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Abstract: The prediction of pollution emission from a combined heat and power (CHP) 8 

system is very important for the production regulation and emergency response of a power 9 

system. The composition and structure of the CHP equipment are complex, and the 10 

production process is cumbersome. The fuel chemical reaction of the pulverized coal in the 11 

boiler represents a highly nonlinear and strongly interrelated process that is strongly affected 12 

by external environmental factors, which causes a certain level of volatility and uncertainty. 13 

In this study, a pollution emission prediction method of CHP systems based on feature 14 

engineering and a hybrid deep learning model is proposed. Feature engineering performs 15 

multi-step preprocessing on the original data, refines the correlation factors, and removes 16 

redundant variables. The hybrid deep learning model has a multi-variable input and is 17 

established by combining the convolutional neural network-long short-term memory network 18 

with the attention mechanism. The case study is conducted on the collected actual dataset. 19 

The influence of the prediction target periodicity on the prediction results is analyzed 20 

seasonally to verify the effectiveness of the hybrid model. The results show that the root 21 

mean square error of the proposed method is less than one, and the error is reduced compared 22 



to the other basic methods, which proves the superiority of the proposed pollution emission 23 

prediction method over the existing methods. 24 

Keywords: Pollution emission prediction, CHP system, CNN-LSTM structure, attention 25 

mechanism 26 

Nomenclature 

 

L constituent element [-] 

lag the number of continuous lag prediction targets [-] 

T total number of sliding windows [-] 

n dimension of input features [-] 

f forgetting gate [-] 

i input gate [-]] 

o output gate [-] 

C storage unit [-] 

H external state [-] 

W weight [-] 

b bias [-] 

 

Subscripts 

 

t current time [h] 

h prediction horizon [h]  

 27 

1. Introduction 28 

Among all environmental pollution sources in China, power industry pollution is one of the most 29 



dominant pollution sources (Pan et al. 2021; Xiao et al. 2021). Nitrogen oxides (NOx) and sulfur 30 

dioxide (SO2) are the most conventional air pollutants. Excessive NOx and SO2 can cause 31 

photochemical smog and acid rain and have a serious impact on the ozone content in the 32 

atmosphere. In nature, NOx is mainly produced under thunderstorm weather conditions; however, 33 

human production activities, such as automobile exhaust emission, power generation in thermal 34 

power plants, and fuel combustion in other industrial production, highly increase the content of 35 

NOx and SO2 in the air. According to the preliminary estimation of the United Nations 36 

Environmental Planning (UNEP) deployment project “Comprehensive Consideration of 37 

Environmental Factors in Energy Planning,” 70% of atmospheric emissions of NOx in China 38 

originates from the direct combustion of coal (Zhang et al. 2016), which has an immeasurable 39 

impact on nature. Therefore, it is particularly important to control the emission of NOx and SO2. 40 

In recent years, numerous effective measures have been taken in many fields to control 41 

anthropogenic pollutant emissions (Meng et al. 2021). For instance, in the field of thermal power 42 

generation, the application of CHP production mode (Hyeunguk et al. 2021) can improve resource 43 

utilization and reduce environmental impact under the same energy consumption. In the Emission 44 

Standard of Air Pollutants for Thermal Power Plants, which was promulgated and implemented in 45 

China in 2012, it has been strictly stipulated that the NOx and SO2 emissions of the new circulating 46 

fluidized bed coal-fired boilers are 100 mg/m3, and there have been even more stringent 47 

requirements for certain regions in China. Zhejiang Jiaxing Tongxiang Tayes Environmental 48 

Protection Energy Limited Company is a CHP power plant. Its power generation equipment adopts 49 

the method where multiple boilers and steam turbines transmit steam through the main pipe to 50 

complete simultaneous regional heating and power supply. The structural diagram of a CHP system 51 



is shown in Fig. 1, where it can be seen that it includes a single boiler and steam turbine involved 52 

through the main pipe. The pulverized coal in the boiler burns to heat water to produce the 53 

superheated steam. The steam is gathered in the main pipe and distributed to each steam turbine to 54 

drive the steam turbine to generate electricity and supply electricity to users. The waste heat 55 

transmitted by the gas condenser can also produce heat to the users so as to make full use of 56 

resources. The NOx and SO2 produced by the power plant are controlled by the post-treatment 57 

process, such as desulfurization, and then discharged from the chimney into the atmosphere. 58 

However, before a pollutant discharge, the power plant needs to predict the emission amount at a 59 

certain time in the future and whether the post-treatment effect reaches the expectation. If the 60 

pollutant discharge is excessive, the power plant shall take necessary measures in advance to adjust 61 

the production equipment parameters so that to reduce the emission. 62 

In pollutant emission prediction, a method of physical mechanism analysis has been commonly 63 

used to establish the mathematical model between the parameters of various power plant 64 

components and pollutants, and the values of pollutants have been calculated through the mapping 65 

relationship. For instance, Zhang et al. (2008) analyzed the generation mechanism of NOx and SO2 66 

in thermal power plants according to the organic chemical structure of coal and concluded that the 67 

furnace temperature, the uniformity of furnace temperature, the residence time of flue gas in the 68 

high-temperature zone, excess air coefficient, and coal quality characteristics had a dominant 69 

impact on pollutant generation; they also established a dynamic model to predict the pollutant 70 

emissions. 71 

However, the composition and structure of the CHP equipment are complex and the production 72 

process is cumbersome. The establishment of a physical model reflecting equipment operation has 73 



always been challenging (Nakaishi et al. 2021). Chemical reaction of the fuel in the boiler is highly 74 

nonlinear. In addition, coal combustion properties, catalyst properties, reaction operation conditions, 75 

and other factors can affect energy combustion and emission. Thus, it is very difficult to establish a 76 

kinetic reaction model based on physical mechanisms. 77 

Considering at the nonlinearity and heterogeneity of pollutant emission data in industrial 78 

production activities, the data-driven statistical method can capture the complexity of mechanism 79 

modeling and shows good performance (Lusis et al. 2017). Traditional methods for pollutant 80 

emission prediction use statistical models, such as the ARIMA (Wang et al. 2021) and linear 81 

regression. Muhammad et al. (2013) combined the genetic algorithm (GA) and linear regression 82 

(LR) model to predict NOx emission of a power plant and achieved satisfactory results. With the 83 

beginning of the third upsurge of artificial intelligence, machine learning (ML) has been widely 84 

used in the prediction of pollutant emission of power plants. For example, Zhou et al. (2020) used 85 

the genetic algorithm to optimize the support vector machine (SVM) to predict NOx emission of 86 

thermal power plants, and the relative error of the final model was less than 3%. Thompson et al. 87 

(2000) established a multi-layer perceptron (MLP) model for the long-term prediction of nitrogen 88 

emission from the coal-fired power plants and analyzed the impact of different prediction time 89 

lengths on the prediction result. Owing to the continuous upgrading of computer hardware, the 90 

application of deep learning neural networks with a deeper number and more parameters in the field 91 

of industrial production has gradually increased, and the field of power plants has not been an 92 

exception. Belén et al. (2003) used an artificial neural network (ANN) to predict pollutant SO2 near 93 

a thermal power plant in Colomba Province, Spain; the accuracy of the artificial neural network was 94 

improved compared with the semiparametric model. Sriram et al. (2006) used a multi-variable-input 95 



three-layer feedforward neural network (FNN) to predict the amount of the suspended particulate 96 

matter in the emission of Neyveli Thermal Power Plant in India and achieved excellent results. 97 

The long short-term memory network (LSTM) (Zou et al. 2020; Chang et al. 2020) model can 98 

well describe the data feature relationship contained in time series, and it has been widely used in 99 

text analysis (Zhang et al. 2020), time series prediction (Pappas et al. 2008; Vu et al. 2017), and 100 

speech recognition (Lee et al. 2011). Yang et al. (2020) used mutual information variable selection 101 

and an LSTM to predict the NOx emission from power plant boilers dynamically, which improved 102 

the accuracy and robustness of the prediction model. Weng et al. (2020) stated that the traditional 103 

backpropagation (BP) neural network prediction model could consider only a one-way time 104 

relationship, resulting in a poor prediction effect and an inability to take into account the NOx 105 

emission index and proposed a NOx emission prediction model based on deep two-way LSTM, thus 106 

reducing the prediction error by about 5%. 107 

In the field of big industrial data, performing multi-dimensional spatiotemporal data processing 108 

by combining different methods with an LSTM to establish hybrid models and extract data features 109 

from the space and time domains has become one of the dominant trends (Lin et al. 2021). For 110 

instance, a one-dimensional convolutional neural network (1D-CNN) can extract deep features of 111 

time series. Also, when used as the previous layer of an LSTM, it can significantly improve the 112 

feature extraction performance for input multi-variable time series. The attention mechanism (AM) 113 

(Zhang et al. 2021; Guo et al. 2021; Ghaffarian et al. 2021) can optimize the LSTM weight 114 

distribution and improve model training efficiency and recognition results by increasing the weight 115 

that has a stronger impact on the results and reducing the weight that has a weaker impact on the 116 

results. In the power industry, many neural network models have been used for load forecasting, 117 



including CNN, LSTM, and mixed models. Peng et al. (2021) designed a CNN-LSTM neural 118 

network forecasting model by combining a convolutional neural network (CNN) and an LSTM 119 

neural network to predict the coal storage of power plants. This method uses the advantages of both 120 

models, namely, a good feature extraction ability of the CNN and the special memory prediction 121 

function of the LSTM neural network. Zhang et al. (2021) combined the attention mechanism with 122 

a CNN seq2seq network and proposed a short-term multi-energy load forecasting method for power 123 

plants, which was verified by the actual collected data. 124 

However, the applications of hybrid CNN, LSTM, and AM models in pollutant emission 125 

prediction of power plants have been very few. Therefore, this study proposes a pollutant emission 126 

prediction method of a thermal power plant that combines feature engineering and a hybrid 127 

CNN-LSTM-AM model to improve the prediction effect and achieve accurate prediction on an 128 

hourly basis. 129 

To integrate the most comprehensive information related to the pollutant prediction target, this 130 

study proposes a strategy to determine the data dimension based on the Pearson correlation and 131 

mutual information. The data used for the proposed model development are obtained from actual 132 

production equipment, and their diversity and quantity are large, which addresses the overfitting 133 

challenge of the deep learning-based methods. 134 

The main contributions of this study can be summarized as follows: 135 

(1) A multi-step feature engineering method, which includes the variance test, physical 136 

mechanism filtering, Pearson correlation analysis, and mutual information calculation, is proposed 137 

to process the target data. The collected data are screened and dimensionally reduced to obtain an 138 

appropriate input for the prediction model. 139 



(2) By combining CNN, LSTM, and AM, a hybrid model with multi-variable input is proposed. 140 

The AM is introduced into the adaptive weight allocation of time features to identify more 141 

important inputs for the LSTM layer. The hybrid model compensates for the deficiency of a single 142 

LSTM and can ensure better depth feature extraction. 143 

(3) An improved strategy for pollutant emission control of CHP, which makes decisions in 144 

advance by predicting changes in the future emissions, which are further used to adjust production 145 

equipment and reduce the damage to the environment, is proposed. In addition, a scheme for the 146 

application of the artificial intelligence-based method in the field of power production is introduced. 147 

 148 

Fig. 1. Structure diagram of a CHP system 149 

 150 

2. Data overview 151 

The hourly operation data of the CHP units collected by Zhejiang Jiaxing Tongxiang Tayes 152 

Environmental Protection Energy Limited Company from July 2, 2020, to July 9, 2021, are used to 153 
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extract the NOx and SO2 data from the flue gas emission data of the power plant, which are then 154 

used as a prediction target. 155 

Historical operation data have typically been used as input data of a pollution emission 156 

prediction model because of the high dependency on the prediction objectives. The pollutant 157 

emission curve of a thermal power plant reflects daily and weekly production affected by the 158 

production equipment of the power plant and daily activities in the power supply area. As the power 159 

generation of a power plant shows a certain periodicity, the number of discharged pollutants 160 

changes regularly. The collected operation parameters include both linear and nonlinear parameters 161 

related to NOx and SO2 emission. Moreover, owing to the influence of seasonal factors, there are 162 

large differences in regional power supply between summer and winter periods, and their 163 

distribution ranges of emission values are completely different, which requires using a 164 

high-accuracy prediction model. The emission curves of NOx and SO2 from June 4 to June 9 in 165 

summer and from November 4 to November 9 in winter periods are presented in Fig. 2. As shown 166 

in Fig. 2, in the summer, the NOx emission is in the range of 10–30 mg/m3, but in the winter, it is 167 

less than 3 mg/m3; meanwhile, the SO2 emission shows smaller differences between the summer 168 

and winter periods, namely, it is higher than 20 mg/m3 in the summer and lower than 20 mg/m3 in 169 

the winter. Analyzing the daily emission results, it can be seen that the NOx emission results show 170 

high periodicity during daytime but low periodicity at night in both summer and winter periods, 171 

while the SO2 emission results are chaotic and irregular. Therefore, it is more challenging to predict 172 

SO2 compared to NOx. 173 



 174 

Fig. 2. Emission curves of NOx and SO2 175 

 176 

3. Proposed method for NOx and SO2 emission prediction 177 

3.1 Proposed method operation flow 178 

The proposed pollutant emission prediction method mainly includes feature engineering, model 179 

establishment, and prediction, as shown in Fig. 3. 180 

Feature engineering uses two methods to preprocess the original dataset, determine the factors 181 

highly correlated with the prediction target, reduce data dimension, and prevent the data 182 

dimension-related problem during model training. The pretreatment stage includes the Pearson 183 

correlation analysis (Zhang et al. 2021) and mutual information analysis (Liu et al. 2021; Ghosh et 184 

al. 2021; Miyashita et al. 2021), which are respectively used to extract the factors in the dataset that 185 

are linearly and nonlinearly related to NOx and SO2, which are then used as the model input. 186 

The hybrid prediction model consists of CNN and LSTM, which are combined with the AM. 187 

Among them, the CNN is used to extract the potential spatial features of data and simplify network 188 

parameters, whereas the LSTM is used to extract the time distribution relationship between data; the 189 

AM is used to optimize the network weights so that to achieve better prediction results. The 190 



summer data (collected from April to September) of the preprocessed historical operation data are 191 

divided into the training and test sets, which are used to train and test the depth neural network 192 

model, respectively; the methods of gradient descent and error backpropagation are used for model 193 

training. 194 

After the model has converged, the model parameters are saved; the winter data (collected from 195 

October to March) are used as a verification set, which is used for model verification and to obtain 196 

the final prediction results. 197 

 198 

 199 

Fig. 3. Process of a pollutant prediction method development 200 
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dimensionality reduction of the original data are needed to reduce the error caused by irrelevant 203 

factors. In this study, two methods are used to reduce the dimension of the collected data; namely, 204 

the Pearson correlation coefficient is used to measure the linear correlation between the data, and 205 

the mutual information method is used to extract the variables with high nonlinear correlation with 206 

the prediction target. 207 

 208 

3.2.1 Influencing factor extraction based on Pearson correlation coefficient 209 

First, the physical mechanism analysis and variance test are performed to remove irrelevant 210 

variables and variables with a little change. Then, the Pearson correlation coefficient is used to 211 

measure the correlation between various parameters and pollutant emission. 212 

The Pearson correlation coefficient is calculated as follows: 213 

,                        (1) 214 

where  denotes the covariance of X and Y, and is the variance of X. 215 

The variables with a correlation coefficient greater than 0.2 are considered to have a certain 216 

linear correlation with the prediction target. 217 

3.2.2 Data dimensionality reduction based on mutual information 218 

Mutual information is used to evaluate the amount of information contributed by the occurrence 219 

of one event to another event. It has been often used to test the nonlinear correlation between 220 

multiple variables in feature engineering, and it is calculated by 221 

  ( , )
; ( , ) log
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where P(x) and P(y) are the marginal probability distributions of random variables X and y, 223 

respectively, and p(x, y) denotes their joint probability distribution. 224 

The characteristics of NOx and SO2 are selected. The analysis results obtained using the Pearson 225 

correlation coefficient and mutual information are shown in Table 1, where the maximum five 226 

values of each column are denoted in bold. 227 

Table 1 228 

Feature selection results obtained using the Pearson correlation coefficient and mutual information 229 

Tag Parameter Pearson correlation coefficient Mutual information 

NOx SO2 NOx SO2 

1 Power consumption rate 0.224 0.256 0.939 0.951 

2 Coal consumption 0.286 0.231 0.943 0.949 

3 Total power generation load 0.217 0.289 0.898 0.702 

4 Total load of power supply 0.211 0.131 0.921 0.941 

5 Oxygen content of flue gas 0.239 0.292 0.937 0.925 

6 Feed water flow 0.237 0.214 0.926 0.970 

7 Outlet steam temperature -0.234 -0.165 0.923 0.938 

8 Boiler feed water temperature -0.233 -0.263 0.920 0.801 

9 Boiler feed water pressure 0.207 0.109 0.892 0.920 

10 Deaerator temperature -0.211 -0.228 0.917 0.934 

 230 

The input dimension of a deep learning-based model should not be too large; otherwise, the 231 

dimension problem will arise, resulting in a too-long model training time and difficulty in model 232 

fitting. This study selects five variables with the highest linear and nonlinear correlation with the 233 

target pollutant as the input data, and they are as follows: tag 1, tag 2, tag 5, tag 6, and tag 7 in Table 234 

1. 235 



In this study, the pollutant emission of the power plant is predicted on an hourly basis; namely, 236 

the prediction horizon h takes 1. Therefore, the ith continuous lag prediction target is given by 237 

1 2, ,...,
T

i i i i

t t h lag t h lag t h
L l l l          ,                      (3) 238 

where i

m
l  denotes the ith constituent element at time m, lag represents the number of continuous 239 

lag prediction targets, and t is the prediction time. 240 

The vector of the jth sliding window is given by 241 

, 1 1[ , ,..., ] , 1,2,...,i i i i T

t j t h lag j t h lag j t h lag n
L l l l j T            ,              (4) 242 

where n is the sliding window width, and T is the total number of sliding windows, which is 243 

calculated by 244 

1T lag n   . (5) 245 

Multiple input variables and continuous lag targets are reconstructed into two-dimensional (2D) 246 

features as follows: 247 

,1 ,1 ,2 , 1 ,[ , ,..., , ]i res i i i i T

t t t t T t T
L L L L L ,                      (6) 248 

where T × n denotes the size of a 2D feature map, and the two dimensions correspond to the time 249 

step number and dimension of input features in the LSTM, respectively. In this study, n is set to six, 250 

including five pollutant emission influencing factors and prediction objectives. 251 

 252 

3.3 Data normalization 253 

The statistical characteristics of each feature of the dataset after the feature selection are 254 

calculated. As shown in Table 2, the data distribution intervals of the features are different. 255 

Table 2 256 

Statistical characteristics of data 257 



Variable 
Summer Winter 

Max Min Mean Std Max Min Mean Std 

Tag 1 47.02 -1.67 11.32 2.11 13.69 7.19 10.04 1.20 

Tag 2 72.78 31.88 50.97 10.87 61.33 32.26 46.26 8.59 

Tag 5 36.87 10.34 17.40 4.37 50.08 12.51 21.87 8.64 

Tag 6 693.56 278.51 450.64 98.56 622.87 318.27 461.31 87.64 

Tag 7 541.67 518.74 530.17 3.04 541.03 455.72 529.97 9.87 

SO2 46.59 1.56 20.35 5.14 48.29 0 13.02 7.16 

NOx 45.06 20.00 26.37 2.92 6.11 0.33 3.16 1.18 

 258 

To improve the neural network training efficiency and mine the potential features of data, it is 259 

necessary to normalize the original data to the interval of [0,1] and remove the dominant features of 260 

the macro dimension. 261 

In this study, the maximum-minimum normalization is used, and the normalization formula is as 262 

follows: 263 

,                           (7) 264 

where X denotes the original data value, Xmax is the maximum data value, Xmin is the minimum data 265 

value, and Xnorm is the normalized data value. 266 

 267 

3.4 CHP pollutant emission prediction by CNN-LSTM-AM model 268 

3.4.1 CNN 269 

The CNN is a deep feedforward neural network with the characteristics of local connection and 270 

weight sharing (Wei et al. 2021). Its operating principle is to extract local spatial information 271 

min

max min

norm

X X
X

X X








through the sliding of the convolution kernel on the data matrix, reduce the number of features and 272 

parameters by the pooling layer, and improve the training efficiency so as to replace the traditional 273 

single fully connected layer. A typical CNN is composed of a convolution layer, a pooling layer, and 274 

a fully connected layer (Ghorbani et al.2021), as shown in Fig. 4. 275 

 276 

Fig. 4. CNN network structure diagram 277 

3.4.2 LSTM 278 

The LSTM is used in this study because it can capture long-term dependencies in time series. 279 

The LSTM represents an extension of the recurrent neural network (RNN) architecture 280 

(Abbasimehr et al. 2020), and its structure is shown in Fig. 5. Each LSTM unit has a storage unit 281 

and three gates (Han et al. 2019), namely, forgetting, input, and output gates. These internal 282 

structures control the flow of information related to the state of memory cells. The forgetting gate ft 283 

controls how much information needs to be forgotten in the internal storage unit state at the 284 

previous time, the input gate it updates the storage unit state according to the information from the 285 

current input and the previously hidden state, and the output gate ot controls how much information 286 

needs to be output in the internal state at the current time. These functions enable the LSTM to learn 287 

the time relationships of long-term sequences. 288 

The operation of the three gates and storage unit at the time step t is given by the following 289 
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formula: 290 

1( )
t f t f t f

f sig W x V h b   ,                       (7) 291 

1( )
t i t i t i
i sig W x V h b   ,                        (8) 292 

1( )
t o t o t o

o sig W x V h b   ,                       (9) 293 

1tanh( )
t c t c t c

C W x V h b
    ,                    (10) 294 

1t t t t t
C C f i C

 e e ,                       (11) 295 

tanh( )
t t t

h o C e ,                         (12) 296 

where Vf, Vc, Vi, and Vo refer to the recurrent weights of the LSTM; Wf, Wc, Wi, and Wo indicate the 297 

weight matrixes of the forget gate, memory cell, input gate, and output gate, respectively; bf, bc, bi, 298 

and bo represent the biases of the forget gate, memory cell, input gate, and output gate, respectively; 299 

sig is the sigmoid activation function, whose output ranges from zero to one, where zero indicates 300 

that information is totally forgotten, and one indicates that complete information that is reserved; 301 

e  stands for the point-wise multiplication operation. 302 

 303 

Fig. 5. Structure diagram of the LSTM memory unit 304 

3.4.3 AM 305 

The AM is highly suitable for pollutant emission prediction models involving an LSTM network. 306 

The internal correlation between hidden features and the effects of the hidden features in different 307 

time steps on the prediction results are difficult to identify using an LSTM network (Wang et al. 308 
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2019). The method proposed in this study uses adaptive weighted hidden features to enhance key 309 

information and weaken trivial information. The introduction of the AM helps to identify the 310 

importance of the LSTM input so as to extract high-level features better. 311 

The structure block diagram of the AM inspired by the work of reference (Zang et al. 2021) is 312 

shown in Fig. 6, and the data conversion process of the AM is presented in Fig. 7. 313 

 314 

Fig. 6. Structure block diagram of the AM 315 

First, the correlation between hidden features of different time steps is discussed from various 316 

dimensions. The score of the jth time step of the dth dimension of the hidden feature is calculated 317 

by 318 

, , 1, 2, ,( [ , ,..., ]), 1,..., , 1,...,
j d sco j d d d T d

s f W h h h d n j T   ,               (13) 319 

where hj,d denotes the dth dimension of the hidden feature at the jth time step; Wj,d is the weight 320 

vector, which shall be adjusted during training; function fsco(·) is implemented using the full 321 

connection layer (Choi et al. 2018), where the number of neurons is equal to the number of time 322 

steps; n and T are the dimension and time step of hidden features, respectively. 323 

The softmax function, which is defined by Eq. (14), is used to normalize the dimension score, 324 
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and the sum is equal to one. 325 
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.                          (14) 326 

Finally, the normalized scores of each dimension is normalized by Eq. (15) to obtain the weight 327 

of the corresponding time step. Using Eq. (16), the hidden feature vector is multiplied by the weight 328 

and used as the input of the next layer. 329 

,
1

1 i
nor

j j d

d

M s
i 

  ,                           (15) 330 

Att

j j j
h M h ,                            (16) 331 

where Mj denotes the weight of the jth time step, and Att

j
h  is the jth weight vector of the hidden 332 

feature. 333 

 334 

Fig. 7. Data conversion flow of the AM 335 

3.4.4 Proposed model structure 336 

The structure of the proposed hybrid CNN-LSTM-AM model is shown in Fig. 8, where it can be 337 

seen that the hybrid model has one input layer, one CNN layer, one LSTM layer, one attention layer, 338 

one flatten layer, and one output layer; the AM is located in the attention layer. 339 

The multi-variable time series data of pollution emissions are fed to the input layer, the potential 340 

local features are extracted by convolution of the CNN layer, and the time correlation of target 341 

components is extracted by the LSTM layer. The extracted hidden features are transmitted to the 342 
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attention layer, where they are weighted by the AM before being transmitted to the flatten layer; the 343 

flatten layer transforms the output results into a one-dimensional vector. Finally, the fully connected 344 

layer is used to obtain the prediction value corresponding to each superposition component so as to 345 

obtain the final prediction result of each combination, which is output by the output layer. 346 

 347 

Fig. 8. Structure of the proposed CNN-LSTM-AM prediction model 348 

 349 

4. Proposed model verification 350 

4.1 Model structural parameters 351 

To evaluate the performance of the proposed pollution emission prediction model, a case study 352 

was conducted using the real power plant data. The NOx and SO2 emission data collected in 353 

summer were used as the input data of the two prediction models, and the data were divided into 354 

training and test sets according to the ratio of 4:1, and the data collected in winter were used as a 355 

verification set intended for model testing. The pollution emission prediction model was 356 

constructed based on the structure displayed in Fig. 8, and through many experiments, the model 357 

super parameters were finally determined according to the optimal value of the model prediction 358 

effect and are shown in Table 3. 359 
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 360 

Table 3 361 

Model structural parameters 362 

Layer Output shape 

Input  40 × 6 

Conv1D 40 × 64 × 2 

Max-pooling 40 × 8 × 2 

Dropout 40 × 8 

Bi-LSTM 40 × 40 

Permute_1 40 × 40 

Dense 40 × 40 

Activation 40 × 40 

Permute_2 40 × 40 

Multiply 40 × 40 

Flatten 1600 × 1 

Output 1 × 1 

 363 

4.2 Performance indicators 364 

Three evaluation indexes were used to evaluate the performance of the proposed pollution 365 

emission prediction model, including the mean absolute percentage error (MAPE), root mean 366 

square error (RMSE), and mean square error (MSE) (Chen et al. 2019), which are respectively 367 

given by Eqs.(18)–(20): 368 
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,                        (20) 371 

where n is the total number of training samples,  is the predicted value, and Li is the true value. 372 

For the same batch of datasets, the closer the above three indexes are to zero, the better the 373 

prediction effect is. 374 

 375 

4.3 Experimental parameters 376 

The proposed prediction model was trained using the error BP algorithm based on time 377 

expansion; namely, the neural network was expanded into a deep network in the time order, and 378 

then the expanded network was trained by the error BP algorithm (Li et al. 2021; Tang et al. 2021). 379 

To control the learning rate of the network and to prevent the problems of gradient disappearance 380 

and slow convergence speed, the Adam optimization algorithm (Tang et al. 2021) was used to 381 

update the network parameters, and the initial learning rate lr was set to 0.001. The dropout 382 

regularization method was introduced before the LSTM layer to avoid overfitting, and the retention 383 

rate was set to 0.8. Through experimental observation, when the number of epochs exceeds 50, the 384 

loss function has almost converged and does not decline. Therefore, the training parameters of the 385 

neural network were set as follows: the maximum number of epochs was 50, and the small batch 386 

size was 512. 387 

 388 

4.4 Experimental hardware and software 389 

This study was implemented on a personal computer having an NVIDIA GeForce GTX1650 and 390 

16-GB RAM. The programing language was Python, and the integrated development environment 391 
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was Spyder. TensorFlow 2.1.1 and Keras 2.3.1, which denote the open-source deep learning 392 

platform and software library, respectively, were used to develop the proposed model. 393 

5 Results and discussion 394 

5.1 Performance comparison of different prediction models 395 

The proposed pollution emission prediction model was compared with the traditional prediction 396 

models based on machine learning and deep learning. The comparison models included the 397 

K-nearest neighbor (KNN), least squares support vector machine (LS-SVM), LSTM, CNN-LSTM, 398 

and LSTM-Attention models. Their network parameter settings are consistent with the method 399 

proposed in this paper. The number of LSTM cyclic cores was 40, and the number of CNN 400 

convolution cores was 64. The optimal model parameters were selected in the other models 401 

according to the prediction effect. The prediction time unit was one hour, and the continuous data of 402 

40 previous hours were used to predict the NOx and SO2 emission levels in the next hour. The 403 

predicted and actual results of the above-mentioned models on June 2, 2021 are shown in Fig. 9. 404 

 405 



 406 

Fig. 9. The NOx and SO2 emission prediction results in summer 407 

As shown in Fig. 9, the traditional machine learning-based model was not effective in predicting 408 

the pollution emission of the thermal power plant. In the second figure in Fig. 9, it can be seen that 409 

the NOx emission showed a certain periodicity and regularity during the day. It should be noted that 410 

the machine learning model takes periodicity as a surface characteristic when capturing data 411 

characteristics to predict the final result. However, since there was no such regularity in SO2 412 

emission, which had a weak regularity, the effect of the traditional machine learning-based model 413 

was unsatisfactory. In contrast, the proposed CNN-LSTM-AM model could not only learn the 414 

shallow regularity characteristics of data but also mine the depth characteristics by the CNN. 415 

Therefore, compared to the traditional machine learning-based model, the prediction effect of the 416 

proposed model was better and its prediction results fitted closely with the real curve, and also, its 417 

changing trend was consistent with the real one. The generalization performance of the proposed 418 

model was further verified using the winter data as a verification set, and the results are shown in 419 

Fig. 10. 420 



 421 

 422 

Fig. 10. The NOx and SO2 emission prediction results in winter 423 

Owing to the obvious difference in the distribution characteristics between winter and summer 424 

data, a model with a poor training effect will perform unsatisfactorily on the verification set. As 425 

shown in Fig. 10, the performances of the KNN and LS-SVM models on the winter data were poor, 426 

and they differed significantly from the performance on the summer data, which are shown in 427 

Figure 8. Thus, the robustness of these models was low, and they could difficultly adapt to changes 428 

in data. The prediction effects of the LSTM and CNN-LSTM models declined slowly, and these 429 



models had certain generalization performances. After the introduction of the AM, the 430 

characteristics learned in the same period were more accurate, and the prediction effect was 431 

gradually improved. This was because the weight distribution paid more attention to the factors that 432 

have a strong impact on the results and ignored irrelevant factors, so the model training efficiency 433 

was higher. 434 

The errors of each of the models are shown in Table 4, where the minimum error values in each 435 

column are boldfaced. The RMSE value of the proposed CNN-LSTM-AM in predicting the 436 

pollution emissions of the thermal power plant was lower than one, and it was lower than the 437 

RMSE values of the traditional models. The MAPE value of the proposed model was lower in 438 

predicting NOx than in predicting SO2, but both values were lower than those of the traditional 439 

models. 440 

Table 4 441 

Comparison of prediction errors of each model 442 

Summer Winter 

 NOx SO2 NOx SO2 

RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE 

KNN 2.108 6.36% 3.473 13.73% 3.214 8.15% 5.112 15.90% 

LS-SVM 2.342 8.35% 2.163 9.03% 3.981 11.29% 4.375 8.07% 

LSTM 0.788 4.29% 1.84 6.74% 1.431 4.75% 3.144 8.17% 

CNN-LSTM 1.242 2.22% 1.851 5.963 2.726 2.22% 2.019 5.41% 

LSTM-Attention 0.749 2.43% 1.475 6.23% 1.037 2.13% 1.779 8.93% 

Proposed method 0.739 1.91% 1.752 5.67% 0.741 1.94% 0.171 5.36% 

 443 

5.2 Loss function change experiment 444 



To prove the superiority of the proposed CNN-LSTM-AM model over the traditional models, 445 

the proposed model was compared under the changes in the loss function (MSE) during the training 446 

with the LSTM, CNN-LSTM, and LSTM-Attention models, and the comparison results are shown 447 

in Fig. 11. The proposed method converged to the minimum value of the loss function in the early 448 

stage of model training, after only several iteration rounds. Compared with the proposed model, 449 

although the convergence speed of LSTM with AM is slower, the curve is still smooth, while the 450 

single LSTM and CNN-LSTM models showed an upward trend of the loss function in the early 451 

stage of training, which proved that there was an overfitting phenomenon; the convergence speed of 452 

the follow-up model was also slow. The LSTM did not converge even after 40 rounds, and its 453 

training effect was poor. This is enough to prove that adding the AM to the time series prediction 454 

model can effectively mitigate the overfitting phenomenon and improve model training efficiency 455 

and final prediction effect. 456 

 457 

Fig. 11. Loss function comparison results 458 

 459 

5.3 Attention layer weight visualization 460 

The weight of the attention layer of the power plant pollution emission prediction model was 461 



used to draw a thermodynamic diagram, as shown in Fig. 12. In the thermodynamic diagram, the 462 

brighter and darker parts indicate higher and lower attention of the AM during weight allocation, 463 

respectively. As shown in Fig. 12, the difference between brighter and darker parts increases in the 464 

areas close to the prediction time point for both NOx and SO2 data; thus, the data characteristics 465 

closer to the prediction point have a more obvious impact on it, which is consistent with common 466 

sense. 467 

 468 

Fig. 12. Visualization of the attention layer weights 469 

(a) NOx; (b) SO2 470 

6. Conclusions and future work 471 

To solve the problem of accurate prediction of CHP pollutant emission, this study proposes a 472 

CHP pollution emission prediction model named the CNN-LSTM-AM. The proposed model uses 473 

the deep mining ability of the CNN, the time series data processing ability of the LSTM, and the 474 

weight optimization ability of the AM to improve prediction accuracy so as to provide technical 475 

support for pollutant emission control. 476 

The proposed CNN-LSTM-AM prediction model is trained with the NOx and SO2 data collected 477 

in summer and tested on the data collected in winter; the proposed model’s prediction results are 478 



compared with the real data. Also, the proposed model is compared with the traditional prediction 479 

models. Based on the comparison results, the following conclusion can be drawn: 480 

1) The proposed CNN-LSTM-AM prediction model can accurately predict the future NOx and 481 

SO2 emission levels, and its RMSE is less than 1 mg/m3. 482 

2) Compared with the traditional prediction models based on machine learning and deep learning, 483 

the proposed model has higher prediction accuracy and better robustness. 484 

From feature engineering and data processing to neural network prediction, this study gives the 485 

measures of artificial intelligence application in clean energy usage in the power production 486 

industry. Although the proposed model can accurately predict the pollutant emission level at a 487 

single time point, it is difficult to predict the changing trend of pollutant emission in a longer period. 488 

To address this challenge, in our future research, the multi-step time-series prediction over a long 489 

period will be studied, and other variables such as pollutant emission of a power plant will be 490 

considered to solve the actual demand. 491 
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