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A B S T R A C T

As the mining depth of coal resources increases, resulting in frequent mine earthquakes during mining. In this
study, the rolling window ratio method is firstly chosen as the seismic phase recognition method to read the mine
earthquake data received by the microseismic sensor. Secondly, the improved genetic algorithm is used as the
optimization algorithm of the objective function to build the algorithmic framework of accurate inverse local-
ization of mine earthquake. Finally, the accuracy of this algorithm for seismic source localization is validated
using actual engineering cases. Results show that the first arrival time extraction by the rolling window ratio
method has the advantages of high accuracy and fast algorithm operation speed. The Fast Fourier Transform-
Butterworth joint noise reduction method has a good noise reduction effect, which successfully suppressing
noise outside the mine earthquake signal and effectively improving the issue of excessive noise in the mine
earthquake signal. Compared to microseismic monitoring data, the localization error for mine earthquakes re-
mains within 5%.

1. Introduction

Coal is the dominant energy source in China, with coal consumption
accounting for more than 50% of China’s total energy consumption. The
status of coal as the main source of energy cannot be changed for a
considerable period of time. With the increase of mining depth of
China’s coal resources, strong mine earthquakes occur frequently, which
seriously affects the efficient mining of coal resources [1,2]. Mine
earthquake is a kind of response of coal and rock body to regional or
local stress adjustment in the process of coal mining. It is usually
accompanied by energy release and vibration, and is essentially caused
by the presence of high stresses or high stress differentials in the coal
rock mass [3,4]. Microseismic monitoring is a kind of geophysical
technology for monitoring the effects of production activities by
observing and analyzing the microseismic events in production activities
[5]. Microseismic monitoring is now widely used in various fields such
as geothermal development [6], slope stability study [7], hydraulic
fracturing [8], and mining [9].

Many scholars have conducted a lot of research on seismic source
localization methods. Waldhauser used a double-difference objective
function to constrain the location estimation based on simulated arrival
time differences and actual arrival time differences of two events [10].

This approach aims to reduce the impact of complex propagation media
on the accuracy of location estimation and improve the algorithm’s
robustness against noise. More and more optimization algorithms have
been applied to source location, such as Genetic Algorithm proposed by
Holland [11], Particle Swarm Optimization Algorithm proposed by
Kennedy [12], Grey Wolf Algorithm and Moth Flame Optimization Al-
gorithm proposed successively by Mirjalili [13,14]. Li and other scholars
proposed and analyzed the error space of microseismic source locali-
zation [15]. On this basis, a nonlinear microseismic source localization
method based on the simplex method is proposed. Combining inverse
fold product interferometry with interferometric cross-correlation bias,
Wu et al. proposed inverse fold product bias and applied it to micro-
seismic localization data for hydraulic fracturing [16]. Zhou used three
meta-heuristic optimization algorithms to improve the performance of
interlocking stacking methods for localization [17]. Wu proposed a new
microseismic localization method, analyzed the factors affecting the
source localization accuracy, combined the L2 paradigm HO variance
function to improve the localization accuracy, and finally used a particle
swarm optimization algorithm to search for the localization position
[18].

In seismic source localization, the accuracy of seismic phase identi-
fication directly affects the accuracy of seismic source localization
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interpretation. Many researchers and scholars have studied and
explored the seismic phase identification techniques of seismic signals
and proposed many automatic phase identification algorithms. Chen
proposed a pickup method based on a fuzzy clustering algorithm for
seeded seismic phase walk time [19]. Perol et al. first applied convolu-
tional neural networks to seismic event detection as well as source
location determination [20]. Ross applied the convolutional neural
network in deep learning to seismic P-wave first-arrival time extraction,
abandoning the process of feature extraction and instead using the
seismic record as input directly with only a small amount of pre-
processing [21]. Zhang et al. utilized the feature extraction capability of
deep learning to propose a multi-channel joint earthquake phase iden-
tification and first-to-pickup method based on U-net [22]. Wu et al. has
proposed a high-resolution hybrid imaging condition (HIC) method for
microseismic source location, who find that cross-correlation migration

(CCM)-HIC could noticeably improve the spatial resolution and stability
of source location images, reaching a better compromise between
summation imaging condition (SIC) and multiplication imaging condi-
tion (MIC), particularly in the presence of strong noise [23]. Wu and
Wang proposed a deblurring filter (DLSIM) to obtain
high-resolutionmicroseismic source locations at a low computational
cost. DLSIM approximates the inverse Hessian with an inexpensive
deblurring (nonstationary) filter to eliminate the blurring effect of the
Hessian matrix. It could significantly accelerate the convergence rate of
the least-squares inversion and, meanwhile, reduce the computational
cost owing to its fewer number of iterations [24]. However, the existing
microseismic monitoring technology in coal mines still has limitations in
terms of signal separation, signal transmission, and positioning
accuracy.

In previous studies, various algorithms have been widely applied to
mine earthquake source localisation, but less research has been con-
ducted on microseismic phase extraction and identification. In this
study, the rolling window ratio method is firstly chosen as the seismic
phase recognition method to read the mine earthquake data received by
the microseismic sensor. Secondly, the improved genetic algorithm is
used as the optimization algorithm of the objective function to build the
algorithmic framework of accurate inverse localization of mine earth-
quake. Finally, the accuracy of the algorithm for seismic source locali-
zation is verified using actual engineering cases.

Fig. 1. Diagram of distribution of the mining areas of Dongtan coal mine and microseismic sensor arrangement in mining area.

Fig. 2. Total number of occurrences of mine earthquakes and number of oc-
currences of strong mine earthquakes in each panel of the No.6 mining areas.

Table 1
Six large-energy mine earthquakes.

Date Time X (m) Y (m) Z (m) Energy (J)

2020/3/23 5:28:00 39489286.50 3921544.00 − 454.03 2.39×106

2020/4/15 8:33:04 39489265.57 3921197.41 − 557.71 2.70×106

2020/4/17 8:21:51 39489172.37 3921438.26 − 483.05 2.20×106

2020/5/15 17:55:33 39489185.23 3921472.92 − 447.26 6.81×106

2020/6/10 19:18:59 39489332.59 3921128.00 − 518.00 2.29×106

2020/11/
30

9:41:49 39489759.29 3920929.36 − 508.50 2.38×106

Fig. 3. Schematic of the sliding window of the rolling window ratio.

Table 2
Sliding window extraction results for different window sizes.

Date Window_len Pick up time (s) Calculating runtime (s)

2020/1/2 1 0.408 2.01586
2 0.322 2.01071
4 0.406 2.01011

2020/9/25 1 0.844 2.01529
2 0.840 2.00158
4 0.856 2.01293
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2. Engineering background

Dongtan coal mine is located in Zoucheng City, Shandong Province,
China. The No.6 mining area is located on the southern flank of the

Dongtan coal mine. The mining area is about 3.4 km long from east to
west and 1.8–2.8 km wide from north to south. The surface elevation of
the No.6 mining areas is from+43.52m to+55.51m, with an average of
+48.43m. The 63upper06 panel is designed with a length of 1500m. As
of October 2023, the 63upper06 panel has been mined back for 1070m.
The geographic location of Dongtan coal mine and the distribution of the
mining areas, and the microseismic sensors are arranged as shown in
Fig. 1.

As of November 30, 2023, a total of 12237 mine earthquakes have
been monitored around the 63upper06 panel, among which the number
of mine earthquakes with energy greater than 1×105 J (strong mine
earthquake) is 54, accounting for 0.44 % of the total, the number of
mine earthquakes with energy greater than 1×104 J is 715, accounting
for 5.85 % of the total (Fig. 2). The number of mine earthquakes with a
magnitude of 1 or higher (energy greater than 2×106 J) is 6 times. The
locations and occurrence times of these six large mine earthquakes are
shown in Table 1.

3. Mine earthquake localization inversion algorithm

Locating the source of a mine earthquake first requires the identifi-
cation of a mine earthquake event. The main seismic phase

Fig. 4. Results of different window extraction by sliding time window energy ratio method.

Fig. 5. Schematic diagram of mine earthquake localization.
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identification method used in this study is the rolling window ratio
method, which is widely used in the field of microseismic initial to
automatic pick up. For a rolling window of the same length, the differ-
ence between the energy in the rolling window after the moment of
arrival of the mine earthquake signal and the energy in the rolling
window before its arrival is relatively large. By detecting the sudden
change in the value of the ratio between the two, a mine earthquake
event can be identified and its wave arrival time can be determined. The
specific steps are as follows:

1) First assume that the mine earthquake recording channel is [Xn].
2) Design a sliding window M with a settable width for calculating the

sum of the mine earthquake data within the window, as shown in
Fig. 3.

The energy ratio between the rear rolling window and the front
rolling window could be expressed as shown in Eq. (1). A stabilization
factor σ is usually introduced to enhance its stability, and its value is
generally much smaller than the energy value of the front rolling win-
dow, which is usually taken as the average energy value of the channel
background noise, as shown in Eq. (2).

Ri =

[
∑i+M− 1

k=i

x2k

/
∑i− 1

k=i− M

x2k

]1/2

… (1)

Ri =

[
∑i+M− 1

k=i
x2k + σ

/
∑i− 1

k=i− M
x2k + σ

]1/2

… (2)

When the first arrival wave arrives, the energy ratio Ri between the
rear rolling window and the front rolling window at the sampling point
of the wave arrival moment is theoretically maximized without taking
into account the influence of noise and other factors. Pick up the time
corresponding to the maximum value of Ri that is the first arrival
moment of the mine earthquake wave, at this time i is the number of
sample points of the first arrival time of the P-wave, the first arrival time
that is the ratio of the number of sample points to the sampling fre-
quency (sample rate) is named the first arrival time (Eq. (3)).

t =
i

fsample− rate
… (3)

The rolling window was proposed to overcome the shortcomings of
the fixed rolling window, and its main working principle is that the
rolling window is not fixed, but starts from the beginning of the signal
and moves towards the ending of the signal. M is the sampling interval
for each move is set on a case-by-case basis in the calculation, and is
usually set to 1. The ratio of the energy size of the front and back rolling
windows is calculated every time the rolling window moves, and then
the first mutation value is found from these energy ratios, and the
threshold value of this mutation value is then used to find the sampling
point with the largest amplitude in the corresponding rolling window
corresponding to the time that is the time of the first arrival, as shown in
Fig. 3.

The sliding window program was written using the Python 64-bit
version of the program configured in the Anaconda 3 environment,
and the compiler chosen was the Spyder compiler that comes with
Anaconda 3. The computing processor was an Intel(R) Core(TM)
i5–10500 CPU @ 3.10 GHz.

The program set the sliding window size window_len and mutation
threshold of the two parameters, window_len selected 1, 2, 4 window,
while using Python comes with the program running time calculation
toolkit, calculate the time that the program is running in order to carry
out the calculation of speed. Since the data were normalized, the data
range were all in the range of (-1,1), and after many trials it was found
that it was more reasonable to choose 1.01 for the mutation threshold.
Comparison of the impact of the difference in the size of the window on
the results, selected events occurring at the moment of January 2, 2020
16:55:15, sensor number 15 of the mine earthquake data, events
occurring at the moment of September 25, 2020 10:19:50, the sensor
number 15 of the mine earthquake data. The results of the calculations
and the calculation of the running time are shown in Table 2, Fig. 4.

Fig. 6. Mine earthquake wave data reading and filtering.

Fig. 7. Automatic extraction of P-wave first arrival time.
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Microseismic monitoring provides sufficient basis for the stability
evaluation of coal rock bodies by obtaining the signals emitted from the
rupture of coal rock bodies [18]. First, a number of waveform sensors are
placed in mining area to form a monitoring zone. If a mine earthquake
occurs, the sensors capture the signal and convert it into an electrical
signal. Multiple sensors acquire data are used to determine position and
velocity in the localization equations to localize the mine earthquake
source (Fig. 5). The basic equation of localization used in this study is the
arrival time difference method, described by a set of nonlinear equations
(Eq. (4)):

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(x0 − xi)2 +
(
y0 − yi

)2
+ (z0 − zi)2

√

= v0
(
ti − t0

)
… (4)

where
x, y, z are the three-dimensional positions in space;
x0, y0, z0 are the locations of the mine earthquake source;
xi, yi, zi are the locations of the ith sensor;
t0 is the start time of the occurrence of the mine earthquake;
ti is the time to the sensor;
v is the propagation velocity of the P-wave;
i = 1, 2, 3, 4…n (n denotes the number of sensors).
Due to complex mathematical models that cannot be solved directly,

we need to use optimization algorithms to solve the objective function.
Genetic algorithms have been widely used for their ability to search
globally for the optimal solution of an objective function. Currently, the
development of optimization algorithms is rapid, among which genetic
algorithm, particle swarm optimization algorithm, simulated annealing
algorithm are widely used in mine earthquake monitoring. Reeves
mentioned several advantages of genetic algorithm compared with the
other two algorithms in his study: 1) Strong global search ability: genetic
algorithm has strong global search ability through crossover, mutation
and selection operations, and can find the global optimal solution in the
complex search space. In contrast, particle swarm algorithm and simu-
lated annealing algorithm may not perform as well as genetic algorithm
in global search; 2) Relatively easy to adjust parameters: Genetic algo-
rithm is relatively easy to adjust parameters compared with particle
swarm algorithm and simulated annealing algorithm. For example, the
adjustment of parameters such as crossover rate and mutation rate can
directly affect the performance of the algorithm, and the adjustment of
these parameters is relatively intuitive in genetic algorithm [25]. The

Fig. 8. FFT-Butterworth joint filtering noise reduction effect.

Table 3
Large-energy mine earthquakes in 63upper 06 panel.

Date Time X (m) Y (m) Z (m) Energy (105

J)

2020/3/
23

5:28:00 39489286.50 3921544.55 − 454.03 23.90

2020/4/
6

23:23:53 39489224.52 3921426.82 − 461.20 6.23

2020/5/
15

17:55:33 39489185.23 3921472.92 − 447.26 68.10

2020/6/
10

19:18:59 39489332.59 3921128.00 − 518.00 22.90

2020/7/
12

16:29:30 39489334.96 3921317.72 − 509.09 8.38

Table 4
Inversion results for large-energy mine earthquakes.

Date Time Actual mine earthquake source location Calculated mine earthquake source location

X (m) Y (m) Z (m) X (m) Y (m) Z (m)

2020/3/23 5:28:00 (39489)286.50 (3921)544.55 − 454.03 (39489)312.46 (3921)525.62 − 465.43
2020/4/6 23:23:53 (39489)224.52 (3921)426.82 − 471.20 (39489)241.15 (3921)441.77 − 481.47
2020/5/15 17:55:33 (39489)185.23 (3921)472.92 − 447.26 (39489)174.09 (3921)496.21 − 441.92
2020/6/10 19:18:59 (39489)332.59 (3921)128.00 − 518.00 (39489)352.59 (3921)141.00 − 539.11
2020/7/12 16:29:30 (39489)334.96 (3921)317.72 − 509.09 (39489)345.96 (3921)346.72 − 533.14

Q. Zhang et al.
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Fig. 9. A part of large-energy mine earthquakes localization inversion results.
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improved genetic algorithm is optimized and improved compared with
the traditional genetic algorithm in terms of algorithm structure, oper-
ation mode, parameter settings, and application scenarios. These im-
provements make the improved genetic algorithm have higher
efficiency and better performance when dealing with complex optimi-
zation problems.

The optimization method selected in this study uses genetic algo-
rithm, combined with Fast Fourier Transform (FFT)-Butterworth filter
joint noise reduction method and rolling window ratio method to
localize the large-energy mine earthquakes. The optimization process
requires further simplification of the objective function. The time ti’ for
the propagation of the mine earthquake wave through the coal rock
body to the event signal received by each sensor, as shown in Eq. (5). In
field engineering, the medium of the observation area is not homoge-
neous, and there are errors in the arrival time recorded by the sensors, so
there are residuals in the travel time of mine earthquake waves. Let the
ration of the sum of the travel time residuals of each sensor to the
number of sensors be the average travel time residual δ, as shown in Eq.
(6). A certain threshold and maximum number of iterations are set, and
the mine earthquake source parameters can be output when δ is smaller
than this threshold or the maximum number of iterations is reached.
During the iteration process, if δ does not reach a certain threshold, the
last δ is compared with the δ’ obtained from this calculation, and the
mine earthquake parameters are then subjected to mutation and in-
heritance in the genetic algorithm on the basis of the one with a smaller
δ.

ti =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(x0 − xi)2 +
(
y0 − yi

)2
+ (z0 − zi)2

√

v0
+ t0… (5)

δ =

∑n

i=1
(ti − tiʹ)

n
… (6)

4. Application and validation of mine earthquake localization
algorithms

In order to achieve an accurate inversion of the mine earthquake
source location, it is necessary to be able to acquire the mine earthquake
waves. After first reading the mine earthquake wave data, a bandpass
filter is used to extract the information in the initial specific frequency
range while removing the noise. The bandpass filter has two cutoff
frequencies, a low-frequency cutoff (flow) and a high-frequency cutoff
(fhigh) frequency, which define the range of frequencies allowed to pass
through and are called the Passband. The passband contains the fre-
quency components between the low-frequency cutoff frequency and
the high-frequency cutoff frequency. The channel signals that have
absolutely no way to participate in the calculation are then removed,
making the mine earthquake noise clearer the rolling window ratio
method more accurate in extracting the first arrival time of the P-wave,
as shown in Fig. 6 and Fig. 7.

Butterworth bandpass filter processing is the process of noise
reduction of the clearer signals to retain only the information of the
frequencies near the mine earthquake signals. In this study, clear signals,
clearer signals, and poorly defined signals with severe interference were
selected for comparison of the noise reduction process. The April 6, 2020

event 7 sensor, and the June 10, 2020 event 23 sensor were selected. The
upper and lower filter limits were selected as 1 Hz and 30 Hz, respec-
tively, and signals outside this frequency range were suppressed. The
signal butter function in the Scipy toolkit in Python is used in this study,
as the mine earthquake signal contains many aspects of noise directly
choose the filtering effect is best sixth order Butterworth bandpass filter
with a sampling frequency of 500 Hz. Both the original and filtered
waveforms are shown in Fig. 8. As seen in Fig. 8(a) and (b), the joint FFT-
Butterworth method works significantly on the clearer signals and suc-
cessfully suppresses the noise outside the signal, resulting in a smooth
waveform curve.

The initial values of x0, y0, z0 are assumed to be the center of the mine
range, the initial value of v is assumed to be 4000 km/s, and the initial
value of t0 is set to be the moment of 0 s, and the actual propagation time
of the P-wave from the mine earthquake source to the microseismic
sensors is the arrival moment recorded by the sensors. The sampling
frequency of the microseismic sensor fsample-rate=500 Hz; set the rolling
window ratio window 2 M=10; set the minimum average travel time
residual δmin=0.001 s (output the mine earthquake source parameter
when δ < δmin); and set the maximum number of cycles num=50000
(output the mine earthquake source parameter when the number of
genetic variations is greater than 50000 times). Based on several local-
ization tests, the initial parameters of the mine earthquake source have
been tuned to be more reasonable.

The calculated mine earthquake source location results were
compared and analyzed with the actual mine earthquake source location
results, and the error analysis was performed using Eq. (7) [18]:

Q =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
x12 − x22 + y12 − y22 + z12 − z22

√

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
x12 + y12 + z12

√ … (7)

Where
x1, y1, z1 is the coordinate parameter calculated by the SOS micro-

seismic system;
x2, y2, z2 is the coordinate parameter calculated by the method of this

study, the physical meaning of which is to use the distance error to the
origin to portray the localization error.

Five typical large-energy mine earthquakes that occurred in the
63upper 06 panel are shown in Table 3. The inversion results of the mine
earthquakes are shown in Table 4 and Fig. 9, and the error results are
shown in Table 5.

Compared to the mine earthquake data from microseismic moni-
toring, the mine earthquake localization algorithm in localizing the five
large-energy mine earthquakes, with localization errors within 5 %. The
reason for the large errors in some of the data may be related to the
iteration accuracy of the optimisation algorithm.

5. Conclusions

1) The rolling window ratio method for first arrival time extraction has
the advantages of high accuracy and fast algorithmic computation.

2) The Fast Fourier Transform-Butterworth joint noise reduction
method has a good noise reduction effect, which successfully sup-
pressing noise outside the mine earthquake signal and effectively
improving the issue of excessive noise in the mine earthquake signal.

3) Compared to the mine earthquakes from microseismic monitoring,
the localization errors for large-energy mine earthquakes are within
5 %.
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