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Abstract—Impact ground pressure poses a significant safety risk
in the realm of deep coal mining. To preemptively detect and
alert against these hazards, acoustic emission (AE) and
electromagnetic radiation (EMR) signal monitoring are
commonly employed. However, these signals often suffer from
interference due to the mining environment and various other
factors, which complicates the accurate execution of warnings.
To address this challenge, we propose a novel prediction model.
Initially, we extract the statistical characteristics of the coal
mine sensor interference signals using mathematical statistics.
Subsequently, we employ the Fourier transform to identify the
frequency characteristics, and we analyze the periodicity of the
signals using the ARIMA model. To further validate the
effectiveness of our warning system, we convert the one-
dimensional data into two-dimensional images. We then apply a
combination of wavelet transform, Histogram of Oriented
Gradients (HOG) feature extraction, and Support Vector
Machine (SVM) classifier. Finally, we calculate the probability
of successful warning using Long Short-Term Memory (LSTM)
networks and percentage transformation methods. The
amalgamation of these techniques is anticipated to enhance the
precision and dependability of impact ground pressure early
warnings, which is crucial for the safe operation of coal mines.

Keyworbps—Statistical characteristics, Fourier transform,
Autoregressive Integrated Moving Average model (ARIMA),
two-dimensional image verification

I. INTRODUCTION

Globally, coal has been one of the important resources
supporting national energy and industry. In recent years, with
the gradual increase in the depth of coal mining in China, the
complexity of high geopathic stress in the deep part of coal
mines has increased dramatically, and the intensity of impact
ground pressure has been rising, with a significant increase in
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the risk, and the problem of impact ground pressure [1] has
become a very important aspect of the safety of deep mines.
Impact ground pressure is a violent dynamic phenomenon that
occurs when the rock mass distributed around the shaft or
working face is released due to the transient release of elastic
deformation energy, which is extremely destructive and is a
major disaster of global concern. Therefore, one of the urgent
scientific and technological problems in the field of coal mine
safety is how to monitor and warn impact ground pressure in
time, as well as effectively prevent and control its occurrence.
The aspects about coal mine safety have been widely studied,
mainly entropy weighting and gray clustering [2, 3], fuzzy risk
[4], data mining [5] and multi-intelligence body modeling [6].
However, in coal mining enterprises, risk early warning is
often more important, and risk early warning can make a
guarantee for the life safety of workers while reducing the loss
of enterprises. Regarding coal mine risk early warning, a coal
mining face safety early warning model was established based
on FCM (fuzzy clustering model) and GA-BP (genetic
algorithm-backpropagation neural network) [7]. Based on
data mining, a gas outbreak and human factor risk warning
model was established [8]. Using CNN-LSTM (Convolutional
Neural Network-Long Short-Term Memory Neural Network)
model [9] and loT-supported sensors, a prediction model was
constructed to improve the safety and productivity of
underground coal mines [10].

Currently, impact ground pressure is monitored by various
means, such as microseismic monitoring [11] and ground
sound monitoring [12], in order to detect anomalies in time. In
terms of prevention and control, measures such as reasonable
arrangement of roadways, water injection into coal seams [13],
and strengthening of support [14] are taken to reduce the
possibility of impact ground pressure occurring and the degree
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of harm. In order to reduce the impact of impact ground
pressure on the mining industry, it is necessary to carry out the
monitoring of impact ground pressure.

Accurate prediction of impact ground pressure is an important
means to improve the safety of mining.Ju [15] studied the
impact ground pressure early warning criterion with critical
value and dynamic rate of change as indicators, and
established a comprehensive multi-indicator impact ground
pressure early warning method based on acoustic-electric and
microseismic signals.Tian [16] determined a multi-parameter
monitoring index system based on the analysis of
microseismic, acoustic-electric, and stress precursor
laws.Wang [17 ] selected important impact ground pressure
danger characteristic factors and established GNSMA-SVM
impact ground pressure danger level prediction model. The
monitoring and warning of ground pressure in metal mines
based on deep learning data analysis was proposed.Lukasz
Wojtecki et al [18] predicted the risk of impact ground
pressure hazard in active hard coal mines based on the
principle that the prediction of impact ground pressure should
require the assessment of the entire coal seam enclosure
system, and used machine learning algorithms, such as neural
networks, decision trees, random forests, gradient
enhancement, and limiting gradient enhancement.

The research results of impact ground pressure monitoring
indicators are increasingly abundant at home and abroad,
different monitoring methods play a significant role in impact
ground pressure monitoring and early warning, and the
methods for establishing comprehensive evaluation models of
impact ground pressure are increasingly diversified. However,
the large amount of information provided by these methods
makes it difficult to effectively integrate the multi-parametric
indicators, and in the face of the challenge of dealing with the
complex mining situation in the deep part of coal mines, it is
necessary to establish a perfect impact ground pressure early
warning system with the help of appropriate mathematical
models.

To meet this challenge, this paper adopts multiple feature
recognition and 2D image transformation techniques, and
combines Fourier transform, ARIMA, wavelet transform,
LSTM and other models by monitoring acoustic emission (AE)
and electromagnetic radiation (EMR) signals in order to
extract the feature signals and construct a scientific and
accurate monitoring index and mathematical model. This
model is applied to the deep mining environment of coal
mines to predict the danger of impact ground pressure and
calculate the correct prediction probability of the warning
signal. The model not only effectively extracts the potential
hazardous features before the occurrence of impact pressure,
but also significantly improves the accuracy of impact hazard
prediction. The scientific monitoring and early warning
system of the model is conducive to safeguarding the life and
property safety of coal mine workers and realizing the
sustainable development of coal mine resources [19] [20]. The
flow chart of the model is shown in Figure 1 below.
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Figure 1 Model flow chart
Coal mine sensor signals are mainly divided into normal signal
data, precursor signal data, interference signal data, sensor
disconnection data and working face rest data.

Il. MAIN JOB
1. Extraction and processing of interference signals
1.1 Extract the characteristics of the interference signal
In the coal mine early warning system, the interference signal
and the precursor characteristic signal play a key role, so this
paper will focus on these two types of signals.
Based on the existing data, we will analyze the interference
signal in depth and extract its statistical characteristics.
Specifically, we will calculate the mean, variance, standard
deviation, maximum and minimum values of the jamming
signal data in order to have a comprehensive understanding
of the characteristics of the signals. The calculation formula
is as follows:

— X +X,tetXn XX

X - n - n

(1)

T, 02

0.2

(2)

(3)
max = Max{X,X,,+, X} (4)

, Xn} (5)

The results of the calculations are shown in Tables 1 and 2.
Table 1 EMR statistical characteristics

min = Min{X,X,,

Mean . Standard | Maximum | Minimum
Variance .

value deviation value value

77.96 | 8229.37 90.72 500 0
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Table 2 AE statistical characteristics

Mean . Standard | Maximum | Minimum
Variance L

value deviation value value

59.97 6467.67 80.42 500 27

1.2 Fourier transform of the interference signal

2mi, .
_ yvn-1 —kj
X, = Zj=0 xjen
(6)
n-1
1 _2mi,
X = X, e nlk (7)
k=0

Where Xk denotes the Fourier coefficients at frequency k, X;
is the value of the jth sample point in the time series, n is the
total number of sampling points of the signal, and j is an
imaginary unit. Through Fourier analysis, we can obtain the
amplitude and phase information of the interference signal at
different frequencies, which is of great significance for the
accuracy and reliability of the warning system.

Then the data from Fourier transform [16] is plotted its
frequency graph as shown in Fig. 2 and Fig. 3 below to
observe the magnitude of its frequency. The frequency range
is shown in Table 3.

00000

200000
o

3
3

3 200000
E

100000

0.4 0.2 0o 0z 04
frequency

Fig. 2 Plot of EMR after Fourier transformation
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Fig. 3 AE graph after Fourier transform

1.3 Correlation analysis of interfering signals of acoustic
emission (AE) and electromagnetic radiation (EMR) signals
Correlation analysis of the interfering signals of acoustic
emission (AE) and electromagnetic radiation (EMR) signals
is a crucial step in coal mine warning systems. The use of
Pearson's correlation coefficient can help us to quantify the
linear relationship between these two signals, thus revealing
their interactions in the interference signal.

The Pearson [17] correlation coefficient is a statistical
measure of the strength of the linear relationship between two
variables and is calculated as follows:

r= Tx-X)(r-¥Y) _  lxy

Jseemyse-n? VR

(8)

Ixx denotes the sum of the squared deviations from the mean
of X; lyy denotes the sum of the squared deviations from

the mean of Y'; Ixy denotes the sum of the squared

deviations from the mean of X and Y, The thermal matrix
is shown below in Figures 4 and 5.

EMR

-0.6

Time

EMR Time

Fig. 4 Analytical results of Pearson correlation analysis of EMR
with time

Time

AE

Table 3 Frequency characteristics _ oo Time _ _
form EMR AE ::ilrgé4 Analytical results of Pearson correlation analysis of AE with
frequency range +0.49971 +0.49108 The above figure shows the values of correlation coefficient
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s between EMR and AE and time respectively in the form of

heat map, and the values are indicated by the color shades,
according to the information in the figure, we can derive the
following relationships: the correlation coefficient between
EMR and time is -0.30, which is weakly negative correlatio
n; the correlation coefficient between AE and time is -0.58,
which is moderately negative correlation[18].
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2. precursor feature signals
2.1 Extracting statistical features o
Based on the existing precursor feature signal data, statistica Ly |
| features are extracted and the mean, variance, standard dev L "
iation, and standard error of the precursor feature signal data
are calculated. As shown in Table 4 and Table 5 Below.
Table 4 EMR statistical characteristics ”
Figure 7 EMR data panning plot
Mean Variance Standard Standard g P 9p
Deviation Error
71.05 8445.58 91.90 0.82 -
Table 5 AE statistical characteristics
g L3 i
Mean Variance Star_lde?rd Standard : -4 |
Deviation Error i
41.67 68.95 8.30 0.18
2.2 Extracting periodic features ’
The time series features are extracted using ARIMA [19] with Fig. 8 White noise processing map of EMR data

the following formula.

ARIMA consists of the following two components:
autoregressive model and moving average model and the
formula is shown below.

p q
yt=u+27 ytﬂ-+6t+20 €& (9)
i=1 i i=1 i

The autoregressive part of the equation is shown below.

P
Y=+ Z'Y Yoi T €& (10) £
_ = Fig. 9 Differential plot of AE data
The moving average model formula is shown below.
q
Y=+ €+ E 0 € _,; (11)
i=1 2

1, isthe current value.t is a constant term, p.q is an ordinal nu

mber (math.), -y; is the autocorrelation coefficient, €, Itsthee

rror.
The preprocessed data is subjected to operations such as diff
erencing and panning to make it conform to the smoothness
and white noise requirements, and some of the results are sh ;
own in Fig. 6, Fig. 7, Fig. 8 , Fig. 9, Fig. 10 and Fig. 11 belo Figure 10 AE data panning plot
w.

— Thedate

ata after differencin

The

0 2000 1000 n 000 10003 12000

Fig. 6 Differential plot of EMR data

Fig. 11 White noise processing map of AE data
The program for ARIMA is written and for the processed da
ta, the features are plotted as shown in Fig. 12 and Fig. 13 a
nd the average features are shown in Table 6.
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o features, and the AE data use Mexican Hat wavelet function,
which is commonly used for edge detection and feature
extraction [22].

step2: The continuous wavelet transform involves the scale
parameter a and translation parameter b, which need to be set
in the appropriate scale parameter range. The scale parameter
determines the frequency of the wavelet function, according
to the data and conversion time, the scale parameter range is
1-127.

Fig. 12 EMR feature map extracted by ARIMA step3: Perform continuous wavelet transform. Conduct
continuous wavelet transform with one-dimensional data and
selected wavelet function to get a set of two-dimensional
wavelet coefficients.

EMR

— A

stepd: Generate two-dimensional image. Use the obtained
two-dimensional wavelet coefficients as pixel values to
construct a two-dimensional image. The flow is shown in
Figure 14. Select color

The color map is selected for image display, as shown in

Figure 15 below.
Fig. 13 ARIMA extracted AE feature map
Table 6 Average characteristics 0
form EMR AE
average 67.8651010 1.924774 T TR

characteristic eet table
3. 2D image conversion It is converted into a two-
3.1 Transformed 2D image using HOG for image feature S R
extraction
Observing the dataset, the original one-dimensional data was - ¢

. . . . . 2D matrices are converte
considered to be converted into two-dimensional images for d into image formats
analysis and validation, considering that the precursor feature
signals are less distinctive compared to the interference
signals.
Continuous wavelet transform transforms the signal by using
wavelet functions of different scales and positions to obtain
local properties of the signal [20, 21].

1 ~(t=b
W, (a,b) =[a| 2 [ x(tyy| — |dt
a (12) Fig. 14 Continuous wavelet flow chart

1 () is the mother wavelet; ¥ (%) is the complex 1 () ¢
onjugate; a is the scale parameter, d}(t) stretched when a>1

and w(t) compressed when 0<a<1; b is the translation para

2

meter; | @ | /% is used to normalize the signal.
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The specific steps are as follows:

stepl: Select the wavelet function. First of all, we need to
choose a suitable wavelet function as the base function of the
transform. According to the signal data and the requirements
of the question, the EMR data use "Complex Morlet" wavelet
function, which is commonly used to analyze the spectral

Fig. 15 Continuous wavelet transform diagram
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The transformed 2D image is then subjected to image feature
extraction using HOG. First the 2D matrix is converted into
image format by normalize in open cv library [23]. After that
feature extraction is done using HOG. Histogram of Oriented
Gradient (HOG) feature is a feature descriptor used for object
detection in computer vision and image processing. It consists
of features by calculating and counting the histogram of
gradients in a local region of an image [24].Hog features
combined with SVM classifiers are widely used in image
feature extraction and image recognition [25]. Finally SVM is
utilized for feature matching, using SVM for classification,
the classification objective is to find a hyperplane in the
feature space, so that the distance from any sample point to the
plane is greater than or equal to 1. If the sample is linearly
indistinguishable, a kernel function is needed for nonlinear
classification, that is, to obtain a nonlinear hyperplane, here
nonlinear classification using linear kernel function [26, 27,
28].

K(z,2) = (yzoz+r)" (13)

The results of the relevant parameters for SVM matching are
shown in Table 7, where the first step of preprocessing is used
to analyze the data continuity Processed data is analyzed with
training set: validation set = 8:2.

Table 7 Results of relevant parameters

form EMR-Accuracy AE-Accuracy

numerical 0.739498 0.772727

The feature matching diagram is shown in Figure 18 below.

Fig. 18 Feature matching diagram
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As can be seen from the figure, the precursor feature signal
determined using the above model is consistent with the 2D
image matching results. Afterwards, the signal features deter
mined by the model are used to provide early warning for co
al mine impact ground pressure.

For the data preprocessed by equal frequency sampling and |
inear interpolation, the time sequence diagram is drawn to o
bserve the change rule, as shown in Fig. 16 and Fig. 17 belo
w.

ke i Al \ \
{ \ | I | | :
Wiy Sl T w1 \‘ﬂ\/‘\‘} ﬁ.’/\g‘ W
{ ! |
I

Figure 16 EMR Timing Diagram
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|
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Figure 16 AE Timing Diagram

3.2 Building LSTM models for prediction
An LSTM model is built to predict it. An LSTM cell consist

s of a memory cell C, and three gate structures (input gate
i, forget gate f,, and output gate o, ) at time t, , represe
nting the input data, A, representing the hidden layer. X r

epresents the vector outer product, and + represents the su
perposition operation. The formula is as follows:
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fi = O'(fot + Wrheq + bf)
i, =0(Ux; + W;h,_, + b;)
u; = tanh(Uyx, + W,h,_, + b,)
€t =fe*Cor Hip*u,
0y = o(Uox; + Woh_y + b,)
h: = o; * tanh(c;)
U/W is the matrix weights, b represents the offset, o is the sigm

oid function [31], and the symbol * represents the vector outer pr
oduct. The model diagram is shown in Figure 18.

(14)

tanh

a a * Jetanh

Hyy i

N> o

P el G

Forget gate Input gate Output gate

Fig. 18 LSTM model diagram
The value of percentage change is utilized to express the

probability of its occurrence and the formula is shown below.
X-X;
P =—
X

(15)

Pi denotes the probability of the occurrence of the ith event,
X denotes the original feature, and xi (i varies from 1 to 20157)
denotes the prediction result.

The dataset is then used for validation and the probability that
the model can correctly warn is found as shown in Table 8
below.

Table 8 Probability of Early Warning
Early warning to EMR 72%

Early warning to AR 47%

I11. CONCLUSION

Compared to existing methodologies, the majority of
predictive techniques either involve analyzing a combination
of multiple datasets, leading to predictions, or focus on a
single type of data, such as geophones or imaging. The former
approach is time-consuming due to the vast array of data
types and the lengthy process of interaction and cooperation
among them. It also suffers from low fault tolerance and
incurs substantial labor and instrumentation costs due to the
collection of various data types. In contrast, the latter method,
which analyzes a single data type, offers higher accuracy but
is limited in scope. This thesis presents a method that can be
applied to most mining areas without being constrained by
actual mining conditions, and it effectively explains the
degree of correlation between predictions and real-world
outcomes. Regarding prediction accuracy, many papers
merely provide an approximate law of characteristics without
a clear definition. In contrast, this thesis derives formulas for
these characteristics, supported by clear data or images,
resulting in higher accuracy. In summary, the method
employed in this thesis offers significant advantages over
traditional predictive methods in terms of accuracy, cost, and
prediction time. It enables the most accurate predictions to be
made in the shortest possible time, greatly enhancing the
safety of people and property in mining areas.
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