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Abstract: Since geological structures around coal mines are complex, sudden coal mine
water inflow is seriously threatening coal mining safety. To improve the accuracy of
predicting coal mine water inflow, a multi-source dataset is collected to develop a coal
mine water inflow prediction model based on multi-factor Pearson correlation analysis,
where a convolutional neural network and bidirectional long short-term memory neural
network are adopted to extract features from time-series data. To validate the performance
of the present prediction model, a case study is conducted, where the predicted coal mine
water inflow is close to the collected coal mine water inflow. Meanwhile, compared to
other prediction models, the present prediction model can predict the magnitude and
development trend of coal mine water inflow in the next 8 h more accurately, where the
mean absolute percentage error is 5.76% and the correlation coefficient is 0.922.

Keywords: coal mine water inflow; Pearson correlation analysis; convolutional neural
network; bidirectional long short-term memory neural network

1. Introduction
The coal mine water inflow is the key indicator for evaluating coal mine complexity,

affecting the economic evaluation of the coal mine. Additionally, the coal mine water inflow
is the important basis of developing water prevention and control projects. Therefore, to
ensure coal mining safety, predicting coal mine water inflow is necessary. Currently, there
are two prediction methods of coal mine water inflow: one is the traditional prediction
method based on the stable flow theory, and the other is the modern prediction method
based on deep learning, where the magnitude and development trends of coal mine water
inflow are predicted [1–8]. Dong et al. [1] developed a coal mine water inflow risk assess-
ment and decision support system based on a Bayesian network. Li et al. [2] established a
water inflow prediction model with geological, hydrogeological, and coal mine conditions.
Gu et al. [3] addressed the limitations of using the water inflow coefficient method to evalu-
ate coal mine water inflow risk, and a comprehensive analysis was conducted. Xie et al. [4]
considered the geological and hydrogeological data of a coal mine and calculated the
weights of indicators based on the attribute hierarchy model. Furthermore, some scholars
trained models based on data-driven approaches to predict water inflow. Yang et al. [5] ex-
tracted hydrochemical discrimination ions from water samples and proposed an improved
water source discrimination model that combined data mining, classification models, and
learning reinforcement algorithms. Yin et al. [6] proposed a data-driven method to predict
coal mine water inflow using on-site 3D microseismic monitoring data and demonstrated
the effectiveness of the method. Liu et al. [7] established a water inflow prediction model
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by predicting the water inflow rate. Yang et al. [8] proposed a prediction model that
utilized microseismic energy density analysis to monitor fracture points within rock layers,
providing real-time predictions.

With the development of machine learning algorithms, the long short-term memory
(LSTM) network and its improved algorithms achieve good results in time-series prediction
in many fields [9–20]. Zhang et al. [9] developed a two-layer LSTM model to predict the
depth of the groundwater level, using multiple inputs to predict changes in the groundwater
level. Vu et al. [15] used an LSTM network to fill in missing data of groundwater levels,
and retrieved the missing data without the need for calibration. Chen et al. [16] applied
deep learning to the analysis and prediction of coal mine water inflow, which improved
the accuracy of water inflow prediction. Gao et al. [17] used an LSTM network to predict
the time series of key water quality indicators, which achieved accurate prediction results.
Yang et al. [19] proposed the DIFF-LSTM model, which effectively stabilized non-stationary
water inflow sequences and reduced autocorrelation of the sequences. To predict coal mine
water inflow, Shi et al. [20] added random search and Bayesian optimization algorithms to
the LSTM model.

The rapid development of machine learning-based methods enables the relatively
accurate prediction of coal mine water inflow. However, the above studies are limited to
time-series analyses, without considering the effect of multiple factors on water inflow,
including aquifer thickness, coal mining volume per minute, coal seam thickness, goaf area,
mining depth, and rainfall. Obviously, coal mine water inflow is affected by the above
factors. To improve the accuracy of predicting coal mine water inflow, it is necessary to
study the correlation between the above factors and water inflow. Therefore, the present
paper develops a coal mine water inflow prediction model based on multi-factor Pearson
correlation analysis, where the factors with strong correlations with water inflow are
selected to train the prediction model, while the factors with weak correlations with water
inflow are neglected to improve the accuracy and efficiency. According to a comparison of
the present model with the previous models, the accuracy of predicting coal mine water
inflow is improved significantly. The present study is organized as follows. Firstly, the
CNN-BiLSTM-Attention model is presented. Next, a Pearson correlation analysis of coal
mine water inflow is conducted, where correlation coefficients of different factors are
calculated. Then, to validate the performance of the present prediction model, a case study
is conducted, where the predicted coal mine water inflow is close to the collected coal mine
water inflow. Lastly, the present prediction model is compared to other prediction models;
the present prediction model can predict the magnitude and development trends of coal
mine water inflow in the next 8 h more accurately.

2. Methods
2.1. Convolutional Neural Network

As shown in Figure 1, the convolutional neural network (CNN) is composed of a
convolutional layer, pooling layer, and fully connected layer. The convolutional layer uses
convolutional kernels to perform convolution operations to extract local features of raw
data, namely

C = σ(WX + b) (1)

where C is the feature to be extracted, σ(·) is the activation function, W is the weight matrix,
X is the input matrix, and b is the offset. Pooling is achieved by adding a pooling layer after
the convolutional layer, whose function is to prevent overfitting. The fully connected layer
is used to integrate advanced features learned by the convolutional and pooling layers to
obtain the final output. Due to the influence of multiple factors on coal mine water inflow,
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inputting original data features into time-series prediction models may not help effectively
predict water inflow. Therefore, the present paper uses a one-dimensional convolutional
neural network to extract deep-level feature data and improve model performance.

Figure 1. Convolutional neural network.

2.2. Bidirectional Long Short-Term Memory Network

Due to the fact that a single long short-term memory (LSTM) network can only
consider the impact of the preceding sequence data on current data, and cannot provide
feedback from subsequent data to the preceding sequence, a variant of LSTM, bidirectional
LSTM (BiLSTM), is proposed, which adds a backpropagation layer [21,22]. BiLSTM can
simultaneously utilize historical data and future information for prediction, improving the
predictive ability of the model. As shown in Figure 2, BiLSTM is composed of an input
layer, BiLSTM layer, fully connected (FC) layer, and output layer.

Figure 2. Bidirectional long short-term memory network.

2.3. Attention Mechanism

By focusing on several important local areas, information on time-series prediction
is obtained, and a description of time-series features is constructed [23,24]. The attention
mechanism used is shown in Figure 3. The features of each time step are extracted to obtain
Hc

i,j, representing the state of each feature at each time step, which is input into the scoring
function to determine the importance of each indicator at different previous time steps.
Different weights are assigned to different parts of the input sequence, and the attention
points of the prediction target are obtained to improve prediction accuracy.

Figure 3. Attention mechanism.
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2.4. CNN-BiLSTM-Attention Model

As shown in Figure 4, during the training process, the CNN-BiLSTM-Attention model
goes through the following steps: establishing a multi-factor correlation dataset, analyzing
the correlation factors of the dataset based on Pearson correlation analysis, and obtaining
the correlation coefficient matrix A. Then, during the convolution feature extraction process,
the correlation coefficient matrix is continuously updated. Simultaneously, the dataset is
placed in a CNN layer for convolution and pooling operations to extract the feature matrix
F, merge A and F and flatten them, input them into BiLSTM for prediction, focus on local
features through the attention layer, and reweight them. The propagation mode between A
and F is

A∗ = A + I (2)

Fi+1 = f (Fi, A) (3)

where A is the correlation coefficient matrix, I is the identity matrix, and Fi is the feature
matrix of the i-th layer. Finally, the predicted value is obtained through a fully connected
layer. To achieve higher computational speed and ensure prediction accuracy, the number
of convolutional and pooling layers in the convolution process is set to 2.

Figure 4. CNN-BiLSTM-Attention model.

3. Correlation Analysis of Water Inflow
To conduct the present study, water inflow data from Jianxin coal mine, Shaanxi

Province, China, is collected to predict coal mine water inflow. Firstly, the mining depth
of Jianxin coal mine is close to the aquifer thickness, and the risk of coal mine water
inflow is relatively high, making it necessary to predict coal mine water inflow. Secondly,
Jianxin coal mine is equipped with a smart coal mine data collection system, making it
convenient to collect multi-source data to predict coal mine water inflow, including directly
related water inflow data from different zones and indirectly related water inflow data from
different environmental factors. The sampling time was from 0:00 on 1 September 2024 to
24:00 on 9 September 2024, and the sampling interval was 3.8 min. Figure 5 shows directly
related water inflow data from different zones, and Figure 6 shows indirectly related water
inflow data from different environmental factors, like aquifer thickness, aquitard thickness,
atmospheric temperature, development extension length, goaf area, layer thickness, mining
depth, minute coal mining volume, and rainfall. After multi-source water inflow data was
collected, we conducted Pearson correlation analysis [25,26] to select factors with strong
correlations with water inflow to construct the training dataset.
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Figure 5. Directly related water inflow data from different zones.

Figure 6. Indirectly related water inflow data from different environmental factors.

To represent the correlation between environmental factors and water inflow, the
Pearson correlation coefficient matrix is calculated. The correlation is divided by 0.2; in-
dicators with a correlation lower than 0.2 are considered unrelated to water inflow. By
conducting Pearson correlation analysis, the correlation between environmental factors and
water inflow is relatively high, including aquifer thickness, coal seam thickness, mining
depth, minute coal mining volume, rainfall, river water level elevation, and temperature,
i.e., these environmental factors affect water inflow significantly, so they are selected to
construct the dataset to train the water inflow prediction model. The correlation between
environmental factors and water inflow is relatively low, including aquitard thickness,
development extension length, and goaf area; to achieve higher computational speed and
ensure prediction accuracy, they are removed from the training dataset. Based on the
Pearson correlation analysis, a multi-factor water inflow prediction dataset is constructed.
The dataset consists of three parts: the first part is timestamps, the second part is envi-
ronmental factors, and the third part is water inflow. The dataset related to water inflow
includes directly related data and indirectly related data, like aquifer thickness, coal seam
thickness, mining depth, minute coal mining volume, rainfall, river water level elevation,
and temperature; 3410 pieces of data related to water inflow are collected for water inflow
prediction model training.
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4. Case Study
Firstly, the model parameters are introduced. The process batch is set to 12, the

number of iterations is 300, the learning rate is set to 0.001, the optimizer is Adam, the
input sequence length is 12, and the output sequence length is 6. To validate the accuracy
of predicting coal mine water inflow, Figure 7 shows the predicted coal mine water inflow
and collected coal mine water inflow, where the ratio of the training set to the test set is
8:2. The green line is coal mine water inflow data collected by the smart coal mine data
collection system, and the blue line is the coal mine water inflow data predicted with the
present prediction model. The magnitude and development trend of predicted coal mine
water inflow in the next 8 h is close to the collected coal mine water inflow; that is to say,
the present prediction model can predict the magnitude and development trends of coal
mine water inflow in the next 8 h accurately. Furthermore, the uncertainty of the predicted
coal mine water inflow is investigated. The calculation of the uncertainty is as follows.
Firstly, calculate the mean value x and standard deviation s of data points. Then, calculate
the standard error SE = s/

√
n, where n is the number of data points. Finally, calculate

the upper and lower limits of the confidence interval with x ± 1.96 × SE. As shown in
Figure 8, the predicted water inflow is close to the collected water inflow. Among 157 data
points, most of the data points are within the 95% confidence interval of the predicted
water inflow, i.e., the present prediction model can predict the magnitude and development
trends of coal mine water inflow in the next 8 h accurately. After the magnitude and
development trends of coal mine water inflow in the next 8 h are predicted, to improve coal
mining safety management, early warning of coal mine water inflow is made according to
detailed rules of coal mine water inflow prevention and control, which are listed in Table
1. If the risk levels of coal mine water inflow are low or relatively low, coal mining is not
affected by water inflow, and water inflow prevention and control are simple. If the risk
level of coal mine water inflow is medium, coal mining is affected by water inflow, but
it does not threaten coal mining safety. If the risk of coal mine water inflow is relatively
high, water inflow is threatening coal mining safety, coal mining is not permitted, people
must be evacuated to a safe area, and drainage systems are partly open. If the risk of coal
mine water inflow is high, water inflow is seriously threatening coal mining safety, coal
mining is not permitted, people must be evacuated to a safe area, and drainage systems are
completely open.

Figure 7. Predicted coal mine water inflow and collected coal mine water inflow.
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Figure 8. Uncertainty of predicted coal mine water inflow.

Table 1. Risk level of coal mine water inflow.

Risk Level High Relatively High Medium Relatively Low Low

Water Inflow (m3/h) ≥3000 [1650, 3000) [840, 1650) [300, 840) <300

To validate the performance of the present prediction model, the evaluation indicators
are defined, including mean absolute error (MAE), mean absolute percentage error (MAPE),
root mean squared error (RMSE), and correlation coefficient R2:

MAE =
1
n

n

∑
i=1

|y∗i − yi| (4)

MAPE =
100%

n

n

∑
i=1

∣∣∣∣y∗i − yi

yi

∣∣∣∣ (5)

RMSE =

√
∑n

i=1(y
∗
i − yi)2

n
(6)

R2 = 1 − ∑n
i=1(y

∗
i − yi)

2

∑n
i=1(y

∗
i − yi)2

(7)

where yi is the actual value, y∗i is the predicted value, y∗i is the mean of the predicted values,
and n is the number of the predicted values. Among them, MAE and RMSE are absolute
error representations of water inflow, and MAPE is the relative error representation of
water inflow. The smaller the above three indicators, the smaller the error between the
predicted value and the actual value. R2 is the degree of fit between the predicted value and
actual value; the larger the value of R2, the better the degree of fit between the predicted
value and actual value.

4.1. Comparative Experiment

To validate the performance of the present prediction model, it is compared to other
prediction models, including XGBoost, Random Forest (RF), and KNN, where the model
parameters and dataset are the same. As listed in Table 2, compared to other prediction
models, MAE is reduced by 4.174, MAPE is reduced by 0.51, and RMSE is reduced by 4.159,
while R2 is increased by 0.012; this means the present prediction model can predict the mag-
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nitude and development trends of coal mine water inflow in the next 8 h more accurately.
Under the same model parameters and dataset, the CNN-BiLSTM-Attention model can
explore deep information from data related to water inflow; combining data correlation
analysis, the present prediction model can predict the magnitude and development trends
of coal mine water inflow in the next 8 h more accurately.

Table 2. Comparative experiment between the present prediction model and other prediction models.

Model MAE MAPE RMSE R2

Present 40.707 5.764% 57.606 0.922
XGBoost 52.932 7.427% 69.628 0.886

RF 56.327 7.922% 73.505 0.873
KNN 63.499 9.090% 82.756 0.840

4.2. Ablation Experiment

To investigate the effect of the bidirectional long short-term memory network, attention
mechanism, and Pearson correlation analysis on the present prediction model, an ablation
experiment is conducted, where the model parameters and dataset are the same. As
shown in Table 3, compared to CNN-LSTM, BiLSTM, attention mechanism, and Pearson
correlation analysis are helpful for improving the accuracy of predicting coal mine water
inflow.BiLSTM provides bidirectional information exchange, the attention mechanism can
enhance the level of attention to key parts of time series, and Pearson correlation analysis
weights multiple factors related to water inflow; therefore, the CNN-BiLSTM-Attention
model based on Pearson correlation analysis can extract accurate features from time-series
data, improving the accuracy of predicting coal mine water inflow.

Table 3. Ablation experiment between the present prediction model and other prediction models.

Model MAE MAPE RMSE R2

Present 40.707 5.764% 57.606 0.922
CNN-LSTM 63.548 8.755% 82.616 0.840

CNN-BiLSTM 47.430 6.711% 63.705 0.905
CNN-LSTM-Attention 44.881 6.274% 61.765 0.910
CNN-LSTM-Pearson 59.713 8.268% 77.624 0.859

5. Conclusions
A coal mine water inflow prediction model based on multi-factor Pearson correla-

tion analysis is developed, where a convolutional neural network and bidirectional long
short-term memory neural network are adopted to extract features from time-series data.
To validate the performance of the present prediction model, a case study is conducted.
Compared to other prediction models, the present prediction model can predict the magni-
tude and development trends of coal mine water inflow in the next 8 h more accurately,
where the mean absolute percentage error is 5.76% and the correlation coefficient is 0.922,
improving coal mining safety management. Meanwhile, an ablation experiment is con-
ducted, where the effect of the bidirectional long short-term memory network, attention
mechanism, and Pearson correlation analysis is investigated, demonstrating the advantage
of the present prediction model over other prediction models.

Of course, there are some limitations of the present study. Firstly, the present prediction
model can only predict overall coal mine water inflow, not local coal mine water inflow.
Secondly, based on the collected multi-source dataset, coal mine water inflow in the next 8 h
is predicted. If we want to predict water inflow for further hours, the accuracy of predicting
water inflow will decrease, since the collected dataset is insufficient. In the future, we will
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optimize various parameter configurations of the present prediction model, and construct
a coal mine water inflow risk warning framework to adapt to water inflow prediction and
warnings under actual working conditions.
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