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Abstract. Accurate prediction of air pollutant concentrations remains a critical
challenge for environmental monitoring and public health, demanding robust and
adaptive artificial intelligence approaches. This study investigates the effectiveness
of various types of artificial neural networks (ANNs), including Long Short-Term
Memory networks (LSTM) and networks based on the Levenberg-Marquardt al-
gorithm (LM) and its variant with Bayesian regularization (LMBR), in predicting
air pollution under different data conditions. Since LSTM networks are based on
first derivative loss function algorithms and the LM algorithm is usually superior
to this type of algorithm, a comparison of these networks was conducted. This is
further supported by the limited coverage of this topic in the existing literature.
ANNs were tested on two different datasets: the Air Quality dataset, where the
target variable was the concentration of benzene (C6H6) and the Beijing PM2.5
dataset, where the target was the concentration of PM2.5 particles. The performance
metrics of the ANNs were the root mean square error (RMSE), the mean absolute
error (MAE), and the mean absolute percentage error (MAPE). It is shown that,
in the case of the Air Quality dataset, the values of these parameters RMSE =
0.11 µg/m3, MAE = 0.09 µg/m3, MAPE = 1% for LSTM networks and
RMSE = 0.14 µg/m3, MAE = 0.092 µg/m3, MAPE = 1% for LMBR net-
works, were competitive. For LM networks, these values were significantly higher:
RMSE = 0.57 µg/m3, MAE = 0.2 µg/m3, MAPE = 2%. Contrastingly, in
the case of the Beijing database, the values of all parameters were drastically higher:
RMSE = {45.74 µg/m3, 64.94 µg/m3, 65.68 µg/m3}, MAE = {30.32 µg/m3,
42.83 µg/m3, 54.5 µg/m3} and MAPE = {52%, 72%, 74.25%} for LSTM,
LMBR, and LM networks, respectively. In this case, the benzene concentration val-
ues exhibited a strictly linear correlation with the input variables. For the Beijing
dataset, the relationships between PM2.5 concentration and predictor values were
non-monotonic, leading to a drastic drop in the performance of all networks. Find-
ings reveal that, in this case, LSTM networks were more robust compared to LMBR
and LM networks, as the values of their RMSE, MAE, and MAPE parameters were
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significantly lower. Furthermore, it is shown that the input variable selection tech-
nique (IVS) can be used to detect seasonal trends in the input data.

Keywords: Artificial Intelligence, LSTM Network, Levenberg-Marquardt Algo-
rithm, Input Variable Selection.

1. Introduction

Air pollution is becoming one of the major problems facing modern human society due to
various factors, such as the combustion of fossil fuels in industry, vehicle exhaust emis-
sions associated with transport, and the migration of the population to urban areas [35,
39]. In general, all components of air pollution can be divided into two groups: primary
and secondary. Primary components are created through the direct combustion of fossil
fuels, resulting in the release of gases and particulate matter into the atmosphere. The
most common representatives of this group are particulate matter (PM10, PM2.5), nitro-
gen and sulfur oxides (NOx, SOx), non-methane hydrocarbons (NMHC) and ozone O3

[38]. Secondary components are formed by chemical reactions between primary compo-
nents. A typical example of this group is the conversion of non-methane hydrocarbons
into tropospheric ozone and peroxyacetyl nitrate (PAN) in the presence of the photocat-
alytic action of solar radiation. Numerous studies have examined the harmful effects of
pollutants on human health, with PM being of particular importance [24, 28, 70, 54].

Although PM air pollutants have been addressed in a relatively large number of pa-
pers, benzene has received limited attention. This is unjustified, considering that exposure
to benzene can cause various types of cancer in humans [47]. The adverse effects of this
and other pollutants have led to the development of modern technologies to monitor their
concentrations in the air, with artificial intelligence (AI) methods playing a particularly
important role, because they are not subject to the shortcomings typically associated with
traditional regression methods with regard to input data structure (the problem of mul-
ticollinearity and types of variables, mutual independence of data, etc.) [22]. In general,
AI methods used for air pollution prediction can be divided into five categories: fuzzy
logic [8], hidden Markov models [30], ensemble models [13], artificial neural networks
(ANNs) [5], and deep learning [24]. In the context of this paper, the last two categories
are of greatest interest.

ANN algorithms are widely used in air quality control, and recently, LSTM deep
neural networks have gained particular popularity [74, 29, 49]. The popularity of these
networks is due to their ability to predict short-term and long-term dependencies of the
targeted variable, i.e. pollutant concentration. Various types of these networks have been
applied, and one study found that Bidirectional Long Short-Term Memory (Bi-LSTM)
achieves the best results [71]. In another interesting study, the authors developed a model
to predict PM particle concentrations ten days in advance in Seoul, South Korea, using
two techniques: LSTM and deep autoencoder [64]. In this paper, it was shown that LSTM
networks outperformed DAE, further demonstrating the advantage of LSTM. Recently,
researchers have increasingly used LSTM deep learning algorithms, which have proven
to be very effective in processing big data and time series [65, 53, 1, 27]. The disadvantage
of these algorithms is the need to adjust the parameters in their hyperspace, which is time-
consuming, and for this purpose, particle swarm optimization and genetic algorithms are
used [68].
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Although recurrent artificial neural networks (RNNs) represent a modern type of
ANNs for the prediction of air pollution, the LM algorithm and its Bayesian-regularized
variant LMBR were also considered in this study. The reason is that, for small and medium
datasets, algorithms based on the second derivative of the loss function are generally more
efficient than those based on the first derivative [56]. Accordingly, the competitiveness of
the LM and LMBR algorithms can also be expected, since all RNN variants rely not only
on memory cells, but also on algorithms based on the first derivative of the loss func-
tion. LSTM and other variants of RNNs can learn temporal correlations between input
variables due to their property of memorizing long-term effects. On the other hand, algo-
rithms based on the second derivative work in batch or semi-batch mode, which means
that the history of the time series values of the predictors is taken into account. Another
reason why their competitiveness is worth examining is that there are almost no studies
comparing the properties of LSTM and LM/LMBR networks in air pollution tasks. A rele-
vant study has explored this topic in a different context. Specifically, the authors combined
LSTM networks with the LM algorithm to identify unknown aerodynamic parameters us-
ing real flight data from aircraft [73]. Their results demonstrated the effectiveness of this
approach compared to the parameter values obtained from wind tunnel experiments.

In the mentioned studies, the term air pollution prediction often refers to the predic-
tion of the concentration of specific air pollutants. The forecast horizon usually varies
from one to several days, and the discrepancies between the simulated and actual values
of the concentration of a given pollutant are reported most frequently [36, 41]. The out-
put variable (pollutant concentration) is a function of numerous input parameters, so the
question that arises is the accuracy of this approach. For example, in all AI-based sim-
ulations, meteorological conditions are regularly taken into account as part of the input
parameters, which are highly variable both locally and globally. Therefore, the horizon of
future values is usually determined on the basis of the average values of the parameters in
the past. When using ANNs, the predicted concentrations of pollutants could be grouped
into specific intervals or classes, since ANNs are more efficient at classification tasks.
However, this approach can estimate the interval of expected values, which can have a
significant impact on the planning of daily activities.

At the same time, the objective was to compare the properties of these models to iden-
tify the most suitable approach for the prediction of air pollution. However, like other
AI-based methods, they remain sensitive to the structure of the input data, and this issue
therefore requires particular attention. This limitation can be partially addressed through
input variable selection (IVS). According to recent studies, IVS techniques can be classi-
fied into three categories [7].

In the first category, known as filter techniques, the input data are preprocessed using
statistical analysis methods and algorithms that determine the relevance of the input vari-
ables [18]. A typical representative of this category is the algorithm mrMR (mr-minimum
redundancy, MR-maximum relevance) based on the application of the concept of mutual
information [42]. This category is the simplest to implement and is independent of the AI
method to which it passes the selected variables. IVS methods that involve an extensive
search through the parameter space of the input data, monitoring the effect of adding and
removing input variables, are called wrapper methods [25]. In this sense, there are two
types of these methods: sequential addition of variables to the initial empty set (SFS) and
sequential elimination of variables from the entire initial set of variables (SBS). In both
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cases, the effects of adding or removing variables are monitored by the behavior of the
loss function. This category of methods is technically much more demanding than the first
category in terms of computing time and memory resources.

The final category comprises the most complex methods in terms of practical imple-
mentation, as they are applied during the training phase of the AI method to which the
variables are assigned. This group of methods is called embedded methods and it should
be noted that the situation is particularly complex when it comes to ANNs [51]. Typical
representatives of this group are the CART and ID3 algorithms in decision trees. The ap-
plication of IVS yields benefits in terms of reduced computation time and lower memory
requirements, but it does not completely resolve the fundamental problem of the depen-
dence of AI methods on the structure of the input data. Among these factors, the sample
size is one of the most influential. The widely accepted view is that a larger sample leads
to greater accuracy of these methods, due to a larger training sample. However, this view
cannot always be accepted as correct, because there are studies in which researchers have
shown that high accuracy of AI methods can be achieved even on small sample sizes
[52]. Moreover, a further increase in the sample size may even reduce the accuracy of AI
methods [57].

Despite the growing use of AI methods in air pollution monitoring and prediction,
several important issues remain insufficiently explored. In particular, the comparative per-
formance of different neural network architectures under limited data conditions, as well
as the role of advanced preprocessing techniques in enhancing model performance, have
yet to be fully clarified. These challenges are especially relevant in real-time monitoring
scenarios, where accurate modeling of the relationship between environmental variables
and pollutant concentrations is essential.

Motivated by these considerations, this study addresses the following research ques-
tions:

– RQ1: How competitive are LSTM and LM/LMBR neural network models in real-
time air pollution monitoring, particularly in modeling the relationship between the
current values of the target variable and the corresponding input variables?

– RQ2: To what extent can the IVS method be effectively applied in the data prepro-
cessing stage for air pollution monitoring tasks, including the identification of rele-
vant input features and seasonal patterns in the data?

Given the high variability of input parameters in air pollution monitoring—such as
meteorological conditions, geographical characteristics, and temporal dynamics—as well
as the wide range of available AI-based modeling approaches, deriving universally valid
conclusions remains challenging. Nevertheless, the results obtained in this study provide
valuable insights into the applicability of the considered methods and can serve as a guide-
lines for future research in this domain.

The main contributions of this study can be summarized as follows:

– A comparative evaluation of LSTM and LM/LMBR networks is conducted using
the root mean square error (RMSE), mean absolute error (MAE), and mean absolute
percentage error (MAPE) metrics, demonstrating that their predictive performance is
largely comparable when trained on relatively small datasets.

– The study shows that monotonicity relations in input data lead to a significant im-
provement in the predictive performance of the considered neural network models.



Artificial Neural Network Modeling for Air Pollution Prediction 1081

– The robustness of LSTM networks to nonlinear relationships between variables has
been generalized and extended to non-monotonic relationships.

– The applicability of the IVS technique is further extended by demonstrating its effec-
tiveness in identifying and analyzing seasonal patterns present in the input data.

The remainder of this paper is organized as follows: Section 2 reviews the related
work and provides the broader context for the study. Section 3 describes the methods used
in the research, including the research approach and procedures. Section 4 presents and
discusses the results obtained from the analysis. Section 5 outlines the main limitations
of the conducted research. Finally, Section 6 concludes the paper by summarizing the key
findings and suggesting directions for future work.

2. Related work

Air pollution prediction has emerged as a highly active research domain within environ-
mental informatics, given the paramount importance of accurate forecasts in safeguarding
public health and informing policy decisions. A substantial body of research has demon-
strated the potential of deep learning models, particularly LSTM networks, in capturing
long-range temporal dependencies in nonlinear and noisy time series data. Numerous
studies have utilized LSTM architectures to forecast particulate matter concentrations,
ozone, and other pollutants, consistently demonstrating superior performance compared
to traditional regression and shallow learning models. For example, in [44], the author
demonstrated that LSTM models outperformed classical regression approaches for PM2.5
forecasting. Similarly, the authors in [12, 61] introduced spatiotemporal variants such as
convolutional LSTM and recursive LSTM to integrate both temporal dynamics and spatial
correlations for air pollution prediction, demonstrating significant reductions in predic-
tion errors. Further improvements have been achieved by hybrid deep learning methods.
The authors in [31] proposed a CNN-LSTM framework for PM2.5 prediction, while the
authors in [69] employed an attention-based LSTM for real-time pollution monitoring,
with both studies reporting lower RMSE and MAPE values compared to baseline models.
Complementing these views, the authors in [58] also demonstrated that LSTM networks
successfully internalize complex, non-linear temporal dependencies of ambient quality
metrics. These findings have reinforced the prevailing view that LSTM architectures are
the state of the art in air pollution prediction tasks.

Despite this dominance, evidence suggests that optimization methods based on the
LM algorithm and its Bayesian regularization variant, LMBR, remain competitive in
certain contexts, especially when there are strong linear correlations between predictors
and target variables. In their study [15], the authors demonstrated that LM-ANNs out-
performed both multiple linear regression and other training algorithms in PM2.5 pre-
diction in India, achieving the highest coefficient of determination (R² = 0.8164) and
the lowest RMSE (9.52). Similar results were obtained in energy demand forecasting,
where LM-ANN models achieved superior accuracy compared to scaled conjugate gra-
dient and regression methods [62, 56]. Research reported in [26] analyzed multiple time-
series neural network models, including various configurations, suggesting that the Leven-
berg–Marquardt approach can be effective for Air Quality Index forecasting based on the
year of various gas measurements. In [4], the authors conducted a comparative analysis of
ANN models for long-term forecasting of PM10 concentrations. Their findings confirmed
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that, despite the low RMSE values achieved by LM-ANN, the LMBR approach consis-
tently delivered the most reliable overall performance, thus underscoring its potential in
air quality forecasting applications. The presented studies indicate that LM and LMBR
algorithms can be highly effective in domains where predictors exhibit strong linear re-
lationships with the response variable and where robustness to smaller sample sizes is
required. Direct comparative studies of the LSTM and LM/LMBR methods in the domain
of air pollution remain scarce, but emerging results point to their potential complemen-
tarity and indicate that such comparisons may offer valuable insights for identifying the
most effective predictive approaches, thus contributing to improved public health through
more accurate air quality management.

In summary, while LSTM networks have established themselves as the dominant
method for air pollution prediction due to their ability to handle complex nonlinear and
temporal dependencies, LM and LMBR-based networks remain important alternatives
that can offer competitive accuracy in contexts characterized by stronger linear depen-
dencies. The comparison of these approaches represents a promising research direction
that ensures both predictive accuracy and interpretability. This need forms the foundation
of the presented study, which systematically evaluates the comparative performance of
LSTM and LMBR in real-world air quality monitoring tasks.

3. Methods

To facilitate a clearer understanding of the methods and materials used in this study, an
overview pseudocode of the entire research process is presented below. This pseudocode
is intended to summarize the main methodological steps of the proposed air pollution
modeling framework and to provide a structured guide for interpreting the individual
phases of model development, validation, and evaluation. Each step is subsequently de-
scribed in greater detail in the following subsections. In addition to improving the read-
ability of the methodology, this overview also highlights the sequential dependencies be-
tween data preparation, model construction, validation, fine-tuning, and final performance
assessment.

The presented pseudocode shows that the overall process of air pollution modeling
using ANNs can be divided into four main phases. While Phases 1, 2, and 4 are relatively
straightforward, Phase 3 requires additional clarification due to its greater methodolog-
ical complexity. In Phase 3, for each of the considered network models - LSTM and
LMBR/LM - the most appropriate partitioning of the input dataset into k folds is deter-
mined using k-fold cross-validation. This procedure is a standard technique for mitigating
overfitting during model training. Once the optimal fold scheme has been established, the
resulting models are further refined through a fine-tuning process. This step involves ad-
justing both the network architecture and the associated hyperparameters (lines 9–12 of
the pseudocode) in order to improve model performance. Finally, lines 13–16 of the pseu-
docode correspond to the prediction and evaluation stage, during which the trained models
generate output predictions and their predictive performance is assessed. Each phase of
the pseudocode will be described in greater detail in the sections that follow.
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Algorithm 1. ANN Modeling and Prediction Framework

Input: Raw dataset D; initial ANN architectures {LSTM,LMBR/LM}
Output: Predictions Ȳ and performance metrics M for each ANN model

Phase 1: Data Preprocessing
1: Remove incomplete observations from D
2: Normalize variables using z-score standardization

xnorm = (x− µ)/σ
where µ is the mean value and σ is the standard deviation

3: Apply noise filtering to obtain cleaned dataset D clean

Phase 2: Feature Extraction
4: Apply IVS technique to D clean to identify seasonal trends
5: Construct feature set F

Phase 3: Model Training and Optimization
6: for each ANN model ∈ {LSTM,LMBR/LM} do
7: Determine optimal k using k-fold cross-validation
8: repeat
9: Tune hyperparameters of ANN model

10: Adjust network architecture
11: Evaluate model using k-fold cross-validation
12: until convergence of performance metric

Phase 4: Prediction and Evaluation
13: Generate predictions Ȳ using trained ANN model
14: Compute performance metrics M
15: end for
16: return Ȳ and M

3.1. Databases and input variable selection

As already noted, there is no definitive classification of AI methods with respect to the
structure of input data; most recommendations rely on empirical findings from numeri-
cal experiments. A common starting point is the analysis of linear correlations between
the target variable and the predictors. Since linear relationships represent a special case
of monotonic dependence, their presence or absence often indicates whether the under-
lying relationships are predominantly monotonic or whether they are more complex and
nonlinear.

The two databases used in this study, namely the Air Quality dataset and the Bei-
jing dataset, were intentionally selected because they represent contrasting structures of
variable relationships. The Air Quality dataset is dominated by monotonic relationships
between variables, whereas the Beijing dataset contains predominantly non-monotonic
relationships among input predictors. Examining these opposing structural characteristics
enables a more informative assessment of research questions RQ1 and RQ2.

However, AI methods alone are not sufficient for a comprehensive characterization
of these relationships; therefore, IVS techniques are also applied as part of the raw data
preprocessing stage.
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Air Quality dataset The numerical experiments were conducted using a dataset collected
from air pollution measurements in an Italian city between March 2004 and February
2005 [59]. The database contained 9358 samples, with values averaged over hourly inter-
vals, obtained from the sensor system. The target variable was the concentration of ben-
zene C6H6. Some of the recorded values were invalid (e.g. negative concentrations, neg-
ative temperature, and humidity), most likely due to sensor drift and other measurement-
related issues. An initial approach was to remove all samples that contained such invalid
values; however, this would have reduced the input dataset to only 827 samples. Because
this reduction was considered unacceptable, the distribution of invalid data was then ex-
amined for each variable. Based on this analysis, the variables were divided into three
groups, with 3.91%, 17.99% and 90% invalid data, respectively. Variables with more than
3.91% invalid data were excluded from further analysis. As a result, the number of input
variables, or predictors, was reduced from 12 to 8. It is important to note that removing
these variables did not affect the research questions introduced earlier, since the corre-
sponding measurements were available from other locations and could therefore still be
represented in the input dataset. For the remaining variables, invalid values were replaced
with the mean of all valid observations in the time series. The statistical parameters of the
filtered data are given in Table 1. As shown in the table, some variables are expressed in
arbitrary units, which corresponds to sensors nominally intended to measure the concen-
trations of specific air pollutants (PT08S1, PT08S2, etc.).

In addition, all variables were found to be normally distributed. Therefore, Pearson’s
correlation test was suitable for correlation analysis. Since the target variable was the
concentration of benzene, Table 2 presents the statistically significant values of the cor-
relation coefficient between benzene and other variables, at a statistical significance level
of 5%. A visual inspection of Table 2 shows that the values of the correlation coefficient
are very high. The correlations between the input variables were also high, indicating the
presence of multicollinearity, which reflects the synergistic effect of various air pollutants
in their mixture in the air. Since the correlation values between the input variables are
high, it can be logically assumed that this parameter can serve as an indicator of seasonal
changes in the predictor-target relationship. Furthermore, it can also be used for input
variable selection in the case of incomplete input data from the sensor network.

Table 1. Statistical parameters of collected data
Parameters Unit Min. Max. Std.

PT08.S1(CO) – 647.25 2040 212.80

C6H6(GT) µg/m3 0.15 63.74 7.30

PT08.S2(NMHC) – 383.25 2214 261.56

PT08.S3(NOx) – 322 2683 251.74

PT08.S4(NO2) – 551 2775 339.36

PT08.S5(O3) – 221 2522.8 390.61

T �C 0.05 44.6 8.63

RH % 9.18 88.72 16.97

AH g/m3 0.18 2.23 0.40
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Table 2. Correlation coefficients with C6H6

Parameters Correlation with
C6H6

PT08.S1(CO) 0.85

PT08.S2(NMHC) 0.77

PT08.S3(NOx) 0.51

PT08.S4(NO2) 0.77

PT08.S5(O3) 0.64

T 0.97

RH 0.93

AH 0.98

The mrMR algorithm was employed [43]. This algorithm selects input variables that
are minimally correlated (minimal redundancy, mr) with each other and maximally corre-
lated (maximal relevance, MR) with benzene as the output variable. The mrMR algorithm
relies on mutual information, defined by the following formula:

I =
X
x;y

p(x; y) � log
p(x; y)

p(x) � p(y)
(1)

where p(x; y) is the joint distribution of the variables x and y, while p(x) and p(y) are
the marginal distributions of the respective variables. The meaning of mutual information
can be seen if X \ Y = f0g is considered, where p(x; y) = p(x) � p(y), and from the
above formula it follows that I(X;Y ) = 0. Mutual information represents the amount of
information about one variable that is related to another variable. In practical applications,
the mrMR algorithm tries to maximize the MI score:

MI =
1

S
�
P
x2S I(x; y)P
x;z2S I(x; z)

(2)

In the above equation, the numerator represents the sum of the mutual information of
the predictor x with the target variable y, and the denominator represents the sum of the
mutual information between the predictors. The mrMR algorithm attempts to maximize
the score by finding a suitable subset S of input variables, so that the numerator in the
above formula is maximal (relevance) and the denominator is minimal (redundancy).

The results shown in Fig. 1 indicate seasonal trends for the winter and summer sea-
sons. In the summer season, NMHC, temperature, and absolute humidity are identified
as the dominant variables. This suggests enhanced benzene formation through secondary
chemical reactions among primary pollutants under the photocatalytic action of solar ra-
diation. During the winter season (Fig. 1D), nitrogen oxide emerges as the dominant vari-
able, most likely due to increased fossil-fuel combustion for heating, while temperature
and air humidity also appear among the relevant variables. In the other seasons (spring and
autumn, Fig. 1A, 1B), no significant predictors were identified. These findings are further
supported by Fig. 2, which shows two distinct peaks in the daily benzene concentration
profile during spring and summer. These peaks occur in the morning and late afternoon,
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Fig. 1. Seasonal trends in the influence of the predictor on the concentration of benzene:
A-Spring, B-summer, C-autumn, D-winter

most likely due to increased traffic during the morning and afternoon rush hours. At the
same time, they are superimposed on increased benzene concentrations caused by the
previously mentioned secondary reactions in the summer season (Fig. 2B) and by thermal
combustion during the winter season (Fig. 2D).

Fig. 2. Typical daily trends in benzene: A-Spring, B-summer, C-autumn, D-winter
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Beijing PM2.5 dataset This database comprised 43825 measurements of PM2.5 concen-
trations recorded at one-hour intervals in Beijing, China, together with the corresponding
meteorological conditions [10]. Data were recorded between 2010 and 2015. After re-
moving incomplete or invalid samples (e.g., those affected by sensor drift or containing
negative concentrations), the initial dataset was reduced to 41757 samples. The original
dataset also included columns containing the month and hour of each recorded sample,
which allowed the data to be classified by season even after preprocessing. To avoid the
effect of sample size and to ensure comparability with the first database used in this study,
the dataset was further reduced to 9358 samples. The target variable was the concentration
of PM2.5 particles, while the predictor variables were: Dew Point (DEWP), Temperature
(T), Pressure (P), combined wind direction (cbwd), cumulated wind speed (Iws), cumu-
lated snowfall hours (Is) and cumulated rainfall hours (Ir). The main statistical character-
istics of these variables are given in Table 3, while Fig. 3 shows the average daily values
of the predictors throughout the seasons.

Table 3. Statistical parameters of the Beijing dataset
Parameters Unit Min. Max. Std.

PM2.5 µg/m3 1 980 97

DEWP �C -28 28 14.91

T �C -19 41 12.96

P hPa 994 1045 10.31

cbwd - 1 4 1.28

Iws m/s 0.45 565.5 59.23

Is - 0 27 1.14

Ir - 0 36 1.71

In Fig. 3, the dotted line denotes the concentration threshold for PM2.5 that is consid-
ered hazardous to human health. According to the China national ambient air quality stan-
dards (NAAQS), standard GB 3095-2012, the corresponding permissible average concen-
tration value is 35 �g/m3 (Grade I) [72]. As shown in Fig. 3, the average daily concentra-
tion of PM2.5 exceeds this threshold in all seasons. This exceedance is most pronounced
in the summer (Fig. 3C) and autumn seasons (Fig. 3D). The elevated concentrations of
PM2.5 observed during summer are most likely associated with high temperatures and
the photocatalytic effect of solar radiation, which promote reactions among gaseous pol-
lutants (SO, NOx, VOCs, etc.) and the formation of secondary particles (nitrites, sulfides,
etc.). In addition, increased air conditioning use and increased energy demand, together
with the evaporation of organic compounds, can contribute further to the condensation
and formation of PM2.5 particles. This interpretation is supported by the graph in Fig.
3A, which shows that PM2.5 concentrations are lowest during winter, when both temper-
ature and humidity reach their lowest levels. According to the filtered data, the average
winter temperature was 3.8 �C. Further preprocessing showed that the linear correlations
between the target variable and the predictors were not statistically significant. Kendall’s
correlation test, performed at the 5% significance level, indicated that the correlation co-
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Fig. 3. Typical average daily PM2.5 particle concentrations: A-winter, B-spring, C-
summer, D-autumn

efficients were negligible or borderline statistically significant, as presented in the table
below.

Table 4. Correlations of PM2.5 particle concentrations with input variables
Parameters Correlation with

PM2.5
DEWP 0.303

TEMP 0.128

PRESS -0.252

cwbd 0.268

Iws -0.300

Is -0.007

Ir 0.010

The data listed in the table above lead to the conclusion that the relationships between
the variables in the system are nonlinear and complex, which is why it is necessary to use
other methods to investigate them. Among the various methods, nonlinear regression is
one of the best-known and widely used. Consequently, a nonlinear regression was per-
formed between the target variable y and each predictor x separately, that is:

y = a0 +

KX
i=1

aix
i (3)




