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Abstract: The main purpose of this study is to investigate the relationships between key sources of
air pollutant emissions (sources of energy production, factories which are particularly harmful to the
environment, the fleets of cars, environmental protection expenditure) and the main environmental
air pollution (SO,, NOy, CO and PM) in Poland. Models based on MLP neural networks were used
as predictive models. Global sensitivity analysis was used to demonstrate the significant impact of
individual network input variables on the output variable. To verify the effectiveness of the models
created, the actual data were compared with the data obtained through modelling. Projected courses
of changes in the variables under study correspond with the real data, which confirms that the
proposed models generalize acquired knowledge well. The high MLP network quality parameters of
0.99-0.85 indicate that the network generalizes the acquired knowledge accurately. The sensitivity
analysis for NOy, CO and PM pollutants indicates the significance of all input variables. For SO,,
it showed significance for four of the six variables analysed. The predictions made by the neural
models are not very different from the experimental values.

Keywords: air pollution; fuel combustion; hard coal; energy industry; transportation; emissions;
modelling; neural networks; MLP

1. Introduction

The World Health Organisation (WHO) considers air pollution the greatest environ-
mental risk factor for human health worldwide [1]. Air pollution is currently perceived
as the second biggest environmental concern for Europeans, after climate change [2]. Air
contamination is a local, pan-European, and hemispheric problem. Air pollutants released
in one country may be transferred in the atmosphere, contributing to or resulting in poor air
quality elsewhere. Europeans, more likely to live next to busy roads or industrial regions
and so face higher exposure to air pollution. Energy poverty, which is more prevalent in
Southern, Central, and Eastern Europe, is a key driver of the combustion of low-quality
solid fuels, such as coal and wood, in low-efficiency boilers for domestic heating [3].

The EU’s clean-air policy is based on three main pillars: (1) the Ambient Air-Quality
Directives [4,5]; (2) the NEC Directive [6]; and (3) source-specific legislation establishing
specific emission and energy efficiency standards for key sources of air pollution [7,8]. Air
pollution shows substantial variability both between areas (higher in Southern Europe)
and within areas. Spatial variation is mostly related to the presence of local and regional
sources [9]. Individuals stand little chance of protecting themselves from air pollution, thus
the need for organised actions involving national, regional, and international organisations
and authorities [10].
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According to EPA EU reports [8] during recent decades, the emission of PM2.5 in
Europe decreased slowly by 30% from 1990 to 2014. In the same period, emissions of
SO, dropped almost seven-fold. In addition, it is East-Central Europe, and Poland in
particular that has seen the highest average annual concentrations of PM10 and PM2.5 [11].
It is widely discussed that the population of the developing countries can be exposed to
the various noxious gases originating from the combustion of consumed fossil fuels from
production, transportation, and power generation due to limited access to clean energy
sources [12]. Most countries rely on fossil fuels in their energy systems, no matter how
well developed they are [13]. The use of fossil fuels as the main source of energy for most
countries has caused several negative environmental impacts, such as global warming and
air pollution [14].

Air pollutants mainly come from combustion processes, various technological pro-
cesses, as well as vehicle traffic [15], the major ones being sulphur oxides (SOx), nitrogen
oxides (NOy), carbon monoxide (CO) particulate matter (PM), carbon dioxide, volatile
organic compounds (VOCs), chlorofluorocarbons and ammonia (NHj) [16].

1.1. Emissions of Pollutants in Poland

In Poland, the main sources of air pollution are emissions from fuel combustion,
mainly from the energy industry and individual households, as well as emissions from
transportation. Polish air protection policy is largely reactive—a drop in air pollution
emitted by industry and power engineering occurred in response to the EU requirements
for these sectors. However, there are no regulations for installations used in households,
i.e., solid fuel furnaces, boilers, or fireplaces. Additionally, in the field of transportation,
there is a lack of essential legal solutions to limit the old vehicles which are responsible
for producing harmful air pollutants. The main problem related to air quality is the fact
that Poland is the largest hard coal producer in the EU [17]. The most important energy
carrier extracted in Poland in 2019 was hard coal with a 56.2% share. The second-largest
carrier in terms of output was lignite, with a share of 15.2% [18]. These are being mined
in Upper Silesia, thus making this a large area with enormous concentration of industry
and poor long-term air quality [19]. As an example, Figure 1 presents PM2.5 pollution in
Poland compared to other EU countries.
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Figure 1. Exposure to air pollution by fine particulate matter PM2.5in EU and in Poland [20].

Climate change and various health ailments caused by air pollution have become
the subject of numerous scientific studies both in Poland and internationally, and the
results [21] have pinpointed road transportation and industrial activities to be the two main
emission sources responsible for 80% of total NOy, 90% of total SO;, 75% of CO, 60% of
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total suspended particles and 60% of non-methane volatile organic compounds (NMVOCs).
The burning of fossil fuel for heating of individual households is mainly responsible for
high levels of air pollution in urban areas during winter season [22]. The so-called criteria
pollutants: PM, O3, NO, and SO,, have been recognized as the key ones influencing human
health [23]. PM has gained significant attention due to the increasing concerns related to
their effects on human health [24]. A large time-scale observation in major Polish cities
between 2014-2017 showed a link between an increase in exposure to pollution in the
ambient air and an increase in respiratory tract issues requiring hospital treatment and
that, in turn, was correlated with PM2.5 and PM10 [25]. Air pollution at ground level,
especially PM2.5, is associated with many of adverse health effects. PM2.5 air pollution
was estimated to cause approximately 39,800 premature deaths in the population of Poland
in 2000 [26]. The city of Katowice in southern Poland faces the worst PM2.5 hazard in the
winter months. The highest concentration of this pollutant as well as other PM2.5-related
carbonaceous matter, including BaP occurs because of two factors: the location of the city
in a highly industrialised area and the dense urban development, and these result in poor
natural ventilation. In contrast, urban areas of northern Poland, which is less industrialised
and where gas rather than solid fuels are used, do not face this scale of PM2.5 [27]. In the
research [28], population growth was found to be the largest driver of energy consumption
and air pollutant emissions from 1997-2010. Investments that reduce the production of
electricity, which reduces the negative impact on the environment is one of activities [29].
Air emission pollutant prediction has attracted special legislative and scientific attention
due to the harmful effects on human health. Statistical model methods for air pollutant
emissions are the subject of numerous studies. Statistical models are suitable for the de-
scription of the complex site-specific relationship between air pollutants and explanatory
variables, and they often make predictions with a higher accuracy than mechanistic mod-
els [30]. Brunelli et al. [31] presented a recurrent NN-based forecaster for prediction of
daily maximum concentrations of, PM10, SO,, NO,, CO and O3 in the city of Palermo.
The related correlation coefficient ranges from 0.72 to 0.97 for each forecasted pollutant,
resulting in a slight difference between the forecast and the measured values. A wavelet-
based recurrent NN model was proposed by Prakash et al. [32]. He was able to forecast
one-step-ahead hourly and daily mean, and daily maximum concentrations of the common
ambient pollutants of CO, NO;, NO, Oy, SO, and PM2.5. The results show that a wavelet
network, designed appropriately, may be employed successfully for air-quality forecasting.
Gocheva-llieva et al. [33] used the powerful data-mining technique of classification and
regression trees (CART) to build quality nonlinear models of environmental time series.
With this approach, they carried out empirical studies of the daily average concentrations
of atmospheric PM10 in the cities of Ruse and Pernik, Bulgaria. The results show that
CART models fit well with the data and correctly predict about 90% of the measured values
of PM10 with respect to the average daily European threshold value. Another study [34]
focused on the prediction of hourly levels up to 8 h ahead for several pollutants (NO, NO,,
CO, SO, and O3) and six locations around Bilbao, Spain. The use of these models based
on ANNSs can provide Bilbao’s air-pollution network designed primarily for diagnosis
purposes, with short-term, real-time predicting capabilities. In another study [35], two
types of ANN models using the MLP and the radial basis function (RBF) techniques, are
employed to forecast hourly PM10 concentrations in urban areas in Cyprus. The Saharan
dust episodes are also forecast very accurately with MLP models. This work developed [36]
an online air-pollution forecasting system for the Greater Istanbul area. The presented ex-
periments show that quite accurate predictions of air pollutant indicator levels are possible
with a simple NN. In a paper [37], the outcomes indicated that researchers mainly focused
on the effects of air pollution on human diseases, urban pollution exposure models, and
land use regression (LUR) techniques. O3, NOx and PM were the most tested contaminants.
ANN methods were preferred in studies of O3 and PM while LUR were more widely used
in studies of NOy. In a research study of Nieto et al. [38], four models based on VARMA,
MLP, SVM and ARIMA are constructed for forecasting the PM10 concentration in the city



Energies 2021, 14, 6891

4 of 14

thosn. tonnes

12,000

10,000

8,000

6,000

4,000

of Oviedo, in Spain. The monthly average pollutants and PM10concentration are used
as input data to forecast the monthly average concentration of PM10 from one to seven
months ahead. Results showed that the SVM performs better than the other models when
forecasting one month ahead as well as for the following months. In the study [39], it was
possible to predict average PM2.5 and PM10 concentrations for the next 24 h by developing
forecasting models that used MLP with the consideration of k-means clustering findings. It
was demonstrated that considering clustering results as input variables improves PM10
and PM2.5 forecasting models for the most polluted station. A neural-network approach
was analysed and benchmarked by Ordieres et al. [40]. They compared three different
topologies of neural networks to identify their potential uses by analysing their strengths
and weaknesses: MLP, Radial Basis Function (RBF) and Square Multi-Layer Perception
(SMLP). To compare the results with the ones provided by the neural-network models they
built two classical models: a persistence model and a linear regression. The results clearly
demonstrated that the neural approach not only outperformed the classical models but
also showed fairly similar values among different topologies.

The results [37] show that the ANN method became an increasingly popular means to
predict air pollution, and the interaction between different pollutants attracted increasing
research attention, with PM + NOy and PM + O3 being the main combinations. Furthermore,
the results indicate that since 2010, hybrid methods have rapidly joined the mainstream of
air-pollution prediction and have been the fastest-developing research method through
Markov chain analysis.

1.2. Air Emission Inventory

Due to many years of neglect, Poland faces now serious challenges of air pollution—
one of the most serious in the entire European Union. For several years now, national and
international programmes have been available on the market to provide financial support
for the replacement of coal-fired boilers with modern low-emission boilers, which promises
to reduce emissions from this source in the coming years. For years, coal consumption in
this sector has been on an upward trend (Figure 2a), while consumption in power plants
and CHP plants has gone down (Figure 2b).
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Figure 2. Coal consumption in: (a) households; (b) power plants and CHP plants [41].

It can be assumed that the increase in coal consumption in households is due to the
increase in the number of households in Poland from 31.428 million in 1999 to 33.529 million
in 2020 [42]. Changes in emissions of the pollutants in question from major sources are
shown in Figure 3. In Poland, it is the energy industry that is responsible for SOx emissions,
mainly SO, (Figure 3a), accounting for 49%. The main source of SO, emissions in the
energy industry is the combustion of fuels, mainly coal, in stationary combustion sources
which are responsible for 96% of the national SO, emissions.
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Figure 3. (a) energy industry; (b) transportation; (c) other sectors; where: TSP—total suspended
particles.

Other sectors account for 27% and the manufacturing and construction sectors for
20% of emissions [43]. The amount of NOy emissions has decreased by 39% in comparison
to 1990. As in the case of SOy, the changes started with the collapse of heavy industry in
the late 1980s and early 1990s. Since the late 1990s, the largest source of NOy emissions
in the country has been the combustion of fuels in road transportation, where emissions
have been growing steadily (Figure 3b). This is mainly due to an increase in the number
of vehicles by 287% since 1990, which consequently translates into an increase in fuel
consumption (including gasoline, diesel oil, LPG and CNG) by 248% [43]. In addition, cars
with old-generation engines have a particular impact.

The increase in emissions from road transportation may significantly impede the
achievement of the NOy reduction goals set in Directive 2016/2284 [43]. In 2019, the
largest source of CO emissions was fuel combustion in the category of other sectors
(which includes small combustion sources such as households, public buildings, business
establishments, etc.) (Figure 3c), which are responsible for 61% of national CO emissions.
Another significant source of CO emissions is transportation (Figure 3b), which accounts
for 25% of national emissions. The main source of particulate matter PM2.5 emissions are
sources belonging to the fuel combustion category, which in 2019 generated as much as
84% of the total emissions of this pollutant. The largest share of emissions in this category
comes from the area of other sectors (Figure 3c) (49%) and is mainly the result of coal and
wood combustion in households. In 2019, the PM2.5 particulate matter decreased by 67%
compared to 1990. The main source of PM10 particulate matter emissions in Poland are
stationary combustion processes, most of which falls into the category of other sectors—
41%. The second-largest source is the industrial processes sector, which is responsible for
16% of emissions. In 2019, PM10 emissions decreased by 70% compared to 1990 [43].

Road transportation in Poland is a significant source of NOy, CO and PM emissions.
Figure 4 presents the number of vehicles older than 15 years, which make up most vehicles
in Poland, broken down by age groups, cars and trucks.
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Figure 4. Number of cars over 15 years old (a) passenger cars; (b) lorries [44].

2. Materials and Methods
2.1. Data Description

The inventory of emissions to be reported to the UNECE Convention on Long-Range
Transboundary Air Pollution (CLRTAP) and to the European Union as defined in Directive
(EU) 2016/2284 of the European Parliament and of the Council of 14 December 2016 on the
abatement of national emissions of atmospheric pollutants (the so-called “cap-and-trade
directive”) and reported for national statistics includes SO, NOy, CO and PM and other
emissions. In Poland, these are largely emissions from fuel combustion, which pose a
serious threat to human health and life. Therefore, the input data proposed were the main
sources of emissions of the pollutants mentioned above, i.e., hard coal consumption in
households (HCCH), hard coal consumption in utility power plants and combined heat
and power plants (HCCPP), particularly harmful plants (PHP), total number of passenger
cars and trucks older than 15 years (C > 15) as well as data that may have a final impact
on the air-quality status, i.e., energy from renewable sources (RSE) and environmental
protection expenditure (EPE) [18,43,45,46]. The dataset covers the period 20042019 and
was selected due to data availability.

2.2. The Aim of the Research

The aim of the research was to (i) find correlations and interactions between the
groups of explained and explanatory data, as well as (ii) present possible dependencies in
the form of models, and (iii) test the models as a practical predictive tool for forecasting
air-pollution emissions. It was assumed that artificial MLP networks will be an adequate
tool for predicting pollutant emissions with the assumed input and output variables.

2.3. Description of the Method

The areas of application of neural networks are expanding because they can be suc-
cessfully used to solve problems requiring data processing and analysis, prediction or
classification. One of the many advantages of neural networks is their ability to map very
complex, nonlinear relationships between the input and output signals.

Thus, the application of the models in studying pollution proceeds over time or in
space, including the degree of influence of various factors or groups of factors (meteorolog-
ical, environmental, atmospheric, etc.) on these processes. Furthermore, they can be used
to prepare forecasts for the expected pollution levels and these, in turn, can be used for the
purposes of prevention and control [34].

Multi-Layer Perceptron (MLP) neural network was used in the study. The stage
related to the creation of MLP network models was parameterized by two parameters: the
number of training epochs and the number of neurons in the hidden layer. In the study,
the number of neurons in the hidden layer took values from 4 to 7, and the number of
training epochs took values from 4 to 100. The number of neurons in the hidden layer was
selected by experiment. Error functions were used in the form of sum of squares (SOS)
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functions. The following activation functions were used in the hidden and output layers:
Tanh, linear, exponential and logistic. The prediction errors in validation and in testing
are the parameters that are used in the evaluation of the performance of the network; the
similar values indicate that the network generalizes the acquired knowledge well. The
quasi-Newton Broyden-Fletcher-Goldfarb—Shanno (BFGS) algorithm proved successful
as the training algorithm, as it used the inverse of the second derivative matrix of error
functions calculated with respect to successive weights. It is one of the most effective
neural-network training algorithms. The constructed network model was trained using
the backward error propagation method (English term: backpropagation), which is the
most commonly used and one of the most effective multi-layer neural-network training
algorithms. In essence, it is based on minimizing the sum of squared errors in the network
training. The errors at the output of the network are propagated in the opposite direction
to the passage of signals through the network, i.e., from the output layer to the input layer.
Several dozen network neurons with different numbers of neurons in the hidden layer
were tested for each pollutant. The selection criterion was the minimum error of Mean
Square Error (MSE) value for the data from the validation set. From the data set, 70% of
them were the training set used to modify the weights, 15%—the test set intended for
ongoing monitoring of the training process—and 15%—the validation set. The analysis
of the sensitivity of the neural network was used, which makes it possible to distinguish
important variables from variables that may be omitted in the model. The Statistica Neural
Networks module implemented in Statistica 13.5 was used to generate neural models.
The ANN architecture used in this study is presented in Figure 5.

SO,.NOy. CO. PM

T

OUTPUT
LAYER

RSE PHP c>15 EPE HCCH HCCPP
Figure 5. MLP neural-network architecture.

3. Results and Discussion

Statistical description of the variables is presented in Table 1.

An analysis of all developed models showed that the network models MLP 6-7-1
(Network with 6 neurons in the input layer, 7 neurons in the hidden layer and with
1 output layer), MLP 6-4-1, MLP 6-5-1, MLP 6-5-1 are the most effective in the study of air
pollutant emissions. Table 2 presents parameters describing the results for the obtained
MLP network structures. The network quality parameters obtained (training, testing,
validation) are high—85-90%—or very high 96-99%.

Global sensitivity analysis reflects the significance of each network input variable to
the output signal. The quotient of the network error without a given variable and the error
with the set of outputs (x-axis in Figure 6) lower than 1 means that the given variable has
no influence on the final result of the network. The results of the global sensitivity analysis
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for individual pollutants are presented in Figure 6. On this basis, it was found that most of
the input variables have an impact on the emissions studied.

Table 1. Statistical description of the variables.

Variable Median Mean Max Min Standard Deviation
RSE, in thous. toe 1902.4 4139 9101.64 6633.9 6878
PHP, in pieces 62.1 1662 1879 1759.2 1762.5
C > 15, in pieces 1,241,128 1,205,240 4,550,088 2,644,916 2,436,752
EPE, in mil PLN 6771.7 24,969.4 45,365.1 33,674.6 30,349.5
HCCH in thous. tonnes 1226.8 7100 10,770 8881.9 9000
HCCPP in thous. tonnes 2347.8 37,617 45,348 41,576.8 42,255
SO; emis., in thous. tonnes 262.7 581.52 1456 981.7 888.1
NOy emis., in thous. tonnes 57.9 704.8 890 803.9 812.5
CO emis., in thous. tonnes 331.5 2,370.4 3426 2851.9 2809
PM emis., in thous. tonnes 42.5 342.0 476 415.3 4225
Table 2. Summary of active MLP networks for emissions.
Emission SO, NOx CcOo PM
Type of network MLP 6-7-1 MLP 6-4-1 MLP 6-5-1 MLP 6-5-1
learning 0.9576 0.9039 0.8473 0.9874
Quality testing 1 1 1 1
validation 1 1 1 1
learning 0.0045 0.0012 0.0052 0.0001
Error testing 0.0127 0.0020 0.0011 0.0005
validation 0.0109 0.0011 0.0047 0.0008
Algorithm of learning BFGS 13 BFGS 7 BFGS 3 BFGS 30
Activation function L. .. L. .
(hidden neurons) Logistic Logistic Logistic Exponential
Activation function Tanh Logistic Linear Tanh
(output neurons)
Error function SOS SOS SOS SOS

HCCH
§  RSE 2
s EPE 8
3 o5 d
PHP 172
HCCPP 1.73
0.00 0.50 1.00 150 2.00 0.00 1.00 2.00 3.00 4.00 5.00
(b)
EPE
. g RSE
= 8 Hccep
§ S PHP
= c>15 10.22
HCCH 11.09
000 020 040 060 080 1.00 120 1.40 0.00 200 400 600 800 10.00 12.00
(c) (d)

Figure 6. Results of SA for (a) SO;; (b) NOy; (c) CO; (d) PM.

To verify the effectiveness of the models created, the actual data were compared with
the data obtained through modelling (Figure 7).
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Figure 7. Observed and modelled by MLP value of emission: (a) SO,; (b) NOy; (c) CO; (d) PM.

The trends observed for individual input variables (Table 3) led to several hypothetical
scenarios of their course and, based on them, predictions of SO,, NOx, CO and PM
emissions were made.

Table 3. The trends observed for individual input variables.

Variable Trend
RSE T
PHP 0

C>15 T
HCCH T

HCCPP J

EPE Tand | *

* Due to the fluctuations observed in the EPE variable, without a clear trend, the research assumed both an
increase and a decrease in this variable; 1 |—an increase and a decrease of variable.

According to the observed trend of the input variable, the variable under consideration
was assumed to increase or decrease by 5%, 10% and 20%, and based on that set prediction
was made for emissions of individual pollutants. In conclusion, the MLP neural network
proved to be an efficient tool that captures correlations in the data that are not directly
obvious and analytically undetectable to the researcher. The research based on theoretical
assumed scenarios indicated that the variable EPE has the least significant impact on
the research results. A detailed discussion of the findings from the simulation study is
presented below and in Table 4.
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Table 4. The prediction results.

Result of Forecasting,

Pollutant Trends of Input Variables ‘o Emission in Thous. Tonnes

o PHP, C > 15, HCCH 1 150 T from 34;571 1tlo 1448.7
HCCPP |; EPE T 20 17249

o PHP, C > 15, HCCH 1 150 T from 34;571 1tlo 1448.7
HCCPP |; EPE | 20 17226
*

- PHP, C > 15, HCCH 1 150 >T fromjl752.762 to 735.7

X M .

HCCPP |; EPE T 20 17212

PHP, C > 15, HCCH 1 5 T from 2438.0 * to 2597.9
co HCCPP |; EPE 1 - s
; 20 13522.5

N PHP, C > 15, HCCH 1 150 1 from 142425 7to 473.0
HCCPP |; EPE | 5 14728
* the data from 2019 year.

In the case of projections for SO, emissions, with the assumed decrease in the HCCPP
variable and the simultaneous increase in the PHP variables, C > 15 and HCCH by 10%, the
predictions show a very significant decrease in emissions from the level of 1448.7 thousand
tonnes to the level of 951.1 thousand tonnes. However, the subsequent forecasts with the
assumed 20% decrease or increase in input variables, respectively, did not cause such a
spectacular decline. It should be emphasized that the sensitivity analysis for SO, showed
the significance of four variables (Figure 6a), of which only one showed a downward trend,
which means that in modelling the interactions of variables has an impact on the prediction
result. The comparison of the line 2 and 3 in Table 4 shows that the variable EPE has no
significant impact on SO, emissions which was also visible in the case of prediction of
other pollutant emissions.

NOx emissions projected against a 2019 level of 715.6 thousand tonnes indicate a slight
increase in emissions with an assumed 5% scenario, and a slight decrease in subsequent
projections at 10% and 20%. Despite the assumed decrease in the HCCPP variable, it is
important to highlight the significant impact of transport emissions, which were expected
to increase, as well as the increase in the other variables. The sensitivity analysis showed
that all the variables are significant, the least significant being the EPE variable (Figure 6b)
and no significance was noted at the double examination in the predictions conducted.

In the case of CO emissions, the sensitivity analysis showed a very similar significance
of most of the variables EPE, HCCH, C > 15, RSE, PHP (Figure 6c). Therefore, even
though the EPE variable is in the first position, the impact on the forecast result of the
other variables is highly significant. It should be emphasized that the scenarios for the
development of other variables are upward. A significant CO emission source in Poland
is the burning of coal in households and the fact that it is increasing every year. The
assumed increase in this variable as well as the increase in emissions from transportation,
as another important source of emissions, does not make the predictions positive and
shows an upward trend (Table 4).

For PM emissions, the sensitivity analysis shows the significance of all input variables
(Figure 6d). A constant increase in variables HCCP, C > 15, PHP with a decrease in variable
HCCPP may result, as indicated by the prediction results, in an increase in PM emissions
and sustained emission levels regardless of the assumed scenario of the share of input
variables at a similar level (Table 4).

In conclusion, it is important to highlight that the high network quality parameters
of 0.99 for PM, 0.96 for SO,, 0.90 for NO, and slightly lower of 0.85 for CO indicate that
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the MLP network generalizes the acquired knowledge well. The prediction error values,
mainly validation and test, of 0.0020 and 0.0109 for SO,, 0.0020 and 0.0011 for NOy, 0.0011
and 0.0047 for CO, and 0.0005 and 0.0008 for PM, respectively, are similar, indicating high
network quality. MLP neural networks performed well in the present study as a tool that
captures dependencies and interactions in the studied variables that are not analytically
noticeable to the researcher. They can be an effective tool for air-pollution modelling.

Comparison with Other Models

The results of studies by other authors confirm the validity and effectiveness of MLP
networks in air-pollution forecasting. The results obtained in this study are not much
different from those found in the literature. Grivas and Chaloulakou [47] developed NNs
for predictions of hourly levels of PM10 in Athens, Greece; they were estimated with
the network quality parameters between 0.80 and 0.89, depending on the specific site.
Papanastasiou et al. [48] developed an NN model for the prediction of daily average PM10
concentrations in a medium-sized city of Volos, Greece, and achieved the network quality
parameters values of 0.78. Those are similar to the values of 0.91, 0.87 and 0.96 obtained in
the work [49]. The objective of the study conducted by Shams et al. [50] was to forecast
the air NO, concentration in Tehran city by applying MLP and multiple regression (MLR)
models. The comparison between MLP and MLR modelling demonstrates that the NN
model performs more accurately than MLR analysis. Air pollutant concentrations in an
urban street canyon were modelled using the MLP. The models were developed, tested,
and evaluated with a dataset from a street canyon in Munster containing the trace gases O3,
NOy, NH;, NO, NO,, CO; and the particle concentrations PM1, PM2.5, PM10, and PN10;
for these pollutants, Goulier et al. [51] finds the MLP approach a powerful tool for air-
pollution modelling. The study presented by Samsuri et al. [52] shows that the complexity
and nonlinearity of PM10 in atmosphere are best captured by MLP with the combination
of Tansig—Purelin activation function as showed by strong agreement between predicted
and observed data. In this research [53] a method Particle Swarm Optimization (PSO)
model is adopted to train MLPs, to predict pollutant levels of CO, NO, NO,, NOy, SO,, and
as a result, a Particle Swarm Optimization (PSO)-based NN approach is presented. The
approach is demonstrated to be feasible and effective by forecasting some real air-quality
issues. In the research [54] PM10 value is predicted by the MLP algorithm, Naive Bayes
algorithm, and Support Vector Machine algorithm. Results are then compared for different
algorithms, which show MLP as the best. Kolehmainen et al. [55] compared two common
types of NNs, namely MLP and self-organising maps. They extracted periodic components
out of a learning data set consisting of measured NO, concentrations and compared the
findings of a combined regression method and an NN with an NN trained directly on raw
data. They inferred that MLP gives the best outcomes if trained on the original data. Perez
and Reyes [56] developed a linear model and MLP to predict the maximum of 24-h average
PM10 concentrations. They used PM10 hourly average concentrations at several times
during the day as an input, as well as statistics of measured and predicted meteorological
variables. They demonstrated that the selection of the input variables is more important
than the type of model used.

In the future, the statistical air-pollution prediction is expected to be based on a mixed
approach to predict multiple pollutants simultaneously, and the interaction between them
will be the most challenging aspect of research on air-pollution forecasting [37].

4. Conclusions

Taking effective steps to reduce the emission of pollutants into the air is a key task for
the coming years in Poland. The volume of air pollutant emissions in Poland was modelled
with ANN using MLP networks with the data of major sources of these pollutants. The
models were developed, tested, and evaluated on a data set from 2004-2019 containing
SO,, NOy, CO and PM pollutants. The results for PM and SO, show very high predictive
power of the models with all six input variables for PM and four of them for SO, showing
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very high values compared to observations. NOx and CO models using all input variables
show very good performance. Tests based on theoretical assumed scenarios indicated that
the variable EPE has the least significant influence on the results. Therefore, our conclusion
is that for the above pollutants and input data, the MLP neural-network approach used in
this study is an effective tool for air-pollution modelling.
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