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Abstract


Dust pollution is a major problem formed caused by opencast coal mining, and its prevention is a key prerequisite for the realization of green and climate-friendly mining in open-pit coal mines. In this paper, we conducted the real-time monitoring of dust concentration and meteorological parameter data in different areas of a large-scale open-pit coal mine in China and used multivariate statistical analysis to study the characteristics of the variation in dust concentration and its influencing factors in operating and non-operating areas. The results showed that there was a significant correlation between TSP, PM10, and PM2.5 in the same area. There was a significant difference in the percentage of PM2.5/PM10 between the operation area and the non-operation area, with particles in the range of 2.5–10 μm dominating close to the operation area and particles in the range of 0–2.5 μm dominating away from the operation area. The production intensity had a greater effect on dust concentration in the operation area, and there was no significant relationship with dust concentration away from the operation area. Wind speed—wind force—wind direction, temperature, and humidity are all correlated with particulate matter. The LSTM model is more suitable for predicting the dust concentration in open-pit coal mines. The results of this study can provide a reference for dust prevention and control in open-pit coal mines.
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1. Introduction


Coal, as one of the energy sources with large reserves in China, will remain an important source of energy supply for a long time to come. With the advantages of a fast construction speed and low production cost, open-pit coal mining has become an important way of coal mining in China [1,2].



The production process of open-pit mines generates large quantities of coal dust, rock dust, and other particulate matter. On the one hand, open-pit mining dust is not conducive to the health of the staff, and the prolonged exposure of people to high concentrations of particles in the environment can cause skin allergies, conjunctivitis, respiratory tract infections, and other diseases and, in the worst case, can damage the cardiovascular system and the immune system and even cause cancer [3,4,5]. On the other hand, open-pit mine dust is detrimental to work safety in open-pit mines. An excessive concentration of particulate matter in the air reduces the visibility of the working environment in the first place, and open-pit mines have a large number of trucking operations, which greatly increase the probability of transportation accidents in the mine due to the obstructed range of vision [6]. Secondly, a large number of particles suspended in the air accelerate the wear and tear of mechanical equipment and shorten the service life of the equipment. In addition, most of China’s open-pit coal mines are located in cold and semi-arid areas such as Inner Mongolia and Xinjiang, and mining activities have caused serious damage to the regional ecology, atmospheric environment, land resources, and water resources [7,8,9]. With the expansion of the scale of open-pit mining, the environmental damage to the surrounding ecology and atmosphere is serious, especially for the fragile ecological environment of the northwest, where this damage is irreparable. Therefore, the prevention and control of dust pollution in open-pit coal mines should not be delayed.



Regarding the pollution characteristics of open-pit coal mines and their influencing factors, a few scholars have conducted studies. Ma [10] studied the dust concentration and meteorological parameters in an open-pit coal mine in China and found that the dust concentration was high in the winter, the PM2.5 (particulate matter 2.5) and PM10 (particulate matter 10) concentrations were positively correlated with humidity and barometric pressure and negatively correlated with wind speed, temperature, and noise, and the TSP (Total Suspended Particulate) concentration was positively correlated with temperature and negatively correlated with humidity. Wang [11] showed that the dust pollution in open-pit coal mines is severe in the winter and that the meteorological elements that have a significant impact on dust concentrations vary from season to season, as evidenced by the dew point temperature in the spring, solar radiation in the summer and fall, and boundary layer height in the winter. Luo [12] investigated the dust concentration and its influencing factors during the cold period and found that the order of particle concentration size was December > January > February, and the degree of influence on the concentration of respirable particles at the bottom of the pit of the open-pit coal mine was humidity > temperature > wind speed > temperature difference. Liu [13] showed that the higher the humidity and the lower the temperature, the higher the dust concentration in open-pit coal mines. Li [14] found that the TSP concentrations were highest during the 8:00–09:00 time period and lowest during the 15:00–16:00 time period and that the reason for this trend was the presence of an inversion layer over the open-pit mine, in addition to the effects of meteorological parameters and normal operations. Yang [15] showed that the coal yard dust was significantly related to wind speed, and the simulation value was far beyond that of the waste dump, but the dust concentration in the dump was higher. Qi [16] developed a prediction model for the dust concentration in open-pit coal mines and found that the order of magnitude of the factors affecting the dust concentration is that the current PM concentration is mainly affected by the PM concentration 5 min ago, followed by humidity > temperature ≈ noise level > wind speed > wind direction. Patra [17] proposed an artificial neural network-based model to assess the impact of enhanced inhalable PM levels on miners and their variation with depth. Lu [18] used the PSO to optimize gradient boosting machines (GBMs) to analyze the dust concentration in opencast mines, resulting in improved accuracy for PM2.5 concentration estimation. Li [14] proposed a hybrid model based on a long short-term memory network and attention mechanisms and applied it to predict TSP concentrations, demonstrating enhanced stability and predictive accuracy. Luan [19] presented an integrated RF–Markov chain dust prediction model that meets the requirements for estimation accuracy and field application.



Although some current scholars have established mine dust concentration prediction models, they are all short-term predictions, and there is a lack of research on long-time prediction models. Different from previous studies, this paper analyzes the change characteristics of dust concentration and its influencing factors in the operating and non-operating areas of open-pit coal mines and specifies the key dust reduction objects in different areas, and a long-term model suitable for predicting dust concentrations in open-pit coal mines is developed, which is of certain significance for mine dust prevention and control.




2. Materials and Methods


2.1. Overview of the Mining Area


The study mine is the Haerwusu open-pit coal mine, a large open-pit coal mine in China that can produce up to 35 million tons per year. The mine is located in Xuejiawan Town, Jungar Banner, Ordos, Inner Mongolia, which is situated in a temperate continental monsoon climate zone.



In order to obtain more monitoring data, the sampling frequency in this paper is 5 min. Combined with the location of the production operation in the mining sector and the actual operating conditions, two monitoring points were deployed in this paper at the 1130 level of the surface and the 930 level of the coal step near the operation area, as shown in Figure 1. The detailed parameters of the equipment are shown in Table 1. Point 1 is about 600 m in a straight line from Point 2, with an elevation difference of about 500 m. There is no dust-producing source within 500 m of monitoring Point 1, i.e., monitoring Point 1 is located in the non-mining and loading operation area. The dust concentration at Point 1 is more affected by the environment, topography, and meteorology and may also be affected by the dust produced by the mining, stripping, and transportation operations at Point 2. Point 2 is located on the coal floor and moves with the advancement of the working face, always within the mining operation area, i.e., it is installed at the main source of dust in the open-pit mine. Due to the low terrain in the pit, the diffusion and deposition of dust is less affected by meteorological factors, and the concentration of dust is relatively large, mainly due to the influence of coal rock stripping, mining, transportation, and other operations.




2.2. Data Sources


The data used in this paper are all from the real-time data detected during the production process of the Haerwusu open-pit coal mine, as shown in Table 2. The raw data include the following 3 parts:




	(1)

	
Data on dust concentrations.









The monitoring of airborne TSP, PM10, and PM2.5 values in μg/m3, with a data sampling frequency of every 5 min. Due to the discontinuity of the data, 11,639 dust concentration data points were collected at Point 1 and 22,792 dust concentration data points were collected at Point 2.



	(2)

	
Average daily stripping data.







The daily average mining and stripping data for the monitored time period were tallied by collecting the daily work plan and actual stripping volume from the production planning department of the Haerwusu open-pit coal mine.



	(3)

	
Meteorological data.







The meteorological data were sampled at a frequency of every 5 min.




2.3. Algorithms of Prediction Model


The following algorithms were used in the prediction model:



(1) Regression analysis (RA).



RA is divided into linear and nonlinear regression. Linear regression, with a fixed coefficient, is effective for simple relationships but inadequate for complex curves. Nonlinear regression can handle complex relationships and multiple variables, yet it struggles with obscure variable laws and high complexity, often resulting in poor model fit. In cases of large sample sizes and complex relationships, both regression types can be unsatisfactory. A more detailed description can be found in the literature [20].



(2) Random forest (RF).



The RF model is essentially a learning algorithm based on decision trees that can be used to solve classification and regression problems. It consists of a number of unrelated decision trees; in the implementation of the algorithm, each decision tree uses a random selection of samples and eigenvalues, each independently learning to make predictions, and finally, through the results of a number of decision trees, there is a vote on the final result, as shown in Figure 2. A more detailed description can be found in the literature [21].



The random forest regression prediction model requires fewer parameters to be set and has some ability to prevent overfitting. In this paper, the number of decision trees is set at intervals of 100 from 100 to 800, the number of features is the maximum number of features specified, and the learning depth is set at intervals of 20 from 10 to 150. After several training sessions, the number of decision trees and the learning depth are determined based on the minimum error mean.



(3) Long short-term memory (LSTM).



LSTM is a deep learning model commonly used to process sequence data. Compared with the traditional RNN (Recurrent Neural Network), LSTM introduces three gates (input gate, forget gate, output gate, as shown in Figure 3) and a cell state, which are mechanisms that allow LSTM to better deal with long-term dependencies in sequences. A more detailed description can be found in the literature [22].



a. Forget gate:



The forget gate is operated by x and ht and goes through a sigmoid function to obtain a vector of 0,1, where 0 corresponds to a certain part of the previous memory to be forgotten, and 1 corresponds to the part of the previous memory that needs to be left behind.


   f t  = σ    W f  ×    h  t − 1   ,  x t    +  b f     











σ is the logical activation function, Wf and bf are the weight matrix and bias term of the forget gate, respectively, and [ht−1,xt] is the hidden state of the previous time step and the input of the current time step.



b. Input gate:



The input gate consists of two parts: the sigmoid layer decides which values will be updated, and the tanh layer creates a new vector of candidate values that will be added to the state.


   i t  = σ    W i  ×    h  t − 1   ,  x t    +  b i     










    C ˜  t  = tanh    W C  ×    h  t − 1   ,  x t    +  b C     











it is the output of the input gate,     C ˜  t    is the state of the candidate memory cell, and Wi, Wc and bi, bc are the correlation weights and bias, respectively.



c. Cell state:


   C t  =  f t  ×  C  t − 1   +  i t  ×   C ˜  t   








d. Output gate:



The output gate determines which part of the memory cell state will be output to the hidden state.


   o t  = σ    W o  ×    h  t − 1   ,  x t    +  b o     










   h t  =  o t  × tanh    C t     











ot is the output of the sigmoid function of the output gate, Ct is the updated memory cell state, and ht is the final hidden state output.



To optimize the prediction model for PM2.5 in open-pit mines, a balance between model accuracy and computational efficiency was sought. A time step of 4 was determined to be optimal, balancing information retention with reduced noise and computational complexity. A two-layer network was chosen to prevent overfitting, given the moderate sample size of the data. The hidden layer neuron count was set to 10, as it yielded the highest model accuracy without overcomplicating the model. The ReLU activation function was selected to mitigate the gradient vanishing problem, ensuring effective learning. Lastly, a learning rate of 0.01, MAPE as the loss function, and LSTM as the neuron type were chosen to enhance the model’s performance.




2.4. Data Processing


Data processing was conducted as follows:




	(1)

	
Numerical data.









Collected data are generally of various types such as integers, floating point numbers, and strings, and only numerical types of data can be used for the training of machine learning models. The wind direction data collected by the testing instrument are non-numerical, and the numerical processing of the wind direction is shown in Table 3.



	(2)

	
z-score standardization.







The mean and standard deviation of the data were used to transform the data into a normal distribution, i.e., a mean of 0 and a standard deviation of 1. Adopting z-score standardization to make the data conform to a normal distribution can reduce the overfitting risk of the prediction model and improve the accuracy and speed of the model prediction.



	(3)

	
Missing value processing.







Missing data can occur due to bad weather, machine breakdowns, network problems, etc., during the data collection process. The mean value method was used to fill in the missing values.



	(4)

	
Dataset division.







The dataset was divided into a training set and test set according to the ratio of 8:2, and the performance of the predictive model was evaluated by the measured and predicted values of the test set. For this prediction, there were 63 sets of training values and 16 sets of test samples.



	(5)

	
Evaluation methodology.







The Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE) were utilized to evaluate the model accuracy.





3. Results and Discussion


3.1. Characterization of Changes in Particulate Matter


3.1.1. Characteristics of Daily Changes in Dust Concentration Month by Month


Figure 4 shows the scatter plots of monthly TSP, PM10, and PM2.5 concentrations over time from September to November of Point 1 and Point 2. Table 4 shows the mean, maximum, and minimum values of the dust concentrations at Point 1 and Point 2 during the monitoring time.



From Figure 5 and Table 4, it can be seen that there are large fluctuations in the dust concentration and significant consistency in the TSP, PM10, and PM2.5 concentrations. The statistical analysis of monthly dust concentrations shows that the dust concentrations increase sequentially from September to November, probably due to the drop in temperature from September to November, which makes it easy for the inversion layer to form during the cold period [12,23,24]. The same trend of TSP, PM10, and PM2.5 concentrations over time at the same monitoring point suggests that the dust pollution may come from the same sources. Point 1 and Point 2 have basically the same date of peak dust concentration; the trend of concentration change is similar, and there is some connection between the dust concentration. The average particulate matter concentration at Point 2 was greater than that at Point 1, with TSP, PM10, and PM2.5 being 1.54, 1.45, and 1.21 times greater than at Point 1, respectively, which is consistent with the fact that the concentration of dust close to the operating area is greater than that away from the operating area.




3.1.2. Characteristics of Hourly Changes in Dust Concentration Month by Month


Figure 5 shows the scatter plots of TSP, PM10, and PM2.5 hourly mean concentrations at Point 1 and Point 2 from September to November. As can be seen in Figure 5, the average daily dust concentration at Point 1 exhibits November > October > September. The TSP, PM10, and PM2.5 dust concentrations were higher from 20:00 to 08:00, began to decline at 9:00, and began to rise after 16:00. The reason for this situation is that at 9:00 the intensity of solar radiation increases, the temperature rises relatively, which is conducive to the diffusion of dust outside the pit, and the concentration of dust constantly decreases, whereas at night, after 16:00, the intensity of solar radiation decreases, the temperature of the ground decreases, and the phenomenon of inversion occurs, which leads to an increase in the concentration of dust in the air.



The average daily dust concentration at Point 2 exhibited November > October > September. The concentrations of TSP, PM10, and PM2.5 were higher from 20:00 to 04:00, declined from 5:00, and began to increase after 12:00. The reason for this situation is that the workload of stripping and transportation in the morning was reduced, and the concentration of dust in the pit was reduced, and in the afternoon, the equipment overhaul was completed, and the workload in the pit was elevated, which in turn generated a larger amount of dust.



Figure 6 shows the percentage of particulate matter concentration, where light green represents the percentage of particulate matter in the range of 0–2.5 μm, and dark green represents the percentage of particulate matter in the range of 2.5–10 μm. As can be seen in Figure 6, the concentration of particulate matter of 0–2.5 μm particle size at Point 1 accounts for about 60% of the PM10 concentration. This is due to that Point 1 is farther away from the mining and loading operation area, where particulate pollutants are more disturbed by meteorological factors; the PM2.5 particle size is small and light, and the diffusion range with the wind is large, so the concentration of particulate matter with a particle size of 0–2.5 μm at Point 1 accounts for a larger proportion than that of particulate matter with a particle size of 2.5–10 μm.



The concentration of particles of 2.5–10 μm size at Point 2 accounted for about 60% of the PM10 concentration, i.e., the concentration of particles of 2.5–10 μm size monitored at Point 2 was greater than the concentration of particles of 0–2.5 μm size. This is because Point 2 is in the mining and loading operation area, and operations such as stripping, transportation, and the use of explosives disturb the dust more, interfering with the deposition of large-diameter particles.



By observing the change rule of PM2.5 at two points, the relationship of dust concentration in different areas can be better found. The different percentages of particle sizes in different areas provide new ideas for dust reduction in open-pit coal mines, and dust reduction in the operation area can focus on controlling particles with a particle size above 2.5 μm, and particles with a particle size below 2.5 μm should be controlled in the non-operation area.




3.1.3. Particulate Matter Correlation Analysis


Figure 7 shows the scatter fit between the daily average TSP, PM10, and PM2.5 concentrations at Point 1 in the non-mining and loading operation area and at Point 2 in the mining area, and it can be seen that there is a strong linear relationship between the TSP, PM10, and PM2.5 mass concentrations, all of which show a clear positive correlation trend.



The Pearson correlation coefficients between the dust concentrations were further obtained by calculations to quantify the correlation between them, and the results are shown in Table 5. The Pearson correlation coefficients between TSP, PM10, and PM2.5 were all greater than 0.9, a finding consistent with previous studies [10,12]. The existence of a positive correlation between these particulate matter concentrations may be due to the presence of common sources, such as open-pit blasting, stripping, and transportation operations.





3.2. Effect of Factors on Dust Concentration


Due to the strong correlation of the three particulate matters, PM2.5 will be used as an example to analyze the correlation between the dust concentration and meteorological factors in the following. The correlation analysis of meteorological factors and PM2.5 concentration is shown in Table 6. It can be seen that meteorological factors have different correlations with the PM2.5 concentration. The meteorological factors are divided into four groups of wind speed, wind direction, temperature, and relative humidity, and their correlations with the PM2.5 concentration are analyzed.



3.2.1. Correlation Between Wind Speed and PM2.5 Concentration


In order to make the pattern of change in the image clearer, we intercepted the data from 11/1 to 11/10 to show the analysis. Figure 8 illustrates the scatter plots of the PM2.5 concentration versus wind speed variation at the two measurement points. Combined with Table 6 and Figure 8, we can see that the wind speed at Point 1 has a significant negative correlation with PM2.5, and Point 1 is at a higher position in the mine; the higher the wind speed, the more favorable the diffusion of particulate pollutants. The wind speed at Point 2 is significantly positively correlated with the PM2.5 concentration. Point 2 is on low ground; the wind speed in the pit is low, and there is more loose dust. The weak wind speed will instead increase the concentration of dust in the air.



It is worth noting that the wind speed showed a dual effect on PM2.5 in different regions, which is an area of difference from previous studies. Both Ma’s and Luo’s studies showed only a negative correlation between the wind speed and dust concentration [10,12].




3.2.2. Correlation Between Wind Direction and PM2.5 Concentration


As can be seen from Table 6, the wind direction at Point 1 shows a significant positive correlation with PM2.5, and the wind direction at Point 2 shows a significant negative correlation with PM2.5, indicating that the wind direction has a dual influence on PM2.5. The PM2.5 concentration levels with longer durations during the monitoring time were selected, and the wind direction and wind speed maps were plotted for different concentration levels, as shown in Figure 9. The dominant wind direction at Point 1 when PM2.5 was at second- and third-level concentrations was from the southeast, and the average wind speeds were 1.28 m/s and 1.31 m/s. When the prevailing wind is from the southeast, Point 1 is just downwind of Point 2, and the dust pollution detected at Point 1 may be related to the spread of operational dust at Point 2.



When the PM2.5 concentration at Point 2 was at the third level, the prevailing wind was from the south, and there were east and northeast winds, with average wind speeds of 0.82 m/s, 0.41 m/s, and 0.25 m/s, respectively, which were not conducive to the diffusion of pollutants from the near-ground level, resulting in the accumulation of dust in the air. When the dust concentration was reduced to the second level, the dominant wind direction was from the south, and the average wind speed was 1.06 m/s.




3.2.3. Correlation Between Temperature and PM2.5 Concentration


As can be seen in Table 6, the temperature at both Point 1 and Point 2 showed a significant negative correlation with PM2.5. During the data collection, Inner Mongolia entered the autumn and winter, where the sunshine time is short and the solar radiation is weak, the average temperature is about 4–6 °C, and the air temperature is low, which is not conducive to the diffusion and movement of particulate pollutants in the air. In addition, the near-surface air temperatures in the fall and winter are lower than the air temperatures in the upper air layers, resulting in an inversion phenomenon that hinders vertical air convection and is not conducive to the diffusion of particulate pollutants [14]. Figure 10 shows the scatter plots of the PM2.5 concentration versus temperature variation at the monitoring sites, which is the same as the results analyzed in Table 6.




3.2.4. Correlation Between Humidity and PM2.5 Concentration


As can be seen in Table 6, the relative humidity at both Point 1 and Point 2 showed a significant positive correlation with PM2.5. High relative humidity is the main condition that generates air pollution [25]. Higher atmospheric stability in the fall and winter still prevents the formation of effective precipitation, even with elevated humidity. The condensation of water vapor and dust in the air instead leads to the phenomenon of haze, which reduces atmospheric visibility and leads to a poorer air environment. Figure 11 shows the scatter plots of the PM2.5 concentration versus relative humidity variation, which is the same as the results analyzed in Table 6.




3.2.5. Effect of Mining and Loading Intensity on Dust Concentration


The stripping and transportation process of open-pit coal mines produces a large amount of dust. The daily stripping volume of the Haerwusu open-pit coal mine was used as an indicator to measure the size of the mining intensity of the coal mine on that day. The larger the stripping volume is, the stronger the mining intensity is. The relationship between the dust concentration and the intensity of mining and loading was analyzed by using the variation in the daily average particulate matter concentration and the amount of mining and stripping over a period of time.



As an example, the daily average PM2.5 concentration values were categorized into five classes: 0~35 μg/m3, 36~75 μg/m3, 76~115 μg/m3, 116~150 μg/m3, and 151~250 μg/m3. Table 7 shows the data statistics between different concentration levels and the average daily amount of stripping from September to November. It can be seen that the relationship between the PM2.5 concentration at Point 1 and the average daily stripping volume is not obvious, on the one hand, because Point 1 is located on the north end wall at a certain distance from the operation area; this area is relatively less affected by the stripping, transportation, loading, and unloading operations. On the other hand, Point 1 has a higher topography, and the dust concentration is affected by the meteorological influence.



The PM2.5 concentration at Point 2 was positively correlated with the average daily stripping volume, with higher PM2.5 concentration levels corresponding to higher average daily stripping volumes. Point 2 is located in the mining and loading operation area, and the monitored dust concentration is mainly affected by the stripping, transportation, loading, and unloading operations, so it can be seen that there is a positive correlation between the PM2.5 concentration and the average daily amount of stripping. In addition, it can be seen that the growth rate of the stripping volume decreases with the increase in the PM2.5 concentration, indicating that the growth trend of PM2.5 slows down with the increase in the stripping volume.



Figure 12 depicts the curve of the particulate matter concentration versus the stripping volume for September–November 2018 at the two measurement points. As can be seen from Figure 12, there is no obvious relationship between the change curve of the average daily particulate matter concentration and the change curve of the average daily stripping volume at Point 1. And the change curve of the average daily particulate matter concentration at Point 2 is similar to the change curve of the average daily stripping volume, with peaks and valleys appearing at the same time, which indicates that there is a positive correlation between the change in the dust concentration at Point 2 and the mining intensity of the open-pit mine, and it is the same as that obtained from the conclusions in Table 7. There is a correlation between the intensity of mining in open-pit coal mines and the dust concentration; the total daily stripping volume is a measure of the intensity of mining, and it is necessary to select the stripping volume as a base variable for predicting the dust concentration [2,26].





3.3. Dust Concentration Prediction Model Performance


3.3.1. RA Prediction Model Performance


Table 8 shows the prediction results of the test set of the PM2.5 concentration using RA, and the results of the comparison between the predicted and true values are shown in Figure 13. The final RMSE value of the regression prediction model was obtained as 0.6761, and the MAPE value was 17.43%. It can be seen that the performance of the regression model for the prediction of the PM2.5 concentration in open-pit mines is ordinary, mainly because the regression model has insufficient ability to deal with multi-featured and irregular data.




3.3.2. RF Prediction Model Performance


Figure 14 shows the variation in the MAPE and RMSE with the variation in two parameters, the number of decision trees and the maximum learning depth, on the test set of the random forest prediction model. It can be seen that the MAPE and RMSE on the test set decrease with the increase in the number of decision trees and maximum learning depth. The minimum values of the MAPE and RMSE are reached when the number of decision trees is 400 and the maximum learning depth is 100, which are 0.1174 and 0.4901, respectively.



Table 9 shows the RF prediction results for the test set, and the results of comparing the predicted and true values are shown in Figure 15. The final RMSE value of the regression prediction model was obtained as 0.4901, and the MAPE value was 11.74%.




3.3.3. LSTM Prediction Model Performance


Table 10 shows the prediction results for the test set obtained using the LSTM prediction model, and the results of comparing the predicted and true values are shown in Figure 16. It can be seen that the predicted values overlap with the measured values, and the RMSE of the model is 0.3016 and the MAPE is 7.03%, which indicates that the LSTM prediction model has a good prediction effect.




3.3.4. Comparison of Prediction Models


Table 11 shows the comparison of the prediction error values of the three prediction models. By comparing the results of regression analysis, RF, and LSTM in the prediction of the PM2.5 concentration in the Haerwusu open-pit mine, it was found that the LSTM prediction model had the best prediction. The ordering of results for both the RMSE and MAPE on the test set was RA > RF > LSTM.



Some scholars have also developed prediction models for the dust concentration in open-pit coal mines, but the prediction time is short, for example, Luan [19] (20 s), Qi [16] (5 min), Lu [18] (2 h), and Li [14] (4 h). The prediction time of the prediction model proposed in this paper can reach 24h, which is more conducive to guiding the production operations in the mining sector, thus effectively reducing the dust concentration in surface coal mines.






4. Conclusions


In this paper, based on the measured data collected at the Haerwusu open-pit coal mine in China, the characteristics of the variation in the dust concentration in different areas of the open-pit coal mine and the influencing factors were investigated using multivariate statistical methods, and the main conclusions obtained are as follows:




	(1)

	
The statistical results of the dust concentration show a strong linear relationship between the TSP, PM10, and PM2.5 concentrations at the monitoring points. The concentration of particulate matter of 2.5–10 μm particle size in the operational area accounts for about 60% of PM10; the concentration of particulate matter of 0–2.5 μm particle size in the non-operational area accounts for about 60% of PM10. Dust reduction in open-pit mining operations needs to focus on PM10 pollution, and dust reduction in non-operational areas needs to focus on PM2.5 pollution.




	(2)

	
The analysis of the influence of mining intensity on the dust concentration in different areas shows that the changes in the average daily dust concentration at the monitoring points close to the operation area are greatly influenced by the mining intensity, and the dust concentration is positively correlated with the daily stripping volume.




	(3)

	
The analysis of the influence of meteorological factors on the dust concentration in different areas shows that meteorological factors such as the wind speed, wind direction, temperature, and humidity have a significant correlation with the PM2.5 concentration, and PM2.5 exhibits a twofold relationship with wind speed and wind direction, a negative correlation with temperature, and a positive correlation with humidity.




	(4)

	
The LSTM prediction model outperforms the RA and RF models in prediction: the RMSE of the LSTM model is 0.3016, and the MAPE is 7.03%. The LSTM model is more suitable for predicting the dust concentration in open-pit coal mines.









This paper analyzes the pollution characteristics and concentration prediction of dust, but only part of the time period of the monitoring data was obtained. Future research should obtain more long-term dust concentration and meteorological data to further study the spatial and temporal pollution of dust and construct a more accurate dust concentration prediction model.
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Figure 1. Location of Haerwusu open-pit coal mine. 
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Figure 2. RF algorithm framework. 
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Figure 3. Simplified structure of LSTM. 
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Figure 4. Trend of daily average dust concentration month by month. 
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Figure 5. Trend of hourly average dust concentration month by month. 
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Figure 6. Percentage of particulate matter concentration. 
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Figure 7. Scatter linear fitting diagram of daily average TSP, PM10, and PM2.5. 
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Figure 8. The trend of wind speed and PM2.5. 
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Figure 9. Wind rose diagram for different dust concentration levels. 
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Figure 10. The trend of temperature and PM2.5. 
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Figure 11. The trend of relative humidity and PM2.5. 
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Figure 12. The trend of particulate matter concentration and stripping volume. 






Figure 12. The trend of particulate matter concentration and stripping volume.



[image: Atmosphere 15 01408 g012]







[image: Atmosphere 15 01408 g013] 





Figure 13. PM2.5 concentration predicted value and measured value of RA. 
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Figure 14. Effects of different parameters of RF on MAPE and RMSE. 
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Figure 15. PM2.5 concentration predicted value and measured value of RF. 
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Figure 16. PM2.5 concentration predicted value and measured value of LSTM. 






Figure 16. PM2.5 concentration predicted value and measured value of LSTM.



[image: Atmosphere 15 01408 g016]







 





Table 1. Equipment technical parameters.
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Power Supply

	
AC220V






	
Communication interface

	
GPRS wireless transmission




	
Air temperature sensor

	
Range: −40 to 70 °C; resolution: 0.1 °C




	
Accuracy: ±0.2 °C




	
Air humidity sensor

	
Range: 0 to 100%; resolution: 0.1%




	
Accuracy: ±3%




	
Wind speed sensor

	
Range: 0 to 60 m/s; resolution: 0.1 m/s




	
Accuracy: ±0.3 m/s




	
Wind direction sensor

	
8 directions




	
Dust (TSP, PM10, PM2.5) sensor

	
Range: 0 to 1000 μg/m3; resolution: 1 μg/m3




	
Accuracy: error ≤ 12%




	
Relay output

	
1 channel, connected to secondary relay




	
Equipment bracket

	
2 m pole











 





Table 2. Descriptive statistics of monitoring data.
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Wind

Power

	
Wind Speed (m/s)

	
Temperature (℃)

	
Relative

Humidity (%)

	
Noise (dB)

	
Sampling Time






	
Point 1

	
Minimum

	
0

	
0

	
−11.5

	
17.2

	
41.8

	
7 September 2018 to 31 November 2018




	

	
Maximum

	
5

	
10

	
22.6

	
99.9

	
101.6




	

	
Mean

	
—

	
0.57

	
4.26

	
56.13

	
73.23




	
Point 2

	
Minimum

	
0

	
0

	
−24.9

	
15.9

	
36.7

	
10 September 2018 to 10 December 2018




	

	
Maximum

	
7

	
14

	
23.50

	
99.9

	
74.8




	

	
Mean

	
—

	
1.11

	
1.72

	
56.43

	
52.20











 





Table 3. Numerical processing of wind direction.
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	Wind Direction
	Center Angle (°)
	Angle Range (°)





	North wind
	0
	348.75–11.25



	Northeast wind
	45
	33.76–56.25



	East wind
	90
	78.76–101.25



	Southeast wind
	135
	123.76–146.25



	South wind
	180
	168.76–191.25



	Southwest wind
	225
	213.76–236.25



	West wind
	270
	258.76–281.25



	Northwest wind
	315
	303.76–326.25










 





Table 4. Mean, maximum, and minimum values of dust concentration.
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September

	
October

	
November




	

	

	
Mean

	
Maximum

	
Minimum

	
Mean

	
Maximum

	
Minimum

	
Mean

	
Maximum

	
Minimum






	
Point 1

	
TSP

	
45.80

	
219

	
0

	
51.20

	
200

	
0

	
60.73

	
179

	
0




	

	
PM10

	
41.62

	
179

	
0

	
46.50

	
170

	
0

	
49.09

	
138

	
0




	

	
PM2.5

	
36.54

	
115

	
0

	
38.19

	
145

	
0

	
40.44

	
89

	
0




	
Point 2

	
TSP

	
79.86

	
293

	
0

	
80.87

	
272

	
0

	
82.59

	
280

	
3




	

	
PM10

	
63.44

	
244

	
0

	
66.74

	
228

	
0

	
68.51

	
221

	
1




	

	
PM2.5

	
44.30

	
179

	
0

	
46.00

	
177

	
0

	
48.49

	
168

	
0











 





Table 5. TSP, PM10, and PM2.5 concentration correlation coefficients.
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PM

	
TSP (μg/m3)

	
PM10 (μg/m3)

	
PM2.5 (μg/m3)






	
Point 1

	
TSP (μg/m3)

	
1

	
0.986

	
0.998




	
PM10 (μg/m3)

	
0.986

	
1

	
0.980




	
PM2.5 (μg/m3)

	
0.998

	
0.980

	
1




	
Point 2

	
TSP (μg/m3)

	
1

	
0.999

	
0.982




	
PM10 (μg/m3)

	
0.999

	
1

	
0.978




	
PM2.5 (μg/m3)

	
0.982

	
0.978

	
1











 





Table 6. Pearson correlation coefficients between meteorological factors and PM2.5 concentrations.
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	Meteorological Factors
	PM2.5 of Point 1
	PM2.5 of Point 2





	Wind speed
	−0.154 **
	0.281 **



	Wind direction
	0.059 **
	−0.123 **



	Temperature
	−0.438 **
	−0.069 **



	Relative humidity
	0.370 **
	0.568 **







**: correlation is significant at the 0.01 level (two-tailed).













 





Table 7. Daily average PM2.5 concentrations and overall output.
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	PM2.5 (μg/m3)
	0~35
	36~75
	76~115
	115~150
	150~250





	Point 1
	Average daily stripping volume (t)
	1,443,056
	1,495,848
	1,527,218
	1,513,674
	1,633,891



	
	Growth rate of stripping volume (%)
	-
	3.66%
	2.10%
	−0.89%
	7.94%



	Point 2
	Average daily stripping volume (t)
	754,390
	1,152,181
	1,387,781
	1,612,902
	1,845,303



	
	Growth rate of stripping volume (%)
	-
	52.73%
	20.45%
	16.22%
	14.41%










 





Table 8. Predicted value and measured value of RA model of test set.
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	Time
	Measured
	Predicted





	24 November 2018
	4.10
	4.26



	25 November 2018
	3.64
	4.22



	26 November 2018
	3.14
	3.79



	27 November 2018
	3.59
	4.35



	28 November 2018
	4.01
	4.14



	29 November 2018
	4.12
	4.43



	30 November 2018
	3.95
	4.31



	1 December 2018
	4.27
	4.20



	2 December 2018
	2.87
	3.99



	3 December 2018
	2.80
	4.04



	4 December 2018
	3.15
	3.84



	5 December 2018
	2.06
	3.58



	6 December 2018
	2.72
	2.69



	7 December 2018
	2.94
	2.71



	8 December 2018
	3.86
	3.63



	9 December 2018
	4.50
	4.56










 





Table 9. Predicted value and measured value of RF model of test set.
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	Time
	Measured
	Predicted





	24 November 2018
	4.10
	4.14



	25 November 2018
	3.64
	4.02



	26 November 2018
	3.14
	3.00



	27 November 2018
	3.59
	3.44



	28 November 2018
	4.01
	3.46



	29 November 2018
	4.12
	4.14



	30 November 2018
	3.95
	3.97



	1 December 2018
	4.27
	4.08



	2 December 2018
	2.87
	3.83



	3 December 2018
	2.80
	3.12



	4 December 2018
	3.15
	3.34



	5 December 2018
	2.06
	3.36



	6 December 2018
	2.72
	2.90



	7 December 2018
	2.94
	2.83



	8 December 2018
	3.86
	3.41



	9 December 2018
	4.50
	3.93










 





Table 10. Predicted value and measured value of LSTM model of test set.
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	Time
	Measured
	Predicted





	24 November 2018
	4.10
	4.14



	25 November 2018
	3.64
	4.02



	26 November 2018
	3.14
	3.00



	27 November 2018
	3.59
	3.44



	28 November 2018
	4.01
	3.46



	29 November 2018
	4.12
	4.14



	30 November 2018
	3.95
	3.97



	1 December 2018
	4.27
	4.08



	2 December 2018
	2.87
	3.83



	3 December 2018
	2.80
	3.12



	4 December 2018
	3.15
	3.34



	5 December 2018
	2.06
	3.36



	6 December 2018
	2.72
	2.9



	7 December 2018
	2.94
	2.83



	8 December 2018
	3.86
	3.41



	9 December 2018
	4.50
	3.93










 





Table 11. RMSE and MAPE of the three models.
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	Models
	RMSE
	MAPE





	RA
	0.6761
	17.43%



	RF
	0.4901
	11.74%



	LSTM
	0.3016
	7.03%
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