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Abstract


It is important to predict air pollutant emissions from coal-fired power plants using real-time technological parameters to improve environmental efficiency. Since the relationship between emissions and parameters is nonlinear, machine learning models are needed to forecast emissions under various boiler operating modes. This study develops and tests Deep Sparse Transformer Networks for predicting pollutant time series, accounting for long-term dependencies. Data were collected from a 4000 MW coal-fired power plant in Ekibastuz, Kazakhstan, covering 67,527 records for 14 indicators at 10 min intervals. Fractal R/S analysis confirmed long-term memory in SO2, PM2.5, and NOx series, guiding window length selection. The results show that the model achieves slightly better accuracy for SO2 (R2 0.95–0.38), while NOx and PM2.5 have similar dynamics (R2 0.93–0.26). However, accuracy drops notably after 12 points, making the model best suited for short-term forecasts. These findings support environmental monitoring services and help optimize plant parameters, contributing to lower emissions and advancing carbon neutrality goals.
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1. Introduction


In 2023, global energy-related greenhouse gas emissions exceeded 40 gigatons for the first time in history. This is due to a significant increase in global primary energy consumption. Coal production and use is the basis for ensuring this growth and maintaining the energy balance. Moreover, in Europe and the US, coal production and consumption are falling. In the Asia–Pacific region, on the contrary, coal consumption is growing. According to [1], in 2023, global coal production reached its highest level (179 EJ). An important aspect is that coal is often of poor quality and is burned on outdated equipment, which significantly pollutes the environment [2]. According to a study [3], coal combustion emits the highest rates of particulate matter PM10 and PM2.5 and SO2, CO2, and NOx, as well as carcinogenic metal pollutants. If a coal-fired power plant is located close to populated areas, its operation can result in significant health problems for the local population. The main diseases are respiratory diseases (bronchial asthma, chronic bronchitis) [4,5], cardiovascular diseases [6,7], and neurological and oncological diseases. This leads to significant expenditures by local authorities on public healthcare. At the same time, coal-fired power generation is still the main contributor to air pollution worldwide.



In recent years, governments and the international community have paid considerable attention to improving the population’s quality of life and reducing the level of diseases associated with coal production and consumption. In large cities, real-time air quality monitoring stations are being set up using the Internet of Things (IoT) [8,9]. This system consists of sensors that transmit information about air quality via the Internet. This makes it possible to monitor the pollution level at any given time and respond promptly to possible deviations. It is especially important to install such systems near industrial facilities and coal-fired power plants. IoT sensors measure the concentration of particulate matter (PM10, PM2.5), sulphur and nitrogen oxides (SO2, NOx), carbon dioxide (CO2), and other important indicators, including temperature, humidity, etc. These data are transmitted via Wi-Fi, mobile networks, or LoRa WAN to a server or cloud platform. The data are analyzed and visualized in the form of graphs and maps. Based on the results of the analysis, the monitoring system can send notifications about the state of the air so that the environmental service and government agencies can make decisions related to environmental safety and reducing risks to public health. Thus, the study’s results correspond to sustainable development strategies in terms of ensuring the health and quality of life of the population.



An important aspect of ensuring high-quality environmental monitoring is accurately forecasting changes in air pollution indicators. Traditional forecasting methods cannot effectively model the complex nonlinear process of generating a time series of air pollution indicators. Therefore, modern approaches that use a sufficient amount of retrospective data should be used to improve forecast accuracy. In this case, forecasting accuracy is related to environmental safety and the daily impact on the quality of life and human health. That is why the problem of forecasting such time series can be solved using a deep learning model based on transformer networks. In addition, the complexity of the input data, the presence of outliers, and outliers should be analyzed separately at the stage of pre-prediction analysis. Also, at this stage, a comprehensive analysis should be carried out to identify long-term dependencies in the time series.




2. Literature Review


As mentioned above, the operation of coal-fired power plants can significantly affect the quality of life and health of the population living near coal mining and consumption facilities [4,7]. An environmental monitoring system is used to monitor, collect, and analyze environmental indicators that arise during the operation of a coal-fired power plant. The purpose of the system is to identify and prevent the harmful effects of pollutant emissions on the environment. It also aims to control compliance with environmental standards and regulations. Environmental monitoring at coal-fired power plants includes the control of air pollutant emissions, control of water quality used by coal-fired power plants, monitoring of soils and waste heaps, etc. The objective of monitoring is to prevent environmental accidents and preserve resources for future plant upgrades, as well as to control compliance with environmental legislation.



Environmental monitoring is an important tool for industrial management. The use of approaches to managing the operation of coal-fired power plants allows for operational and strategic decisions to be made on the modernization of filter systems and the introduction of energy-efficient technologies. In addition, the use of industrial management and new monitoring approaches for coal-fired power plants helps improve the enterprise’s environmental reputation and facilitates the transition to sustainable production.



The implementation of environmental control as part of industrial management systems is an urgent problem for Kazakhstan. This is especially true for coal-fired power plants. As you know, Kazakhstan is among the ten countries with the largest coal reserves in the world, estimated at 33.6 billion tonnes of reserves in about 400 deposits. Coal is actively consumed by coal-fired power plants, whose operation is critical to maintaining the energy balance of the country and other Central Asian countries. At the same time, if Kazakhstan does not follow the priorities of the EU’s Carbon Border Adjustment Mechanism [10], this may significantly affect the country’s export revenues [11]. The Republic of Kazakhstan’s achievement of carbon neutrality by 2060 is a strategic goal of the state. This implies a significant reduction in greenhouse gas emissions, primarily carbon dioxide. However, in order to effectively reduce emissions, it is first necessary to learn how to measure and control them accurately. Without reliable data on the volume and composition of emissions, it is impossible to build either a monitoring system or an emission management policy.



Significant emissions from coal-fired power plants have a negative impact on the health of the local population. Papers [12,13,14] analyze the causes of the increased prevalence of chronic obstructive pulmonary disease and bronchial asthma in Kazakhstan. Paper [15] analyzes air quality and industrial emissions in the cities of Kazakhstan. Moreover, the situation with air pollution is particularly negative in industrial areas of Kazakhstan, particularly in the Karaganda and Pavlodar regions. According to a study [16], Kazakhstan ranked 71st among 138 countries in terms of pollution in 2024. Moreover, the level of pollution has been decreasing in recent years. The reduction in pollution is a result of the use of pollutant emission monitoring systems at industrial enterprises and coal mining and consumption facilities.



Part of air monitoring systems is the implementation of methods for analyzing the time series of pollution indicators for forecasting and studying the structure of such time series. Traditional statistical methods can be used for environmental monitoring and forecasting tasks. Such methods include the autoregressive moving average (ARMA), autoregressive integrated moving average (ARIMA) [17,18], etc. However, time series of air pollution indicators have a nonlinear structure and are difficult to predict using traditional approaches. Another direction is the use of machine learning methods that allow for nonlinearity. Examples of such methods include the support vector method (SVR) [19], neural networks [20], XGBoost [21], etc.



Using neural networks with different architectures is promising for implementation in environmental monitoring systems. The known architectures of neural networks for time series forecasting have certain disadvantages. A CNN does not allow for effective training when predicting nonlinear relationships of air pollution data. An RNN and LSTM have the problem of gradient vanishing and exploding. To solve these problems, we developed the transformer method, which has been used for machine translation [22], image classification [23], speech recognition [24], etc. The peculiarity of using neural networks based on transformers is that the model allows the modelling of long-term dependencies in time series. In [25], a deep learning model using transformer networks was proposed. The model was analyzed on the time series of PM2.5 concentrations in the air in Beijing and Taizhou. In [26], a transformer-based method for predicting hourly PM2.5 concentrations recorded at 12 stations in Beijing was described. To compare the developed model, the convolutional neural network long-short term memory–attention model was implemented. It was concluded that the developed model allows us to overcome the problems of the interdependence of influence factors in long sequences. This allows the model to be used for the long-term forecasting of time series of air pollution indicators. Paper [27] proposes a deep learning model for temporal difference-based graph transformer networks (TDGTNs). The model allows for analyzing complex relationships and long-term dependencies in the time series of air pollution, particularly the concentration of PM2.5 in the air. The model was verified using real data recorded in China. However, an important component of ensuring high forecasting accuracy is to study the structure of the time series before starting the forecast. That is, before applying the model, it is necessary to analyze the structure of the time series and the availability of long-term memory.



Since contamination propagates nonlinearly, the confirmation of the adequacy of using transformer-based neural network models for forecasting such time series should be based on methods that establish the presence of long-term memory in the structure of such time series. This can be realized based on predictive fractal analysis using the R/S analysis method [28], detrended fluctuation analysis (DFA) [29,30], and multifractal detrended fluctuation analysis (MF-DFA) [30]. In particular, in [31], the MF-DFA method was built, and the multifractal structure of air pollution time series in Zhengzhou (China) was revealed. In [32], the long-term memory in the time series of air pollutant concentrations (PM10, PM2.5) from four stations in the city of Astana (Kazakhstan) was studied using the R/S analysis method. It was found that the reason for the sharp increase in the concentration of pollutants in the air is the proximity of the coal-fired power plant to the city. For the most part, such time series have a long-term memory. That is, such series can be predicted using a neural network model with appropriate architecture.



Thus, this study aimed is to build and verify Deep Sparse Transformer Networks for forecasting the time series of air pollution indicators, considering the presence of long-term dependencies in the structure of such time series. The basis of the forecasting model is the process parameters that must be adjusted in real time. Thus, it is necessary to develop mathematical models at the stage of regime adjustment to predict the level of emissions under different boiler operating conditions. This will allow not only the timely detection of deviations but also the optimization of combustion processes to minimize emissions. The verification carried out using real data on the level of air pollution in the Ekibastuz coal-mining centre, which houses one of the largest coal-fired power plants in Kazakhstan and the world. The following tasks were set to achieve this goal:




	
To investigate the presence of long-term memory in the structure of the time series of air pollution indicators based on the fractal analysis method.



	
To implement and verify Deep Sparse Transformer Networks, as well as to evaluate the accuracy on a real dataset.









3. Materials and Methods


3.1. Area of Study and Collection of Data


The Ekibastuz coal-fired power plant was chosen for this study. The plant is located in the Pavlodar region in the northeast of the Republic of Kazakhstan and is one of the largest power-generating plants in Kazakhstan and the world, with a capacity of up to 4000 MW. The plant uses low-grade coal, which is mined in the area via open-pit mining. Electricity from this power plant satisfies the domestic market and is exported to neighbouring countries, thus being at the heart of the region’s energy security. However, the operation of the plant leads to significant man-made pollution, which affects Ekibastuz, with a population of more than 150,000 people, and the Pavlodar region, with a population of more than 750,000 people [33]. The location of the Ekibastuz coal-fired power plant near large, populated areas and its place in ensuring energy security determines the need for the detailed monitoring of emissions from this plant.



Emission data from the Ekibastuz coal-fired power plant were recorded using industrial sensors that were installed directly at the stationary emission facility. Dust metres were installed to record the transparency of the smoke stream. To measure sulphur and nitrogen, cells were used, which were installed on gas analyzers near the source of emissions. Gas was sampled from the stack, dried/cooled, and prepared for analysis in a gas generator. After analysis, information on the composition of elements in the gas was obtained and stored. Thus, information on the emissions of substances was collected: CO, NO, NO2, SO2, DUST, NOx. A detailed scheme of the indicator selection and monitoring system is shown in Figure 1. The described system is part of the industrial management of Ekibastuz coal-fired power plant. Coordinated management allows for detecting changes in the emissions of pollutants that deviate from the norm and responding promptly. In addition, an important task is to forecast emissions, considering the technical and technological parameters of the plant. These parameters are adjusted in real time. Therefore, at the stage of the regime adjustment of technological parameters, it is necessary to use mathematical forecasting models that allow for predicting the level of emissions in different modes of plant operation. This will make it possible to optimize combustion processes to minimize air pollutant emissions.



Emissions directly depend on the process parameters of the boiler. These parameters, in turn, are determined during the so-called commissioning process, which is carried out after the boiler is out of service. During this process, a mode map is generated, which is a document containing key parameters of the equipment, such as the furnace vacuum, oxygen content, velocity of the dust–air mixture, combustion temperature, and others.



The emissions of various pollutants emitted by coal-fired power plants were analyzed. The most observed emissions are sulphur dioxide (SO2), nitrogen oxides (NOx), particulate matter, and dust. The emission of these pollutions is closely related to the technological parameters of the plant, such as combustion temperature, oxygen content in the furnace, rarefaction, fuel feed rate, air distribution, and fuel composition. Therefore, these emission parameters were taken as the basis for a more detailed study. SO2 emissions depend on the sulphur content of coal. If the temperature in the boiler is too low, some of the sulphur may not be burned. At the same time, a temperature that is too high leads to an increase in the emission of sulphur dioxide emissions into the air. The dependence on the technical and technological parameters of a coal-fired power plant is close to linear.



The emission of NOx also depends on the time the fuel stays in the high-temperature zone, air distribution, and combustion characteristics. In this case, the dependence has a pronounced nonlinear character, since even slightly exceeding the temperature threshold can dramatically increase the level of NOx. Controlling this process requires precise adjustment of the air supply and temperature regime.



Dust emissions depend on the quality of fuel combustion, the efficiency of the collection systems, and the supply of fuel and air. In this case, the dependence is also nonlinear, since under certain combinations of temperature and oxygen deficiency, emissions can increase exponentially. Due to the high complexity and nonlinearity of combustion processes and the formation of air pollutant emissions, traditional methods of mathematical modelling are often not accurate enough. In such cases, machine learning methods, in particular neural networks, come to the fore. SO2, NOx, and PM2.5 emission indicators were selected as priorities for analysis due to their high toxicity and high frequency of follow-up in the dataset. In addition, these emissions are the main markers of air pollution from coal burning, according to the WHO and the European Environment Protection Agency. Other air pollution emissions were also analyzed during the study. However, there were no significant discrepancies with the presented results regarding the values of the Hurst exponent and the accuracy of the DSTN model.



To achieve the research objective, data on the operation of the Ekibastuz coal-fired power plant were collected from 1 March 2023 to 31 December 2024. In total, 67,527 values of air pollution indicators were analyzed during the period under review. The dataset of indicators is available in the Supplementary Materials.



The dataset was analyzed for omissions, and it was found that it contains a small number of omissions from 2 to 4, but these omissions have a long length (from 124 to 1560 points). This makes applying the interpolation method to fill in the omissions and implement the DSTN model and the R/S analysis method difficult. If the input dataset contains gaps of a short length, this means that filling in the gaps is possible using special interpolation methods. Therefore, in our case, it was decided to exclude from consideration parts of the time series containing gaps with a long length. Using the R/s analysis method and the DSTN model for time series with available gaps of this length makes no sense. As part of the study, statistical emissions in the sample were analyzed. For this purpose, the method of three times the standard deviation (3σ) from the mean value was used, which is one of the classical approaches to detecting anomalous values. As a result, 158 emissions of SO2 indicators, 346 emissions of NOx indicators, and no emissions for PM2.5 indicators were identified. This is 0.254% of the total data volume. At the same time, none of the detected values exceeds the threshold value of five standard deviations (5σ), which indicates the absence of extreme anomalies. Given the low proportion of emissions and their limited distance from the average, it was decided not to remove these observations from further analysis, since their impact on the overall data structure is insignificant.




3.2. Investigation of the Presence of Long-Term Dependencies in the Structure of the Time Series of Air Pollution Indicators Based on the Fractal Analysis Method


At the first stage of this study, it is necessary to investigate the structure of the time series, particularly to establish the presence of long-term dependencies in the structure of the time series. The presence of long-term memory in time series can be determined based on fractal analysis. This pre-prognostic analysis is important for tuning the parameters of predictive models. It has also been shown in [32,34] that the results of the analysis, particularly the change in the values of the Hurst index in the dynamics, can be an effective tool for monitoring air quality and water pollution. To monitor the time series of pollutant emissions in the air and discharges of waste mine water from mining facilities, fractal analysis is an important component of ensuring effective industrial management.



Traditionally, detrended fluctuation analysis and R/S analysis are used for fractal analysis of time series. It is shown in [35] that detrended fluctuation analysis is more difficult to implement, and due to the accumulation of calculation errors, it is unsuitable and cannot be considered a good method for the predictive analysis of time series. Therefore, when there is sufficient time series available for analysis, the traditional R/S analysis is sufficient to determine the level of persistence, randomness, or anti-persistence of the time series. Such an estimate, which allows us to reliably determine the presence of long-term memory in the structure of time series, is the Hurst exponent.



Let   Q =   q    t 1    , q    t 2    , … , q    t n        be a discrete time series of air pollution indicators. The values of the time series are recorded at regular intervals    t 1  ,  t 2  , … ,  t n    [26,35]. Let us build a family of time series    Q i  =   q    t 1    , q    t 2    , q    t i       ,   i =   3 , n  ¯   , for each of which we calculate the arithmetic mean      Q ¯   i    and the deviation from the arithmetic mean   ρ   i , s     using the following formulas:


      Q ¯   i  =   1 i     ∑  j = 1  i   q    t j        ,   i =   3 , n  ¯    



(1)






   ρ   i , s   =   ∑  j = 1  s     q    t j    −    Q ¯   i        ,   i =   3 , n  ¯    ,   s =   3 , n  ¯   .  



(2)







The calculation of the indicators is carried out considering the empirical conditions presented in [35]. In particular, the minimum length of the time series    Q i    should be three. After that, we calculate the range and standard deviation for the input time series  Q , and find their ratio    Δ h    using the following formula:


   Δ i  =      max   s =   1 , i  ¯    ρ   i , s   −   min   s =   1 , i  ¯    ρ   i , s        1 i      ∑  j = 1  s     q    t j    −    Q ¯   i       2       .  



(3)







H is defined as the coefficient on the independent variable for the   lg    Δ i    = H lg  i  + lg  δ    equation based on the least squares method. It is also possible to construct a family of time series using the fixed time window method and calculate the Hurst H for each time series using the R/S analysis method. As a result, you can obtain a time series of Hurst’s indicators and study how this indicator changes in dynamics. This allows you to track the moments when the structure of the time series shows an increased influence of random factors. This is especially important for time series of downwind pollution and building appropriate air quality monitoring systems. This is especially important in urban agglomerations where exceeding air pollutant standards can be harmful to the health of the local population. Such control is also necessary for effective industrial management at plants and facilities for the extraction and processing of minerals.



The interpretation of the results of the predictive fractal analysis for time series of air pollution indicators can be as follows [26]:




	
If   T  Q  < H ≤ 1  ,   T  Q  =     2  π   i − 1          ∑  k = 1   i − 1        i − k  k       ,   i =   3 , n  ¯   , then this indicates the presence of long-term memory in the structure of time series Q. That is, the time series is persistent, and the current trend of the time series is likely to continue in the future. The estimate of   T  Q    depends on the length of the time series and is described in [36]. Such time series can be effectively forecasted based on both traditional forecasting models and machine learning models.



	
If   0.5 ≤ H ≤ T  Q   , then time series Q is random. This means that pollutant emissions are not stable, which does not allow for an accurate forecast. It may also indicate an accident at the facility where the time series values were recorded.



	
If   0 ≤ H < 0.5  , then time series Q is anti-persistent. This is a time series that changes faster than a random series. The interpretation for the time series of air pollution indicators is similar to that in the previous paragraph.








The obtained results of the predictive fractal analysis are the basis for the effective application of forecasting models based on machine learning. Also, the results are important for building air monitoring systems as part of industrial management or Smart City systems.




3.3. Time Series Forecasting with Deep Sparse Transformer Networks


Let   Q =   q    t 1    , q    t 2    , … , q    t n      =    q 1  ,  q 2  , … ,  q n      be the input time series, and let   q    t i    ∈  ℝ d   , where  d  is a fixed dimension of the data. The task is to calculate a forecast with a horizon, i.e., to find the values of the time series    Q ^  =     q ^   n + 1   ,   q ^   n + 2   , … ,   q ^   n + p      . Thus, the encoder transforms the time series   Q =    q 1  ,  q 2  , … ,  q n      into a hidden continuous representation of   Z =    z 1  ,  z 2  , … ,  z w     . At the same time, the decoder allows you to generate the original time series    Q ^  =     q ^   n + 1   ,   q ^   n + 2   , … ,   q ^   n + p       based on the specified representation  Z  (Figure 2). The process is iterative: At step  k , the hidden value    z  k + 1     is calculated based on the previous values of the time series  Z . Then, using the assumed value of    z  k + 1    , the next value of    q  k + 1     of time series  Q  can be predicted.



Paper [25] indicates that an encoder can use sparse self-attention to determine the relationship between time series data of air pollution indicators. In this case, attention weights are calculated based on scaled dot-product attention. Thus, the encoder has a sparse attention block and two sparse attention blocks that are cascaded by a 1D convolution with max-pooling. Accordingly, we propose a residual connection for two sublevels, which is described in [37]. The decoder is used to train and calculate a generative forecast of the time series of air pollution indicators. The decoder also uses a residual connection for three blocks with a preliminary normalization layer [25]: a masked sparse attention block, a multi-head attention layer, and a fully connected feed-forward network.



To evaluate the prediction efficiency, we used the traditional metrics of root mean square error (RMSE), mean absolute error (MAE), and coefficient of determination (R2) according to the following formulas:


  R M S E ( Q ,  Q ^  ) =     1 p     ∑  i = 1  p        q  n + i   −   q ^   n + i      2      ,  



(4)






  M A E ( Q ,  Q ^  ) =   1 p     ∑  i = 1  p      q  n + i   −   q ^   n + i       ,  



(5)






   R 2  = 1 −      ∑  i = 1  p        q  n + i   −   q ^   n + i      2        ∑  i = 1  p        q  n + i   −   q ¯   n + i      2       ,  



(6)




where     q ¯   n + i     is the arithmetic mean for time series  Q , and  p  is the number of observations.





4. Results


4.1. Results of a Study of Long-Term Memory in the Time Series of Atmospheric Pollutant Emissions


From the total dataset on air pollution in coal-fired power plant emissions, three main indicators were selected for further analysis, namely sulphur dioxide (SO2), nitrogen oxides (NOx), and fine dust PM2.5. They were chosen due to their environmental significance and the relatively small number of missing values in the time series, which significantly increases the reliability of further calculations. The existing gaps in the selected data were ignored at the calculation stage. Changes in the emissions of these pollutants during the study period are shown in Figure 3.



To analyze the dynamic properties of the signals, an R/S analysis was performed using the fixed-length flow window method, which allowed us to determine the change in the Hurst exponent over time. The results of this analysis are shown in Figure 4 and reflect the peculiarities of the autocorrelation structure of the pre-tested time series.



The analysis of changes in the Hurst exponent over time for the selected air pollution indicators shows that there is variability in the autocorrelation structure of the time series. The values of the exponents are not stable and show fluctuations: in some periods, they decrease to the level of 0.5 and even 0.4, which may indicate a decrease in the level of predictive power and a weakening of long-term dependencies in the data. At the same time, during most of the period under study, the values of the Hurst exponent exceed 0.7, which indicates the presence of long-term memory in time series and growing trends. The value of the Hurst exponent for the entire period of observation for sulphur dioxide (SO2) is 0.7196; for nitrogen oxides (NOx), 0.7658; and for fine dust (PM2.5), the value of the Hurst exponent is 0.7230. The obtained values confirm the predominance of stable correlations and auto dependencies in the dynamics of air pollution.




4.2. Verification Results of Deep Sparse Transformer Network for Predicting Air Pollution Indicators


To investigate the possibility of forecasting long-term memory for predicting air pollution indicators, a model based on the Deep Sparse Transformer Network (DSTN) was built. This model is a modification of the classical sparse transformer with sparse attention and is designed to work more efficiently with long series. For this study, we used an encoder consisting of two DSTNE blocks connected in series. The basic structure of the DSTNE block is shown in Figure 5.



Each DSTNE block starts with a sparse self-attention mechanism. This mechanism allows each element of the sequence to consider the values of several neighbouring elements, the number of which is determined by the window length. Sparse self-attention is the main mechanism that allows you to critically reduce the number of connections to be analyzed. The classical mechanism of attention activation involves analyzing n2 links, while the sparse attention mechanism analyzes only n*w links, where w is the window length. Self-attention is followed by residual connection. At this stage, we find the sum of the input tensor and the output from attention. This ensures that the original features are not lost, and we preserve it along with the transformed features with the context. The next step is normalization. Normalization is necessary to increase the convergence of the learning methods. The fourth element of the DSTNE block is the Feedforward Network (FFN). It is implemented using a two-layer interconnected perceptron. The FFN is responsible for the deeper processing of each token separately, without considering the connection with its neighbours. The DSTNE block is completed by normalizing the output from the FFN.



The decoder consists of two DSTND blocks connected in series. The key structural difference between these blocks is the use of two inputs. On one of the inputs, the Causal Sparse Self-Attention mechanism is used to input data. Casual means that each element analyzes the connections only with the previous elements and does not contain connections with the following elements. As in the encoder, the decoder uses sparsity to significantly reduce the number of connections to be analyzed. Scarification allows you to analyze no more than n*w links, where w is the length of the window. The other input of the decoder applies Cross-Attention to the context data received from the encoder. There is no causal constraint on this input, i.e., every element of the output sequence is associated with every element of the input sequence. The sum of the results of the two inputs is found, to which the FFN and normalization are applied (Figure 6).



After passing through all the DSTND blocks of the decoder, we obtain a tensor T containing the embedding of each token in the output sequence. This tensor does not yet contain the prediction of the next values of the sequence, but only abstract features that preserve the context of the previous values and the context of the input sequence. To obtain the prediction, another layer of neurons is used, this layer converts each feature vector into a scalar predicted value.



Given that additional features were used to predict the values of the pollutant, there was another embedding layer in the model before the encoder input. This is a fully connected layer that converts the input features of each token into a fixed-dimensional vector (embedding). The use of embedding is necessary to provide homogeneous data to the attention inputs, which allows the model to train the optimal representation of each token. As a result of training, we made predictions for 1, 6, 12, and 24 points ahead. The results of the accuracy assessment are shown in Table 1.



The Deep Sparse Transformer Network (DSTN) model was tested and trained locally on a laptop equipped with an NVIDIA RTX 3060 GPU with CUDA support. The PyTorch library with CUDA 11.8 and Python 3.12 was used for development. During training, the Adam optimizer with a learning rate of 0.001 and the MSE loss function was used. The model training took more than 2 h for each of the three contamination sequences. Despite the presence of a powerful GPU, frequent out-of-memory errors (OOM errors) were observed during the run. using long input sequences and using multi-fic inputs. The length of the window in the attention blocks was especially critical. We had to limit the window length to 20 steps.



To validate the developed model, time series forecasting was performed using the auto_arima function from the pmdarima package, which automatically selects optimal ARIMA parameters based on information criteria [38]. A forecast was generated for a horizon of 24 steps. Based on the comparison between predicted and actual values, key evaluation metrics were calculated. The corresponding results are presented in Table 1. According to the results, the DSTN-based method outperformed ARIMA, demonstrating significantly higher forecasting accuracy. Notably, the ARIMA model yielded a negative R2 value, indicating that its predictions were worse than a naïve forecast based on the mean. This highlights the limitations of ARIMA in capturing complex nonlinear patterns in the data, in contrast to the capacity of the proposed neural architecture.



The forecasting results show that the proposed model demonstrates slightly better accuracy for predicting SO2 levels compared to other pollutants. The value of the coefficient of determination R2 for SO2 varies from 0.95 for a one-point forecast to 0.38 for a 24-point forecast. For NOx and PM2.5, the results are similar, with a gradual decrease in R2 from 0.93 to 0.26, respectively.



One possible explanation for the higher accuracy of SO2 forecasts is that its emission is closer to linear in its dependence on the main parameters of power plant operation. This makes its dynamics more predictable for the model, unlike NOx and PM2.5, which may have a more complex, nonlinear relationship with technological modes and atmospheric conditions. At the same time, there is a significant deterioration in the quality of forecasting with an increase in the forecast horizon. A particularly sharp decline in accuracy occurs after the 12-point interval, which indicates the limited effectiveness of the model for long-term forecasts. Thus, the obtained results confirm the expediency of using the model mainly for short-term forecasts, no more than 12 points ahead.





5. Discussion


5.1. Findings


This study analyzes the presence of long-term memory in the time series of SO2, PM2.5, and NOx emissions, which were collected at one of the largest coal-fired power plants in Kazakhstan and the world with a capacity of 4000 MW, located in Ekibastuz (Kazakhstan). Based on fractal R/S analysis, it was found that these time series are characterized by the presence of long-term memory, and the time series are persistent. In particular, the Hurst exponent for the entire period of observation for sulphur dioxide (SO2) is 0.7196; for nitrogen oxides (NOx) it is 0.7658; and for fine dust (PM2.5), it is 0.7230. The change in the Hurst exponent in the dynamics for these time series was also constructed and studied. R/S analysis allowed us to select the length of the window for applying the Deep Sparse Transformer Network model to predict these time series. The model input consists of the technological parameters of the Ekibastuz coal-fired power plant. The DSTN architecture consists of two encoders and two DSTN block decoders, each with an attention window w = 20, embedding dimension equal to 64, learning rate of 0.001, the Adam optimizer, batch size of 64, and training/test distribution of 80/20. The training lasted two hours on an NVIDIA RTX 3060. When implementing the decoder part of the DSTN model, the window was used with a limited length of 20 points. If we had enough computing power, we could use a longer window to provide higher forecast accuracy for values with a horizon of more than 12 points. No other measures were taken to improve computational efficiency in this study.



In addition to R/S analysis, the DFA method was implemented, allowing us to confirm long-term dependencies in time series. Both methods yielded similar results for the Hurst exponent, which indicates the reliability of the data structure conclusion. Since R/S analysis is easier to implement and the input time series was cleaned of omissions, this study decided to focus on implementing R/S analysis.



In general, the results are important for adjusting the plant’s operating parameters and ensuring reduction in pollutant emissions. This corresponds to the implementation of the concept of achieving carbon neutrality and is important for ensuring the environmental safety of the region where the coal-fired power plant is located. Another important area of research is the creation of composite materials, particularly for removing elemental mercury gas (Hg0) from the flue gases of coal power plants. In particular, in study [39], a composite material Fe-UiO-66@BC was developed that combines the organometallic framework (MOF) of UiO-66, modulated with iron (Fe) ions, with biochar (BC). This composite is highly efficient in removing Hg0 from flue gas. It should be noted that excessive emissions from the Ekibastuz coal-fired power plant are a factor influencing the emergence of chronic diseases in the local population of Ekibastuz. Studies [12,13] indicate a significant prevalence of chronic lung diseases in this region. That is why ensuring the effective industrial management of the Ekibastuz coal-fired power plant and building air pollution monitoring systems in the region is important for ensuring public health and improving quality of life. Thus, the results of this study correspond to the following goals of sustainable development: SDG 3 (health and well-being), SDG 7 (affordable and clean energy), SDG 11 (sustainable cities), and SDG 13 (combating climate change) [40], correlating with the 2030 Agenda for Sustainable Development [41]. In particular, the introduction of new forecasting and environmental monitoring strategies is the key to ensuring the health and well-being of the population. In other words, the results have important social implications for regional development. In addition, the results have an impact on the formation of sustainable regional management strategies and the improvement of the regulatory framework in this area.




5.2. Limitations and Future Research Lines


In this study, a significant amount of data was collected on 14 indicators of both technological parameters of Ekibastuz coal-fired power plant and the emissions of various pollutants. However, the three indicators of SO2, PM2.5, and NOx emissions were selected for model verification, as they were found to have long-term memory. The time series of other indicators also had a persistent character, but in this study, only those that are most often recorded during the operation of coal-fired power plants were analyzed. Accordingly, in the future, it is necessary to verify the model for a larger number of pollutant emission indicators.



The difficulty in implementing the Deep Sparse Transformer Network model was due to the fact that the model is sensitive to emissions and omissions. Therefore, the collected time series of air pollution indicators were pre-processed. This should also be considered when implementing the R/S analysis method. Thus, the data containing many consecutive gaps complicates the analysis.



The specifics of the equipment and operating modes of a particular coal-fired power plant may limit the generalization of the DSTN model. Currently, there is information about monitoring the operation of one coal-fired power plant. However, this power plant generates high-capacity electricity and is of strategic importance for the sustainability of the entire region’s energy system. Research confirms that the developed DSTN model can be used in the work of other coal-fired power plants, but it may need to be finalized. This should be studied separately. It should also be noted that this study considered the performance of one coal-fired power plant. Each power plant has its own operation and equipment specifics and may also consume a specific type of coal. Accordingly, the mode setting of technological parameters may differ for other plants. This, to some extent, limits the generalization of the findings. Nevertheless, the results obtained allow us to improve the efficiency of the industrial management of coal-fired power plants to reduce air pollutant emissions.





6. Conclusions


It has been found that the use of neural network models makes it possible to create an environmental monitoring system that can predict the level of emissions even before the equipment starts operating in a particular mode, as well as recommend optimal parameters for the operation of a coal-fired power plant to minimize pollution. The integration of neural networks into the management and commissioning of a coal-fired power plant not only helps to achieve environmental goals but also improves the overall efficiency and safety of the plant.



This study analyzed the presence of long-term memory in the time series of air pollution indicators. The indicators were recorded at the Ekibastuz coal-fired power plant (Republic of Kazakhstan) for the period from 1 March 2023 to 31 August 2024. Three main indicators of air pollution at coal-fired power plants were analyzed: sulphur dioxide (SO2), nitrogen oxides (NOx), and fine dust (PM2.5). The Hurst exponents for these time series were calculated, and the presence of long-term memory in the structure of these time series was revealed. In particular, the Hurst exponent for the entire period of observation for sulphur dioxide (SO2) is 0.7196; for nitrogen oxide (NOx), it is 0.7658; and for fine dust (PM2.5), it is 0.7230. The change in the Hurst exponent in the dynamics for these time series was also plotted and studied. In general, it can be concluded that these time series are persistent, so they can be predicted using traditional forecasting models.



It was found that the change in the emission of nitrogen oxides and dust, depending on the setting of the technological parameters of the coal-fired power plant, is nonlinear. Therefore, to predict changes in the emission of these pollutants, it was decided to use the Deep Sparse Transformer Network, considering the values of technological parameters. The effective formation of a coal-fired power plant operation mode map and the setting of plant operation parameters critically affect the emission of pollutants into the air. Therefore, the described two-stage approach to predicting the time series of pollutant emissions (using fractal analysis and a neural network based on transformers) will allow a qualitative approach to the process control of the coal-fired power plant. The results of this study are important for the development of environmental monitoring systems at coal-fired power plants. This is especially important in the context of implementing the concept of achieving carbon neutrality.



The results of this study support the 2030 Agenda for Sustainable Development in terms of ensuring the health and well-being of the population, ensuring sustainable cities (SDG 3, SDG 11). In addition, the results define a strategy for providing affordable and clean energy (SDG 7), which is at the heart of combating climate change (SDG 13). In addition to ensuring the components of the 2030 Agenda for Sustainable Development, the creation of environmental monitoring systems can be part of the formation of sustainable regional management strategies in terms of ensuring energy security, environmental sustainability, and a high quality of life for the population living near objects releasing harmful substances.
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Figure 1. Schematic of air pollution monitoring by a coal-fired power plant. 
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Figure 2. The model for time series forecasting with Deep Sparse Transformer Networks. 
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Figure 3. Graph of air pollutant emissions of the Ekibastuz coal-fired power plant from 1 March 2023 to 31 December 2024. 
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Figure 4. Graph of Hurst exponent variation for the Ekibastuz coal-fired power plant from 1 March 2023 to 31 December 2024. 
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Figure 5. Architecture of the encoder block. 
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Figure 6. Architecture of the decoder block. 
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Table 1. Forecasting performance of the Deep Sparse Transformer Network trained on Ekibastuz coal-fired power plant data.
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Pollution

	
Performance Metrics

	
DSTN

	
ARIMA




	
Forecast Horizon




	
1

	
6

	
12

	
24

	
24






	
PM2.5

	
RMSE

	
58.59

	
137.07

	
172.32

	
209.87

	
325.55




	
MSE

	
34.71

	
90.36

	
119.88

	
145.38

	
298.82




	
R2

	
0.95

	
0.81

	
0.65

	
0.38

	
−1.43




	
NOx

	
RMSE

	
63.33

	
87.94

	
105.16

	
117.37

	
35.14




	
MSE

	
42.99

	
63.30

	
73.45

	
86.88

	
24.13




	
R2

	
0.93

	
0.75

	
0.52

	
0.26

	
−0.16




	
SO2

	
RMSE

	
17.12

	
23.77

	
28.48

	
31.82

	
73.94




	
MSE

	
11.63

	
17.19

	
19.85

	
23.38

	
58.50




	
R2

	
0.93

	
0.76

	
0.51

	
0.27

	
−0.24
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