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DEVELOPMENT OF A NEURAL NETWORK-BASED MODULE FOR FORECASTING
ATMOSPHERIC POLLUTANT EMISSIONS

Abstract: The prediction of emissions to air is a crucial and complex task for environmental
monitoring and air quality management. Accurate forecasting is essential for the timely adoption
of mitigation measures and for ensuring regulatory compliance. However, traditional statistical
methods often perform inadequately because they poorly capture non-linear dependencies,
intricate interactions between variables, and long-term temporal patterns, all of which ultimately
decrease forecasting accuracy.

The work presents an emission prediction software module based on a neural network with LSTM
architecture. The input factors used were the concentrations of the main pollutants (NO, NO2, SOz,
CO, solid particles) as well as meteorological indicators including air temperature, humidity and
flow rate. Data provided by the operating enterprises, including 39,803 lines with increments of
20 minutes, were pre-processed: cleared from skips, normalized parameters and forming training
sequences of 72 steps, corresponding to the daily interval. Additional exploration analysis was
performed, which revealed the presence of expressed daily and weekly cycles, as well as
correlations between weather conditions and concentrations of pollutants.

The built model showed the ability to reproduce emission dynamics with acceptable accuracy,
which is confirmed by MSE 0.87 and R? 0.86 values. The developed module is integrated into the
current monitoring system and provides a user-friendly interface for building real-time forecasts.
The results are consistent with current research, but the work is applied as a tool used in practical
activities. In the future, it is planned to expand the set of factors and explore the possibilities of
using ensemble architecture to improve the accuracy and robustness of forecasts.

Keywords: neural networks; air pollution forecasting; atmospheric pollutant emissions;
environmental monitoring; predictive modeling.

Introduction

Air pollution is one of the current environmental problems affecting public health,
ecosystems and climate resilience. Pollutant emission forecasting plays an important role in
environmental monitoring and supporting management decisions related to the transition to
sustainable development and carbon neutrality.

Traditional statistical methods, such as the auto-regression model of the moving average
(ARIMA), and machine learning algorithms, including random forest and gradient boosting, are
used in atmospheric emission forecasting [1]. However, these methods struggle to model nonlinear
temporal dependencies, especially when both short- and long-term patterns must be considered

[2], [3].
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In this context, models of deep learning are attracting more attention, in particular the LSTM
(Long Short-Term Memory) architecture. These models are capable of processing sequential data
and capturing time dependencies at different scales, making them suitable for the analysis of air
pollution dynamics.

For example, in the study [4], the RNN-LSTM model developed to predict PM
concentrations. showed low error values and confirmed the applicability of neural network
approaches with limited data. The paper [5] states that neural network and ensemble methods
incorporating LSTM provide higher accuracy than traditional algorithms.

The comparison of LSTM with classical statistical models also shows its advantages.
Scientists [6] have found that the application of LSTM to predict PM concentrations. Dakar
allowed the RMSE to be reduced almost by half compared with the ARIMA model. Similar results
were obtained in a paper [7], where LSTM provided higher prediction quality than the multi-
layered neural network (ANN) when modelling ozone concentrations.

A separate direction is related to the creation of hybrid solutions. Thus, a separate direction
is related to the creation of hybrid solutions that combine space-time structure and attention. In
this context, the STA-ResConvLSTM (Stationary-Temporal Attention ResNet-ConvLSTM)
model showed improved prediction accuracy in urban agglomerations, including areas around
Beijing, surpassing basic models on RMSE, MAE and R? [8]. In addition, other scientists [9] have
proposed the VMD-GAT-BILSTM hybrid architecture, which has improved the prediction of
pollutant concentrations.

Systematic reviews of recent years confirm that deep neural networks and their ensemble
variants show better results than traditional methods. For example, work [10] proposed two-
channel deep learning model combines visual and numerical data for PM2s and PMyg prediction
with R? 0.946/0.905 and RMSE 4.79/11.51 pg/m3 respectively, which confirms the prospect of
multi-source approaches, and the study [11] points growing interest in hybrid and transformative
architectures for air pollution monitoring and forecasting.

Special attention is given to transformative architecture. Scientists [12] proposed the
AirFormer model for predicting air quality across a country. Similar conclusions are presented in
a paper [13], where the PlumeNet model based on ConvLSTM has shown efficiency in large-scale
forecasting. Researchers [14] have shown the effectiveness of CNN-LSTM for predicting PM
concentrations in urban agglomerations. The review [15] of machine learning methods also
identifies LSTM and hybrid architecture as the most promising for environmental forecasting. The
paper [16] confirmed the effectiveness of LSTM in short-term air pollution forecasting in South-
East Asia.

Therefore, LSTM architectures and their hybrid variants (CNN-LSTM, GAT-LSTM,
Transformer-based models) demonstrate strong potential for atmospheric emission forecasting.
Using this approach, atmospheric emissions can be predicted with high accuracy.

Although many studies confirm the effectiveness of deep learning for air pollution
forecasting, most existing research still focuses primarily on algorithmic performance evaluation
using historical datasets only [4], [5], [6], [7], [8]. Limitations include insufficient analysis of real
industrial environments, limited temporal resolution, narrow feature engineering, and the absence
of deployment-oriented validation. Moreover, many studies do not integrate forecast modules into
operational environmental monitoring platforms, which restricts the applicability for real-time
decision-making.

There is a lack of practically implemented solutions that forecast emissions based on real-
time industrial data streams while accounting for combined meteorological and operational factors.

Based on this gap, the present work proposes and evaluates a fully integrated forecasting
module operating within an environmental monitoring ecosystem in Kazakhstan.

Problem statement: Current forecasting approaches are insufficiently adapted for nonlinear
industrial emission dynamics and often lack real-time applicability for operational environmental
monitoring.



Research aim: To develop and validate a neural-network-based forecasting module for
pollutant emissions integrated into an operational monitoring system.

Objectives:

(1) Conduct data analysis to identify dominant temporal and meteorological factors;

(2) Design and train an LSTM-based forecasting model,

(3) Compare predictive performance with classical baselines;

(4) Deploy and validate the module within an existing monitoring system.

Hypothesis: Deep learning methods (LSTM) can significantly improve short-term
forecasting accuracy compared to traditional statistical approaches (e.g., ARIMA) when applied
to industrial monitoring data.

Methods and Materials

For the development of the forecasting module, data provided by active enterprises in
Kazakhstan were used. The dataset included 39,803 time-stamped observations recorded at 20-
minute intervals. Each observation contained both pollutant concentrations and relevant
meteorological indicators. Primary pollutants (nitrogen oxides, sulphur dioxide, carbon monoxide,
particulate matter), meteorological indicators (air temperature, humidity, wind speed and
direction) and additional temporal indicators were considered as inputs (hours, days of the week,
daily cycles). This set of factors allowed for modelling the dependence of emissions on weather
conditions and time patterns [17].

Before building the model, pre-processing of data was performed. At this stage records with
missing or incorrect values were deleted, time stamps were given a single interval of 20 minutes,
and numerical parameters were normalized in the range [0.1] by MinMax-scaling. Training
sequences of 72 steps (24 hours) were formed for the training, which allowed to take into account
daily fluctuations of emissions and use them in the forecast.

In addition, an exploratory data analysis (EDA) was carried out to identify patterns and
characteristics of the sample structure. Time series graphs, distribution histograms and correlation
matrices were developed as part of the analysis. The results showed marked daily and weekly
seasonality, dependence of concentration on weather conditions and episodic peaks indicating
irregular spikes in emissions. These observations are taken into account in the choice of model
architecture and learning strategy.

The neural network architecture LSTM (Long Short-Term Memory) was used for the
prediction, which is distinguished by its ability to model time dependencies of different durations.
Unlike traditional recursive networks (RNN), LSTM effectively addresses the problem of
disappearing and exploding gradients thanks to a memory mechanism [18], [19].

The basic element of LSTM consists of a memory cell and three gates: forgetting, entry and
exit. Their work is formalized by the following equations (formula 1):

fo = oWy - [he—q, x ] + by),
= o(W;- [Pe—1, %] + by),
Ce = tanh(We - [he_q, x¢] +be), 1)
Ce = fr " Ceoq i~ Gy,
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h; = o, - tanh(C,),

where x; — input data at time t, h; — hidden state, C; — memory cell state, f;, i;, o,— value of the
gates, o — sigmoidal activation function, tanh — hyperbolic activation function.

The architecture of the built model (Figure 1) included an input layer, the first LSTM layer
with 32 neurons for long-term dependency extraction, a dropout layer with a 0.2 factor for
regularization, The second LSTM layer on 16 neurons for short-term patterns and the final fully
connected Dense layer with one neuron predicting the next time step. This structure allowed to



take into account both long-term and short-term fluctuations of emissions, maintaining the model’s
resistance to re-training.

Input_72x’ | LSTM_32 —» Dropout_0.2 > LSTM_16 » Dense 1 | 4 Output

Figure 1. Neural network architecture.

The standard time series analysis metrics used in time series studies [20]: standard error
(MSE) (formula 2) and coefficient of determinism (R?) (formula 3) were applied to quantify the
quality of the forecasts. They were calculated by the following formulas:

1 ~
MSE = -3, (v — 91)%, @
S =90
RZ =1 -4 1V Vi
L iy (3)

where y; — actual values, y; — forecast values, y — sample average.

To illustrate the structure of the network, an architectural diagram was prepared, including
all the main layers and connections (Fig. 1).

For reproducibility, a classical ARIMA baseline was trained using the same dataset and AIC
model selection strategy. Statistical significance of improvements was evaluated using a paired t-
test (a = 0.05).

Results

Exploration data analysis (EDA) showed the presence of expressed time patterns. The time
series clearly show daily and weekly cycles, as well as individual concentration peaks that may be
associated with man-made emissions or changes in weather conditions. Correlation analysis
revealed significant relationships between pollutant levels and meteorological parameters, in
particular temperature, humidity and airflow rate.

Table 1 — Descriptive sample statistics (n = 39 803 lines)

Parameter Average Minimum Maximum St. deviation
NO 0.197 0.150 0.296 0.026

NO: 0.310 0.250 0.424 0.033

SO: 0.118 0.090 0.150 0.014

CO 1.695 1.500 1.986 0.100

DUST 39.4 36.1 43.2 1.1

0: 20.8 20.6 21.1 0.1

TEMP (°C) 9.0 -18.5 32.1 9.5
Humidity (%)  63.2 15.0 96.2 18.3

Figure 2 shows a fragment of the time series of NO2 concentrations for the first 500
observations. Values appear to fluctuate within normalized ranges and reflect daily dynamics.
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Figure 2. Time range of concentrations NO- (the first 500 observations).

The distribution of pollutants is characterized by asymmetry and peak values. For example,
the dust histogram (DUST) shown in Figure 3 indicates a shift of the distribution to high values,
which may be related to local emissions.
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Figure 3. Dust distribution histogram (DUST).

For a more detailed evaluation of the relationships between factors, a correlation matrix was
constructed (figure 4). The highest correlation factors are found between NO and NO. gas
concentrations, as well as between humidity and dust. This confirms the need to take into account
an integrated set of input factors in forecasting.
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Figure 4. Correlation matrix of pollution factors and meteorological parameters.

The quality of the developed model was assessed using standard error (MSE) and coefficient
of determination (R?). The final values were MSE 0.87 and R? 0.86, which shows the model’s
ability to reproduce the behavior of time series and make predictions based on historical data.

Table 2 summarizes the predictive performance of the proposed LSTM model relative to the
classical ARIMA baseline. The LSTM achieved a 32-48% reduction in RMSE depending on the
pollutant, and the improvement was statistically significant (paired t-test, p < 0.05).

Table 2 — Comparison of proposed model with ARIMA

Pollutant ARIMA RMSE | LSTM RMSE z%’m"eme“t p-value
NO 0.145 0.088 39.3% <0.05
NO- 0.158 0.084 46.8% <0.05
SO. 0.121 0.081 33.1% <0.05
CO 0.210 0.131 37.6% <0.05
DUST 0.274 0.173 36.9% <0.05

The LSTM approach consistently outperformed ARIMA across all pollutants with RMSE
reduction ranging from 33% to 47%, indicating a substantially improved ability to model nonlinear
temporal emission dynamics. The highest relative improvement was observed for NO., which
exhibits pronounced short-term variability driven by industrial processes and meteorological
fluctuations.

This confirms that deep learning-based forecasting provides a stronger capability to model
nonlinear emission dynamics compared to traditional statistical methods.



Figure 5 shows the interface of the forecast module, allowing the user to select the required
indicator and forecast horizon.
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Figure 5. Prediction module interface.

Automatically creates a graph where the forecast values are superimposed on the latest actual
observations, which makes it easier to understand the results.

In addition, the stability of the model on individual sub-samples was tested. The metric
values obtained were kept at a comparable level, which indicates that the module is stable. It is
important to note that the model correctly reproduces both seasonal fluctuations and abrupt
emissions of concentrations, which confirms its applicability for practical environmental
monitoring tasks.

Discussion
The presented emission forecasting module has been successfully implemented into the

existing environmental monitoring system and demonstrated the ability to produce forecasts with
acceptable accuracy. An important contribution of this work is not only the forecasting accuracy,
but also the practical implementation of the tool for real-time use. The module interface allows
specialists to quickly analyze the current situation and make predictions for different horizons,
which increases the value of the solution for air quality management applications.

Comparison with existing studies shows that most of the work is limited to theoretical
modeling and testing of algorithms on historical data. For example, a study by Gueye and co-
authors (2025) examined the effectiveness of the LSTM model for predicting PM concentrations.
in Dakar, and the authors showed a reduction of errors compared to classical statistical methods
[3]. However, their work was focused on evaluating the accuracy of the algorithm and did not
include integrating the solution into real monitoring systems. In contrast, the module developed
by us combines the experimental part with the application implementation, which allows to use
the simulation results directly in management processes.

It should be noted that in the current version of the module only the main pollutants and
basic meteorological parameters are taken into account as input factors. A wider consideration of
external conditions, such as seasonal changes in traffic flows or features of industrial facilities, can
further improve the accuracy of forecasts and broaden the scope of application of the module.



The model currently operates at a single monitoring location with a limited set of
meteorological variables. External influences such as industrial operational modes, traffic
intensity, and seasonal technological cycles are not yet explicitly modeled. These aspects can
contribute to significant emission fluctuations and therefore remain an important direction for
future improvement.

The methodology can be extended toward multi-site learning across different industrial
zones, as well as incorporating additional environmental and operational datasets. Further
enhancement may be achieved through ensemble architectures and adaptive models capable of
handling spatio-temporal variability. These improvements will increase robustness and enable
nationwide deployment of real-time emission forecasting tools.

Thus, the key contribution of this study is not only the construction of a prognostic model,
but also the creation of a software component that has been integrated into the current intellectual
system. This confirms the practical relevance of the proposed solution and opens opportunities for
further development, such as multi-factor forecasting and ensemble architectures.

Conclusion

The work presents a pollutant emission prediction module, developed on the basis of a neural
network with LSTM architecture and integrated into an existing environmental monitoring system.
The analysis showed that the model provides an acceptable accuracy of predictions (MSE 0.87, R?
0.86) and is able to reproduce both smooth seasonal fluctuations and sudden spikes in pollutant
concentrations.

An important result is not only the successful construction of the model, but also its
implementation in the form of a software module with a convenient interface. This allows
professionals to use real-time forecasts in environmental management decisions.

Each research objective was successfully addressed:

- The EDA confirmed the presence of temporal and meteorological dependencies affecting

emission dynamics;

- The trained LSTM model demonstrated high predictive capability (MSE 0.87, R2 0.86);

- When compared with the ARIMA baseline, the proposed model showed statistically

significant improvement in forecasting accuracy;

- Integration into the monitoring software validated the practical applicability for real-time

environmental decision-support.

These results confirm that the formulated research gap has been successfully closed and the
developed module represents a valuable contribution to operational air quality forecasting systems.
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