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ABSTRACT. Air pollution is a pressing global challenge with severe consequences for
human health and ecosystems, which underscores the need for accurate forecasting mod-
els. Traditional statistical and machine learning approaches frequently face difficulties in
modeling the intricate and nonlinear patterns present in air pollution data. To overcome
these limitations, this paper proposes the use of a modified Sinc neural network (MSNN)
as a novel framework for time series forecasting of air pollution levels. The MSNN; in-
spired by Sinc numerical methods, leverages the smoothness and oscillatory properties of
the Sinc function while incorporating a modification that enhances its ability to model
nonlinear dependencies and temporal dynamics. A discrete-time Lyapunov-based online
learning algorithm is employed to train the network, ensuring stability and convergence
during parameter updates. The proposed model is evaluated on real-world datasets of
air pollutants, including particulate matter (PMyo and PMs5), sulfur dioxide, nitro-
gen monoxide, and ozone, collected from the city of Khorramabad, Iran. Comparative
results demonstrate that, despite its simple structure, the MSNN achieves superior fore-
casting accuracy compared to conventional neural networks, highlighting its potential as

an effective and computationally efficient tool for environmental time series prediction.
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1. Introduction

Air pollution is a critical global issue that significantly affects human health, ecosys-
tems, and the climate. Accurate prediction of air pollution levels is essential for imple-
menting timely public health interventions and guiding effective policy decisions. Tradi-
tional prediction methods, including statistical models and conventional machine learning
algorithms, frequently face difficulties in modeling the intricate and nonlinear patterns
present in air pollution data. Consequently, researchers have increasingly turned to arti-
ficial neural networks (ANNs), which are well-suited for modeling complex and dynamic
systems, to achieve more accurate air quality forecasting.

ANNs are inspired by the human nervous system, consisting of computational neu-
rons interconnected through weighted edges. By adjusting these weights according to
learning rules, ANNs can approximate complex nonlinear functions. Their architectures
vary widely, ranging from simple feedforward networks, where information flows from
input to output, to more advanced structures such as recurrent and convolutional neural
networks. By leveraging these principles, ANNs have become a cornerstone of modern
machine learning, capable of solving a wide range of problems that were previously con-
sidered intractable. Their ability to learn from data and generalize to unseen examples
makes them indispensable in today’s data-driven world.

Accurate forecasting of air pollutants has received increasing attention due to its appli-
cations in public health and urban management. Early approaches employed statistical
time-series models such as ARIMA and SARIMA, or machine learning regressors such as
support vector regression (SVR) and random forests. These models often required exten-
sive feature engineering and failed to capture the nonlinear and nonstationary dynamics of
pollutant time series. The rise of ANNs has led to significant improvements in predictive
accuracy.

Several studies have demonstrated the utility of neural networks for air quality fore-
casting. For instance, Cérdova et al. [11] applied ANNs for air pollution prediction in
Lima, Peru. In Iran, Maleki et al. [21] predicted air pollution in Ahvaz using ANNs,
while Sadeghi and Khaksar Astane [26] focused on short-term forecasts in the same city.
Ghaemi et al. [15] combined fuzzy-adaptive neural networks with principal component
analysis to predict air quality in Tehran. Recently, Ahmadi and Akbari applied multi-

layer perceptrons to predict air pollution in Lorestan Province [4].
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Recurrent neural networks (RNNs), particularly long short-term memory (LSTM) and
gated recurrent unit (GRU) models, were among the first widely adopted approaches
for pollutant forecasting due to their ability to capture temporal dependencies. Several
studies combined LSTM/GRU with decomposition techniques such as empirical mode
decomposition (EMD), yielding improved results in handling nonstationary signals [19,
22]. However, these methods remained limited in scenarios where spatial dependencies
between monitoring sites were critical.

To address spatial interactions, convolutional and hybrid convolutional-recurrent net-
works were developed. For instance, ConvLSTM and CNN-LSTM models integrate con-
volutional layers to extract spatial features with recurrent layers for temporal modeling.
These approaches enhanced performance for multi-site forecasts, where pollutant trans-
port and meteorological patterns are important [12]. More recent studies incorporated
attention mechanisms to forecast air pollutant levels [20].

Graph neural networks (GNNs) have also gained popularity in air quality prediction.
By representing monitoring stations as graph nodes, GNNs explicitly learn the spatial
propagation of pollutants. When combined with temporal models, they achieve state-
of-the-art performance for 24-72 hour predictions [31]. Hybrid GNN architectures with
attention or dynamic graph construction further improve accuracy.

Recently, transformer-based and attention-driven architectures have been introduced
for air quality forecasting. Their ability to capture long-range temporal dependencies
without vanishing gradients makes them highly effective for long-term prediction. Ar-
chitectures such as EMD-Transformer-BiLSTM and CNN-Transformer pipelines have
demonstrated strong results, especially when multimodal data (meteorological, satellite,
traffic) are incorporated [12].

Despite these advances, several limitations persist. Current deep learning models often
require large parameter counts and long training times. Many lack theoretical stability
guarantees for online learning, which is crucial in streaming environments. Furthermore,
although spatio-temporal dependencies are modeled, frequency-domain patterns (e.g., di-
urnal and seasonal oscillations) are rarely captured explicitly.

The Modified Sinc Neural Network (MSNN) incorporates frequency-sensitive basis func-
tions, providing a compact representation of oscillatory signals. The use of a discrete-time

Lyapunov-based learning algorithm ensures stable online training. Thus, MSNN combines
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interpretability, efficiency, and theoretical stability, making it a promising approach for
air pollution time-series forecasting.

A limited number of studies have investigated Sinc Neural Networks (SNNs). Elwasif
and Fausett applied SNNs with a single input and output to approximate univariate
functions [14]. Other researchers have employed Sinc-based convolutional networks for
EEG motor execution decoding [8] and brain—computer interface motor imagery classifi-
cation [9]. Applications of SNNs also extend to speech recognition [23], speaker and age
identification [24], EEG motor imagery classification [18], and human motion recognition
[7]. In applied mathematics, Heydari and Ahmadi employed SNNs to solve fractional
optimal control problems [16]. Recently, the author extended SNNs for chaotic system
identification and weather forecasting [1, 3].

However, the standard SNN may face limitations when modeling highly nonlinear and
complex systems. To overcome these challenges, the author proposed the Modified SNN
(MSNN) [1], which refines the architecture to better capture nonlinear dependencies and
intricate temporal dynamics. MSNN retains the advantages of the Sinc function, such as
smoothness, oscillation, and band-limitation, while extending its modeling capacity. The

main advantages of MSNN are:

e MSNN leverages the Sinc function to achieve comparable or superior performance
with fewer parameters, reducing computational costs and memory requirements.

e [t integrates seamlessly with existing neural network architectures, enhancing per-
formance without requiring a complete redesign.

e By incorporating frequency-domain information, MSNN excels in time-series fore-

casting, signal processing, and other frequency-sensitive tasks.

The objective of this study is to evaluate the effectiveness of MSNN for air pollution
forecasting. First, we describe the mathematical theory of time-series forecasting using
MSNN, trained via a discrete-time Lyapunov-based learning algorithm. We then apply
the proposed approach to forecast pollutant concentration levels.

The proposed model is tested on datasets encompassing various pollutants, including
particulate matter (PMsys, PMjp), nitrogen monoxide (NO), sulfur dioxide (SO3), and
ozone (Oz). The datasets were obtained from air quality monitoring stations in Khor-

ramabad, Iran. Its performance is benchmarked against standard SNN and multilayer
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perceptron (MLP) models, with evaluation focused on forecasting accuracy and computa-
tional efficiency. Results indicate that MSNN, despite its simple structure, demonstrates
strong capability in air pollution forecasting.

The remainder of this paper is organized as follows. Section 2 presents the structure of
MSNN. Section 3 discusses its application in time-series prediction. Section 4 addresses
the issue of air pollution forecasting. Section 5 demonstrates the use of MSNN to forecast

pollutant concentration levels. Finally, Section 6 concludes the paper.

2. Modified Sinc Neural Network (MSNN)

This section presents the structure and learning mechanism of the proposed Modified
Sinc Neural Network (MSNN).

2.1. Sinc Function. In the MSNN, the hidden layer employs the Sinc basis function as
its activation function. The Sinc function frequently appears in signal processing and
Fourier transform analysis and is sometimes referred to as the sampling function. In this

study, the normalized Sinc function is defined as:

sin(mx)
(2.1) Sa(z) = ™
1, z = 0.

, ©#0,

The Sinc function plays a crucial role across various fields of applied mathematics
and engineering, including Sinc interpolation and numerical Sinc methods, which have
shown remarkable effectiveness in solving nonlinear problems [30]. As the inverse Fourier
transform of the rectangular function, it is a fundamental component in signal processing,
bridging the understanding of signals in both time and frequency domains [?].

This function is smooth and oscillatory, alternating between positive and negative val-
ues, and gradually decays toward zero as the input tends to infinity. It also serves as the
foundation of the Whittaker cardinal function, an important construct in approximation
theory.

Let the i-th Sinc basis function be expressed as

(2.2) Sas(z) = Sa (%(x - zh)) = oo, 00,
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where h is a positive real number. For a real-valued function f, the Whittaker cardinal
series is defined as:

(2.3) C(f.m)() = ) f(ih) Sai(x),

which interpolates f at the discrete grid points ih (i = —o0, ..., 00).

In the complex w-plane, the strip domain Dy is given by [13]:
(2.4) Dy={w=t+is||s| <d}.

When a problem is defined over a subinterval I C R, a conformal mapping ¢ is intro-
duced such that ¢(I) = R. Let ¢ be a conformal map and ( its inverse, mapping the
simply connected domain D (which includes the interval (0,1)) onto D,. Hence, for the
subinterval I = (0,1) = ((R), with ¢(0) = —oo and ¢(1) = +oo, the function f can be

approximated as:
(2.5) fla)y = 3 fla) Saio(w)),
where z; = ((ih), and

(2.6) Sa;(z) = Sa (@ - z>

denotes the shifted Sinc basis function.
Based on these formulations, the following conformal mappings can be used to construct

single-exponential and double-exponential Sinc approximations, respectively [13]:

(2.7) z=1(w) = % + %tanh(g sinh(w)) ,
(2.8) z =1Py(w) = % + %tanh(%) ,

which map the real interval (—oo, +00) onto (0,1).

2.2. The structure of MSNIN. There has been relatively limited research devoted to
neural networks employing the Sinc activation function. A notable early contribution in
this area was made by Elwasif and Fausett (1996), who proposed a single-input, single-
output Sinc Neural Network (SNN) for single-variable function approximation [14]. More
recently, Heydari and Ahmadi extended the SNN framework to address fractional optimal
control problems [16].
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FIGURE 1. The architecture of MSNN in time series forecasting [3].

Building upon the foundational SNN models introduced in [14, 16] and incorporating
the Sinc basis functions defined in equations (2.2), (2.3), and (2.5), the author developed
the Modified Sinc Neural Network (MSNN) [1]. The MSNN architecture consists of three
layers, where the hidden layer is composed of Sinc basis functions. In this structure, the
inputs are directly connected to the outputs, and the parameters linking the input and
hidden layers are assumed to be uniformly equal to one.

Let

T

X =[x1,29,...,2,]", Y = [yl,yg,...,yq]T

denote the input and output vectors of the MSNN;, respectively. Suppose that S;(t), (i =

0,1,2,...,m — 1) represents the i-th Sinc basis function. Then, we define
Sa;(X) = [Sai(z1),Sa;(zs),...,Sa;(z,)]", i=0,1,2,...,m—1,
[ Sag(X) |
Sal(X)
(2.9) Sa(X) = .

| Sap-1(X)



AIR POLLUTION FORECASTING IN KHORRAM ABAD USING THE MODIFIED SINC ... 63

Let W; denote the matrix of parameters connecting the input layer to the output layer,
W5 the matrix of parameters connecting the hidden layer to the outputs, and b the vector
of biases associated with the output neurons. Accordingly, the network output can be

expressed as:

Y = WX +WSa(X)+b

X
= Wi W, b| [sa(x)
1
(2.10) = WS(X),
where
X
(2.11) Wz[Wl Wo b}, S(X) = |Sa(X)

1

Figure 1 illustrates the schematic representation of the MSNN applied to time series

prediction.

Remark 2.1. The MSNN inherits the approximation properties of Sinc expansions. In
particular, for functions that are analytic in a strip around the real axis (or for sufficiently
smooth functions on a compact interval), finite Sinc expansions (linear combinations of
shifted and scaled Sinc basis functions) approximate the target function arbitrarily well;
detailed error estimates and exponential convergence for analytic targets are available in
the Sinc numerical-methods literature [30]. A Sinc neural network with a finite hidden
layer of Sinc units is algebraically equivalent to a finite Sinc expansion (the hidden units
implement the shifted/scaled Sinc bases and the output layer is a linear combination).
Consequently, Sinc-based networks are universal approximators for this class of functions;
this fact has been used constructively in earlier work on Sinc networks and demonstrated
numerically [14]. We therefore assert that MSNNs have strong approximation capability
for smooth and oscillatory environmental signals, which motivates their use for environ-

mental time series forecasting.

Remark 2.2. the MSNN is introduced to enhance the flexibility and applicability of

the standard SNN. The main modification lies in incorporating both linear and Sinc-basis
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mappings (see Eq. 2.10), which allows the network to simultaneously capture linear trends
and nonlinear oscillatory components of the data. Therefore, direct connections between
the input layer and output layer are introduced, enabling the model to better approximate
functions with strong linear dependencies while still exploiting the expressive power of
Sinc functions. This structural modification makes MSNN more efficient and robust
for modeling complex, noisy, and highly dynamic environmental time series such as air
pollution data, where both smooth seasonal variations and abrupt short-term fluctuations

must be represented accurately.

2.3. Training of the MSNN. The parameters of the MSNN are trained using an ap-
propriate learning algorithm to obtain optimal estimates that minimize the prediction
error in time series forecasting. Let Y) denote the true output of the underlying system
at time step k, corresponding to the input Xy, and let ?k represent the MSNN output at

the same time index. The modeling error is therefore defined as:
(2.12) E, =Y, — Y

Following the approach outlined in [2], the weight update law for the MSNN can be

expressed as:
(2.13) AW, = TERS(Xy)",

where I is a positive definite matrix containing the learning rates.
Assume that the MSNN with optimal parameters W, can accurately represent the

system output:
(2.14) Y = W,S(Xy).

Let Wy denote the current estimate of the optimal parameters W,. Accordingly, the
MSNN output at iteration k is:

(2.15) Yi = WiS(Xp),
and the corresponding modeling error can be rewritten as:
(2.16) By = W,S(Xy) — WiS(Xy) = WiS(Xp),

where Wk = W, — W, denotes the parameter estimation error.
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Theorem 2.3. Suppose that the MSNN parameters are updated according to (2.13), and
that the following condition holds:

(2.17) ML) mi [ S(65) [ < 2
Then, the modeling error Ej asymptotically converges to zero.
Proof. Consider the Lyapunov candidate function

v = tr (WEF*W@ .
Using the relation AWk = —AW,, we obtain:

Avg = Vg1 — vk
= ftr </W7,;‘F+1F’1/W7k+1> —tr </W,$F’1/W7k>
— 2tr (W,{ P*lAWk) +tr (AWE F*lAWk)
= —2u (W ES(X0)") + tr (S(X) BITES(X,)")

S Y (’W,;f S(Xk)EkT> + ETTE,S(X)TS(Xe)

—2tr (ExE]) + ELTEL||S(Xy)|?

IN

= 2] B[ + Ammax (D) | E&[1*1S (Xi) 1*

IN

2 B2 + (A1) miax [S(X0) 1) 1| B

(2.18)

(A (T) max [S QX2 = 2) | B

From (2.17), it follows that Av, < 0, indicating that the sequence {vy} is monotonically

decreasing. Since vy is positive definite and bounded below, it converges to a finite limit:

(2.19) lim v, = v < 00.

k—o0

Therefore,

0 < (2= MO max[SCXDIP) Y 1B

k=0

(2.20)

IA
|
>
=
z=
|
S
|
<
g
A
g
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Consequently, {E.} € 2. By applying the discrete version of Barbalat’s lemma [17], we
conclude that:

(2.21) lim Ey = 0.

k—o0

O

The convergence of the proposed MSNN training algorithm is ensured by adopting a
discrete-time Lyapunov stability framework. Specifically, the Lyapunov candidate func-
tion is constructed based on the weight estimation error, which measures the deviation
between the actual weights and their optimal values. By showing that the difference of
this Lyapunov function across successive training iterations is always non-increasing, we
establish that the parameter updates remain stable and the error converges asymptoti-
cally toward a bounded neighborhood of zero. This analysis guarantees that the MSNN
does not exhibit divergence or oscillatory instability during online learning, a property
often lacking in conventional neural networks trained with gradient-based algorithms.
The inclusion of both linear and Sinc basis mappings further supports convergence, since
the richer function space reduces approximation error and accelerates the descent of the

Lyapunov function.

3. Time Series Forecasting Using MSNN

Time series forecasting involves predicting future observations based on previously
recorded data. This methodology plays a crucial role in various fields such as finance,
meteorology, environmental monitoring, and supply chain management. In recent years,
ANNSs have gained considerable attention for their ability to model nonlinear and complex
temporal dependencies, leading to improved forecasting accuracy [5].

A time series can be expressed as a sequence of data points {xy}72,, where zj denotes
the observed value at discrete time index k. The goal is to estimate the next value xyy;

using a set of preceding observations. Let the relationship between xp,; and the past

values xy, xx_1,...,Tr_7 be represented by a nonlinear function f:
Try1 = f(xk;, Th—1,-- - ,ﬁk—T)

(3.1) = [(Xk),

where X, = [, Tr_1,..., 2, 7|’ represents the input vector at time k.
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Assume that A is a Hurwitz matrix, meaning all its eigenvalues lie strictly inside the
unit circle. By adding and subtracting the term AXj on the right-hand side of (3.1), we

obtain:
(3.2) 1 = AXg+ g(Xg),

where g(X}) = f(Xx) — AX) denotes the nonlinear component.
To approximate the nonlinear function g(-), we employ the MSNN model defined in
(2.10), yielding:

(3.3) T = AXy + WLS(Xy),

where W, denotes the optimal weight matrix of the MSNN.
Accordingly, the parametric representation of the forecasting model can be expressed

as:
(3.4) Trp1 = AXp+ WiS(Xy),

where Ty, is the predicted output of the MSNN at time k + 1, and /I/I?k denotes the

estimate of the optimal parameter matrix W, at time step k.

Remark 3.1. Eq. (3.3) defines the ideal nonlinear autoregressive model with unknown
optimal parameters W,, while Eq. (3.4) defines the parametric approximation realized by

the MSNN during training, where Wk approximates W,.

The primary role of the MSNN in this study is to serve as an effective tool for time series
forecasting of air pollutant concentrations. Unlike conventional feedforward networks that
approximate nonlinear mappings in a purely data-driven manner, the MSNN leverages
the oscillatory and smooth characteristics of Sinc basis functions, which are well suited
for modeling the periodic and seasonal behaviors typically observed in environmental
time series. By incorporating a discrete-time Lyapunov-based learning algorithm, the
MSNN not only achieves stable online adaptation to streaming pollution data but also
ensures convergence of the training process, an aspect often missing in standard neural
architectures. This dual capability allows MSNN to capture both short-term fluctuations
(e.g., sudden spikes in PMj, 5 due to local emissions) and long-term temporal dependencies

(e.g., seasonal variations in ozone levels), thereby improving predictive accuracy.
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The convergence of the proposed MSNN training algorithm is ensured by adopting a
discrete-time Lyapunov stability framework [1, 6]. Specifically, the Lyapunov candidate
function is constructed based on the weight estimation error, which measures the deviation
between the actual weights and their optimal values. By showing that the difference of
this Lyapunov function across successive training iterations is always non-increasing, we
establish that the parameter updates remain stable and the error converges asymptotically
toward a bounded neighborhood of zero. This analysis guarantees that the MSNN does not
exhibit divergence or oscillatory instability during online learning, a property often lacking
in conventional neural networks trained with gradient-based algorithms. The inclusion
of both linear and Sinc basis mappings further supports convergence, since the richer
function space reduces approximation error and accelerates the descent of the Lyapunov
function.

In terms of computational complexity, the MSNN maintains an efficiency level com-
parable to that of traditional feedforward neural networks. As shown in Tables 2-6, the
number of trainable parameters in the MSNN is relatively small, which makes its train-
ing process computationally inexpensive. This complexity is similar to that of a single
hidden-layer MLP; however, due to the high representational capacity of the Sinc basis
functions, MSNN typically requires fewer hidden neurons to achieve comparable or supe-
rior accuracy. Consequently, the overall training time is shorter, and memory usage is
significantly lower compared to deeper architectures such as LSTM or CNN, which rely on
recurrent or convolutional computations with higher computational overhead. Therefore,
the MSNN provides a favorable balance between accuracy, stability, and computational
efficiency, making it particularly well-suited for real-time forecasting of environmental

time series data.

4. Air pollution forecasting

Air is a natural blend of chemical elements, predominantly nitrogen and oxygen. How-
ever, in densely populated or industrialized areas, the composition of air is significantly
altered due to the presence of additional chemical compounds, collectively referred to as
pollutants. These pollutants originate from both natural phenomena, such as volcanic

eruptions and forest fires, and human activities, including industrial emissions, vehicular
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exhaust, and waste burning. Pollutants may also form through complex chemical reac-
tions in the atmosphere, often catalyzed by sunlight or specific environmental conditions
[4].

Among these, particulate matter poses severe risks to human health. High concentra-
tions of PM;j, can cause respiratory distress and lead to increased hospitalization rates,
while PM, 5 is strongly associated with cardiovascular and pulmonary diseases. Particles
larger than 10 microns are generally filtered out by the upper respiratory system, prevent-
ing deeper penetration. Ozone is another significant pollutant, with its harmful effects
dependent on its altitude. Stratospheric ozone protects the Earth from harmful ultravio-
let rays, whereas ground-level ozone, a product of photochemical reactions during sunny
weather, peaks during the afternoon and is primarily a summer pollutant [29]. Nitrogen
monoxides (NO), is a critical air pollutant, and can cause severe respiratory issues [32].
S0, a gas with a sharp, irritating odor, reacts with other particles in the atmosphere,
exacerbating air pollution’s harmful effects.

Dust storms are another major source of air pollution, particularly in regions with arid
and semi-arid climates. Iran, with its vast desert areas, is especially vulnerable. Neigh-
boring countries like Iraq, Saudi Arabia, and Syria, which also have extensive deserts,
contribute to the dust transported into Iran by winds such as the Shamal wind [25].
Western regions of Iran, including Khorram Abad, experience the brunt of these dust
storms. The increased desertification has made air pollution in Khorram Abad and its
neighboring regions a pressing issue that requires immediate intervention and mitigation
strategies.

Timely forecasting of air pollution is crucial for minimizing its adverse effects. Nu-
merous predictive models have been developed, such as the multiscale air quality associ-
ation model [10] and the chemistry-coupled climate research and forecasting model [27].
However, many traditional models struggle with accuracy and adaptability. In contrast,
artificial neural networks (ANNs) have emerged as powerful tools for air quality model-
ing and time series forecasting. They excel at capturing nonlinear relationships within
environmental data, making them ideal for predicting pollutant levels.

We use the knowledge discovery from databases (KDD) method to pull out and study
details about air pollutants and their predictions. The main goal of KDD is to find new

and possibly useful insights from the raw data kept in databases [11]. This approach allows
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for forecasting air quality several hours ahead, which can help in making decisions for city
management. The KDD process consists of these stages: (a) examining the phenomenon,
(b) studying the data, (c) preprocessing the data, (d) creating models, and (e) evaluating

the results. Each part of this process is explained in the sections that follow.

e Examining the phenomenon: The initial step involves exploring the issue of air
pollution in Khorram Abad city, focusing on forecasting air quality to assist in for-
mulating pollution reduction policies. We utilize MSNN to predict pollutant levels
in the coming hours. Khorram Abad is situated in southwestern Iran. Given the
issue of fine dust and the city’s proximity to the western borders and the deserts
of Iraq, Saudi Arabia, and Syria, air pollution is a significant concern. Khorram-
abad, with a population exceeding 400,000, is encircled by the Zagros mountains,
which likely leads to pollutant accumulation. Additionally, the presence of various
pollution sources makes air quality a critical issue in this city.

e Studying the data: We focus on data collected from air quality monitoring sta-
tions in Khorramabad. The data, recorded hourly from early 2015 to December
2023, includes pollutants such as PMs 5, PMyy, NO, SO, and O3. However, the
dataset suffers from significant gaps and inaccuracies, complicating the modeling
process. To address these issues, we employ various methods, which are discussed
in subsequent sections. Figure 3 displays the hourly raw data from the air quality
monitoring station at Lorestan University of Medical Sciences from April 1, 2015,
to December 20, 2023.

e Data Preprocessing: The data must undergo preprocessing before it can be used
for predictions. This preparation involves several steps. Real-world air quality
datasets often suffer from measurement errors, missing sensor readings, and irreg-
ular sampling intervals. Therefore, before training the models, the raw dataset was
carefully examined, and a cleaning procedure was applied to identify missing and
corrupted values. For the Khorramabad dataset, the proportion of missing values
varied across pollutants due to sensor downtime and communication issues. These
missing values were imputed using a linear interpolation, followed by smoothing
to remove residual noise. To further evaluate robustness, controlled levels of noise
with SNR=35 were added to the dataset. The MSNN maintained stable perfor-

mance under these perturbations, with only a modest increase in mean squared
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error (MSE) compared to the clean data scenario. For smoothing the data, a
butterworth filter (w = 0.05) is utilized. Table 1 summarizes the data quality

statistics after data imputation.

TABLE 1. Summary of missing data for pollutant concentrations in Khor-

ramabad dataset.

Pollutant Missing Data (%) Interpolated (%) Final Usable Data (%)

PM,5 1 1 100
PM;g 0.2 0.2 100
NO 24 16 92
SO, 20 12 92
O3 34 19 85

The dataset from monitoring stations is composed of a series of observations xy
recorded at time k, with data collected at hourly intervals. Additionally, some data
requires balancing. We define approximate limits for each variable and replace
any values that fall outside these limits with the predefined bounds. Figure 2
illustrates the air pollution data after applying these preparation operations. Next,

we normalize all data to the range [0, 1] using the following formula:

x), — ming{xy}
maxy{xy} — ming{x;}

Yk =

Here, y, represents the normalized value at time index k, xj, is the observed value
at time index k, ming{z;} is the minimum value, and max{z;} is the maximum
value in the dataset. To smooth the time series, we calculate the average of
five consecutive data points and make predictions based on this smoothed series.
Additionally, we apply a filter to create a dataset with a relatively smooth curve.

e Creating models: In this work, MSNN is utilized as the neural model for air pollu-
tion forecasting. This neural model is trained using an online learning algorithm
based on the Lyapunov stability theory. Hyperparameters are adjusted empirically

to improve model performance.
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FI1GURE 2. Air pollutants concentration levels in Khorram Abad after some

preprocessing operations.

e Evaluating the results: To demonstrate the efficiency of MSNN, we compare the
results with several well-known neural model. To evaluate the model performance,
MSE is used.

Although this study primarily focuses on air pollution forecasting using data from Khor-
ramabad, the proposed MSNN framework is designed to generalize effectively to other
locations and environmental conditions. The use of Sinc basis functions enables the net-
work to capture both periodic and irregular fluctuations that are common in atmospheric
pollutant data across different regions, while the Lyapunov-based learning algorithm en-
sures stable parameter adaptation even when the statistical properties of the data change.
To examine this capability, we performed the experiments by training the model on some

segments of data and testing it on unseen data. Nonetheless, we acknowledge that further
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evaluation using datasets from multiple cities and diverse climatic zones would provide a
more comprehensive understanding of the model’s external generalizability. Such future
experiments are planned to confirm the scalability and robustness of MSNN for nationwide

or global air quality forecasting applications.

5. Air pollution forecasting using the MSNIN

In this section, MSNN is used for forecasting air pollutant concentration levels by
utilizing information from air pollution monitoring stations in Khorram Abad, Iran. The

input vector for the models is defined as Xy =[xy, 751, 72|

TABLE 2. MSEs of neural models in the forecasting of PMs; 5 pollutant

concentration.

Model n; h No. of Parameters A I'; Testing MSE

MLP 80 - 400 -190 0.05Igg 4.65e-4
SNN - 0.1 31 -190 213 7.11e-4
MSNN - 0.1 34 -190 213y 2.96e-4

5.1. Forecasting of PM, 5 pollutant concentration. The forecasting of PMs 5 pollu-
tant concentration was carried out using three neural network architectures: MLP, SNN,
and MSNN. For the MLP, trainable parameters were initialized randomly within the
range [—3, 3|, whereas in the SNN and MSNN models, the initialization interval was set
to [—5, 5] to account for the different basis functions and parameter sensitivities inherent
to these architectures. The choice of initialization range was guided by preliminary sen-
sitivity tests, which indicated that broader intervals allow Sinc-based models to capture
oscillatory components of the time series more effectively. Additional hyper-parameters,
such as learning rate I';;, number of hidden neurons n;,, and linear part matrix A, are
summarized in Table 2.

To provide a fair comparison, all models were trained on the same dataset split (90%
training, and 10% testing) and evaluated under identical stopping criteria. The per-
formance was assessed using the MSE. As reported in Table 2, the MSNN consistently
achieved lower MSE value compared with both MLLP and SNN. The comparative forecast-
ing results of MLP and MSNN for PM, 5 are illustrated in Figure 3. It can be observed
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FiGURE 3. Implementation of MLP and MSNN to forecast the concentra-
tion level of PMs, 5.

that MSNN captures the trends more accurately, especially during high-pollution episodes
where MLP tends to underestimate the peaks.

Overall, the analysis demonstrates that the MSNN achieves superior predictive ac-
curacy despite its relatively simple architecture and fewer trainable parameters. These
results underscore the efficiency of the proposed model and highlight its potential for
real-world applications in environmental time series forecasting. In addition, the inclu-
sion of both tabular results (Table 2) and graphical comparisons (Figure 3) provides a
more comprehensive evaluation of model behavior, thereby strengthening the validity of
the findings.

5.2. Forecasting of PM;, pollutant concentration. The forecasting of PM;, pol-
lutant concentration was carried out using three neural network architectures: MLP,
SNN, and MSNN. For the MLP, trainable parameters were initialized randomly within
the range [—5, 5], whereas in the SNN and MSNN models, the initialization interval was

set to [—0.5,0.5] to account for the different basis functions and parameter sensitivities
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TABLE 3. MSEs of neural models in the forecasting of PM;, pollutant

concentration.

Model np, h No. of Parameters A T; Testing MSE
MLP 85 - 505 -55 0.011gg 2.68e-4
SNN - 0.1 31 -65  0.3I31 2.36e-4

MSNN - 0.1 34 -65  0.3I34 1.75e-4
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FI1GURE 4. Implementation of MLP and MSNN to forecast the concentra-

tion level of PMjy.

inherent to these architectures. Additional hyper-parameters, such as learning rate I';,

number of hidden neurons nj, and linear part matrix A, are summarized in Table 3.

To provide a fair comparison, all models were trained on the same dataset split (90%

training, and 10% testing) and evaluated under identical stopping criteria. The per-

formance was assessed using the MSE. As reported in Table 3, the MSNN consistently

achieved lower MSE value compared with both MLLP and SNN. The comparative forecast-

ing results of MLP and MSNN for PMq are illustrated in Figure 4. It can be observed
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that MSNN captures the trends more accurately, especially during high-pollution episodes
where MLP tends to underestimate the peaks.

Overall, the analysis demonstrates that the MSNN achieves superior predictive ac-
curacy despite its relatively simple architecture and fewer trainable parameters. These
results underscore the efficiency of the proposed model and highlight its potential for
real-world applications in environmental time series forecasting. In addition, the inclu-
sion of both tabular results (Table 3) and graphical comparisons (Figure 4) provides a
more comprehensive evaluation of model behavior, thereby strengthening the validity of

the findings.

TABLE 4. MSEs of neural models in the forecasting of NO pollutant con-

centration.

Model n; h No. of Parameters A I Testing MSE

MLP 70 - 350 -60 0.01Igp 4.05e-5
SNN - 0.2 16 -60  0.413; 1.48e-4
MSNN - 0.2 19 -60  0.4I34 2.88e-5

5.3. Forecasting of NO pollutant concentration. The forecasting of NO pollutant
concentration was carried out using three neural network architectures: MLP, SNN, and
MSNN. For the MLP, trainable parameters were initialized randomly within the range
[—5, 5], whereas in the SNN and MSNN models, the initialization interval was set to
[—15,15] to account for the different basis functions and parameter sensitivities inherent
to these architectures. The choice of initialization range was guided by preliminary sen-
sitivity tests, which indicated that broader intervals allow Sinc-based models to capture
oscillatory components of the time series more effectively. Additional hyper-parameters,
such as learning rate I';, number of hidden neurons n;,, and linear part matrix A, are
summarized in Table 4.

To provide a fair comparison, all models were trained on the same dataset split (90%
training, and 10% testing) and evaluated under identical stopping criteria. The per-
formance was assessed using the MSE. As reported in Table 4, the MSNN consistently
achieved lower MSE value compared with both MLP and SNN. The comparative fore-
casting results of MLP and MSNN for NO are illustrated in Figure 5. It can be observed
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FiGURE 5. Implementation of MLP and MSNN to forecast the concentra-
tion level of NO.

that MSNN captures the trends more accurately, especially during high-pollution episodes
where MLP tends to underestimate the peaks.

Overall, the analysis demonstrates that the MSNN achieves superior predictive ac-
curacy despite its relatively simple architecture and fewer trainable parameters. These
results underscore the efficiency of the proposed model and highlight its potential for
real-world applications in environmental time series forecasting. In addition, the inclu-
sion of both tabular results (Table 4) and graphical comparisons (Figure 5) provides a
more comprehensive evaluation of model behavior, thereby strengthening the validity of

the findings.

5.4. Forecasting of SO, pollutant concentration. The forecasting of SO, pollutant
concentration was carried out using three neural network architectures: MLP, SNN, and
MSNN. For the MLP, trainable parameters were initialized randomly within the range
[—4.5,4.5], whereas in the SNN and MSNN models, the initialization interval was set

to [—0.025,0.025] to account for the different basis functions and parameter sensitivities
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TABLE 5. MSEs of neural models in the forecasting of SO, pollutant con-

centration.

Model np, h No. of Parameters A T; Testing MSE
MLP 85 - 505 -55 0.011gp 7.44e-5
SNN - 0.2 16 -55 I 1.80e-4

MSNN - 0.2 19 -55  0.2Ih9 6.47e-5
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FiGURE 6. Implementation of MLP and MSNN to forecast the concentra-
tion level of SOs.

inherent to these architectures. Additional hyper-parameters, such as learning rate I';,
number of hidden neurons nj, and linear part matrix A, are summarized in Table 5.

To provide a fair comparison, all models were trained on the same dataset split (90%
training, and 10% testing) and evaluated under identical stopping criteria. The per-
formance was assessed using the MSE. As reported in Table 5, the MSNN consistently
achieved lower MSE value compared with both MLP and SNN. The comparative fore-
casting results of MLP and MSNN for SO, are illustrated in Figure 6. It can be observed
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that MSNN captures the trends more accurately, especially during high-pollution episodes
where MLP tends to underestimate the peaks.

Overall, the analysis demonstrates that the MSNN achieves superior predictive ac-
curacy despite its relatively simple architecture and fewer trainable parameters. These
results underscore the efficiency of the proposed model and highlight its potential for
real-world applications in environmental time series forecasting. In addition, the inclu-
sion of both tabular results (Table 5) and graphical comparisons (Figure 6) provides a
more comprehensive evaluation of model behavior, thereby strengthening the validity of

the findings.

TABLE 6. MSEs of neural models in the forecasting of O3 pollutant con-

centration.

Model n; h No. of Parameters A I Testing MSE

MLP 80 - 400 -60 0.01Igp 8.68e-6
SNN - 0.1 31 -60  0.3I31 6.62e-5
MSNN - 0.1 34 -60  0.3I34 4.44e-6

5.5. Forecasting of O; pollutant concentration. The forecasting of O3 pollutant
concentration was carried out using three neural network architectures: MLP, SNN, and
MSNN. For the MLP, trainable parameters were initialized randomly within the range
[—5, 5], whereas in the SNN and MSNN models, the initialization interval was set to
[—15,15] to account for the different basis functions and parameter sensitivities inherent
to these architectures. The choice of initialization range was guided by preliminary sen-
sitivity tests, which indicated that broader intervals allow Sinc-based models to capture
oscillatory components of the time series more effectively. Additional hyper-parameters,
such as learning rate I';, number of hidden neurons n;,, and linear part matrix A, are
summarized in Table 6.

To provide a fair comparison, all models were trained on the same dataset split (90%
training, and 10% testing) and evaluated under identical stopping criteria. The per-
formance was assessed using the MSE. As reported in Table 6, the MSNN consistently
achieved lower MSE value compared with both MLP and SNN. The comparative fore-
casting results of MLP and MSNN for O3 are illustrated in Figure 7. It can be observed
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FiGURE 7. Implementation of MLP and MSNN to forecast the concentra-

tion level of Os.

that MSNN captures the trends more accurately, especially during high-pollution episodes
where MLP tends to underestimate the peaks.

Overall, the analysis demonstrates that the MSNN achieves superior predictive ac-
curacy despite its relatively simple architecture and fewer trainable parameters. These
results underscore the efficiency of the proposed model and highlight its potential for
real-world applications in environmental time series forecasting. In addition, the inclu-
sion of both tabular results (Table 6) and graphical comparisons (Figure 7) provides a
more comprehensive evaluation of model behavior, thereby strengthening the validity of

the findings.

6. Conclusion

This study underscores the critical challenge of air pollution in Khorram Abad, Iran,
and highlights the innovative application of the modified Sinc neural network (MSNN) for
predicting pollutant concentration levels. Despite its relatively simple architecture and

fewer trainable parameters, MSNN has demonstrated superior performance compared to
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traditional multilayer perceptron (MLP), and standard Sinc neural network (SNN) mod-
els. By integrating advanced modeling techniques with real-time learning algorithms, this
research provides a robust foundation for informed urban management and the develop-
ment of effective pollution mitigation strategies. The ability to accurately forecast air
pollution levels can significantly aid policymakers in implementing timely interventions,
thereby reducing the adverse health and environmental impacts associated with poor air
quality. In the future, research could be directed toward broadening the dataset to in-
clude a wider range of detailed and diverse air quality indicators, as well as incorporating
emerging technologies such as deep learning and hybrid models. These advancements
could further enhance the accuracy and reliability of air pollution forecasts, ultimately
leading to more effective and targeted policy interventions. Additionally, exploring the
integration of MSNN with other machine learning frameworks and real-time data streams

could open new avenues for dynamic and adaptive air quality management systems.
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