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Abstract

:

Accurate ozone concentration simulation can provide a health reference for people’s daily lives. Simulating ozone concentrations is a complex task because near-surface ozone production is determined by a combination of volatile organic compounds (VOCs) and NOx emissions, atmospheric photochemical reactions, and meteorological factors. In this study, we applied a genetic algorithm-optimized back propagation (GA-BP) neural network, multiple linear regression (MLR), BP neural network, random forest (RF) algorithm, and long short-term memory network (LSTM) to model ozone concentrations in three regions of Xinjiang, China (Urumqi, Hotan, and Dushanzi districts) for the first time by inputting wind speed, humidity, visibility, temperature, and wind direction. The results showed that the average relative errors of the model simulations in the Urumqi, Hotan, and Dushanzi districts were BP (61%, 14%, and 16%), MLR (97%, 14%, and 23%), RF (39%, 11%, and 14%), LSTM (50%, 12%, and 16%), and GA-BP (16%, 4%, and 6%) and that the significance coefficients R2 were BP (0.73, 0.65, and 0.83), MLR (0.68, 0.62, and 0.74), RF (0.85, 0.80, and 0.88), LSTM (0.78, 0.74, and 0.85), and GA-BP (0.92, 0.93, and 0.94), respectively, with the simulated values of GA-BP being the closest to the true values. The GA-BP model results showed that among the 100 samples with the same wind speed, humidity, visibility, temperature, and wind direction data, the highest simulated ozone concentrations in the Urumqi, Hotan, and Dushanzi districts were 173.5 μg/m3, 114.3 μg/m3, and 228.4 μg/m3, respectively. The results provide a theoretical basis for the effective control of regional ozone pollution in urban areas (Urumqi), dusty areas (Hotan), and industrial areas (Dushanzi) in Xinjiang.
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1. Introduction


The air quality index (AQI) in China is composed of six indexes: sulfur dioxide (SO2), inhalable particulate matter (PM10), ozone (O3), fine particulate matter (PM2.5), carbon monoxide (CO), and nitrogen dioxide (NO2). Among these, ozone (O3) and particulate matter (PM) are significant air pollutants that negatively affect the Earth’s ecology, global climate, and human health [1,2,3,4,5,6]. In recent years, with the strengthening of China’s air quality management, although the concentration of PM2.5 in cities has achieved a significant decrease, the concentration of O3 has increased dramatically. Ozone has replaced PM2.5 as the major air pollutant in some Chinese regions [7,8,9]. Ozone, which is concentrated in the stratosphere, protects life on Earth by blocking some of the high-intensity ultraviolet radiation that reaches the surface and by absorbing the solar short-wave radiation that is harmful to humans and other organisms. However, a small portion of ozone in the troposphere becomes greenhouse gases and atmospheric pollutants [10]. A high concentration of ozone near the ground will not only affect the atmospheric environment but also cause harm to human health [2,11,12,13,14]. Ozone is a strong oxidizer and plays an important role in atmospheric chemistry and climate change, being the third most important greenhouse gas after methane and carbon dioxide [15,16]. In terms of human health effects, ozone can cause local chronic inflammation of the respiratory system [1], damage human health systems, and accelerate human aging [3]. Vulnerable populations (pregnant women, infants, etc.) even face the risk of death if they are exposed to high ozone concentrations for long periods [17].



Most of the ozone near the surface is produced by complex photochemical reactions from its precursors, such as volatile organic compounds (VOCs) and nitrogen oxides (NOx) [9,18,19,20]. The formation of ozone is a highly nonlinear process [19,21,22,23]. Therefore, the simple line model in existing methods is far from satisfying the real-world requirement. In addition, meteorological factors and complex weather models greatly increase the difficulty of simulating ozone concentrations [24].



In recent years, artificial neural networks have attracted increasing attention due to their impressive nonlinear processing power and fault tolerance in modeling pollutant concentrations, thus offering new solutions to air pollution problems. These methods show better simulation results in the field of urban air quality simulation than traditional methods [25,26,27,28,29]. Wan et al. [30] introduced a common single implicit layer artificial BP neural network to simulate the ozone concentration in Dalian. The results show that the simulation model established by the artificial neural network has generalization ability, strong versatility, and objectivity and has the value of the practical application. Jia Xing et al. [31] developed a deep learning model using an LSTM neural network-based model to simulate ozone concentrations using the CMAQ model. By inputting six meteorological variables, and one topographic height variable, the most severe ozone pollutions in three key regions in the North China Plain, the Yangtze River Delta, and the Pearl River Delta were simulated. The ozone simulation model they developed has a great potential for accurately and efficiently describing ozone concentrations in the intricate atmospheric system. Government environmentalists can use it as a basis to design effective emission reduction methods to reduce ozone pollution. Yong Cheng et al. [32] accurately simulated ozone concentrations in six megacities in China using a hybrid model that combines neural networks and wavelet decomposition algorithms. In their study, the average R2 of the hybrid model was 0.95, which can be considered a very good result for a model. The results show that the neural network can provide a technical reference for near-surface ozone estimation, which has important practical implications for ozone concentration monitoring. Sun-Kyong et al. [33] used a neural network model based on weather patterns quantified in the form of cosine similarity as a predictor to train the neural network model for the predictability assessment of four PM10 grades in Seoul, Korea. The results show that the predictability assessment obtained from the neural network model is reliable and can be used as a statistical reference for current air quality prediction systems. Fabio et al. [34] compared multiple linear regression models and neural network models with and without a recursive structure for predicting daily average PM10 concentrations for the next from one to three days. The results showed that the neural network model with a recursive structure was the best performer among the three models and that the recurrent artificial neural network can be used as a powerful operational tool for predicting particulate matter concentrations. Ebrahim et al. [35] used a deep convolutional neural network to predict hourly ozone concentrations in Seoul in 2017 by inputting wind fields, temperature, relative humidity, barometric pressure, and precipitation, as well as ozone and NO2 concentrations. The results showed that although the deep convolutional neural network has some limitations, it can still successfully capture the daily trends of ozone concentrations and the high and low changes in concentrations from year to year. More and more new algorithmic optimization models are being applied to agriculture and the environment, such as the hybrid extreme learning machine combined with hybrid particle swarm optimization and grey wolf optimization (ELM-PSOGWO) [36], the hybrid support vector regression with the simulated annealing algorithm and the mayfly optimization algorithm (SVR-SAMOA) [37], and the hybrid adaptive neuro-fuzzy system and the gradient-based optimization (ANFIS-GBO) [38].



The genetic algorithm (GA), a well-known ML algorithm inspired by the natural selection processes in biology [39], is a robust and effective technology for solving multi-objective optimization problems [40]. The GA has been widely used in environmental management and engineering [41,42] and has been successfully applied in designing ozone control strategies [43]. Therefore, this study uses a BP neural network optimized by the genetic algorithm to solve the problems of undertraining or overfitting that occur during the training of ordinary BP neural networks. Using this method, the connection weights and thresholds of the BP neural network can be trained and optimized, which has a positive effect on further improving the simulation ability of BP neural networks.



The air qualities of the cities in Xinjiang are affected by many factors such as geographical location, natural environment, energy structure, and economic development, which directly or indirectly affect the development of the cities and the health of the citizens. Therefore, it is important to study the air quality of the cities for the development of the Xinjiang region and human health. Zhang et al. [44] investigated the chemical composition and source characteristics of PM2.5 in Urumqi, Xinjiang and found that relative humidity played a key role in influencing visibility and that residential coal combustion and vehicle emissions were the main sources of air pollution. Turap et al. [45] studied the chemical composition and source characteristics of PM2.5 in Dushanzi District, Xinjiang and the results showed that the highest average PM2.5 concentrations were found in the Dushanzi District in winter and that the contribution of the source has significant seasonal changes. Liu et al. [46] found for the first time that the α-SiO2 concentration in PM2.5 influenced the atmospheric visibility in the urban area of Hotan, Xinjiang and the presence of oasis could effectively reduce the α-SiO2 concentration.



In summary, the previous studies have the following shortcomings: (1) there were many studies on particulate matter pollution in Xinjiang but few studies have simulated ozone pollution in Xinjiang using BP neural networks optimized with genetic algorithms; (2) the extremely complex atmospheric composition, unique arid climatic conditions, and industrial environment of the Xinjiang region cause it to be difficult for traditional fitting methods to meet the requirements of precise ozone concentration prediction; and (3) existing studies exploring urban air pollution levels in Xinjiang were limited to the urban areas and contained few cases on air pollution levels in multiple cities.



In this study, we applied GA-BP, BP, MLR, RF, and LSTM models by inputting wind speed, humidity, visibility, temperature, and wind direction to model ozone concentrations in urban (Urumqi city), dusty (Hotan city), and industrial (Dushanzi district) areas of Xinjiang, China for the first time and simulated the ozone pollution conditions in each region under the same wind speed, humidity, visibility, temperature, and wind direction conditions.




2. Materials and Methods


2.1. Research Area Location


The Xinjiang Uygur Autonomous Region of China is located between longitude 73°40″96°18″ East and latitude 34°25″48°10′ North. Xinjiang covers the largest area of China’s 34 provincial-level administrative regions and it accounts for about one-sixth of the country’s total territorial area. Because of the vast area of Xinjiang, urban development has unique characteristics. The three cities in this study have distinct characteristics, among which Urumqi City is a typical urban area in Xinjiang, Hotan City is a typical wind–sand area in Xinjiang, and Dushanzi District is a typical petrochemical industrial area in Xinjiang. The area map of the research location is shown in Figure 1. Urumqi city, Hotan city, and Dushanzi district represent three typical regions in Xinjiang: an urban area, dusty area, and industrial area, respectively. The brief characteristics of the three regions are shown in Table S1.




2.2. Data Classification and Source


In this study, 50 sets of data were collected from Urumqi, Hotan, and Dushanzi districts and a total of 150 sets of data were used for model training. The data on meteorological factors, atmospheric conditions, and ozone concentrations for Urumqi were obtained from the Internet (https://map.zq12369.com/, accessed on 25 November 2022; https://rp5.ru/, accessed on 25 November 2022) and data for Hotan City and the Dushanzi Region were provided by local environmental protection authorities.




2.3. Establishment of the Ozone Concentration Model


The process of ozone formation is very complex. The effects of various meteorological factors, atmospheric conditions, and precursor emissions on ozone production are interrelated. In this study, we trained three GA-BP neural network models based on the MATLAB platform to simulate ozone concentration values using data from five meteorological elements and atmospheric conditions in weather forecasts. A large amount of data were used to simulate the relationship between data on the five meteorological factors, atmospheric conditions, and ozone concentration data at the same time and this relationship was used to estimate the current ozone concentration. The specific input layer data and output layer data are shown in Table 1. In Section 3.4 of this study, we compare the simulation results of GA-BP with those of the ordinary BP neural network model (BP), the traditional multiple linear regression model (MLR), random forest model (RF), and long short-term memory neural network model (LSTM). BP neural networks are vulnerable to the problem of a local minimum [47], which immensely weakens the regression ability of the BP neural network and leads to a lower forecast accuracy. The genetic algorithm can optimize the weights and thresholds of the BP neural network, so the simulation performance of a GA-BP neural network is better than that of an ordinary BP neural network [48]. At present, GA-BP neural networks have been applied in many disciplines [49,50]. In most studies [31,48,51,52], other atmospheric pollutants such as the NOx concentration, particulate matter concentration, and meteorological conditions are used as input parameters. In order to simulate the ozone concentrations quickly and easily, only five meteorological conditions were used as input parameters in this study. The study used the input and output methods of the model, as shown in Table 1.



The input data (temperature, humidity, wind direction, wind speed, and visibility) used to train the model in the three regions were selected randomly for a certain time period. The model training set for Urumqi city used data from June to July, from November to December 2020, and from March to April 2021. The training set of the Hotan city model used the data of January and July 2020. The model training set for the Dushanzi District used data from December 2015 to April–May 2016.



The number of implied layer nodes was selected using an automatic optimization-seeking algorithm, which automatically selected the number of implied layer nodes with the smallest error by comparing various implied layer nodes within a certain range and, after the selection and comparison, the number of implied layer nodes for the models in Urumqi, Hotan, and Dushanzi districts were 5, 10, and 12, respectively. In all three regions, the single hidden layer GA-BP neural network model had an R2 above 0.91 and the other performance indexes were much higher than the other four models that have met the requirements of ozone simulation. Therefore, this research team used the BP neural network model with a single hidden layer for ozone simulation. The comparison process is shown in Table 2. The structure of the BP neural network in this study is shown in Figure 2.



In this study, the process of optimizing the BP neural network used a genetic algorithm. The individuals of the population contained the weights and thresholds of each layer of the neural network, the corresponding individual fitness within the individual was calculated according to the designed fitness function, and then the individuals with the best fitness were determined through the operations of selection, crossover, and variation [53]. The optimization process is shown in Figure 3. The neural network model optimized by the genetic algorithm can simulate the ozone concentration at that time by inputting the data of five meteorological factors and atmospheric conditions data. When the ozone concentration exceeds the limit value of the national standard, an early warning can be issued to remind people to minimize going outside and to stay indoors as much as possible, thus reducing the ozone hazard to humans. After several experimental comparisons, the hyperparameters of the model were set as shown in Table 3.



The tan-sigmoid function is used as the transfer function. When the input value of the tan-sigmoid function is in the interval [−1, 1], it is more sensitive. If the input value is close to or beyond this interval, the function will lose its sensitivity and enter the saturation state, thus affecting the simulation accuracy of the network [54].



However, this study did not select the data normalization processing method often used in other studies [55].


   X =     X i     − X    min      X  max      − X    min        



(1)







Although this method is feasible and effective, if it is applied in practice, it is impossible to carry out inverse normalization without known maximum and minimum values, which causes it to be difficult for future practical application. Therefore, this study adopted the following method for data normalization.



For temperature, humidity, and visibility data:


     y j     = x   j       ×   10     − 2     



(2)







For wind speed data:


   y j     = x   j       ×   10     − 1     



(3)







For wind direction and ozone concentration data:


     y j     = x   j       ×   10     − 3     



(4)







In the above formula, “yj” represents the normalized data and “xj” represents the original data. This method can also process raw data between 0 and 1 and is convenient for practical application. We put normalized wind velocity, humidity, visibility, temperature, and wind direction data into the GA-BP neural network model. After the model in this study was trained, the ozone concentration value could be the output as designed.




2.4. Performance Metrics


In this study, the performance of the model was evaluated by five indicators: R2, MAE, MSE, RMSE, and NRMSE. Their formulas are as follows [56]. Oi represents the observed true value and Pi represents the simulated value.



Coefficient of determination (R2):


   R 2   = 1 −     Σ   i = 1   n     O i  −  P i       Σ   i = 1   n     O i     − O   m         0    ≤      R   2    ≤    1   



(5)







Mean Absolute Error (MAE):


   MAE =   1 n    ∑    i = 1   n     | O   i  −  P i  |  



(6)







Mean Square Error (MSE):


   MSE =   1 n    ∑    i = 1   n       ( O   i  −  P i  )  2   



(7)







Root Mean Square Error (RMSE):


   RMSE =     1 n    ∑    i = 1   n       ( O   i  −  P i  )  2     



(8)







Normalized Root Mean Square Error (NRMSE):


   NRMSE =       1 n    ∑    i = 1   n       ( O   i  −  P i  )  2       O  max   −  O  min      



(9)









3. Results and Discussion


The three GA-BP neural network models were used to forecast the ozone concentration in Urumqi City, Hotan City, and Dushanzi District. The simulated results were as follows.



3.1. Results of the Ozone Concentration in Urumqi City


As can be seen from Table S2, the ozone simulation model of Urumqi City based on the GA-BP neural network had a minimum relative error of 2 × 10−3% and a maximum of 112.7% after simulating the ozone concentration of 50-day samples in this area. The minimum absolute error was 9.87 × 10−5, the maximum was 27.2, and the mean was 4.259326. Among them, the relative error was less than 30% for 44 days and greater than 50% for 5 days, accounting for 88% and 10%, respectively. The linear fitting results of the real value and simulated value of the ozone simulation model in Urumqi City are shown in Figure 4d. The coefficient of determination for the linear fit between the real ozone concentration value and the simulated ozone concentration value was R2 = 0.918. Figure 4a shows the comparison result of the ozone concentration value simulated by the Urumqi model and the real ozone concentration value.




3.2. Results of the Ozone Concentration in Hotan City


As can be seen from Table S3, the relative error of the ozone simulation model based on the GA-BP neural network in Hotan City was 4.2 × 10−3% at minimum, 26.16% at maximum, and 4.39% at average after the simulation of the ozone concentration values of the 50-day samples in this area. The minimum absolute error was 3.8 × 10−3, the maximum was 24.52, and the mean was 3.94. Among them, the number of days with a relative error of less than 30% was 50 days, accounting for 100%, and the number of days with a relative error of more than 50% was 0 days, accounting for 0%. The linear fitting results of the real value and simulated value of the ozone simulation model in Hotan City are shown in Figure 4b. The coefficient of determination for the linear fit between the real ozone concentration value and the simulated ozone concentration value was R2 = 0.926. Figure 4e shows the comparison result of the ozone concentration value simulated by the Hotan model and the real ozone concentration value.




3.3. Results of the Ozone Concentration in Dushanzi District


As can be seen from Table S4, the ozone simulation model of the Dushanzi District based on the GA-BP neural network has a minimum relative error of 2.4 × 10−3% and a maximum of 33.2% after simulating the ozone concentration of 50-day samples in this area. The minimum absolute error was 0.016, the maximum was 40.32, and the mean was 5.80. Among them, the relative error was less than 30% for 49 days, accounting for 98%, and the relative error was more than 50% for 0 days, accounting for 0%. The linear fitting results of the true and simulated values of the ozone simulation model in the Dushanzi District are shown in Figure 4c. The coefficient of determination for the linear fit between the real ozone concentration value and the simulated ozone concentration value was R2 = 0.935. Figure 4f shows the comparison result of the ozone concentration value simulated by the Dushanzi model and the real ozone concentration value.




3.4. Comparison of the Simulation Results


To investigate whether the simulation results of the genetic algorithm optimized BP neural network (GA-BP) used in this study are accurate enough, the simulation results are compared with those of ordinary BP neural networks, traditional methods (MLR), random forest models (RF), and long- and short-term memory neural network models (LSTM). The performance parameters of all the models are shown in Table 4. The results showed that the errors (MAE, MSE, RMSE, and NRMSE) of the simulation results of the GA-BP neural network model were smaller than those of the other four simulation methods (BP, MLR, RF, and LSTM) in the Urumqi, Hotan, and Dushanzi districts.



As shown in the table, the coefficient of determination of the GA-BP neural network model in Urumqi (0.92) was much higher than that of the traditional simulation method (0.67), the ordinary BP neural network model (0.72), the random forest model (0.85), and the long- and short-term memory neural network model (0.78). The same results were found in the Hotan and Dushanzi regions, i.e., the R2 of the GA-BP neural network model was higher than the other four simulation methods (BP, MLR, RF, and LSTM) in all three regions. Since the GA algorithm optimizes the weights and thresholds of the BP neural network model, the performance of GA-BP is improved compared to that of BP. Among these benchmark models—BP, MLR, LSTM, and RF—RF has the best simulation performance due to the fact that the model can perform random sampling of features and data and is not prone to overfitting. Among the three regions, because Urumqi is in an urban area, the anthropogenic influence is the largest and the factors affecting ozone generation are the most complex, which led to a lower fitting effect of the model in Urumqi compared to the remaining two cities among the three regions, when using the same model. The linear fitting results of all the simulation methods are shown in Figure 5. All the performance parameters of the GA-BP neural network were better than the other four methods, so the simulation results of the GA-BP neural network for ozone concentration were more accurate than the other four methods.




3.5. Simulation Application of Three Models


We randomly generated 100 sets of meteorological parameter data and atmospheric condition data based on the real data of the three regions in the past to simulate the real situation of 100 days as realistically as possible. These 100 sets of meteorological parameter data and atmospheric condition data were within the range of common meteorological factors in the three regions and were close to the real meteorological conditions and atmospheric conditions. Using the controlled variable method and the same 100 sets of meteorological parameters through the simulation of different ozone simulation models in three regions, different ozone concentration simulation values were obtained. The simulated results of the three regions are shown in Figure 6. The specific simulated values are shown in Table S5. In a total of 100 samples, the results of the Urumqi City simulation model showed that the highest simulated ozone concentration was 173.5 μg/m3 and the concentrations over 3 days exceeded the national standard second-level concentration limit (160 μg/m3). The results of the simulation model of Hotan City showed that the highest simulated ozone concentration was 114.3 μg/m3. The results of the simulation model of Dushanzi District showed that the highest simulated ozone concentration was 228.4 μg/m3. Shockingly, the national standard for secondary concentrations was exceeded on 14 of the 100 days in this simulation. According to the simulation model, the state of ozone pollution in Dushanzi District was relatively serious, which should arouse the attention of our society. Precursor emissions, atmospheric photochemical reactions, and atmospheric and meteorological factors jointly influence ozone production. The model was constrained in that the three regions were under the same meteorological and atmospheric conditions, but the precursor emissions in the three regions were different and the ozone pollution in Dushanzi district was more severe than that in Hotan and Urumqi, due to the large amount of VOCs and NOx emitted from industrial production in the Dushanzi district. This study suggests that the Dushanzi government should control the ozone precursor emissions to reduce ozone pollution.




3.6. Limitations and the Next Research Plan


In this study, a BP neural network model optimized by a genetic algorithm was used to simulate ozone concentrations in three regions (Urumqi, Hotan, and Dushanzi districts) in Xinjiang, China. It is important to note that the model in this study still has some limitations and there are some areas for improvement. First, in this study, five meteorological factors and atmospheric conditions data were selected to simulate ozone concentrations and precursors of ozone (VOCs and NOx) were not used as input data for the model. While this improves the ease of operation and allows ozone concentrations to be simulated from the data provided by weather forecasts alone, the simulation performance of the model is not as accurate as a model that also includes precursor concentrations as inputs. Second, since this study is a preliminary attempt at a neural network model for simulating ozone concentration in the Xinjiang region, the comparison with other benchmark models is lacking. For example, the model built in this study is a single hidden-layer model optimized by a genetic algorithm and there is no comparison between the single-hidden layer model and the multi-hidden layer model; this study compares the simulation results of the GA-BP neural network model with an ordinary neural network model and traditional methods, but it still lacks the comparison between the simulation performance with other types of neural network architectures.



To address these shortcomings, we will reconsider the variables of the model inputs and, further, explore the accuracy differences of different types of neural network architectures in ozone concentration simulation tasks in the future.





4. Conclusions


After simulating and comparing the ozone concentration values in three regions of Xinjiang using the GA-BP neural network, the following conclusions were reached.



	(1)

	
The simulation results of the GA-BP neural network model outperformed those of the BP, MLR, RF, and LSTM models in terms of accurately analyzing the relationships between the five input data categories (temperature, humidity, wind speed, wind direction, and visibility) and output data (ozone concentration). The GA-BP neural network was better fitted because the weights and thresholds of the BP neural network were optimized by the genetic algorithm. Among the three regions, Urumqi has the largest anthropogenic influence and the most complex factors affecting ozone generation because it is in an urban area, which leads to the largest relative error (16%) in the model of Urumqi, among the three regions. The R2 values between the real and simulated ozone concentrations in Urumqi were 0.92, 0.93, and 0.94 in the Hotan and Dushanzi districts, respectively. This result indicates that the GA-BP neural network model is more suitable for ozone concentration simulation in urban areas, dusty areas, and industrial areas in Xinjiang, China. The ozone concentration simulation model constructed by the artificial GA-BP neural network has good generalization ability, high generality, and good objectivity and has practical application value.




	(2)

	
Under the same wind speed, humidity, visibility, temperature, and wind direction, the ozone concentration data output from the GA-BP neural network models in the Urumqi, Hotan, and Dushanzi districts were significantly different. The highest simulated values of ozone concentration were the Dushanzi District (228.4 μg/m3) > Urumqi City (173.5 μg/m3) > Hotan City (114.3 μg/m3). In terms of the number of exceedance days, the ranking of exceedance days within 100 days was Dushanzi District (14 days) > Urumqi City (3 days) > Hotan City (0 days). Under the same meteorological and atmospheric conditions, the ozone concentrations in Dushanzi were at greater risk of pollution than in Hotan and Urumqi. This is because the Dushanzi district is an industrial area and factories in the area emit a large amount of the precursors (VOCs and NOx) needed to generate ozone, causing more serious ozone pollution in the area. Urumqi city also needs to be alerted to the ozone problem because of the high anthropogenic emissions of precursors in the urban area and the topographic factors limiting the dispersion of pollutants due to the mountains on three sides. In the Hotan city area, due to the higher wind speed, pollutants are more easily diffused; therefore, the problem of ozone pollution is less severe. It is recommended that the Dushanzi District should adopt emission reduction measures to reduce VOC and NOx emissions and ozone pollution in the area.







In the case of this study, meteorological factor data from three different functional areas in Xinjiang are selected for training and a GA-BP neural network is built for simulating the ozone concentration. If other regions are targeted, local data need to be used for training to obtain a suitable local model. Because the GA-BP neural network still has potential for improvement, in future studies, we will add variables to the model inputs and further delve into the accuracy of different types of neural network architectures in ozone concentration simulations.
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Figure 1. The geographical locations of Urumqi City, Hotan City, and Dushanzi District. 
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Figure 2. The framework of the ozone simulation model. 
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Figure 3. Genetic algorithm optimization process. 
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Figure 4. GA-BP artificial neural network model simulation results. (a) Results of linear fitting between real and simulated ozone values in Urumqi City. (b) Results of linear fitting between real and simulated ozone values in Hotan City. (c) Results of linear fitting between real and simulated ozone values in Dushanzi District. (d) Comparison of real and simulated ozone values in Urumqi City. (e) Comparison of real and simulated ozone values in Hotan City. (f) Comparison of real and simulated ozone values in Dushanzi District. 
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Figure 5. Determination coefficients (R2) of simulated O3 and real O3 by the GA-BP artificial neural network with four other methods (BP, MLR, RF, and LSTM) in Urumqi, Hotan, and Dushanzi districts. 
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Figure 6. Simulation of ozone in the three regions of Xinjiang (Urumqi City, Dushanzi District, and Hotan City). 
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Table 1. Specific input and output information of the model.
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Name

	
Unit






	
Input

	
Temperature

	
°C




	
Relative Humidity

	
%




	
Wind direction

	
°




	
Wind Speed

	
m/s




	

	
Visibility

	
Km




	
Output

	
O3 concentration

	
μg/m3
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Table 2. The process of determining the number of nodes in the implicit layer.
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Urumqi

	
Hotan

	
Dushanzi




	
Number of Nodes in the Hidden Layer

	
Mean Square Error

	
Mean Square Error

	
Mean Square Error






	
3

	
6.0 × 10−4

	
2.9 × 10−4

	
2.9 × 10−4




	
4

	
4.3 × 10−4

	
1.5 × 10−4

	
4.0 × 10−4




	
5

	
7.4 × 10−5

	
1.9 × 10−4

	
4.3 × 10−4




	
6

	
1.9 × 10−4

	
1.4 × 10−4

	
2.4 × 10−4




	
7

	
3.0 × 10−4

	
2.0 × 10−4

	
5.3 × 10−4




	
8

	
1.3 × 10−4

	
1.9 × 10−4

	
3.3 × 10−4




	
9

	
1.2 × 10−4

	
1.7 × 10−4

	
4.1 × 10−4




	
10

	
1.5 × 10−4

	
1.2 × 10−4

	
3.7 × 10−4




	
11

	
2.6 × 10−4

	
1.6 × 10−4

	
2.2 × 10−4




	
12

	
1.1 × 10−4

	
1.3 × 10−4

	
2.1 × 10−4
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Table 3. Hyperparameter setting of the model.
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	Training Parameters
	Settings





	Number of training sessions
	net1.trainParam.epochs = 1000



	Learning Rate
	net1.trainParam.lr = 0.01



	Minimum error of training target
	net1.trainParam.goal = 0.00001



	Display frequency
	net1.trainParam.show = 25



	Momentum factor
	net1.trainParam.mc = 0.01



	Minimum performance gradient
	net1.trainParam.min_grad = 1 × 10−6



	Maximum number of failures
	net1.trainParam.max_fail = 6



	Initial population size
	PopulationSize_Data = 30



	Maximum number of evolutionary generations
	MaxGenerations_Data = 50



	Crossover probability
	CrossoverFraction_Data = 0.8



	Mutation probability
	MigrationFraction_Data = 0.2
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Table 4. Performance metrics of the genetic algorithm optimized artificial neural network (GA-BP) compared with four other simulation methods (BP, MLR, RF, and LSTM).






Table 4. Performance metrics of the genetic algorithm optimized artificial neural network (GA-BP) compared with four other simulation methods (BP, MLR, RF, and LSTM).





	

	

	
R2

	
MAE

	
MSE

	
RMSE

	
NRMSE






	
Urumqi City

	
GA-BP

	
0.92

	
4.31

	
54

	
7.34

	
0.07




	
BP

	
0.72

	
10.0

	
180

	
13.4

	
0.13




	
MLR

	
0.67

	
15.5

	
378

	
19.4

	
0.18




	
RF

	
0.85

	
6.8

	
98.7

	
9.9

	
0.09




	
LSTM

	
0.78

	
9.7

	
141

	
11.8

	
0.11




	
Hotan City

	
GA-BP

	
0.93

	
3.94

	
41

	
6.37

	
0.07




	
BP

	
0.65

	
9.93

	
177

	
13.3

	
0.15




	
MLR

	
0.62

	
10.0

	
191

	
13.8

	
0.16




	
RF

	
0.80

	
7.7

	
101

	
10.1

	
0.12




	
LSTM

	
0.74

	
8.5

	
132.7

	
11.5

	
0.13




	
Dushanzi District

	
GA-BP

	
0.94

	
5.80

	
102

	
10.1

	
0.07




	
BP

	
0.83

	
14.3

	
304

	
17.5

	
0.12




	
MLR

	
0.73

	
17.4

	
429

	
20.7

	
0.14




	
RF

	
0.88

	
11.0

	
180

	
13.4

	
0.09




	
LSTM

	
0.85

	
12.2

	
233

	
15.3

	
0.10








Note: p < 0.05.
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