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Abstract

In the mining industry, microseismic monitoring has emerged as a crucial 

instrument for reducing risks related to the stability of underground rock masses. 

The present research conducts an analysis of dynamic hazards specifically at the 

8204-2 working face in Tashan Mine. A novel monitoring framework is introduced, 

which integrates a nonlinear threshold curve model with a wireless microseismic 

monitoring system. The results demonstrate the effectiveness of the microseismic 

monitoring system with high-frequency sampling, utilizing the nonlinear threshold 

model, in detecting and providing real-time early warnings for microseismic 

signals, even in challenging geological environments. Practical implementation 

and monitoring over the past six months revealed that the microseismic 

monitoring system, employing the threshold curve model, achieved a monitoring 

and early warning accuracy exceeding 95%. This model combines the construction 
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of a nonlinear threshold curve with dynamic conversion of confidence factors, and 

implements multi-level graded early warning based on the matching degree 

between real-time data and the hazard model, making its accuracy superior to 

traditional monitoring and early warning systems. Consequently, this study holds 

great significance in enhancing precise identification and early warning 

capabilities for mine microseism, as well as improving safety assessments for deep 

rock mining and construction practices.

Keywords: Deep mine; Dynamic disaster; Microseismic monitoring; Early warning

1 Introduction

As underground mining operations extend spatially and progress to greater 

depths, microseismic events in mines have grown notably more frequent[1-5]. Such 

events are often initiated by excessive vibrational energy released within mining 

zones. The classification of microseismic activities in mines plays a crucial role in 

mine accident management and post-disaster recovery. As microseismic 

monitoring systems have become widely adopted, they have generated substantial 

volumes of time-sequential microseismic data. Traditional time-sequential data, 

being directly linked to time, has the potential to reveal inherent data 

characteristics and patterns.

Recent years have witnessed extensive investigation into microseismic 

monitoring methodologies. As an illustration, Cui et al.[6] utilized this technology 

to surveil and forewarn tunnel rock bursts, thereby evidencing its efficacy in both 

monitoring and early alerting[7-14]. However, owing to the unpredictable, complex, 

attenuating, and diffusing nature of microseismic time series data[15], coupled with 

the diverse underground rock structures and complex mining environments, the 

identification of microseismic time series has become a formidable challenge. 

Consequently, research on the identification of microseismic signals has expanded 

significantly[16-20]. Jiang et al.[16] explored the recognition algorithm for 

microseismic signals by means of wavelet analysis (WA), and their findings 
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demonstrated that WA possesses high efficiency and accuracy in the denoising and 

reconstruction of mine microseismic signals. Nevertheless, inherent defects of the 

threshold function or improper selection of wavelet functions in WA can 

significantly affect the denoising results.Recent research on nonlinear threshold 

models for microseismic monitoring has made progress—Zhang et al.[21] revealed 

the nonlinear evolution characteristics of acoustic emission event networks and 

established a multifractal early warning model, providing a theoretical basis for 

the nonlinear analysis of seismic signals in geotechnical engineering. However, 

this model either lacks dynamic threshold adjustment for mining disturbances or 

fails to be effectively applied in soft rock working faces and deep coal mines with 

severe stress concentration, and it is rarely integrated with wireless monitoring 

systems to form a complete engineering early warning framework.

In the context of early warning systems for dynamic hazards, He et al.[22] 

employed the AE-EMR method for coal mine dynamic hazard early warning. This 

method not only established a theoretical foundation but also played a pivotal role 

in effectively reducing the frequency of underreported accidents and ensuring 

safety[23]. Microseismic monitoring and early warning technology have the 

capability to detect microseismic events occurring during stress enhancement and 

inelastic deformation stages. Based on a systematic assessment of the 

concentration patterns and source parameters of a multitude of microseismic 

signals, successful predictions of rock bursts at the failure stage were achieved[24-

26]. These predictions, in turn, offered essential theoretical support for monitoring 

and early warning technologies.

Upon entering deep mining operations, it becomes evident that the 

characteristics of deep coal and rock undergo significant transformations, leading 

to distinct variations in the mechanisms causing disasters and the criteria for 

identifying deep dynamic hazards in coal mines[27]. Presently, most of the existing 

monitoring systems are deployed underground. However, the harsh underground 
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environment poses challenges, such as potential instrument instability and 

compromised monitoring signal quality. Additionally, the high cost associated with 

these monitoring systems hinders the establishment of high-density measurement 

points, resulting in numerous monitoring blind spots within the underground 

area[28]. In the context of deep mining, the transmission of monitoring data from 

top to bottom typically relies on wired connections, which are challenging to install 

and susceptible to damage. This situation is not conducive to early disaster 

warning. Moreover, the large size of monitoring stations and the fixed positioning 

of sensors do not allow for flexible optimization of layouts in sync with the shifting 

mining areas. Regrettably, these issues have proven difficult to surmount, 

resulting in diminished early warning accuracy. Consequently, there is an urgent 

need to explore new research methods to address these challenges.

In this study, we center on the microseismic surveillance technology applied 

to the dynamic hazard of the 8204-2 working face in the Tashan mining site, which 

is characterized by the presence of soft rock in the advancing face and a high 

concentration of stress in the coal pillars between adjacent working faces.It 

tackles the existing challenges posed by high-frequency dynamic microseismic 

hazards and inadequate early warning accuracy in coal mining operations. To 

improve the effectiveness and accuracy of monitoring and early warning for mine 

microearthquakes, We present a new approach built upon the construction of a 

nonlinear threshold curve model. By utilizing a high-frequency microseismic 

monitoring system, we employ a linear regression approach to analyze historical 

hazard data and establish a microseismic hazard event model. This model enables 

us to explore future trends in dynamic hazard occurrences and develop effective 

risk warning methods. Ultimately, our research aims to provide essential support 

for advanced warning and preventive measures against complex dynamic hazards 

in deep mines.
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2 Microseismic signal localization and recognition calculation method

The dynamic hazards in coal mines arise from the mechanical characteristics 

of the soft rock advancing face within the deep coal seam, making them 

susceptible to external forces. The mechanical changes within the soft coal seam 

often transmit information through micro-seismic waves. However, the 

identification and accurate location of these micro-seismic signals present 

unprecedented challenges owing to the intricate and ever-changing geological 

environment found in deep coal seams. Shi et al. addressed this issue by improving 

the precision of P-wave identification in underground microseismic waveforms 

through the utilization of the dual filtering algorithm[29].

In deep coal mines, it is possible for small microearthquakes to occur even in 

the absence of a microseismic event, further complicating the situation. By 

employing the identification of microseismic waveform images, it becomes 

possible to provide highly precise microseismic data to a significant extent, thus 

enhancing the understanding of the microseismic activity[30].

2.1 Arrival time and position calculation of microseismic signals 

The high-frequency microseismic surveillance and pre-warning system is 

utilized for monitoring mining areas. It determines the vibration waveform 

corresponding to the real-time vibration signal based on the gathered 

microseismic waveform and determines the characteristic information of the 

background noise in the real-time vibration waveform signal. Using this 

background noise characteristic information, the real-time vibration waveform 

signal is processed to isolate the effective microseismic waveform signal.

When activated, the termination point of the short time window, denoted as ti, 

for each monitoring sub-station is recorded. The 5-second amplitude data of each 

sensor before and after this time are stored. The coordinates of each sensor within 

a signal are denoted as ( )1 1 1x , ,y z … ( )x , ,n n ny z , and the average amplitudes of the 

long and short time windows, denoted as longA 、 shortA , are calculated according to 
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formulas (1) and (2).

( ) ( )
2

12

1=
N

short i i
i

A AN =
å (1)

( ) ( )
1

11

1=
N

long i i
i

A AN =
å (2)

Where, ( )iA is the average count of i channels in the normalized Data. N1: the 

count of sampling points contained in 50 ms, i.e. the count of points contained in 

the long time window. N2: the count of sampling points contained in 10 ms. The 

space vector ( )iA was projected in the x, y, z coordinate directions, and the modulus 

value of ( )iA is substituted into the calculation, which is shown in formula (3).

( )
2 2 2

iA x y z= + +
uuuur

(3)

If there are k activated sensors, then there are 5
kC  possible permutations and 

combinations to calculate the source coordinates, the formula is as follows:

( ) ( ) ( ) ( )

( ) ( ) ( ) ( )

2 2 2
1 1 1 1

2 2 2
5 5 5 5

-x -y + -z 0

-x -y + -z 0

x y z C t t

x y z C t t

+ - - =

+ - - =
L L L L L L L L L (4)

Where, ix , iy  and iz  represent the components of the microseismic 

perceived data of channel i  in the directions of the X-, Y-, and Z-axes, individually, 

and it  denotes the time. According to the above equations, ( ), , ,i i i ix y z t  is obtained, 

and the permutation and combination calculation of 5
kC  is carried out by using 

multi-parameter characteristics to obtain the average value. The obtained 

coordinate ( ), , ,x y z t  is the source coordinate of microseismic event.

2.2 Identification of Microseismic Signals for Coal Mine Dynamic Hazards

The wavelet analysis (WA) technique is an effective tool for analyzing 

nonstationary and nonlinear signals[31]. It allows for multi-resolution analysis, 

enabling precise localization in the time and frequency domains. By utilizing 

wavelet transform, microseismic signals, along with other non-stationary signals, 

can be analyzed and processed effectively[15, 16]. The wavelet’s waveform bears a 

striking resemblance to that of a microseismic signal, making it possible to adjust 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



wavelet parameters during the transformation process to achieve denoising 

effects. Formula (5) represents the wavelet transform formula, assuming that 

denotes the pure original signal, represents the noise signal, represents the 

additive noise, and k signifies the noise intensity, 1 2( ) ( , ,..., )nf t f f f=  is the pure 

original signal, 1 2( ) ( , ,..., )nX t x x x=  is the background noise signal, ( )e t  is the 

additive noise, and k is the intensity of background noise.

( ) ( ) ( )X t f t k e t= + ´ (5)

Where, ( )f t  is the raw original low-frequency signal, and ( )X t  is the non-

stationary high-frequency noise signal. In the process of wavelet decomposition 

and denoising, the wavelet basis function with good adaptability and a 

decomposition level of 154 need to be adopted for signal processing, which is 

determined based on the 10 kHz high sampling frequency of the monitoring system, 

the dominant frequency range of mine microseismic signals and the high-

frequency random noise interference in the mining area, and the corresponding 

wavelet coefficients can be obtained by multi-scale decomposition of the signal. 

Then the appropriate threshold function and thresholds are selected to quantify 

the wavelet coefficients at each scale. Finally, the lowest frequency coefficient of 

the bottom layer and the high frequency coefficient of each layer are reconstructed 

to gain the denoised microseismic waveform, as illustrated in Fig. 1.

Fig. 1 Wavelet decomposition process diagram.

Fig. 1 shows the process of wavelet decomposition, where [ ]X n  is 

represented as the microseismic temporal sequence data, 1DC  and 1AC  are the 
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decomposition detail and approximation coefficients of first-layer wavelet, 

respectively[15].In order to solve the flaws of the existing soft threshold and hard 

threshold, this paper proposed a new function of threshold as formula (6).

( )

( )

1

1

2

2

1
,

, ,

,

, , ,

· ·
'

1· 1 1

k
j k

j k j kk

j k
k

j k j k j kk

Wsign W W
W

esign W W We

m ll

l l

+ì æ ö
ï ç ÷ <ï ç ÷ï è ø=í
ï æ öæ ö-ï - - × >ç ÷ç ÷ç ÷+ï è øè øî

K K K K ，

，
(6)

Where, 1k  and 2k  are coordination factors ( 1k  and 2k  are positive), λ is the 

selected threshold, ,j kw is the unprocessed wavelet coefficient, and '
,j kw  is the 

acquired wavelet coefficient by processing the function of threshold. Since noise 

usually appears in the high frequency coefficients of wavelet decomposition, the 

processed wavelet coefficients are for the high-frequency signal components.

After performing wavelet decomposition, the next step involves the inverse 

transform of wavelet coefficients, resulting in the reconstruction of a denoised 

signal. In the above figure, the default number of decomposition layers is defined 

as 4. Following this, the approximation coefficient and detail coefficients, which 

have been processed by a threshold function at the lowest level, are employed for 

one-dimensional wavelet reconstruction, resulting in the generation of a single 

layer of reconstructed signal. This process is repeated, reconstructing the 

approximation and detail coefficients layer by layer until an approximate original 

signal is obtained.

Extreme Learning Machine (ELM) is a machine learning algorithm specifically 

designed for the efficient training of single-hidden-layer feed-forward neural 

networks (SLFNs)[32]. In this method, random generation is adopted for the 

connection weights between the 182-node input layer and the hidden layer of the 

ELM model. During operation, only the unique optimal solution can be obtained 

by solely determining the number of hidden layer nodes. Supposing that there are 

N distinct samples ( , )i ix y  and 1 2[ , ,..., ]Tj j j jnx x x x= , 1 2[ , ,..., ]T m
j j j jmy y y y R= Î . A single-
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layer hidden architecture feed-forward neural network with K  hidden nodes and 

activation function ( )g x  can be represented as formula (7).

1
( ) , 1,...,

K
i j j j i

j
g X b O i Nb w

=
× × + = =å (7)

Where, 1 2[ , ,..., ]Tj j j jnw w w w=  denotes the connection weight between the node 

of the input layer and the node of hidden layer j . 1 2[ , ,..., ]Tj j j jmb b b b=  is the 

connection weight between hidden layer node j  and the output layer;w is the 

bias of neurons in layer j of the hidden layer; j jXw ×  is internal product;

1 2[ , ,..., ]Tj j j jnO O O O=  is the output value. To ensure the accuracy of experimental 

results and make them more consistent with actual samples, 
1
|| || 0

K
i i

j
O y

=
- =å  

should be set.

3 Nonlinear microseismic monitoring and early warning model

3.1 The establishment of a microseismic disaster early warning model

This study employs linear regression to analyze historical microseismic 

disaster data, normalizing and gridifying the original nonlinear time series to 

extract feature points with clear physical significance, thereby filtering out 

randomness and highlighting local linear features. This method is suitable for 

mining areas where coal seam occurrence is stable and microseismic events 

induced by mining are the main type, but it is not applicable to areas with 

structural plane development and complex disturbance factors of microseismic 

events.

The waveform regression equation is constructed to enable the visualization 

of microseismic signals in colliery and facilitate the realization of dynamic disaster 

risk warnings. The normalization method is employed to preprocess a significant 

amount of historical data related to dynamic disaster events in coal mines. By 

transforming the microseismic signal data to a consistent interval, a series of 

sequentially accumulated perceptual data points are obtained. Fig. 2 illustrates 

the schematic diagram depicting the division of the historical dataset into local 
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sensing datasets after data gridding.

During the feature extraction process of mine hazard event data, it is assumed 

that the eigen points, representing the characteristics of the local data throughout 

the entire event data range, are known. To quantify the impact of eigen points on 

the perceived coal mine signal data, the concept of tight support is introduced, 

allowing for the establishment of a weight support domain[15]. Consequently, after 

the gridding process, the influence range of a specific point X is determined, and 

a circle with a radius denoted as (max( )-min( ))*2 10i ir x x=  is selected as the weight 

function’s support domain. Next, the coal mine signal data contained within the 

influence area of the reference point X is identified. When solving for eigen points, 

the mutual influence of the coal mine signal data points from the surrounding 

hazard events is taken into consideration.

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0

1.2
Historical data point

Y

X

Fig. 2 The schematic diagram illustrating the standardization process of 

historical hazard events after conducting data gridding.

After determining the influence range of the coal mine signal and identifying 

the perceived data points (reference points) within this range, it is crucial to 

establish a weight function that measures the degree of influence of reference 

points on standard points. In the study, cubic spline function was selected as the 

weight function, denoted - is x x¢= ， s s r¢= , as shown in formula (8).
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2 12 3-4 43 2
4 4 12 3( ) -4 4 - 13 3 2

0 1.

s s s

s s s s s
s

w

ì + £ï
ïï= + < £í
ï

>ï
ïî

(8)

In the equation, ix x-  represents the distance from the reference point to the 

standard point in the coal mine signal, while r denotes the influence radius. The 

parameter s is the input parameter for the weight function.

Within each grid, the influence area of the standard points is initially 

determined. Subsequently, the perceived data points within this area are obtained, 

and the eigen point values are calculated based on the equation. The mobile 

regression method determines the eigen point value at a specific standard point, 

denoted as χ, using a coefficient vector and a basis function.

1
( ) ( ) ( ) ( ) ( )

m
T

i i
i

f x p x a x p x a x
=

= =å (9)

Where, ( ) ( ) ( ) ( )1 2,  ( ,  ), T
ma x a x a x a x= ¼  is the undetermined factor, m is the 

count of fundamental functions, and ( ) ( ) ( ) ( )1 2,  ( ,  ), T
mp x p x p x p x= ¼  is the vector of 

fundamental functions. With the aim of achieving a more accurate local 

approximation, It is imperative to reduce the weighted square sum of the 

differences between local approximations ( )if x  and the perceived data value yi 

to a minimum. Accordingly, the discrete weighted L2 paradigm for residual 

analysis is:

2 2

1 1
( )[ ( ) ] ( )[ ( ) ( ) ]

n n
T

i i i i i
i i

J w x x f x y w x x p x a x y
= =

= - - = - -å å （10)

Where, n is the count of perceived data in the local area, f(x) is the local fitting 

function, and w(x－xi) represents the weight support function value of the node xi. 

After getting the undetermined coefficient a(x) of the local fitting function, the 

minimum value of J was obtained, and formula (10) can be expressed in a matrix 

form:

( ) ( )( ) (( ) )TJ Pa x Y aW x P x Y= － －
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The matrix P with ( ) ( ) ( ) ( )1 2 1 2( ) ( ), , , , , , ,T
n nY y y y W x diag w x w x w x= ¼ = ¼ ， wi(x)=

( )iw x x-  can be represented in the following form:

1 1 2 1 1

1 2 2 2 2

1 2

( ) ( ) ( )
( ) ( ) ( )

( ) ( ) ( )

m

m

n n m n

p x p x p x
p x p x p xP

p x p x p x

é ù
ê ú
ê ú=ê ú
ê ú
ë û

L
L

M M O M
L

According to the regression principle, the undetermined coefficient was 

obtained as follows:

( ) ( ) ( )1a x A x B x Y-=

Where, ( ) ( ) ( ) ( ),T TA x P W x P B x P W x= = , the fitting function (approximate 

function) was obtained by substituting it into formula (10)

1
( ) ( ) ( )

n
k k
i i

i
f x x y xYf y

=
= =å

Where, ( )k xy  is the shape function and k is the order of the basis function.

1
1 2( ) [ , , , ] ( ) ( ) ( )k k k k T

nx p x A x B xy f f f -= =L

According to the equation, the coefficient matrix ( )a x  was obtained, and the 

eigen point value tiy  was further obtained. The y value of standard point x was 

calculated by cyclic calculation for each grid, and corresponding eigen data points 

(xti,yti) were obtained and stored, as shown in Fig. 3.

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0

1.2
 Features of date
 Linear Fit of Perceptual date

Y

X

Fig. 3 Schematic diagram of data features.

The features of perceived data during the time period when hazard events 

occur are polynomial equations, which can hardly be represented by existing 

standardized equations, and there is no fixed mapping relationship between 
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hazard event data at the same time. Therefore, this paper proposed to find the 

curve function of hazard events by regression method, and achieve the 

representation for the trend of hazard events by polynomial equations by 

establishing a regression formula by regression theory. The form of regression 

equation was set as shown in formula (11). Firstly, N eigen points ( , )i ix y  were 

preprocessed, where 1,2,3.....i N= ， ,i ti i tix x y y= = . For the convenience of calculation, 

the value of xi was processed as follows:

_
'
i ix x x= - ，

Where, 
1

_
/

N
i

i
x x N

=
=å , then the regression equation of the hazard event is:

_ _ _ _
' 2 3

0 1 2 3( , ) ( ) ( ) ( ) .... ( )k
k my x a a a x x a x x a x x a x x= + - + - + - + + -

At this time, this expression is the curve equation of the hazard event, k 

denotes the maximum order of the polynomial equation, where k ≤ n and k ≤ 20. 

For the sake of calculation, let 
_

x x x= - , then the formula becomes

0 1( , ) k
ky x a a a x a x= + + +L (11)

Where the ordinate y represents the value of historical perceived data, the 

abscissa x represents the relative time of hazard events, and k is the order of the 

formula. The aggregate of the squared deviations of the distances among each 

observed data point and the regression curve is expressed in formula (12).
2

2
i

1
( , )

n
i

i
R y y x a

=
é ùº -ë ûå (12)

According to the regression theory, the regression equation needs to meet the 

minimum sum of the distance between data points of each hazard event and the 

regression curve, that is, the partial derivative of ai in formula (12) is solved, 

simplified and expressed in a matrix form, as shown in formula (13).

1 1 10
2 1

11 1 1 1

1 2
1 1 1 1

n n nk
i i ii i i

n n n nk
i i i i ii i i i

n n n nk k k kk
i i i i ii i i i

n x x ya
ax x x x y

ax x x x y

= = =
+

= = = =

+
= = = =

é ù é ùé ùê ú ê úê úê ú ê úê úê ú ê ú=ê úê ú ê úê úê ú ê úë ûê ú ê úë û ë û

å å å
å å å å

å å å å

L
L

MM M O M M
L

 

(13)
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When the coefficient matrix ai was solved, the regression equation was 

obtained, and the hazard event model was determined. As illustrated in Fig. 4, the 

X-axis is time, the Y-axis is hazard event perceived data, the order k  = 9, that is, 

the model fitting degree is k  = 9. The hazard event model can accurately 

describe the function relationship of perceived data over time.

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0
Schematic diagram of curve
 Linear Fit of Schematic diagram of curve

Y

X

R2=0.98991

Fig. 4 Schematic diagram of curve fitting hazard event model Ω.

3.2 Early warning of coal mine dynamic hazard

According to Fig. 4, the hazard model Ω was fitted, and its equation was set 

as: 0 1( , ) k
My x x xw w w w= + + +L ， then 0 1

0
( , )

k
k j

M j
j

y x x x xw w w w w
=

= + + + =åL  was a 

polynomial equation approximating the dynamic hazard curve. The deviation 

across the model Ω and the actual discrete observed data points is defined as the 

aggregate of squared euclidean distances from each individual discrete point to 

the model Ω. The error function E(w) was supposed as shown in formula (14).

( )
2

1

1(w) ,2
N

n n
n

E y x w t
=

= -é ùë ûå (14)

Where, w  is the coefficient vector of the regression formula, the actual 

perceived data of the parameter, nx  is the abscissa value of the n point in the data 

set, nt  is the ordinate value of nx  , and ( ),n nt x  is the observed value. The 

confidence interval of the model was established through the error function. Fig. 

5 shows the diagrammatic sketch of the confidence interval.

As illustrated in Fig. 5, the confidence interval range was obtained by shifting 
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the regression model up and down with ( )E w q+ , where, θ is the correction 

parameter, and more than 95% of the perceived data points fell within the 

confidence interval. At this time, when the real-time microseismic perceived data 

fell within the confidence interval, it was considered to meet the warning condition 

and trigger the risk warning. When rock burst disaster occurred, 98% of the 

perceived data fell within the confidence interval range of the template. Therefore, 

in the early warning stage, if the observed data fall within the range of confidence 

interval, it means that rock burst disaster may occur, but it does not necessarily 

happen, just indicating that there is a trend of rock burst disaster. For the purpose 

of measuring the degree of the trend of rockburst, a confidence factor 

transformation strategy was adopted.
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Fig. 5 Schematic diagram of confidence intervals.

For the purpose of removing the influence of mutation data on model matching, 

the method of shifting ( )1 2 g x-  unit was adopted, which can not only ensure that 

dangerous data can trigger early warning in time, but also reduce the impact of 

mutation data. The confidence interval represents an early warning range, and the 

perceived data within the confidence interval belong to dangerous data. According 

to the rules of hazard model establishment, the closer the data points are to the 

curve model, the higher the risk degree. Therefore, the concept of confidence 

factor was proposed in this paper. Confidence factor: an interval range that 

dynamically changes in real time with perceived data trend in the confidence 
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interval. Through the transformation of the confidence factor, the trend of the 

approximation between the perceived microseismic data and the curve model are 

described. When the fitting degree of the perceived data to the model was higher, 

the confidence factor was closer to the model; otherwise, the confidence factor 

was closer to the boundary of the confidence interval.

As shown in Fig. 6, ξ represents the confidence interval and γ represents the 

confidence factor. In the confidence interval range of model Ω, the initial value of 

γ was set as the range region of 1 / 2 |ξ - Ω| on both sides of model Ω, and γ was 

shifted up and down with the perception data close to or away from model Ω for 

trend prediction. When the microseismic perceived data stream was coming, the 

data were matched in real time. Taking the confidence interval below the model Ω 

as an example, a warning semaphore was set as the monitoring warning status 

marker, and the initial value was set to 0.

Confidence factor transformation rules:

① If n consecutive perceptual data points fall within the confidence interval 

but lie outside the confidence factor curve, the confidence factor curve is shifted 

outward by alpha units, and the monitoring process continues. If subsequent 

perceptual data points fall within the range of the confidence factor curve, the 

system prepares to enter the alert state and sets the warning signal quantity to 1. 

If the data points do not fall within the curve range, the confidence factor curve 

continues to shift outward by alpha units until the system enters the warning state. 

Once in the warning state, the confidence factor returns to its original position, 

and the warning signal quantity is set to 0.

②  If n consecutive perceptual data points fall within both the range of the 

confidence interval and the range of the confidence factor curve, the confidence 

factor curve is shifted inward by alpha units to continue the monitoring process. 

If subsequent perceptual data points also fall within the range of the confidence 

factor curve, the warning semaphore is set to 1, indicating the system is ready to 
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enter the warning state. If the data points do not fall within the curve range, 

proceed to rule 1.

③ In the warning state, if n consecutive perceptual data points deviate from 

the confidence interval, the warning state is canceled, the confidence factor 

returns to its original position, and the warning semaphore is reset to 0. Otherwise, 

the alert status is maintained.

The traditional approach to warning involves classifying the magnitude of 

mine microseismic energy and taking different response measures based on the 

classification. However, this paper introduces an early warning strategy that 

utilizes the matching degree between real-time perceived data points and a model. 

This strategy demonstrates strong real-time performance and high efficiency.
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Fig. 6 Schematic diagram of threshold line transformation strategy.

Building upon the transformation rules, a multi-level monitoring and warning 

method is proposed. The early warning is divided into three stages, namely level 

1 to level 3, based on the degree of fit between the perception data and the model. 

Level 1 warning corresponds to the weakest level of danger and the lowest degree 

of fit between the perception data and the model. The second level is the 

intermediate warning, while level 3 corresponds to the most dangerous situation. 

The triggering rules for the multi-level and hierarchical warning are as follows: 

When n consecutive perceptual data enter the confidence interval but are outside 

the confidence factor curve (in accordance with Rule ①), level 1 warning will be 
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triggered.

①  During this period, continuous monitoring of the warning semaphore is 

conducted. If the warning semaphore is set to 1, the second-level warning will be 

promptly triggered. Otherwise, the warning will be canceled.

② If n consecutive perceptual data points fall within the confidence interval 

and also lie within the confidence factor curve (in accordance with rule ②), the 

level 2 warning will be triggered.

③  At this stage, the monitoring of the warning semaphore continues. If the 

warning semaphore is set to 1, the Level 3 warning is triggered immediately. 

Otherwise, the alert level is reduced to level 2.

④ If n consecutive perceptual data points deviate from the confidence interval 

(following rule 3), all warning levels will be promptly canceled.

The sample size, n, is calculated based on the perceived data, taking into 

account the sampling frequency of the microseismic sensor and the actual 

geographical environment of the 8204-2 working face.

4 The application of the early warning model

4.1 The design of a high-frequency microseismic monitoring system

Two functional modules are integrated into the high-frequency microseismic 

wireless ground station big data monitoring system, namely a primary real-time 

monitoring module and a secondary data analysis module. Each module is further 

divided into several sub-modules to provide technical support for its respective 

main module.The first-level real-time monitoring module is divided into three parts: 

the data stream conversion processing module, the core magnitude positioning 

calculation module, and the real-time monitoring visualization module. The 

secondary data analysis module is divided into two parts: the big data historical 

data analysis module and the data analysis visualization module. Fig. 7 illustrates 

the data interaction mode among the system’s modules, where the primary real-

time monitoring module realizes real-time acquisition, positioning and 
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visualization of microseismic data, and the secondary data analysis module 

conducts in-depth mining and statistical visualization of historical big data, with 

unidirectional data transmission from the primary module to the secondary 

module. Once the microseismic correlation calculation is completed, the 

corresponding microseismic data in the mining area will be automatically 

transferred to the database of the data center server.

Fig. 7 The data interaction mode among the modules of the system.

Before being written into the database, the source coordinates (x, y) need to 

be determined. Only when the 15 constraint condition is met, the microseismic 

data will be stored in the database.

min max

min max

x x x
y y y

£ £ìí £ £î
(15)

Where, min max min max, , ,x x y y  is the horizontal and vertical coordinate range of the 

mining area map. The database table contains a uniquely identified autoincrement 

primary key id, mine name, triaxial coordinates identifying the source location 

xData, yData, zData, microseismic occurrence time quackTime and microseismic 

magnitude quackGrade. After the query page of the front desk sends a data 

request to the corresponding Servlet, it searches the database through the user's 

query conditions and returns the results to the front page.

4.2 Analysis of monitoring results of early warning model

Fig. 8 (a) illustrates the setup of a wireless ground station in the 8204-2 
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working face of the Tashan mining area. A solar power supply system is adopted 

to power all on-site monitoring equipment. The outdoor hardware equipment is 

mounted on 5-meter-high metal posts. The 8202-4 working face of Tashan Mine is 

situated in a mountainous region with no human settlement, power supply, or 

network infrastructure. The terrain is characterized by significant elevation 

differences. To overcome these challenges, a total of 7 ground monitoring stations 

and 11 sets of high-frequency microseismic collectors were strategically selected 

in Tashan Mine. These devices are interconnected through a local area network 

(LAN) and can establish seamless communication with the central machine server. 

In Fig. 8 (b), the parameters of the assembled research center machine and server 

were fine-tuned to enable independent wide area network (WAN) connectivity for 

the central machine server.

Fig. 8 Commissioning of wireless service center and construction of ground 

station in mine area.

All 11 sets of high-frequency collector devices, 26 sets of network bridge 

devices, 2 sets of high-performance routers and switches, and central computer 

servers have been configured for LAN + WAN interconnection, as follows:

(1) The 11 sets of high-frequency microseismic collector devices are connected 

to the central machine and server within the LAN. This allows seamless access 

between the collector and the central machine and server, avoiding any IP address 

conflicts with the 26 sets of bridge devices. By installing remote access control 

software and enabling WAN sharing, remote access to individual devices can be 

a b
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achieved.

(2) The network bridge devices have been configured based on the network 

bridge configuration parameter table, enabling AP connectivity and convergence 

connectivity for all 26 sets of devices. This ensures a one-to-one mapping 

relationship among the network devices. Additionally, all 26 sets of network 

bridges, 11 sets of high-frequency collector devices, and 2 sets of high-

performance router + switch devices are in the same network segment.

(3) The core network access settings for the 2 sets of high-performance routers 

and switches have been completed. This allows real-time access to the 

microseismic data from the 11 sets of high-frequency collector devices through 

data aggregation with the 26 sets of bridge devices. Furthermore, the central 

machine server is connected to achieve complete network connectivity.

By establishing an ad hoc network in the mining area, unlimited access to the 

LAN of all ground stations can be achieved. The network connectivity of each 

ground station and network equipment can be monitored in real time through the 

visual interface on the central computer server. This enables the determination of 

the operational status of the high-frequency collector. The study focuses on 

implementing a two-level microseismic monitoring management mode suitable for 

the Tashan mine, where a first-level real-time microseismic monitoring system is 

installed at the central machine for continuous monitoring.

Table 1 Expression methods of microseismic events.

Serial 
number

Microseismic 
event energy

Radius
Color 

representation
Shape 

representation
1 E<102J 8 Green

2 102J≤E<103J 10 Yellow

3 103J≤E<104J 12 Blue

4 104J≤E<105J 16 Red

5
Ground 

microseismic 
— Red
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measurement point

With manual verification method, microseismic events can be efficiently and 

accurately determined. The second-level big data statistical analysis platform 

imports the statistical outcome of microseismic events and the historical 

monitoring data of the whole station into the remote Hadoop big data cluster, 

researches the multi-level big data linkage query method, and implements the 

query operation of the statistical results of microseismic events. 

Table 2 shows the success rate of microseismic monitoring in Tashan Mine 

based on the monitoring and warning model in the past 6 months. It can be 

analyzed from the table that the warning strategy based on the threshold model 

can well meet the early warning role of microearthquakes, and its success rate of 

monitoring is greater than or equal to 95%, providing safety guarantee for mining. 

Based on the microseismic location results, the expression method of microseismic 

events is shown in Table 1

Table 2 Success rate of mine microseismic monitoring by warning and 

monitoring system.

Monitoring 
month

January February March April May June

Warning success 
rate (%)

96.467 95.814 95.142 97.840 97.615 98.737

As illustrated in Fig. 9, microseismic events in the last 6 months are 

statistically analyzed, and the relation between the degree of the face propulsion 

and the number of microseismic lunar events and energy is analyzed.

In January 2019, the face advanced 150m (from 730m mined in 2018 to 880m). 

As illustrated in Fig. 9(a), microseismic events were mainly clustered in two parts. 

First, three microseismic events above 103 J were detected in the coal pillar region 

at the junction of 8204-2 working face and 8204 working face, mainly because 

these coal pillars were subjected to concentrated loads. There are more 

microseismic events; Second, it is 130 m forward of the face. Therefore, it was 

judged that the influence span of the mining face ahead is about 130m. It is 
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suggested to strengthen monitoring during the mining process and take pressure 

relief measures for the coal pillar at the side of 8204 working face.

In February 2019, the mining face advanced 170 m (from 880m mined in 

January to 1050m). As illustrated in Fig. 9(b), the coal seam has no obvious faults 

and other structures, the coal seam occurrence is relatively stable, and 

microseismic events exhibit a relatively uniform spatial distribution, primarily 

distributed in the goaf of working face 8204 and 8206, with one event of more than 

104 J occurring. 55m away from 8204-2 working face. In March 2019, the mining 

face advanced 140 m (from 1050m mined in February to 1190m), as shown in Fig. 

9(c). After comparison, it is found that there are no obvious faults and other 

structures in the coal seam, the occurrence of coal seam is relatively stable, and 

the geographic distribution of microseismic events is more uniform, clustered in 

the coal pillar area between the working face 8204 and 8204-2. As shown in the 

figure, there were 5 microseismic events in the coal pillar region, including 1 event 

above 104J and 3 events above 103J above the roadway of 8204-2 working face.

In April 2019, the working face was progressed 120 m (from 1190m in March 

to 1310m), as illustrated in Fig. 9(d). During this process, the mining face was 

widened, the advancing speed was reduced, there were no obvious faults and other 

structures in the coal seam, the occurrence of coal seam was stable, and the spatial 

distribution of microseismic events was more uniform, concentrated in the coal 

pillar region between the working face 8204 and 8204-2. As shown in the figure, 

there were 6 microseismic events in the coal pillar area, including 3 events above 

103J and 2 events between 102J-103J.

In May 2019, the working face advanced 160 m (from 1310m mined in April to 

1470m). As shown in Fig. 9(e), there were no obvious faults and other structures 

in the coal seam during this progression, and the occurrence of coal seam was 

stable. Of the three microseismic events detected, two possessed energies greater 

than 10⁴ J; the hypocenters for these high-energy events were identified in the 
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8202 working face goaf. A microseismic event was located in the goaf behind the 

working face with an energy between 103 J-104 J.

In June 2019, the working face advanced 130 m (from 1470 m to 1600 m mined 

in May), as shown in Fig. 9(f). During this process, there were no obvious faults 

and other structures in the coal seam, and the occurrence of coal seam was stable. 

However, owing to the proximity of the face to the stop-mining line, the number 

and energy of microseismic events were both high, and 42 microseismic events 

were detected. There are 4102 J-103 J events, 28103 J-104J events, and 10 events 

greater than 104 J events.

Microseismic events near the stop-mining line exhibit distinct spatiotemporal 

features: they cluster in the coal pillar between the 8204 and 8204-2 working faces 

and the 8204 goaf, with event number and energy rising progressively as the face 

nears the stop-mining line, and high-energy events concentrated in the final 20 m 

of advancement. This phenomenon is mainly caused by in-situ, mining-induced and 

residual stress superposition, abrupt changes in rock mass constraints from the 

artificial stop-mining boundary, and aggravated rock damage by pre-mining 

disturbance. The microseismic signals here show a “high frequency + multi-level 

energy + spatial concentration” response mode, with low-energy events as the 

background, medium-energy ones as the main body and high-energy ones as key 

early warning signals, and the signals feature a shortened time domain and 

increased frequency in time-frequency characteristics.
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Fig. 9 Results of microseismic monitoring and location in Tashan Mine from 

January to June

In July 2019, the working face reached the stop-mining line, the working face 

equipment was withdrawn, and the surface microseismic monitoring equipment 

was dismantled. In summary, based on the microseismic data of working face 

8204-2 in Tashan Mine during the mining period from January to June, 297 

microseismic events were accurately located, reaching a combined energy of 7.27 

× 105 J, and the working face’s influence extended up to approximately 130 m 

ahead.. Although the working face was an isolated face, effective monitoring and 

pressure relief measures were adopted. No energy events and dynamic disasters 

exceeding 105 J occurred during mining.

Marc

h

April

May June

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



Fig. 10 monthly advance rate of mining face and its relationship with 

microseismic event count and energy 

As illustrated in Fig. 10, overall 297 microseismic events were detected from 

January to June, reaching a combined energy of 7.27 × 105 J. The working face 

advanced successively by 150m, 170m, 140m, 120m, 160m, and 130m during this 

period. Microseismic monitoring recorded 136, 38, 36, 41, 3, and 42 events from 

January to June, respectively. The corresponding total energy released for each 

month was 3.44×104 J, 1.15×105 J, 3.59×104 J, 2.43×104 J, 2.43×104 J, and 

4.21×105 J, respectively.

The data suggest a nonlinear dependence of microseismic energy release and 

event frequency on the extent of working face advancement. This nonlinearity 

essentially reflects the different responses of rock mass strain energy release to 

mining disturbance intensity: rapid advance leads to concentrated energy release 

in the form of a small number of high-energy events, while slow advance results in 

step-by-step release through multiple low-energy microseismic activities. The 

number of microseismic events decreases With progressive face advance, while it 

increases with a decrease in advancement. When the working face advanced more, 

the count of microseismic events in January and February decreased, representing 

a 234% rise in the cumulative microseismic energy relative to January, as the rock 
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mass had no sufficient time for slow rupture and accumulated strain energy was 

released intensively. However, from March to April, with a decrease in 

advancement, the count of microseismic events increased compared to that of 

March, while the total energy of microseismic events remained equal. 

Furthermore, from May to June, as the degree of advancement decreased, with a 

significant increase observed in the total microseismic energy, by 3.96×105 J 

compared to May, marking a year-on-year increase of 1630 %.

This paper utilizes the complex underground working face geological structure, 

geographical environment, well group characteristics, and the occurrence rules of 

dynamic disasters in coal mining to establish the suitable methods for high-

frequency microseismic timing determination and dynamic disaster microseismic 

location in the mining area. Additionally, it investigates the development of a 

mining area monitoring system that is specifically designed for high-frequency 

microseismic monitoring in complex environments.

By taking into account the underground mining conditions and geological 

structure, this study presents future trends in dynamic disaster occurrences and 

proposes risk warning methods. These findings provide a solid theoretical 

foundation for ensuring safe mining practices in the mining area. The ultimate aim 

is to prevent casualties, minimize equipment damage, and reduce both 

engineering costs and economic losses.

4.3 Precision analysis of traditional mine microseismic signal 

identification

The precise identification of microseismic signals in traditional mines is 

usually achieved via spectral analysis and regression analysis, with previous 

studies also applying spectral transformation, neural networks and Fisher's 

discriminant method for such analysis (Table 3). Nevertheless, these traditional 

methods have inherent drawbacks: spectral analysis is seldom used in mining due 

to its high professional expertise requirement despite its insightful results, and 
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Fisher's discriminant analysis brings randomness to modeling as its parameter 

selection depends on non-directional experience, even with good test set 

identification performance.

In this study, the nonlinear threshold curve model achieves more efficient 

signal identification and early warning results for the 8204-2 working face of 

Tashan Mine by optimizing the core logic of traditional methods. It abandons 

single energy classification for early warning and adopts the matching degree 

between real-time sensing data and the hazard model, which better conforms to 

the nonlinear evolution law of microseismic events; it also optimizes signal 

recognition logic through the combination of wavelet decomposition denoising and 

feature point extraction to mitigate high-frequency noise interference, and 

replaces fixed thresholds with dynamic threshold determination based on 

confidence factor transformation to enhance early warning adaptability. In terms 

of scenario adaptability, recurrent neural networks and genetic algorithms are 

suitable for microseismic monitoring in simple, low-noise geological environments, 

and logistic regression for medium-scale mining areas with distinct microseismic 

event types, while the proposed model exhibits significant advantages in complex 

geological environments with high noise interference, soft rock working faces and 

severe stress concentration, thus being more applicable to dynamic disaster early 

warning in deep mines.

Table 3 Comparison of traditional microseismic signal identification and early 

warning accuracy with this research method.

Scholar Methods or Objects Accuracy
Muller et al.[33] Recurrent neural network (RNN) 90%

Orlic and Loncaric[34] Genetic algorithm 85%
Vallejos and 
McKinnon[35]

Logistic Regression and neural 
networks

95%

This Study Nonlinear Threshold Curve Model ≥95%

5 Conclusions

The study from the characterization of high-frequency the acquisition and 
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source localization of microseismic signals theory to the design of microseismic 

signal real-time monitoring in the complex and changeable mining environment, 

and has a high applicability of equipment. Through the simulation of the historical 

data of microearthquake disaster and the multi-level monitoring, the potential 

mining threats can be found and dealt with in time, which brings high value to the 

social life and production, the main findings of this research are summarized below:

(1) The high-frequency microseismic ground monitoring station is constructed, 

and the method of determining the microseismic arrival time, microseismic 

location and microseismic magnitude calculation is proposed. On the basis of this 

hardware system construction, the secondary management platform of 

microseismic big data is further constructed, which provides the theoretical 

framework and system reference for the coal industry to build and promote the 

development of surface microseismic monitoring. To a certain extent, it fills the 

gap in the field of big data analysis of domestic coal mine surface microseismic 

monitoring.

(2) By analyzing the actual situation of Tashan Mine, a mine early-warning 

method for dynamic hazards utilizing a nonlinear threshold curve model was 

proposed. The massive historical hazard data were summarized, and the data 

features were extracted by mobile regression method. On this basis, the coal mine 

dynamic hazard model was established by linear regression method, which 

established a theoretical foundation for identifying dynamic hazards in coal mines. 

By constructing the recognition domain through confidence intervals, the method 

of confidence factor transformation was proposed to predict the future 

development trend of hazard waveform, which provided theoretical support for 

coal mine hazard disaster warning technology.

(3) Early warning was carried out on the matching degree between real-time 

perceived data points and the model, and the sample size n of perceived data was 

obtained according to the sampling frequency of microseismic sensors and the 
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actual geographical environment of 8204-2 working face. According to the fitting 

degree of perceived data from weak to strong, the early warning was divided into 

three stages from the first to the third level, and the mining area was monitored 

in an all-round way in real time to avoid the defects of traditional monitoring 

methods.

(4) The mine microseismic surveillance and alert system building on the 

nonlinear threshold curve model was of great contribution to the mining of deep 

coal seam mining area. Compared with the traditional microseismic signal 

identification research method, the surveillance and early warning approach in 

this study has a prediction accuracy higher than 95% and has certain reference 

value.

The mine microseismic monitoring and early warning system based on the 

nonlinear threshold curve model proposed in this study has been validated in 

practice at the 8204-2 working face of Tashan Mine, demonstrating its high 

accuracy and engineering applicability in complex geological environments. This 

provides important technical support for the precise prevention and control of 

dynamic disasters in deep coal mines. In the future, big data and artificial 

intelligence technologies can be leveraged to continuously optimize the model’s 

adaptive capabilities from three specific research perspectives: first, integrate 

multi-source mining data based on big data technology to enrich the training 

dataset of the model; second, introduce LSTM-CNN hybrid neural network to 

realize adaptive adjustment of threshold curve parameters for complex geological 

conditions; third, apply transfer learning to the model to expand its generalized 

application scenarios under different coal seam occurrence conditions and mining 

processes. This technological system can be widely promoted to various deep 

mines and underground engineering fields, providing stronger technical support 

for the safe and efficient development of the coal industry and the management of 

underground engineering disasters.
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