except that there is a certain decline
of values from 11 a.m. until 2 p.m. The average PM10 values in Sarajevo with and without
temperature inversion in January are shown by box and whisker plot in Figure 17. In
Figure 17, five-number summary values are depicted, which are minimum and maximum
values, median value as well as the first quartile and third quartile values.
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Figure 17. Average PM10 in November in Sarajevo with and without TI.

The box and whisker plot shows that with the temperature inversion in November, the
average concentration of PM10 goes up to the maximum value of 122.44 µg/m3, while the
minimum value is 38.50 µg/m3. The maximum value of the concentration of PM10 without
temperature inversion in November is 66.21 µg/m3, while the minimum value is 36.01 µg/m3.

Table 1 depicts the results of the hypothesis tests for the differences in the means of
the PM10 values, meteorological parameters with and without TI in Sarajevo as well as
mean temperatures in Sarajevo and Bjelasnica in January and November with temperature
inversion. The hypothesis tests were performed with a significance level of α = 0.05. For
this research study, lower-tailed test was performed. The null (H0) and the alternative
hypothesis (H1) for this research were:

H0 : µ1 − µ2 ≥ 0

H1 : µ1 − µ2 < 0
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where:
µ1 represents the average hourly values of humidity in Sarajevo (HS), pressure in

Sarajevo (PS), temperature in Sarajevo (TS) without temperature inversion in January
and November;

µ2 represents the average hourly values of humidity in Sarajevo (HS), pressure in Sara-
jevo (PS), temperature in Sarajevo (TS) with temperature inversion in January and November.

Also, the last columns for the months of January and November of Table 1 depict the
p-values of the hypothesis tests for the differences in the two means between the average
temperatures in Sarajevo and Bjelasnica in January and November with temperature inversion.

All results with a p-value < 0.05 were considered statistically significant, meaning that
there was statistical evidence that the claim stated in the research hypothesis H1 was true.
If the null hypothesis were rejected, the conclusion would be that there was evidence that
µ1 < µ2. If the null hypothesis were not rejected the conclusion would be that there was
insufficient evidence that µ1 < µ2. Regarding the hypothesis tests for the differences in the
two means between the average temperatures in Sarajevo and Bjelasnica in January and
November, if the p-value < 0.05, the null hypothesis would be rejected with the conclusion
that there was statistical evidence that with temperature inversion average temperature in
Sarajevo was statistically lower than the average temperature on Bjelasnica.

From Table 1 it can be seen that during January, except at 13:00, the values of PM10
in Sarajevo were significantly lower without temperature inversion, while this cannot be
said for November, where there was no significant difference in PM10 in Sarajevo with and
without temperature inversion. The pressure in Sarajevo in January and temperature in
Sarajevo in November were significantly lower without temperature inversion for each hour
of the day. The temperature in Sarajevo in January and pressure in Sarajevo in November
were significantly lower without temperature inversion, except for some afternoon hours.
At certain hours of the day, the humidity in Sarajevo without temperature inversion was
significantly lower than with temperature inversion, and sometimes, it was the opposite,
without a visible pattern. In January and November with temperature inversion, during
the morning and evening hours, the temperatures in Sarajevo were significantly lower than
temperatures on Bjelasnica for both January and November. In January only one case of
temperature inversion was detected at 14:00 and 15:00 h, so the hypothesis testing could
not be performed.

Table 1. Hypothesis tests for differences in PM10 and meteorological parameters in Sarajevo with and
without TI, and differences of temperatures in Sarajevo and Bjelasnica with TI in January and November.

January November

PM10 HS PS TS TS/TB PM10 HS PS TS TS/TB

Time p-Value

00:00 0.002 0.033 0.000 0.000 0.000 0.200 0.000 0.002 0.000 0.002
01:00 0.003 0.072 0.000 0.000 0.002 0.248 0.324 0.002 0.000 0.003
02:00 0.003 0.045 0.000 0.000 0.000 0.455 0.547 0.001 0.000 0.002
03:00 0.006 0.005 0.000 0.000 0.000 0.663 0.234 0.000 0.000 0.005
04:00 0.044 0.059 0.000 0.000 0.001 0.629 0.184 0.001 0.000 0.001
05:00 0.018 0.098 0.000 0.000 0.000 0.400 0.042 0.001 0.000 0.001
06:00 0.027 0.249 0.000 0.000 0.000 0.375 0.010 0.002 0.000 0.000
07:00 0.027 0.100 0.000 0.000 0.000 0.314 0.045 0.004 0.000 0.002
08:00 0.043 0.086 0.000 0.001 0.002 0.270 0.131 0.005 0.003 0.006
09:00 0.004 0.006 0.000 0.001 0.019 0.142 0.014 0.026 0.000 0.009
10:00 0.041 0.009 0.002 0.000 0.026 0.135 0.020 0.007 0.002 0.020
11:00 0.041 0.030 0.003 0.001 0.126 0.113 0.019 0.013 0.002 0.069
12:00 0.006 0.090 0.006 0.008 0.151 0.376 0.017 0.043 0.002 0.048
13:00 0.064 0.340 0.015 0.063 0.236 0.992 0.010 0.100 0.003 0.063
14:00 N/A N/A N/A N/A N/A 0.978 0.001 0.072 0.004 0.085
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Table 1. Cont.

January November

PM10 HS PS TS TS/TB PM10 HS PS TS TS/TB

Time p-Value

15:00 N/A N/A N/A N/A N/A 0.993 0.175 0.060 0.000 0.034
16:00 0.002 0.137 0.001 0.013 0.096 0.251 0.135 0.028 0.000 0.035
17:00 0.006 0.020 0.004 0.000 0.022 0.122 0.069 0.014 0.004 0.079
18:00 0.006 0.010 0.004 0.000 0.006 0.028 0.021 0.016 0.001 0.074
19:00 0.001 0.063 0.000 0.000 0.008 0.013 0.049 0.009 0.001 0.069
20:00 0.002 0.085 0.000 0.000 0.004 0.012 0.099 0.006 0.001 0.038
21:00 0.001 0.034 0.000 0.001 0.015 0.036 0.210 0.001 0.001 0.024
22:00 0.002 0.110 0.000 0.000 0.009 0.078 0.332 0.002 0.000 0.012
23:00 0.003 0.053 0.000 0.000 0.003 0.036 0.132 0.006 0.000 0.006

3.2. Principal Component Regression Models

As explained above, 21 PCR models were developed. The evaluation of the perfor-
mances of 21 developed PCR models was done by examining the coefficient of determina-
tion R2 and the standard error (SE) of the residuals.

The coefficients of determination are depicted in Table 2. The evaluation of perfor-
mances of the developed PCR models based on the coefficients of determination R2 shows
that all models using all seven PCs and using backward regression can explain the high
percentage of variability of the independent variable compared to the low values of R2

using the eigenvalue PC elimination criterion ( λ < 1). The highest value of R2 was 97.58%
for January without temperature inversion using the full PCR model. The lowest value
was R2 = 14.20%, which was calculated by the model developed for December without
temperature inversion using the eigenvalue PC elimination criterion ( λ < 1). According to
the evaluation of the performances based on R2, it can be concluded that the models devel-
oped using the eigenvalue PC elimination criterion are less appropriate for the prediction
of the independent variable compared to full PCR models using all seven PCs and PCR
models developed using backward regression.

Table 2. Evaluation of performances of PCR models.

Model Month TI
Full Model Backward Regression Eigenvalue Criterion (λ≥1)

R2 (%) SE R2 (%) SE R2 (%) SE

1 November Yes
85.91 12.71 81.10 13.51 34.65 24.48

PC: 1, 2, 3, 4, 5, 6, 7 PC: 1, 2, 4, 6 PC: 1, 2, 3

2 January Yes
85.46 25.33 83.30 24.91 74.30 30.12

PC: 1, 2, 3, 4, 5, 6, 7 PC: 1, 2, 3, 7 PC: 1, 2, 3

3 November No
90.02 4.27 87.54 4.38 60.59 7.41

PC: 1, 2, 3, 4, 5, 6, 7 PC: 2, 3, 4, 5 PC: 1, 2

4 December No
81.23 5.01 69.63 5.70 14.20 9.14

PC: 1, 2, 3, 4, 5, 6, 7 PC: 1, 2, 3 PC: 1

5 January No
97.58 3.35 97.19 3.24 36.48 14.67

PC: 1, 2, 3, 4, 5, 6, 7 PC: 1, 2, 4 PC: 1

6 February No
91.32 3.33 86.33 3.74 74.79 4.84

PC: 1, 2, 3, 4, 5, 6, 7 PC: 1, 2, 3 PC: 1

7 March No
91.99 1.33 90.08 1.32 75.98 2.01

PC: 1, 2, 3, 4, 5, 6, 7 PC: 1, 3, 4 PC: 1, 2
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Another measure of model performance is the standard error. Standard error as a
measure of the variability of dependent variable values from predicted values represents
an estimate of the standard deviation of the actual dependent values from the predicted
values. In other words, standard error of the estimate is the square root of the sum of the
squared errors divided by corresponding degrees of freedom and thus can be viewed as
the standard deviation of the prediction error. As it can be seen from Table 2, the full PCR
models using all seven PCs and PCR models developed using backward regression have
smaller standard errors compared to the eigenvalue PC elimination criterion ( λ < 1). The
highest standard error was computed by the model developed using the eigenvalue PC
elimination criterion for January with temperature inversion, with a value of 30.12. The
lowest value of standard error was 1.32 computed by the model developed for March
without temperature inversion using backward regression. According to the evaluation of
the performances based on standard error, it can be concluded that the models developed
using the eigenvalue PC elimination criterion are less appropriate for the prediction of
the independent variable because of higher values of standard error compared to the full
PCR models using all seven PCs and PCR models developed using backward regression.
Finally, for all models, all regression assumptions were examined and were satisfied. In this
research study, PCR was used to avoid the problem of severe multicollinearity between the
original independent variables and to retain all variables in the regression model. Both aims
were achieved since the PCs were orthogonal and multicollinearity disappeared completely,
and since each PC was a linear combination of original independent variables, no matter
how many PCs were retained in the model, the regression equation always contained all
independent variables.

From Table 2, it can be seen that the models developed using the eigenvalue PC
elimination criteria when the PCs with λ < 1 were discarded showed poor performance.
The models developed with regression that retained all seven PCs and models developed
using backward elimination PCR showed very high values of R2 and low values of SE.
Since the regression models that retained all PCs and backward elimination regression
models have similar performances, the backward elimination regression models were
recommended for PM10 forecasting because non-significant PCs were eliminated from
these models. The models developed using backward regression showed that some PCs
with small variances, which would be discarded from the PCR models based on the
eigenvalue PC elimination criteria (λ < 1), were significantly related to the dependent
variable in the regression model and contributed to the regression fit, while in some cases,
PCs with higher variances were discarded from the model.

Table 3 shows the chosen forecasting models for each case.

Table 3. PCR models developed using backward elimination regression.

Model Month TI PCR Models

1 November Yes PM10 = −1885− 4.77·PC1 + 2.23·PC2 + 18.96·PC4− 60.87·PC6

2 January Yes PM10 = −20, 487− 3.78·PC1 + 9.18·PC2 + 15.58·PC3− 92.60·PC7

3 November No PM10 =1280− 7.10·PC2 + 10.62·PC3 + 17.17·PC4 + 14.38·PC5

4 December No PM10 = 16, 312 + 0.78·PC1 + 6.94·PC2− 21.42·PC3

5 January No PM10 = −868 + 1.59·PC1 + 24.68·PC2− 23.32·PC4

6 February No PM10 = −5001− 0.78·PC1 + 4.97·PC2 + 5.57·PC3

7 March No PM10 = −4747− 0.28·PC1 + 2.14·PC3 + 4.89·PC4

The standard errors of the regression coefficients are depicted in Table 4.
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Table 4. Standard errors of the regression coefficients.

Standard Error

PC1 PC2 PC3 PC4 PC5 PC6 PC7

With TI
November 0.89 0.96 - 6.35 - 9.76 -

January 0.66 1.54 3.88 - - - 28.9

Without TI

November - 0.76 2.43 4.06 5.16 - -
December 0.25 2.14 4.2 - - - -

January 0.1 1.28 - 2.99 - - -
February 0.07 1.46 2.44 - - - -

March 0.02 - 0.53 1.27 - - -

To interpret the principal components in each final model developed using backward
elimination regression, all coefficients of correlation were computed between each principal
component and the original variables: humidity in Sarajevo ( HS), humidity on Bjelasnica
(HB), pressure in Sarajevo ( PS), pressure on Bjelasnica ( PB), temperature in Sarajevo
( TS), temperature on Bjelasnica ( TB), and wind speed in Sarajevo (WS). All computed
correlation coefficients between each principal component and the original variables for
all seven models are depicted in Table 5. The interpretation of the principal components
is based on detecting strong correlations between the original variables and principal
components. In this research study, correlations ≥ 0.5 are considered as strong.

From Table 5, it can be seen that for Model 1, PC1 has a strong positive correlation with
humidity in Sarajevo ( HS) and humidity on Bjelasnica (HB), which means that PC1 increases
with increasing humidity in Sarajevo and humidity on Bjelasnica. PC2 has a strong negative
correlation with humidity on Bjelasnica (HB) and strong positive correlations with pressure in
Sarajevo ( PS), temperature in Sarajevo ( TS) and temperature on Bjelasnica ( TB). This means
that PC2 increases with decreasing humidity on Bjelasnica and increasing pressure in Sarajevo,
temperature in Sarajevo and temperature on Bjelasnica. For PC4, strong positive correlations
are detected with pressure in Sarajevo ( PS) and pressure on Bjelasnica ( PB), which means
that PC4 increases with increasing pressure in Sarajevo and pressure on Bjelasnica. Finally, for
Model 1, it can be seen that PC6 is not strongly correlated with any of the original independent
variables. Based on the values of coefficients of correlation depicted in Table 5 and on the
findings, in which the original variables are strongly correlated with each component, a similar
analysis can be done for all other models.

Table 5. Correlation coefficients between original variables and principal components for each model.

PC HS HB PS PB TS TB WS

Model 1

1 0.91 0.54 0.18 −0.29 −0.47 −0.31 0.46
2 0.35 −0.83 0.69 −0.08 −0.66 −0.63 0.22
4 0.01 −0.01 −0.50 −0.75 0.03 −0.12 −0.11
6 −0.01 0 −0.04 −0.30 −0.08 0.17 0.30

Model 2

1 0.67 0.98 0.46 −0.62 −0.91 −0.88 0.03
2 0.74 −0.18 −0.16 −0.11 −0.24 0.02 0.35
3 0 −0.03 0.86 0.69 −0.16 −0.39 −0.27
7 0.01 0.01 0.07 −0.14 −0.06 0.06 −0.08

Model 3

2 −0.05 0.48 −0.26 −0.28 0.07 −0.17 −0.17
3 0.01 −0.01 −0.91 −0.24 0.01 0.08 0.21
4 0 0 −0.02 0.20 0.08 0.29 0.48
5 −0.01 0 −0.18 0.26 −0.01 −0.13 −0.19

Model 4
1 −1 −0.30 −0.28 0.41 0.99 0.84 0.05
2 0 −0.93 0.78 0.47 0.01 0.13 0.03
3 0 0.20 0.49 0.61 0.15 0.38 0.10
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Table 5. Cont.

PC HS HB PS PB TS TB WS

Model 5
1 −1 −0.94 0.48 0.95 0.98 0.96 0.25
2 0.02 −0.25 −0.62 −0.02 0.17 0.25 −0.04
4 0.01 −0.08 −0.10 −0.17 −0.10 −0.11 0

Model 6
1 1 0.65 0.47 −0.57 −1 −0.95 0.09
2 −0.01 −0.12 0.84 0.75 0 0.17 0.14
3 0.01 −0.72 −0.21 0.23 −0.03 0.21 0.16

Model 7
1 1 0.97 0.68 −0.67 −1 −0.84 0.13
3 0.01 −0.01 0.67 0.61 −0.03 −0.27 −0.19
4 −0.02 −0.01 0.01 0.33 0.05 0.29 0.31

Figures 18 and 19 depict the observed and forecasted values of the hourly aver-
age for PM10 in November and January, respectively, with temperature inversion (TI).
Figures 18 and 19 include 95% confidence intervals. The forecasted values were calculated
using the regression equation for Model 1 for November and the regression equation for
Model 2 for January from Table 3. From Figures 18 and 19, it can be seen that both Model 1
and Model 2 forecast hourly average PM10 with high performances.
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The regression equations of Models 2, 3, 4, 5, 6 and 7 from Table 3 are used to calculate
forecasted hourly average for PM10 for November, December, January, February and March,
respectively. From Figures 20–24, it can be seen that all models forecast hourly average for
PM10 with high performances.

4. Conclusions

In this study, forecasting models of hourly average PM10 values in the Sarajevo
urban area based on meteorological parameters measured in Sarajevo and on the Bjelasnica
mountain with and without temperature inversion by using principal component regression
(PCR) were developed. Also, 240 hypothesis tests were performed to analyze differences
in the values of the meteorological parameters and PM10 in Sarajevo with and without
temperature inversion, and the difference of temperatures between Sarajevo and Bjelasnica
with temperature inversion.

Hourly values of meteorological parameters (temperature, humidity, pressure, and
wind speed) and PM10 were measured for Sarajevo at the meteorological station in Bjelave
located at 630 m altitude. Also, hourly values for temperature, humidity, and pressure were
measured at the meteorological station on Bjelasnica mountain located at 2067 m altitude.
These data were collected for months during the heating season—from November to March
during the period of 2020–2022.

Data for each month were sorted by hours with and without temperature inversion.
The criterion to detect a month with temperature inversion was the existence of temperature
inversion at each hour of the day for that month during the period of those three years.
November and January were the only months that met this criterion.

For forecasting PM10 values, seven different cases were analyzed: November, De-
cember, January, February, and March without temperature inversion, and November and
January with temperature inversion. For each case, three PCR models were created using all
principal components, backward elimination and eigenvalue principal component elimina-
tion criteria (λ < 1). A total of 21 models were created. The evaluation of the performances
of developed the PCR models was done using the coefficient of determination R2 and the
standard error SE.

The models developed using the eigenvalue PC elimination criteria, in which PCs
with λ < 1 were discarded, showed poor performances with R2 values between 14.20% and
75.98%, and SE values between 2.01 and 30.12. The models developed with regression that
retained all seven PCs and models developed using backward elimination PCR showed
very high performances with high values of R2 and low values of SE. The regression
models that retained all PCs had values of R2 between 81.23% and 97.58% and SE between
1.33 and 25.33. Backward elimination models had values of R2 between 69.63% and 97.19%,
and SE between 1.32 and 24.91.

Since regression models that retained all PCs and backward elimination regression
models have similar performances, backward elimination regression models were recom-
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mended for PM10 forecasting because non-significant PCs were eliminated from these
models. The models developed using backward regression showed that some PCs with
small variances, which would have been discarded from the PCR models based on the
eigenvalue PC elimination criteria (λ < 1), were significantly related to the dependent
variable in the regression model and contributed to the regression fit, while in some cases,
PCs with higher variances were discarded from the model.

The average concentration of PM10 with temperature inversion in January was be-
tween the minimum value of 108.55 µg/m3 and the maximum value of 267.21 µg/m3,
while without the temperature inversion, those values were between 54.41 µg/m3 and
109.84 µg/m3. The average concentration of PM10 with the temperature inversion in
November was between the minimum value of 38.50 µg/m3 and the maximum value of
122.44 µg/m3, while those values without the temperature inversion in November were
between 36.01 µg/m3 and 66.21 µg/m3.

The hypothesis tests showed that in January, except at 13:00, the values of PM10 in
Sarajevo were significantly lower without temperature inversion, while this is not the case
for November, during which there was no significant difference in PM10 in Sarajevo with
and without temperature inversion. The pressure in Sarajevo in January was significantly
lower without temperature inversion for each hour of the day, while in November it was
significantly lower as well, except for the time period from 15:00 until 17:00. The tempera-
ture in Sarajevo in November was significantly lower without temperature inversion, while
in January it was significantly lower as well, except at 13:00. The humidity in Sarajevo
without temperature inversion at certain hours of the day was significantly lower than
with temperature inversion, and sometimes it was opposite, without a clear pattern. In
the morning and evening hours, temperatures in Sarajevo were significantly lower than
temperatures on Bjelasnica for both January and November with temperature inversion.

Developed models can be used for PM10 forecasting by relevant authorities in Sarajevo
to issue early warnings based on weather forecast as well as to undertake preventive actions
to lower the PM10 concentration in the air and protect citizens from the harmful effects
of air pollution. Although the concentration of PM10 showed high values throughout the
heating season, special focus should be placed on periods with temperature inversion,
especially in January where there is a significant difference between the mean values of
PM10 with and without temperature inversion.

For future research, we recommend increasing the number of meteorological stations
in Sarajevo and Bjelasnica and also on the other mountains around Sarajevo to analyze the
different effects of meteorological parameters on air pollution. Also, other pollutants could
be measured and included.
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