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occurrence of underground impact pressure accidents and directly affect the safety, coal production,
economic and social benefits of coal mining enterprises. In order to evaluate the impact risk of
coal seams more reasonably and comprehensively, and consider the weights of different influencing

. . factors on the impact risk of coal seams, the neural network model is proposed to evaluate the impact
Comprehensive Evaluation of Coal

Seam Impact Risk Based on BP risk of coal seams. Mining depth, impact tendency, geological structure and mining technology are

Neural Network Model. Energies selected as the influencing factors of coal seam impact risk. Each influencing factor contains different

2022, 15,3292. https://doi.org/ evaluation indices, a total of 18. The 18 evaluation indices and the impact risk level are normalized
10.3390/en15093292 and quantified. The BP neural network model for evaluating coal seam impact risk level is established,

and the impact risk of 2-1 coal seams in a mine in Inner Mongolia is comprehensively evaluated and
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risk level has the characteristics of high precision, fast calculation speed and less artificial calculation,
which provides an efficient and convenient method for the evaluation of coal seam impact risk.
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1. Introduction

In recent years, with increasing demand for coal, the mining depth of coal mines has
deepened, accompanied by frequent underground impact pressure accidents. According to
statistics, in the past 30 years, the number of coal bump mines in my country has rapidly
increased from 32 in 1985 to 133 in 2020 [1]. Especially in the past two years, there have been
five major underground impact pressure accidents: “Longyun 10.20”, “Longjiabao 6.9”,
conditions of the Creative Commons . Tangshan 8.2”, “Shandong New Julong 2.22”, and “Longyu Coal Mine” [2]. Underground
Attribution (CC BY) license (https://  impact pressure has become one of the most serious natural disasters affecting the safety of
creativecommons.org/ licenses/by/ coal mines in my country [3]. Therefore, in recent years, in order to reduce the occurrence of
4.0/). underground impact pressure accidents, in addition to the development of intelligent coal
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mines [4], the state has attached great importance to the safety of coal mine production and
the impact of coal bump disasters in coal mine safety is becoming increasingly important.
It is necessary to study and evaluate the impact risk of coal seams in mines.

At present, many domestic scholars are devoted to research of coal bump. Zhang
Xiufeng et al. [5] applied multi-parameter joint monitoring and an early warning method
to set the weight coefficient of coal bump factors, and realized classification monitoring
and early warning of coal bump; Sun Litian et al. [6]. By analyzing field experimental data,
the stress increment influence coefficient of each underground impact pressure influencing
factor under the square is obtained, which provides a reference for multi-factor stress
superimposed underground impact pressure evaluation; Zhang Ke et al. [7]. For the
evaluation method of coal seam shock risk, a fuzzy comprehensive evaluation relationship
matrix was established, and a fuzzy comprehensive evaluation model of coal seam shock
risk was constructed, and its feasibility was verified through engineering examples; Jia
Baoxin et al. [8]. Real-time monitoring is carried out in the field, and key monitoring is
carried out to determine the coal bump area, by means of the mine pressure monitoring
method and the drilling cutting method, so as to achieve the purpose of predicting coal
bump. After analyzing a large number of micro-seismic events, Xie Jiahao [9] proposed
a method of using micro-seismic means to monitor hidden faults in the working face;
Wang Jiaxin et al. [10] established a PNN model for the evaluation of coal mine impact
risk grades on the basis of R-type factor analysis, which provided a new method for
coal seam impact risk assessment; Rong Hai et al. [11] applied the multi-factor pattern
recognition method to predict the impact risk of steeply inclined extra-thick coal seams,
and compared the prediction results of the comprehensive index method, which confirmed
that the multi-factor pattern recognition method had better prediction results; Liu Xiaoyue
et al. [12]. By improving the fruit fly optimization algorithm, it can be used to adjust the
weights and thresholds of the BP network adaptively; Yin Zengde et al. [13] proposed a
new method for local optimum and low accuracy in traditional coal bump prediction. The
BP neural network algorithm, based on the chaotic optimization particle swarm, improves
the accuracy of prediction; Yang Kai et al. [14] reduced the calculation process of the BP
network by combining the principal component analysis method with the BP network; Lu
Meining [15] et al. The influence factors of underground impact pressure are analyzed by
gray correlation degree, and the BP network is predicted with a high correlation degree, and
the prediction model put into practical application. In addition, there are other evaluation
methods, such as the comprehensive index method [16], the possibility index method [17],
the PSO-BP model [18], the AFOA-ELM model [19], and the new TOPSIS model [20].

The occurrence of underground impact pressure is a complex dynamic system, and
the determination of the influence weight of each influencing factor on the risk of coal seam
shock is a very complicated problem, so it is difficult to use a certain mathematical model to
reflect the impact factors and coal seam shock functional relationship between risks. Since
the neural network learns and trains the weights between the layers of the network through
a large number of sample values, complex nonlinear problems are represented by the
weights of the network [21]. At present, the common neural network prediction methods are
artificial neural network (ANN), recurrent neural network (RNN) and convolutional neural
network (CNN). ANN is commonly used to predict Tabular data, RNN is commonly used
to predict Sequence data, and CNN is commonly used to predict Image data. Therefore,
this paper applies BP neural network technology to evaluate coal seam impact risk. The
evaluation index of coal seam shock risk is determined, the BP neural network model of
coal seam shock risk is established, and the BP neural network is verified by engineering
examples to calculate the coal seam shock risk level well.

2. Influence Factor Analysis of Coal Seam Underground Impact Pressure

Coal bump has a relatively complex mechanism, and its occurrence does not depend on
one or several specific factors, but is mainly due to the interference of natural conditions and
human factors [1]. It is necessary to fully consider the possibility of on-site data collection
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and the effectiveness, pertinence, and accuracy of the influencing factors themselves to
indicate the key influencing factors, and to select the four major influencing factors of
mining depth, shock tendency, geological structure, and mining technology to impact
ground pressure. Evaluation is then required.

2.1. Mining Depth

Under normal circumstances, the deeper the mining depth of the coal seam in the
mine, the greater the in-situ stress on the coal body, and the higher the possibility of the
risk of coal seam impact in the mine. Zhang Kexue et al. [22] used FLAC3D numerical
simulation software to intuitively display the changes of in-situ stress at different depths,
and qualitatively proved that mining depth affects the occurrence of coal seam impact risk
in mines.

2.2. Impact Propensity

Impact tendency refers to the natural property of whether a coal rock mass is capable
of underground impact pressure. The underground impact pressure tendency is an im-
portant basis for evaluating the risk of underground impact pressure in coal mines. The
impact tendency is divided into coal seam impact tendency and roof and floor impact
tendencies [23,24]. According to the relevant national standards for underground impact
pressure in my country, and the rules for preventing and controlling underground impact
pressure in coal mines, this paper divides the impact tendency index into the uniaxial com-
pressive strength of coal, the uniaxial compressive strength of coal, the elastic energy index,
dynamic failure time of coal [25], impact propensity of roof strata and impact propensity of
floor strata. The uniaxial compressive strength of coal refers to the ratio of the failure load
to the compressive area of the standard coal specimen under uniaxial compression [26].
The elastic energy index of coal refers to the ratio of the elastic deformation energy to the
plastic deformation energy (loss change performance) of the coal specimen under uniaxial
compression when force reaches a certain value (before failure) and unloading [27]. Un-
der the same conditions, coal with higher impact tendency is more likely to have impact
risk [28].

2.3. Geological Structure

Geological structure [29] has always been the key research object of coal mine safety
production. Common types of geological structures include fault influence, fold struc-
ture, collapse column influence, and river scour zone influence. Yu Demian et al. [30]
observed, through field observation, that when the mining direction of the working face
is approximately perpendicular to the principal structural stress, underground impact
pressure is likely to occur and strength is high. The intensity and frequency of pressure are
greatly reduced.

2.4. Mining Technology

Mining technical conditions include the length of the working face, the width of the
coal pillar in the section, the thickness of the bottom coal, the degree of pressure relief of the
protective layer, the empty parameters of the working face, and the coal mining technology
of the working face.

The protective layer pressure relief mining parameters include the pressure relief
degree of the protective layer and the horizontal distance between the working face and
the coal pillar left by the mining of the upper protective layer. The working face goaf
parameters include the relationship between the working face and the adjacent goaf, and
the working face mining parameters include working face length, section coal pillar width,
and bottom coal thickness. Due to the wide distribution of coalfields in my country, and
the complex geological conditions, the depth, thickness, type and other coal conditions
of coal seams are all different, and the corresponding mining technologies are also very
different. The traditional coal mining process greatly damages the stability of the coal seam,
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and the danger of underground impact pressure is evident. Therefore, the coal mining
process should be reasonably selected to improve production efficiency of the mine.

Figure 1 refers to 18 evaluation indexes of underground impact pressure risk in coal
seams. Analyzing the influence of each impact index on the risk of coal seam impact, it can
be seen that there is a nonlinear functional relationship between the risk of coal seam impact
and each impact index. This functional relationship is difficult to give by conventional
mathematical expressions. This paper adopts the BP neural network model. The operation
process of BP neural network is divided into three parts: model establishment, training
and application.
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Figure 1. Evaluation Index of Coal Seam Impact Risk.

3. Establishment of BP Neural Network Model for Coal Seam Impact Risk

Figure 2 is the structure diagram of the BP neural network evaluation model. The
BP algorithm is an effective method to calculate the partial derivative. Its basic principle
is that the partial derivative of the error is calculated by using the results of the forward
propagation and the final output. Then, the partial derivative and the front hidden layer are
weighted and summed up, so that there is one layer of the back propagation, until the input
layer (without calculating the input layer), and, finally, the weight, are updated, by using
the partial derivative of each node. In the BP neural network evaluation model, the input
and output layers are one layer, and the number of hidden layers needs to be determined. A
large number of theoretical studies have shown that any continuous function in the closed
interval can be approximated by a hidden layer of BP network. Therefore, this study uses
the BP neural network evaluation model at the input layer, hidden layer and output layer.
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Figure 2. Structure diagram of BP neural network.

3.1. Determination of Input Layer and Output Layer Neurons

In the BP neural network, the number of neurons in the input layer and output layer is
determined by the specific problem. The number of neurons in the input layer depends on
the dimension of the data source taken. This paper uses the evaluation index of coal seam
impact risk. The number of neurons in the output layer depends on the classification of the
subject. By referring to relevant literature and relevant national standards of underground
impact pressure in my country, the risk of coal seam underground impact pressure is
divided into four categories: no impact, weak impact, medium impact and strong impact.
That is, the model defines 18 input layer neurons, 1 output layer neuron.

In order to meet the calculation requirements of the BP neural network, it is neces-
sary to quantify the indicators that affect the risk of coal seam impact. The quantitative
representation method of the input layer is as follows:

(1) Mining depth (h): 0ish <400m, 1is 400 m <h <600 m, 2is 600 m <h <800 m, 3 is

mining depth > 800 m;

(2) Dynamic destruction time (DT): 1 is DT > 500 ms, 2 is 50 ms < DT < 500 ms, 3 is
DT <50 ms;

(3) Elastic energy index (WET): 0is WET <2,1is 2 < WET <3.5,2is 3.5 < WET <5, 3 is
WET > 5;

(4) Impactenergy index (KE): 1is KE <1.5,2is 1.5 <KE <5,3is KE > 5;

(5) Uniaxial compressive strength (Rc): 0 is Rc < 10 MPa, 1is 10 MPa < Rc < 14 MPa, 2 is
14 MPa <Rc < 20 MPa, 3 is Rc > 20 MPa;

(6) Impact tendency (UWQS) of roof rock stratum: 1 means no impact tendency UWQS < 15 k],
2 means weak impact tendency 15 k] < UWQS < 120 kJ, 3 means strong impact tendency
UWQS > 500 kJ;

(7) Impact tendency (UWQS) of floor rock formation: 1 means no impact tendency UWQS
< 15 kJ, 2 means weak impact tendency 15 k] < UWQS < 120 k], 3 means strong
impact tendency UWQS > 500 kJ;

(8) Fault influence: 0 means no fault influence, 1 means the fault influence is small,
2 means the fault influence is large, and 3 means the fault influence is big;

(9) Fold structure: 0 means the fold structure is simple, 1 means the fold structure is
general, 2 means the fold structure is more complicated, and 3 means the fold structure
is complex;

(10) Influence of collapsed column: 0 means no impact of collapsed column, 1 means less
impact of collapsed column, 2 means greater impact of collapsed column, 3 means
greater impact of collapsed column;
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(11) Impact of river scour zone: 0 means no river scour zone impact, 1 means river scour
zone has less impact, 2 means river scour zone has greater impact, 3 means river scour
zone has great influence;

(12) Working face length (L): 0is L > 300 m, 1 is 150 m< L < 300 m, 2 is 100 m <L < 150 m,
3is L <100 m;

(13) Section coal pillar width (d): 0isd <3mord >50m,1is3m<d <6m,2is
6m<d<10m,3is10m<d <50 m;

(14) Bottom coal thickness (td): 0istd =0m, lisOm <td <1m,2isIm<td <2m,3is
td > 2 m;

(15) The degree of pressure relief of the protective layer: 0 is good, 1 is good, 2 is medium,
and 3 is very poor;

(16) Working face empty parameters: 0 is solid coal working face, 1 is empty on one side,
2 is empty on both sides, and 3 is empty on three sides;

(17) Coal mining process of working face: 0 is intelligent mining, 1 is fully mechanized
mining, 2 is general mining, and 3 is blast mining;

(18) Influence of structural anomaly zone: 0 means no structural anomaly zone influence,
1 means that the structural anomaly zone has little influence, 2 means that the struc-
tural anomaly zone has a great influence, and 3 means that the structural anomaly
zone has a great influence.

The quantification of the output layer is 0 for no shock risk, 1 for weak shock risk, 2 for
medium shock risk, and 3 for strong shock risk.

3.2. The Number of Neurons in the Hidden Layer Is Determined

In the process of network design, it is very important to determine the number of
neurons in the hidden layer. Too many neurons in the hidden layer will increase the amount
of network computation and easily lead to overfitting problems; too few neurons will affect
the network performance and fail to achieve the expected results [31]. The number of
neurons in the hidden layer in the network is directly related to the complexity of the actual
problem, the number of neurons in the input and output layers, and the setting of the
expected error. This study uses Formula (1) to determine the number of neurons in the

hidden layer [32].
h=vm+n+a 1

In Formula (1) h represents the number of neurons in the hidden layer, m represents
the number of neurons in the input layer, and n represents the number of neurons in the
output layer, a € [1,10]. Substitute the number of neurons in the input and output layers
into Formula (1), The range of the number of neurons in the hidden layer can be obtained
as h € [5,15]. Comparing the prediction results of different numbers of neurons in the
hidden layer, the calculation accuracy is high when the number of neurons in the hidden
layer is 6. Therefore, this model establishes a BP neural network evaluation model with
6 neurons in the hidden layer. In summary, the 3-layer neural network model established
by this model is 18 x 6 x 1.

4. Model Training Process

Under the initial conditions, the connection weights and thresholds between the layers
in the constructed BP neural network are arbitrary, which will produce large errors and
cannot represent the danger of coal seam underground impact pressures well. The data is
used as a training sample to adjust the intermediate value of the BP neural network. When
the error between the calculated result and the actual output result of the sample is reduced
to the set target value, the BP neural network is trained and can be used for risk assessment
of coal seam impact.
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4.1. Training Samples

Table 1 show the sample quantitative data of this experimental study.

Table 1. Training sample data of BP neural network [17,33-36].
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Table 1. Cont.
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4.2. Training Process

The training process of this model is divided into two parts: the forward propagation
of the input signal and the back propagation of the error signal. There are 41 groups of
learning samples, and the sample value of the coal seam underground impact pressure risk
evaluation index is XX = {x1¥, xo%, ..., xik, oo, Xa1) (k=1,2,...,41). The sample value
of the calculation result of the impact risk in the output coal seam is Yk k=1,2,...,41).
Neural network training is performed on these 41 sets of sample data, and each set of
samples is forwarded first.

The forward propagation process of the BP neural network is that when the input layer
neurons input 18 coal seam coal bump risk evaluation indicators x; (i=1, 2, ... , 18), the
input value is transmitted to the output layer through the hidden layer. Calculation results
of coal seam underground impact pressure hazard risk: the connection weight components
w}i (i=1,2,...,18j=1,2,...,5) between each layer are weighted and summed (where j is
the hidden layer neuron), and then combined with the hidden layer neuron The threshold
b; is added. The activation function used by the neurons in the hidden layer of this model

is tansig type. Its mathematical expression is

2

R @

f(z)

In Formula (2) z represents a variable. From this, the output value of each layer can be
obtained as

18
a} = f(k; w}-iabl + b;) (3)

In the Formula: a; represents the output result of the j-th neuron in the I-th layer;

af:l represents the input value of the k-th neuron in the I — 1-th layer; wé represents the
connection weight component between the I-th layer and the [ — 1-th layer.

Figure 3 shows the neural network propagation process. From Figure 3, the input
value can be obtained by referring to Formula (3) to obtain the parameters of each neuron
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in the hidden layer, and then the parameters of the neurons in the hidden layer are used as
input, and the output is obtained by referring to Formula (3) layer value again.

evaluating Hidden Coal Seam
indicator layer Impact Risk

Figure 3. Propagation flow of BP neural network.

In order to avoid the output range being too small, due to the selection of tansig-type
neurons, the output layer neurons use pureline-type linear functions. The mathematical
expression of the calculation error of the objective function is:

K
E=_Y (v —o)? @)
k=1

N —

In the Formula (4): E represents the error; y* represents the risk level of coal seam
impact risk; T represents the output value of the network forward calculation.

If the error between the output result of the BP neural network and the risk level of coal
seam impact is large, the error will be reversely transmitted to the input layer through the
hidden layer, and the weights and thresholds between the layers will be adjusted according
to the error to make them better reflect the actual risk of coal seam shock. The BP neural
network achieves the purpose of learning through the gradient descent algorithm. The
specific expression of the reverse adjustment weight from the output layer to the hidden
layer is as follows:

oE 6
Aw%:—qia 2:;7><(y—y’)xf’(Zajw]2+b2)xaj (5)
v =
2 oE / g 2, 12
=

The specific expression of the reverse adjustment weight from the hidden layer to the
output layer is:

oE 6 18
Sl 1 (v =) x f/(} ajw} +b%) xwj x f’(kz Xl +b)xe  (7)
ji = =]

1
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Ab;- = -7

6 18
priak Rl Vo y) % f1(Y aw? +b%) xw? x f( Y xawl; + b)) 8)
j k=1

j=1

In the Formulas (5)-(8): # represents the learning step size; ijz, Ab?, Aw}i, Abj-
represents the forward adjustment amount.

Figure 4 shows the iterative process of training error. After adjusting the connection
weights and thresholds between the input and output layers of the neurons in the hidden
layer, Formulas (2) and (3) are called again for calculation. Then the error between the
result calculated by the BP neural network and the coal seam impact risk level sample is
calculated by Equation (4). If the error is too high, the connection weight and threshold are
further adjusted according to Equations (5)-(8). The neural network is trained by repeated
learning until the error reaches a given accuracy. The root mean square error of the model
is 0.0032, and the average absolute error is 0.0016. Figure 5 is the regression curve. Figure 6
shows the network training process. From Figure 6, it can be seen that the network can
calculate the coal seam impact risk level very well.

Best Training Performance is 1.2687x10"" at epoch 500
1077
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107 \ — Best

1077
)
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107 7]

Mean Sguared Error (mse)
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Figure 4. Iterative process of training error.
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Figure 5. Regression analytical curve.
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Figure 6. Network training performance analysis chart.

5. Project Example Application

Taking a mine in Inner Mongolia as an example, the coal seam impact risk of the
2-1 coal seam is evaluated to verify whether the constructed model can be used for mine
coal seam impact risk assessment. It is known that the mining depth of the coal seam is
626.17 m~647.91 m, the average mining depth is 637 m, the average dynamic failure time
is 45.6 ms, the average elastic energy index is 20.76, the average impact energy index is
10.03, and the average uniaxial compressive strength is 28.52 Mpa. The bending energy
indices of the rock formation and the floor are 43.37 kJ and 69.51 k], respectively. The
overall structural form of the minefield where the coal seam is located is a monoclinic
structure inclined to the northwest, and a second-order undulating monoclinic structure
is developed, and the formation dip angle is less than 2°. Among these, there are 4 folds
(2 anticlines, 2 synclines), 6 faults (4 normal faults, 2 reverse faults), no river scour belts
and collapse columns, and the minefield geological structure is simple.

Figure 7 shows the calculated value and error diagram of the impact risk level of the
coal seam through the comprehensive index method [37]. Table 2 shows the values of
each evaluation index after quantification. It can be seen from Figure 4 that the calculation
results of the neural network are in line with the actual results. The neural network can
represent the relationship between the input value and the output value well, and can
evaluate the impact risk level of the coal seam well.

25 —=—error
' *  predicted value
—&— expected value
2.0 ¢
1.5
1.0
[
=
£ o054
0.0 [ ]
0.5
S10-—= T T T T
0.0 05 1.0 15 20

MNumber of data groups

Figure 7. Data comparison chart.
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Table 2. 2-1 Quantitative value of coal bed input layer.

Mining Depth

Dynamic damage time

Elasticity index

Impact energy index

Uniaxial compressive strength

Impact Tendency of Roof Rock

Impact Tendency of Floor Rock

Working face length

Section coal pillar width

Bottom coal thickness

fault effect

Fold structure

Influence of collapse column

Influence of river scouring zone

Influence of tectonic anomaly zone

Pressure relief degree of protective layer

Working face null parameters

Coal mining technology of working face

N  mR|OlCc|l0o|0C|O| R | R | O|W| O N|N|WIW|W|lw|N

Impact risk grade

6. Conclusions

(1) Itis determined that the influencing factors of coal seam shock risk are mining depth,
shock tendency, geological structure and mining technology, and 18 indicators among
the 4 major influencing factors were selected to establish a comprehensive evaluation
model of coal seam shock risk BP neural network.

(2) It has been proved, by engineering examples, that the trained network model can
evaluate the risk level of coal seam impact well, and the use of the BP neural network
model can greatly reduce the amount of human calculation, and propose a new
method for the study of coal seam impact risk evaluation in mines.

(3) It was found that the BP neural network method has good adaptability and accuracy
in solving nonlinear problems, such as coal seam impact risk.
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