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Abstract
Rockburst warning includes prediction of the position, intensity, and timing of potential rockburst. Rockburst time warning 
refers to the prediction of the moment at or time period during which a rockburst may occur. Due to the complex rockburst 
mechanism and many influencing factors, several key difficult-to-solve scientific problems currently remain in rockburst 
time warning research. In this article, microseismic (MS) monitoring is performed, and blasting is implemented as an iconic 
event to study the warning method for rockburst with blasting cycle as the unit of time. Focusing on this research goal, a deep 
learning method is applied to establish an MS information prediction model (MSIPM) and a rockburst time warning model 
(RBTWM) based on a long short-term memory network (LSTM). The MSIPM predicts the MS information for subsequent 
blasting cycles through the MS information time series of historical blasting cycles. The RBTWM predicts the potential 
rockburst intensity and which blasting cycle a rockburst may occur through the MS information time series obtained by 
fusing MS information from historical and subsequent blasting cycles. The developed method is applied in a railway tunnel 
excavated with the drilling and blasting method. The warning results of the test set demonstrate that the rockburst warning 
accuracies for the first, second, and third subsequent blasting cycles are approximately 74.6%, 71.2%, and 63.1%, respec-
tively. In addition, further application and verification are carried out in the construction of another new railway tunnel. The 
rockburst warning accuracy for the first subsequent blasting cycles is approximately 80.0%. The application results show that 
the MSIPM and RBTWM provide warnings regarding the immediate rockburst time in blasting cycle units. The combination 
of MS monitoring and artificial intelligence represents a new idea for rockburst time warning.
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Introduction

Rockburst is a dynamic phenomenon involving the violent 
failure and ejection of surrounding rock caused by the sud-
den release of the elastic potential energy of deformation 
accumulated in underground engineering rock masses during 

excavation or due to other disturbances (Feng et al. 2022; 
Gong et al. 2019a). Rockbursts may cause human casual-
ties, economic losses, and delays in construction periods. As  
human engineering activities reach increasingly deeper loca-
tions underground, the geological environments of under-
ground engineering are becoming increasingly complex, 
the ground stress level is increasing, and the problem of 
rockburst disasters induced by excavation is becoming much 
more prominent. Rockbursts have occurred in underground 
mines, underground hydropower stations, underground 
military facilities, and underground transportation tunnels  
in many countries (Ortlepp   2005; Stacey 2013; Meng 
et al. 2017; Zhou et al. 2018; Hu et al. 2019, 2020). Obvi-
ously, rockburst has become one of the bottleneck problems 
restricting the safe construction of deep rock masses. Tun-
nels are ubiquitous in underground engineering, and during 
the construction of deep tunnels in hard rock, the drilling 
and blasting (D&B) method is a widely applied method, 
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while immediate rockburst is a relatively frequent rockburst 
type in these tunnels (Feng et al. 2019a). Therefore, research 
on warning methods for immediate rockburst is of great sig-
nificance to reduce the risk of engineering accidents caused 
by rockburst.

In recent decades, experts and scholars have proposed 
numerous methods for rockburst evaluation and warning. 
These methods can be mainly divided into geological analy-
sis methods (Li et al. 2017), empirical methods (Hoek and 
Brown 1980; Singh 1987; Wang and Park 2001; Mitri 2007; 
Chen et al. 2009; Zhao et al. 2017; Liu et al. 2023), numerical 
simulation analysis methods (Zubelewicz and Mroz 1983; 
Müller 1991; Jiang et al. 2010; Zhu et al. 2010; Hatzor et al. 
2017), laboratory rock mechanics experiment methods (Jiang 
et al. 2021; Zhang et al. 2019; Gong et al. 2019b), physical 
modeling experiment methods (Vacek and Chocholoušová 
2008; Lu et al. 2018), neural network methods (Zhou and Gu 
2004; Shi et al. 2010; Faradonbeh and Taheri 2019), and on-
site monitoring methods (Mendecki 1993; Fajklewicz 2006; 
Zhao et al. 2014; Feng et al. 2015a; Xiao et al. 2016; Li 
et al. 2016; He et al. 2019; Liu et al. 2021; Guo et al. 2022). 
Among the on-site monitoring methods, the microseismic 
(MS) monitoring method has been widely applied in the con-
struction phase of a project due to its relatively high accuracy. 
Moreover, at present, the rockburst warning method based on 
MS monitoring is relatively accurate in predicting the posi-
tion and intensity of potential rockbursts, while the time of a 
potential rockburst can only be approximated and the warn-
ing result can only be given in terms of a long period due to 
the complex rockburst mechanism and its many influencing 
factors. This makes it difficult to accurately determine the 
timing of rockburst prevention and control measures, making 
the prevention and control effects unsatisfactory. Therefore, 
further rockburst time warning research is urgently needed. 
Rockburst time warnings can be divided into narrow- and 
broad-sense warnings. The narrow sense of a rockburst time 
warning refers to the prediction of the moment of a potential 
rockburst. The broad sense of a rockburst time warning refers 
to the prediction of the time period during which a rockburst 
may occur. This time period can be a day, a construction 
cycle or a construction step, etc. At present, it is not realistic 
to address the narrow sense of rockburst time warning due to 
the limited technical means and limited understanding of the 
rockburst mechanism. Therefore, this paper mainly examines 
the method of broad-sense rockburst time warning.

Previous research results have demonstrated that blasting 
exerts a great impact on immediate rockburst in terms of both 
the rockburst occurrence area and rockburst occurrence time 
in tunnels excavated by the D&B method. The specific mani-
festations are as follows: immediate rockburst mostly occurs 
near the working face and within a few hours after the most 
recent blasting. The microseismicity observed in the develop-
ment process of immediate rockburst is also closely related 

to the blasting of the working face (Hu et al. 2020; Liu et al. 
2013). Regardless of the MS event number, energy, or appar-
ent volume, microseismicity largely remains active within a 
few hours after blasting and is mainly distributed near the 
working face (Hu et al. 2019, 2020; Feng et al. 2015a). This 
indicates that blasting, microseismicity and rockburst are 
closely related in time, space, and intensity. Therefore, it is 
feasible to split MS information according to the blasting 
cycle (the time period between two adjacent blasts on the 
working face) and to use blasting to couple MS information 
with rockbursts to develop a warning method for the immedi-
ate rockburst time, taking the blasting cycle as the unit.

The MS information in the development process of a 
rockburst constitutes a time series, and the key to immedi-
ate rockburst time warning is to determine the deep features 
of the MS information time series. The rapid development 
of artificial intelligence has yielded strong learning and 
prediction capabilities in many fields (LeCun et al. 2015; 
Granter et al. 2017). Therefore, artificial intelligence has 
been introduced in rockburst MS monitoring and prediction. 
Huang et al. (2018) used convolutional neural networks and 
deep learning techniques to develop a method for identify-
ing the time delay of arrival and subsequently the source 
location of MS events in underground mines. Zhang et al. 
(2021) designed a U-Net neural network to automatically 
detect the P- and S-wave arrival times of MS waveforms in 
tunnels to realize automatic MS monitoring. Pu et al. (2019) 
employed a support vector classifier to predict rockburst in 
kimberlite pipes at a diamond mine. Luis et al. (2017) used 
different data mining techniques ranging from artificial neu-
ral networks to naive Bayesian classifiers to build models 
to predict rockbursts. Therefore, this paper adopts artificial 
intelligence to establish an MS information prediction model 
(MSIPM) and rockburst time warning model (RBTWM) to 
realize a warning method for immediate rockburst time, tak-
ing the blasting cycle as the unit.

Engineering background

Project description

The tunnel studied in this paper is located in southwest 
China. The length of the tunnel is approximately 13 km, the 
maximum burial depth is approximately 2 km, the section 
shape is a city gate type, and the section size is 7.2 m × 6.2 
m (width × height), as shown in Fig. 1 (Hu et al. 2020). 
The tunnel was mainly excavated in whole sections using 
the D&B method, with an average excavation step length 
of 3.2 m. The main support mode used in the tunnel is a 
thin layer of shotcrete. In addition, in sections where the 
geological condition is very poor or rockburst has occurred, 
steel arches, rockbolts, or steel mesh are added, as required.
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(a)Avertical cross section along the tunnels detailing their geology

(b)Aplane view of the tunnel highlighting the distribution of the MS monitoring sections (up to July 31, 2017)

(c)Avertical cross section perpendicular to the axis of the tunnel

(d)Aphotograph of typical geological conditions near the working face of the tunnel
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Fig. 1   Layout and geological conditions of the railway tunnel located in Southwest China (Hu et al. 2020)
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Geological conditions

The rock layer through which the tunnel passes is largely 
composed of granite from the Tertiary Eocene (E2R). In situ 
stress test results indicate that the maximum, intermediate, 
and minimum principal stresses in the tunnel engineering 
area are approximately 50, 37, and 36 MPa, respectively, and 
the maximum principal stress is the near-horizontal stress 
dipping slightly to the NNE direction (Hu et al. 2020).

Rockburst MS monitoring in the tunnel

The tunnel has been plagued by rockbursts since its exca-
vation. To reduce the loss caused by rockbursts, our team 
established a high-performance MS monitoring system in 
the tunnel to monitor and warn of potential rockburst dis-
asters during the tunnel construction. Detailed information 
has been provided in related papers (Hu et al. 2020; Feng 
et al. 2019a).

Basic process and framework of the warning 
method

It is necessary to classify rockbursts according to a uni-
fied standard when a database of rockburst cases has been 
established and a rockburst warning is actually issued. Feng 
et al. (2019b) classified rockbursts into slight, moderate, 
intense, and extremely intense rockbursts according to the 
harmfulness, failure depth, failure length along the tunnel 
axis, average initial ejection velocity of the rockburst block, 
characteristics of the rockburst block, and sound. The above 
four rockburst intensities are mainly considered in this paper.

The basic idea of the warning method for the immediate 
rockburst time in a tunnel excavated by the D&B method is 
as follows: selecting the time series of MS information of 
historical blasting cycles in the warning area as samples, 
then mining the deep characteristics of MS information evo-
lution with the blasting cycle by the deep learning method, 
and ultimately establishing the MSIPM based on the long 
short-term memory network (LSTM). In addition, choos-
ing the actual rockburst situation of each blasting cycle and 
the time series composed of the MS information of each 
blasting cycle as samples, the nonlinear relationship between 
rockburst and MS information time series is mined by the 
deep learning method, and the RBTWM based on LSTM 
is created. In actual rockburst warnings, the MSIPM is 
used to predict the MS information of subsequent blasting 
cycles. The MS information of historical blasting cycles is 
then fused with the predicted MS information of the subse-
quent blasting cycle. The time series formed by the fused 
MS information is thereafter substituted into the RBTWM, 
and the intensity of a potential rockburst in the subsequent 

blasting cycle is output after calculation. This achieves the 
warning of the immediate rockburst time taking the blasting 
cycle as the unit. The basic flow of the warning method is 
shown in Fig. 2.

Pretreatment of the MS monitoring data

Warning unit

The rockburst warning unit is determined by the spatial 
scope and time span, as shown in Fig. 3. Feng et al. (2015a) 
and Martin (1997) studied the spatial scope of warning units 
by considering many factors. According to their research 
results, the combined effect of the factors can be uniformly 
characterized by the equivalent diameter of the tunnel. In 
particular, the spatial scope of the warning unit along the 
tunnel axis ranges from approximately 3.5 times the equiva-
lent diameter behind the working face to 1.5 times the equiv-
alent diameter in front of the working face, and the spatial 
scope along the radial direction of the tunnel is approxi-
mately 10 times the equivalent diameter of the tunnel. The 
spatial scope of the warning unit is calculated by Eq. (1):

where x is the distribution range of the warning unit along 
the axis of the tunnel, “+” indicates the front of the work-
ing face, “−” indicates the rear of the working face, y is 
the distribution range of the warning units in the horizontal 
plane perpendicular to the tunnel axis direction, “+” indi-
cates the positive direction of the y-axis, “−” indicates the 
negative direction of the y-axis, z is the distribution range of 
the warning units in the vertical direction, “+” indicates the 
vertical upward direction, “−” indicates the vertical down-
ward direction, and De is the average equivalent diameter of 
the monitoring section of the tunnel.

In general, the time span of the warning unit should 
include the entire development process of rockburst; the time 
span should range from the moment when the first MS event 
occurs in the spatial scope of the warning unit to the moment 
before rockburst occurs. However, because the research goal 
of this paper is to provide a warning of the immediate rock-
burst time, taking the blasting cycle as the unit, a rockburst 
will have not yet occurred when a warning is issued, and 
the exact moment immediately before rockburst cannot be 
determined. Therefore, the time span of the warning units 
considered in this paper ranges from the moment of the first 
blasting to the moment of the most recent blasting in the 
spatial scope of the warning unit.

(1)

⎧⎪⎨⎪⎩

x ∈
�
−3.5De,+1.5De

�
y ∈

�
−5De,+5De

�
z ∈
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During tunnel excavation, the working face advances. On 
the basis of maintaining the same size, the spatial scope of 
the warning unit needs to advance along the tunnel axis. The 
time span of the warning unit also needs to be adjusted with 
the implementation of blasting at the working face.

Treatment of the blasting cycle

Because the research goal of this paper is to realize the 
immediate rockburst time warning taking the blasting cycle 
as a unit, it is necessary to discretize the MS data obtained 
by the MS monitoring system in blasting cycle units when 
establishing MS information time series samples. When dis-
cretizing the MS data by the blasting cycle, the following 
two problems should be considered: the unification of the 
blasting cycle length and the replacement of missing MS 
information.

Unification of the blasting cycle length

In a tunnel project, the duration of each blasting cycle does 
not remain completely constant. When establishing MS 
information time series samples, if the relevant MS infor-
mation is directly calculated according to the actual duration 
of each blasting cycle, the prediction effect of the model 
trained by these samples could be adversely affected, so it 
is necessary to unify the duration of each blasting cycle to 
a fixed length.

In a blasting cycle, the microseismicity gradually 
increases after blasting, reaches its peak after several hours, 
and then gradually decreases. Therefore, the unified blast-
ing cycle length should still include the whole process of 
microseismicity increase and the main process of micro-
seismicity decline to ensure that the main microseismicity 
features produced during each blasting cycle participate in 
prediction model training and are characterized in the sub-
sequent prediction steps.

Although the blasting cycle duration does not necessarily 
remain constant throughout the entire tunnel project, gener-
ally, it exhibits little difference and the degree of dispersion 
is low (as shown in Fig. 4). Therefore, the length of the blast-
ing cycle can be set to the average blasting cycle duration 
length. For blasting cycles whose actual duration exceeds 
the average value, only the MS information within the initial 
period equal to the average duration length is considered 
and calculated. For blasting cycles with an actual duration 
shorter than the average value, all MS information of the 
cycle is included in the subsequent statistics and calcula-
tions, and the MS information in the remaining period at the 
end of the blasting cycle is set to 0.

(a) Establishment of the MS information prediction model

(b) Establishment of the rockburst time warning model
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(a) Events are not screened by the warning unit (b) Events are only screened by the spatial scope of the warning 

unit

(c) Events are screened by the spatial scope and time span of the warning unit (d) Top view of (c)
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Fig. 4   Duration distribution 
characteristics of each blasting 
cycle in a tunnel
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Replacement of missing MS information

Although the MS monitoring system continuously collects 
MS information over 24 h during tunnel excavation, due to 
the complex construction site conditions and harsh environ-
ments, some blasting cycles inevitably occur during which 
all or part of the MS monitoring data are lost. For such blast-
ing cycles, the conventional treatment method is to discard 
them. However, the abandonment of a blasting cycle often 
results in a discontinuous MS information time series of 
the adjacent blasting cycles. Therefore, to retain as many 
samples as possible and fully utilize the acquired MS data, 
it is necessary to replace any missing data. In this paper, the 
MSIPM and RBTWM are established to realize the warn-
ing of rockburst time taking the blasting cycle as a unit. 
The MSIPM takes the MS information time series of the 
historical blasting cycle before the current blasting as input 
and outputs the MS information of the subsequent blasting 
cycle. Therefore, the MSIPM can be adopted to fill in any 
missing data, and the basic steps are as follows:

1.	 Selecting the MS information time series of blasting 
cycles with complete data as samples, a generation i 
MSIPM is trained, and the input vector of this model 
consists of the MS information time series of n consecu-
tive blasting cycles.

2.	 For blasting cycles with missing data, it is assessed 
whether a cycle occurs with missing data among the 
n cycles before the given cycle, and if so, the cycle is 
temporarily discarded. Otherwise, the process proceeds 
to step (3).

3.	 A time series composed of the MS information of n 
cycles before the cycle with missing data is input into 
the generation i MSIPM, the predicted MS information 
of the given cycle is output after calculation, and the 
predicted MS information is used to replace the MS 
information of the given cycle.

4.	 For blasting cycles with complete data and blasting 
cycles with replacement MS information obtained in 
step (3) as samples, a generation i + 1 MSIPM is trained, 
and the input vector of the model is composed of the MS 
information time series of n consecutive blasting cycles.

5.	 In regard to blasting cycles with missing data and no 
replacement information, it is assessed whether a cycle 
with missing data and no replacement information 
occurs among the n cycles before the given cycle, and if 
so, the cycle is temporarily abandoned. Otherwise, the 
generation i MSIPM is replaced with the generation i + 
1 MSIPM to perform step (3).

6.	 Steps (4) and (5) are repeated until replacement values 
are obtained for all effective blasting cycles with missing 
data. It should be noted that to control the error intro-

duced by the value replacement process, the above data 
replacement method is applied only when the number 
of continuous cycles with missing data does not exceed 
three, and the case with more than three cycles should 
be discarded.

Treatment of sample category imbalance

Rockburst warning is a multiclass classification problem, 
and the warning results include 5 intensities of potential 
rockburst. Generally, the higher the rockburst intensity is, 
the smaller its proportion is in all rockburst cases of the 
same project. This causes the sample category imbalance 
phenomenon in the rockburst warning method based on 
deep learning. When the sample category is unbalanced, 
the algorithm tends to classify high-intensity rockburst as 
low-intensity rockburst or even no rockburst. However, once 
rockburst occurs, this may cause numerous casualties and 
high economic losses, and the higher the rockburst intensity 
is, the more serious the consequences. Therefore, only by 
solving the rockburst sample category imbalance problem 
can we truly improve the rockburst warning accuracy and 
achieve suitable prevention and control effects.

The most common methods to address the rockburst 
sample category imbalance problem are undersampling 
and oversampling. However, in the early stage of tunnel 
excavation, the number of rockburst cases is slightly insuf-
ficient for deep learning purposes; each case is valuable, 
and there are often only a dozen high-intensity rockbursts. 
If the undersampling method is adopted to achieve sample 
balance, many rockburst cases may be lost, thus resulting 
in the loss of useful information, which adversely impacts 
the model prediction effect. If the oversampling method 
(simply copying the minority of samples) is applied to 
achieve sample balance, this could lead to overfitting of 
the copied samples, which still leads to a poor model pre-
diction effect.

In summary, for rockburst warnings, to balance the 
number of rockburst samples of different intensities, a data 
enhancement method similar to joint under- and oversam-
pling is adopted. In particular, some no rockburst samples 
(the majority of the samples) are discarded according to 
certain rules, and virtual moderate or high-intensity rock-
burst samples (the minority of the samples) are synthesized 
according to certain rules. Moreover, to improve the reliabil-
ity of the virtual samples and reduce the negative effects of 
overfitting, the synthetic minority oversampling technique 
(SMOTE) (Chawla et al. 2002) is applied instead of simply 
copying or simulating the existing moderate or high-inten-
sity rockburst samples. The process of realizing the equaliza-
tion of rockburst samples of different intensities is shown in 
Fig. 5, and the specific steps are as follows:
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1.	 Through statistical analysis of the distribution character-
istics of rockburst samples of different intensities in the 
original rockburst sample library, the number of rock-
burst samples for each intensity is obtained, which is 
recorded as NN, NS, NM, NI, and NEI.

2.	 Some no rockburst samples are regularly discarded. 
First, the no-rockburst samples containing the following 
two kinds of blasting cycles are discarded: (a) blasting 
cycles whose actual duration exceeds 2 times the average 
blasting cycle duration or more; (b) blasting cycles with 
missing MS monitoring data. Second, some samples 
are randomly removed from the remaining no rockburst 
samples so that the number of new no rockburst samples 
(recorded as N′

N
 ) approaches that of the slight rockburst 

samples (recorded as NS).
3.	 The SMOTE method is applied to moderate and high-

intensity rockburst samples. Choosing the moderate 

rockburst intensity as an example, the core idea of the 
algorithm is described as follows: (a) for each sample 
(recorded as xi

M
 ) in the original moderate rockburst sam-

ple set (recorded as SM ), the cluster analysis method is 
employed to calculate the distance between xi

M
 and all 

other samples in SM , and the kM samples closest to xi
M

 
are identified (recorded as xijkM

M
 ), where kM is equal to the  

sampling rate, namely, kM = ⟨NS∕NM⟩ , and ⟨x⟩ indicates 
that x is rounded; (b) for each xi

M
 and xijkM

M
 , virtual mod-

erate rockburst samples are synthesized according to the 
following equation:

where xij
M−new

 is a virtual moderate rockburst sample 
based on xi

M
 and xijkM

M
 , and rand(0, 1) is a random num-

ber between 0 and 1.

(2)x
ij

M−new
= xi

M
+ rand(0, 1) ∙

(
xi
M
− x

ijkM
M

)

Fig. 5   Flowchart for the realiza-
tion of the equalization of the 
rockburst samples of different 
intensities

Statistical analysis

No rockburst 

sample set: 

Count: 

Slight rockburst 

sample set: 

Count: 

Moderate rockburst 

sample set: 

Count: 

Intense rockburst 

sample set: 

Count: 

Extremely intense 

rockburst sample 

set: 

Count: 

Original rockburst 

sample library S

Remove samples containing 

blasting cycles whose actual time 

consumption exceeds 2 times the 
average time consumption or more 

or contain incomplete MS data

Is the number of remaining
samples close to ?

Yes

No

Randomly remove 
some samples from the 

remaining samples

New no rockburst 

sample set: ′

Count: ′

Use the cluster 

analysis method to find 

the nearest 

neighbours of in 

� = , ,
� is a sample of 

sample set 

� = 〈 / 〉

Use equation (2) to 

synthesize virtual 

rockburst samples of 

intensity L based on 

and

Is the number of remaining
samples close to ?

No

Yes

� is a sample 

of the nearest 

neighbours of 

in 

Is the number of 

samples close to ?

New intensity L
rockburst sample 

set: ′

Count: ′

Yes

No

121   Page 8 of 24 Bulletin of Engineering Geology and the Environment (2023) 82:121



1 3

Establishment of the immediate rockburst 
time warning model

MSIPM

Sample library of the MS information time series

The establishment of a sample library of MS information 
time series constitutes the basis for MSIPM development. 
Only a reliable sample library can train an effective predic-
tion model. The main steps to build a sample library are as 
follows:

1.	 Extraction of rock mass rupture events and blasting 
events. The MS data recorded by the MS system contain 
not only rock mass rupture signals but also various noise 
signals. Therefore, we need to filter, identify, locate, 
and analyze these MS data to obtain rock mass rupture 
events and blasting events and their MS parameters.

2.	 Selection of the MS parameters. Each MS event contains 
multiple MS parameters, such as the MS event number, 
energy, energy index, apparent volume, apparent stress, 
seismic moment, and stress drop. These MS parameters 
contain rich rock mass rupture information (Xiao et al. 
2016). However, correlations occur among several MS 
parameters, so it is not necessary to use all MS param-
eters. Moreover, if all MS parameters are adopted as 
input data for the subsequent rockburst time warning 
model, redundancy and noise may occur between the 
parameters, which decreases the sample separability and 
prediction accuracy. Therefore, it is necessary to reduce 
the dimensionality of the MS information and select 
the most appropriate MS parameters as the target pre-
diction parameters. After years of research, Feng et al. 
(2015a, b) found that the most basic MS parameters that 
are reliably independent and reveal the characteristics 
of microseismicity during the development process of 
rockburst mainly include the MS event number, energy, 
and apparent volume. Therefore, this paper selects these 
three parameters to establish the MSIPM and considers 
them for the subsequent rockburst warning method.

3.	 MS information time series samples. The MS informa-
tion time series samples are arranged in chronological 
order by the MS information of the historical blasting 

cycle before the current blasting. The cumulative value 
of each MS parameter in a given blasting cycle consti-
tutes a component of a sampling point. Each sampling 
point contains three components, namely, the MS event 
number, energy and apparent volume, which are repre-
sented by l = 1, 2, and 3, respectively. One MS informa-
tion time series sample for the MSIPM is summarized in 
Table 1. With the excavation of the tunnel, the working 
face advances, and the warning unit also moves forward. 
Therefore, new MS information time series samples are 
added every time a new blasting cycle is implemented.

The network structure of the MSIPM

The MSIPM based on LSTM is mainly composed of an input 
layer, hidden layer, and output layer. A dropout layer is also 
introduced to prevent the model from overfitting during 
training. The structure is shown in Fig. 6a. The input vector 
includes the MS information time series samples before the 
current blasting cycle, and the output vector includes the 
MS information of the next blasting cycle. The relational 
expression is:

where mt+i
l

 is the predicted value of MS information l of the 
i-th blasting cycle after the current blasting cycle for i = 1, 
2, 3, mn

l
 is the value of MS information l of the n-th blasting 

cycle before the current blasting cycle, and Ф is the nonlin-
ear relationship between the MS information of the subse-
quent blasting cycle and the MS information time series of 
the historical blasting cycle before the current blasting.

Training and testing of the MSIPM

Only through training and testing can the MSIPM learn the 
deep features of MS information evolution with the blast-
ing cycle and predict the future development trend of the 
MS information according to the historical input data. After 
the MS information time series sample database is estab-
lished, the first 70% of the samples in the sample database 
are selected as training samples, and the remaining 30% of 
the samples are adopted as test samples to train and test the 

(3)mt+i
l

= Φ
(
mn

l
,mn−1

l
,⋯ ,m3

l
,m2

l
,m1

l

)

Table 1   One MS information time series sample for the MS information prediction model

Number of the blasting cycle

MS parameters 322 323 324 325 326 327 328 329

MS event number 7 17 14 8 16 17 27 6

MS energy/103J 1.072 2.0751 5.5089 3.9322 12.435 12.559 10.419 13.238

MS apparent volume/103m3 2.2247 13.935 8.5095 4.1328 3.6291 2.9405 11.566 1.3399
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model. As the predicted value is the MS information of the 
subsequent blasting cycle, which is a concrete numerical 
value, the root mean square error (RMSE) is applied as the 
loss function, and its expression is as follows:

where yi is the original value of the i-th data in a batch of 
data, y′

i
 is the predicted value of yi given by the LSTM, and 

n is the number of batches of data.
The coefficient of determination ( R2 ) is adopted to meas-

ure the prediction accuracy of the model. The calculation 
equation for the coefficient of determination is as follows:

where y is the average value of the original data, and the 
closer R2 is to 1, the higher the prediction accuracy of the 
model.

The MSIPM based on the LSTM is obtained after train-
ing. The samples in the test set are input into the MSIPM, 
and the predicted value of the target vector is obtained 
through calculation. The RMSE of the test set is then calcu-
lated based on the predicted and original values. The perfor-
mance of the MSIPM is measured through the RMSE. The 
model is optimized by adjusting the network parameters of 

(4)RMSE =

√√√√1

n

n∑
i=1

(
yi − y�

i

)2

(5)R2 = 1 −

n∑
i=1

�
yi − y�

i

�2

n∑
i=1

�
yi − y

�2

the LSTM when the MSIPM performance does not satisfy 
the requirements. The adjustable parameters mainly include 
the number of hidden layers (n_hidden_layer), node number 
of hidden layers (n_hidden_node), time step size (step_size), 
number of data points processed in a batch (batch_size), 
probability of the dropout layer, and maximum number of 
times to traverse all samples in the training set (epoch).

RBTWM

The core idea of the RBTWM is that by taking the actual 
rockburst situations and MS information of each blasting 
cycle as samples, the deep learning method is applied to 
mine and characterize the deep features between them to 
realize the warning method of the immediate rockburst time 
in blasting cycle units. The establishment process of the 
RBTWM is similar to that of the MSIPM, mainly including 
the establishment of a rockburst database, the establishment 
of a corresponding MS information time series database, the 
treatment of sample category imbalance, the selection of 
MS parameters, and the training, testing, optimization, and 
dynamic updating of the model.

The rockburst database is largely established accord-
ing to the actual rockburst situations of each blasting cycle 
on site. It is necessary to record information such as the 
location, time, type, and intensity of the rockburst, and the 
excavation and support conditions. The input vector of the 
RBTWM includes the MS information time series obtained 
by fusing MS information from historical and subsequent 
blasting cycles. The output vector of the RBTWM includes 

(a) MS information prediction model (b) Rockburst time warning model

Fig. 6   Basic structure of the MS information prediction model and rockburst time warning model based on LSTM
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the potential rockburst intensity and during which blasting 
cycle it may occur. The components of each sampling point 
of the input vector include the cumulative MS event number, 
cumulative MS energy, cumulative MS apparent volume, 
MS event rate, MS energy rate, and MS apparent volume 
rate of the historical blasting cycle before the current blast-
ing cycle and the MS event number, MS energy, and MS 
apparent volume of the subsequent blasting cycles, which 
are expressed as j = 1, 2, 3, …, where j = 1 to 6 indicate the 
first six parameters, while j = 7 to 9 indicate the MS event 
number, MS energy, and MS apparent volume of the first 
subsequent blasting cycle. Moreover, j = 10 to 12 indicates 
the 3 parameters of the second subsequent blasting cycle, 
and j = 13 to 15 indicate the 3 parameters of the third subse-
quent blasting cycle. When the maximum value of j is 9, 12, 
or 15, the RBTWM can output the potential rockburst inten-
sity of the first, second, and third subsequent blasting cycles, 
respectively. One MS information time series sample for the 
RBTWM is listed in Table 2. With the excavation of the tun-
nel, the working face continuously moves forward, and the 
warning unit also moves forward. Therefore, a new sample 
is added every time a new blasting cycle is implemented.

The network structure of the RBTWM based on LSTM 
is similar to that of the MSIPM, and it is also primarily 
composed of an input layer, hidden layer, output layer, and 
dropout layer. Its structure is shown in Fig. 6b. The relation-
ship between the input and output vectors is as follows:

where Pd indicates the probability that a rockburst of inten-
sity d may occur in the subsequent blasting cycle, d is the 
rockburst intensity, including no, slight, moderate, intense, 
and extremely intense rockburst, f is the nonlinear relation-
ship between the rockburst intensity and MS information, 
and Mn

j
 is the value of MS information j in the warning unit 

of the n-th blasting cycle before the current blasting cycle. 
With respect to the MS information for which the true value 
has not been obtained when a warning is issued, the pre-
dicted value calculated by the MSIPM is considered instead, 
for example,

The meaning of mt+i
l

 is the same as in Eq. (3).
Equations (6) and (7) indicate that the RBTWM com-

prehensively considers the cumulative value of the MS 
parameters of the historical blasting cycle before the cur-
rent blasting cycle, the average daily change rate, and the 
value of the MS parameters of the subsequent blasting 
cycles. The multiparameter warning may avoid the one-
sidedness and limitation of the single-factor warning. 

(6)Pd = f
(
Mn

j
,Mn−1

j
,⋯ ,M3

j
,M2

j
,M1

j

)

(7)
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Table 2   One MS information time series sample for the rockburst time warning model

Number of the blasting cycle
MS parameters

322 323 324 325 326 327 328 329

Cumulative MS event number 87 76 79 79 78 86 104 103

Cumulative MS energy/103J 13.9610 12.4980 16.4960 18.4420 28.2780 39.4540 47.9830 60.0030
Cumulative MS apparent volume/103m3 72.4850 56.6000 56.1340 54.1860 43.0980 33.8930 42.7950 42.9070

MS event rate/(Pieces/d) 19.3151 16.2704 18.3948 16.7856 15.2278 18.6186 21.7759 19.7449

MS energy rate/(103J/d) 3.0995 2.6756 3.8410 3.9185 5.5207 8.5416 10.0468 11.5025

MS apparent volume rate/(103 m3/d) 16.0926 12.1172 13.0706 11.5132 8.4139 7.3377 8.9606 8.2252
MS event number in the first subsequent 

blasting cycle
17 14 8 16 17 27 6 12

MS energy in the first subsequent blasting 

cycle/103J
2.0751 5.5089 3.9322 12.4350 12.5590 10.4190 13.2380 38.7945

MS apparent volume in the first 

subsequent blasting cycle/103m3 13.9350 8.5095 4.1328 3.6291 2.9405 11.5660 1.3399 7.226

MS event number in the second 

subsequent blasting cycle
14 8 16 17 27 6 12 3

MS energy in the second subsequent 

blasting cycle/103J
5.5089 3.9322 12.4350 12.5590 10.4190 13.2380 38.7945 1.2258

MS apparent volume in the second 

subsequent blasting cycle/103 m3 8.5095 4.1328 3.6291 2.9405 11.5660 1.3399 7.226 7.1619

MS event number in the third subsequent 

blasting cycle
8 16 17 27 6 12 3 2

MS energy in the third subsequent blasting 

cycle/103J
3.9322 12.4350 12.5590 10.4190 13.2380 38.7945 1.2258 2.0161

MS apparent volume in the third 

subsequent blasting cycle/103 m3 4.1328 3.6291 2.9405 11.5660 1.3399 7.226 7.1619 5.8811
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Considering the MS information of the subsequent blast-
ing cycles improves the accuracy of the rockburst time 
warning method when taking the blasting cycle as a unit. 
It should be noted that the relationship between the various 
MS parameters and potential rockburst intensity is differ-
ent. In the traditional multiparameter regression analysis 
method, it is often necessary to apply the search method to 
assign different weights to the various parameters. How-
ever, because this method uses a deep learning algorithm, 
the weights of each parameter no longer need to be artifi-
cially determined but are synchronously obtained during 
the model training process. The training, testing, optimi-
zation, and dynamic update processes of the RBTWM are 
similar to those of the MSIPM, and they are not described 
again here.

Implementation of the warning method 
of the immediate rockburst time

With the establishment of the MSIPM and RBTWM, the 
intensity of potential rockburst in the subsequent blasting 
cycles during tunnel excavation can be forecasted. In tunnel 
engineering, immediate rockburst mainly occurs near the 
working face, i.e., the area enclosed by the warning unit. In 
the process of warning implementation, the warning unit 
should maintain the spatial scope unchanged and advance as 
a whole following the working face. Before the next blasting 
cycle starts, first, the spatial coordinates of the warning unit 
are determined according to the chainage of the working 
face. Second, the MS information time series of the histori-
cal blasting cycle before the current blasting in the spatial 
scope of the warning unit is input into the MSIPM, and the 
MS information prediction value of the subsequent blasting 
cycle is calculated. The original and predicted MS informa-
tion values are then fused to form an MS information time 
series, which is then entered into the RBTWM to calculate 
the intensity of potential rockburst in the subsequent blasting 
cycle. Therefore, the warning of the immediate rockburst 
time taking the blasting cycle as the unit is realized.

With an increasing number of blasting cycles, the chain-
age of the working face, spatial coordinates of the warning 
unit, and MS information of the warning unit constantly 
change. Therefore, it is necessary to input the updated 
MS information into the MSIPM and RBTWM over time 
to update the warning area and warning results in a timely 
manner. The corresponding rockburst prevention and control 
measures should also be adjusted in time.

With the excavation of the tunnel, MS information time 
series samples and rockburst cases become increasingly 
abundant. According to the comparison and analysis of the 
MS information prediction results and rockburst warning 
results with respect to the actual on-site situations, the MS 
information time series samples and rockburst databases can 

be regularly supplemented and updated, and the MSIPM and 
RBTWM can then be retrained and updated to improve the 
rockburst warning effect.

The abovementioned warning method of the immediate 
rockburst time fully utilizes the excellent performance of 
LSTM in resolving time series problems. The MS informa-
tion contained in the input vector of the rockburst warning 
model is not solely acquired by simple cumulative summa-
tion; some of the MS information is determined by learn-
ing the evolution characteristics of the MS information time 
series of the historical blasting cycle. Moreover, the input 
vector not only contains the MS information of a certain 
blasting cycle but also contains the MS information of sev-
eral historical blasting cycles arranged in a time sequence. 
In addition, the MS information screened by the warning 
unit represents the spatial evolution of MS information in 
the process of tunnel excavation because the warning unit 
advances with the working face. Therefore, the MS informa-
tion contained in the input vector of the rockburst warning 
model comprehensively reflects the temporal and spatial 
evolution characteristics of MS information in the rockburst 
development process, which is of great significance for the 
improvement of the rockburst time warning effect. Next, the 
above is further analyzed and verified from the perspective 
of engineering applications.

Engineering application

Establishment of the MSIPM and RBTWM 
for the railway tunnel

In the early stage of monitoring of the tunnel, an important 
task is to accumulate construction information, MS monitor-
ing information, and rockburst cases. With the excavation of 
the tunnel, the database was updated and supplemented over 
time. After a certain period of in situ monitoring, the MS 
information of 245 blasting cycles and the corresponding 
rockburst cases was collected.

Based on the shape and size of the tunnel cross-section, 
the equivalent diameter of the tunnel is calculated as 6.6 m. 
According to the analysis and Eq. (1), it is determined that 
the spatial scope of the warning unit along the tunnel axis 
ranges from approximately 25 m behind the working face to 
10 m in front of the working face, and along the radial direc-
tion of the tunnel, the spatial scope extends approximately 
35 m from the tunnel center axis, as shown in Fig. 7.

The MS information of each blasting cycle is extracted 
after the spatial scope of the warning unit is determined, 
and the duration of each blasting cycle is then standardized 
to a uniform length. Any missing data from blasting cycles 
are replaced by using the blasting cycle processing method 
described in “Treatment of the blasting cycle.” According 
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to statistical analysis, the length of the blasting cycle after 
standardization was 12 h, and 225 blasting cycles meeting 
the above requirements were obtained after filling. There 
were 20 cycles that did not meet the requirements, mainly 
because there were more than 3 consecutive cycles in which 
MS data were not collected, the collected MS data were 
incomplete, or the duration of these cycles was more than 36 
h. Moreover, the actual rockburst situations corresponding 
to the 225 blasting cycles were determined, and the initial 
rockburst database was then established.

To train and test the MSIPM and RBTWM, the first 70% 
of the cases in the MS information database and rockburst 
database were selected as training samples, and the remain-
ing 30% of the cases were applied as test samples. Figure 8 
shows the distribution characteristics of the rockburst cases 

of different intensities in the training samples. The train-
ing samples only include no rockburst, slight rockburst, and 
moderate rockburst samples, and the moderate rockburst 
samples constitute the minority of the samples, while the 
no rockburst samples constitute the majority of the sam-
ples. There is a large difference between the numbers of 
minority- and majority-type samples. To resolve the sample 
category imbalance problem, for the training samples, the 
corresponding solution described in “Treatment of sample 
category imbalance” is applied to discard low-quality no-
rockburst samples while synthesizing virtual moderate rock-
burst samples. The processed rockburst database contains 45 
no-rockburst samples, 41 slight rockburst samples, and 42 
moderate rockburst samples.

Establishment of the MSIPM

The structure of the MSIPM is shown in Fig. 6a. The final 
network structure obtained through training and testing 
includes (1) an input layer, used to input the MS information 
time series samples before the current blasting, (2) a hidden 
layer, including 64 LSTM cells, (3) a dropout layer, with a 
probability of 0.1, and (4) an output layer, including three 
nodes corresponding to the number of MS parameters to be 
predicted (the MS event number, energy, and apparent vol-
ume of the next blasting cycle). In addition, step_size is set 
to 8: namely, the MS information of the next blasting cycle 
is predicted by the MS information of 8 historical blasting 
cycles before the current blasting cycle. The batch_size vari-
able is set to 12, and the epoch variable is set to 500.

After obtaining the MSIPM, the test samples are input 
into the MSIPM following the method described in “Train-
ing and testing of the MSIPM,” and the predicted values 
of the test sets are calculated. Then, by integrating the pre-
dicted values of the first subsequent cycle of each sample 
in the test set into the input vector, the predicted values of 
the second subsequent cycle of each sample are obtained, 
and the predicted values of the third subsequent cycle are 
determined with the same method. Therefore, the predicted 
value of each sample in the test set includes the predicted 
value of the MS information of the three subsequent blast-
ing cycles. For convenience, the blasting cycle of the first 
sample in the test set is recorded as the first blasting cycle. 
The comparative analysis results of the predicted values of 
the test set and the original data are shown in Fig. 9.

Figure 9 reveals that the variation trends of the pre-
dicted values of the MS event number, energy, and appar-
ent volume of the test set are essentially consistent with 
those of the original data. In regard to the blasting cycle 
with a sudden increase in the original MS information, 
the predicted value is smaller than the original data as a 
whole. The evolution of the error and the coefficient of 
determination of the MS information prediction value in 
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Fig. 9   Comparative analysis 
results between the predicted 
values of the MS parameters 
and the original data in the test 
set
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the subsequent blasting cycle with the interval between the 
predicted and current blasting cycles are shown in Fig. 10. 
It is evident from Fig. 10 that larger intervals between the 
predicted and current blasting cycles correlate with larger 

errors in the MS information prediction value and smaller 
coefficients of determination.

Establishment of the RBTWM

The structure of the RBTWM is shown in Fig. 6b. The 
final network structure obtained through training and 
testing includes (1) an input layer, used to input the MS 
information time series obtained by fusing MS information 
from historical and subsequent blasting cycles, (2) a hid-
den layer, including 112 LSTM cells, (3) a dropout layer, 
with a probability of 0.1, and (4) an output layer, including 
three nodes corresponding to the classification number of 
the rockburst intensities to be considered in the rockburst 
warning method (when this model was established, only 
no rockburst, slight rockburst, and moderate rockburst 
occurred in the tunnel; higher-intensity rockburst sam-
ples will be supplemented, and the model will be updated 
in the future). The softmax function is adopted to output 
the potential rockburst intensity of the subsequent blast-
ing cycles. In addition, step_size is set to 8, namely, the 
intensity of potential rockburst in the subsequent blasting 
cycles is predicted by the MS information time series of 
8 historical blasting cycles. The batch_size variable is set 
to 12, and the number of epochs is set to 500.

The MS information of the historical and subsequent 
blasting cycles corresponding to each sample in the test 
set are fused to form the input vector of the RBTWM. The 
method described in “RBTWM” is then applied to input 
the vector into the RBTWM, and the warning results of the 
test set are calculated. Every time the warning results are 
released, the intensity values of potential rockbursts of the 
three subsequent blasting cycles after the current blasting 
cycle are given. The warning results of the test set and the 
actual rockburst situations on site are shown in Fig. 11.

On the basis of Fig. 11, the warning results of the 1st, 
2nd, and 3rd subsequent blasting cycles are compared and 
analyzed to the actual rockburst situations on site, and the 
confusion matrix is obtained, as shown in Fig. 12. To further 
analyze the warning effect of the abovementioned RBTWM, 
it is necessary to statistically analyze the warning accuracy 
of each blasting cycle. In this paper, the warning accuracy 
of each blasting cycle was determined according to a rela-
tively strict calculation method: namely, when the rockburst 
intensity of a blasting cycle predicted by the RBTWM is the 
same as the actual rockburst intensity on site, the warning is 
regarded as accurate. Otherwise, it is regarded as inaccurate. 
Every time warning results are issued, a warning is given in 
regard to the three cycles after the current blasting, and the 
warning accuracies of the three subsequent cycles are cal-
culated. The calculation equation for the warning accuracy 
is as follows:
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Fig. 11   Warning results of 
the test set calculated by the 
RBTWM and actual rockburst 
intensity 2 3 4 5 6 7 8 9 10 11 12 13
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where Ai is the warning accuracy of the i-th blasting cycle 
after the current blasting for i = 1, 2, 3, Tt

i
 is the number of 

times that the warning rockburst intensity of the i-th blasting 
cycle after the current blasting is the same as the actual rock-
burst intensity on site, and Ti is the number of warnings for 
the i-th blasting cycle after the current blasting. In addition, 
the recall rate (Bi et al. 2022) is used to evaluate the warning 
performance of the model for different intensities of rock-
burst in different subsequent blasting cycles. The higher the 
recall rate, the better the warning performance of the model.

According to the confusion matrix shown in Fig. 12, 
based on the test set, the rockburst warning accuracies for 
the 1st, 2nd, and 3rd subsequent blasting cycles are approxi-
mately 74.6% (50/67), 71.2% (47/66), and 63.1% (41/65), 
respectively. Figure 13 shows the evolution of the rock-
burst warning accuracy of the subsequent blasting cycles 
with the interval between the warning and current cycles. 
Figure 13 reveals that the larger the interval between the 
warning and current blasting cycles is, the lower the rock-
burst warning accuracy becomes. Therefore, the timing of a 
potential rockburst in the subsequent blasting cycle should 
be based on the latest rockburst warning result. Figure 14 
shows the recall rate distribution characteristics of warning 

(8)Ai =
Tt
i

Ti

of different intensities of rockbursts in different subsequent 
blasting cycles. Figure 14 reveals that the model has the best 
warning performance for moderate rockburst, followed by no 
rockburst. It also reveals that the larger the interval between 
the warning and current blasting cycles is, the worse the 
warning performance.

Implementation of the rockburst time warning 
method in the railway tunnel

After the MSIPM and RBTWM are established, the immedi-
ate rockburst time warning method, taking the blasting cycle 
as the unit, is implemented during tunnel construction. The 
following selects the tunnel excavation from September 18, 
2018, to September 24, 2018, from chainage DK196+528 to 
chainage DK196+558, as an example to describe the imple-
mentation process of the warning method of the immediate 
rockburst time in detail.

Warning of the immediate rockburst time taking 
the blasting cycle as the unit

At 20:00 on September 18, 2018, the tunnel was ready for 
blasting, and the chainage of the working face before blast-
ing was DK196+528. For convenience, this blasting cycle 
is recorded as the 330th blasting cycle. The MS information 
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time series of the historical blasting cycle before the current 
blasting is provided in Table 1. The data were entered into 
the MSIPM established in “Establishment of the MSIPM,” 
and the predicted values of the MS information of the sub-
sequent three blasting cycles obtained are summarized in 
Table 3. The MS information contained in Tables 1 and 3 
was fused to obtain the MS information time series for rock-
burst warning purposes for the subsequent blasting cycle, 
as indicated in Table 2. The information was input into the 
RBTWM established in “Establishment of the RBTWM,” 
and warning results for the potential rockbursts of the three 
subsequent blasting cycles (i.e., the 330th, 331st, and 332nd 
blasting cycles) were obtained, as shown in Fig. 15. By 
repeating the above steps before the start of each blasting 
cycle, the corresponding warning results of the potential 
immediate rockburst of the subsequent blasting cycles were 
determined. As shown in Fig. 16, from September 18, 2018, 
to September 24, 2018, rockburst warnings were issued for 
10 blasting cycles in the tunnel.

Actual situation on site

Site survey photographs near the working faces of the 10 
blasting cycles are shown in Fig. 17. In these 10 blasting 
cycles, 2 slight and 2 moderate rockbursts occurred. Among 
them, the first moderate rockburst occurred at 11:30 on Sep-
tember 21, 2018 (during the 335th blasting cycle), and the 
rockburst pit was funnel-shaped with a size of 2 m × 2 m × 
0.5 m (length × width × depth), as shown in Fig. 17f. The 
second moderate rockburst occurred at 9:30 on September 
23, 2018 (during the 338th blasting cycle), and the rockburst 
pit was also funnel-shaped with a size of 2 m × 2 m × 0.5 m, 
as shown in Fig. 17i. Figure 16 also shows that the blasting 
cycles during which the two moderate rockbursts occurred 
are all successfully warned, and warnings are issued two 
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Fig. 12   Confusion matrix of the comparison of the warning results of 
the test set calculated by the RBTWM and actual rockburst intensity
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blasting cycles ahead. It is also evident from Fig. 16 that 
if only the warning results of the first subsequent cycle are 

considered, warning only successfully results for one of the 
two blasting cycles during which the two slight rockbursts 
occurred. If the warning results of the first and second subse-
quent cycles are combined, warning successfully results for 
both blasting cycles during which the two slight rockbursts 
occurred. Because the warning of potential rockbursts was 
issued before the start of the related blasting cycles and the 
on-site construction personnel implemented corresponding 
prevention and control measures, the above four rockbursts 
did not cause any casualties or equipment losses.

Fig. 14   Recall rate distribution 
characteristics of warning of 
different intensity rockbursts in 
different subsequent blasting 
cycles
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Table 3   Prediction value of 
the MS information of the 
subsequent blasting cycle after 
the 329th blasting cycle

Number of the blasting cycle

MS parameters 330 331 332

MS event number 12 3 2

MS energy/103J 38.7945 1.2258 2.0161

MS apparent volume/103m3 7.2260 7.1619 5.8811
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Warning results
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Fig. 15   Warning results of the potential immediate rockburst in the 
subsequent blasting cycle after the 330th blasting cycle

Fig. 16   Rockburst warning 
results of each blasting cycle 
from September 18, 2018, to 
September 24, 2018, and the 
actual rockburst conditions on 
site
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Fig. 17   Site survey photographs 
near the working face of each 
blasting cycle from September 
18, 2018, to September 24, 
2018

(a) 330th blasting cycle (b) 331st blasting cycle

(c) 332nd blasting cycle (d) 333rd blasting cycle

(e) 334th blasting cycle (f) 335th blasting cycle
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Verification in other engineering

In order to verify the rockburst time warning method proposed 
in this paper, further application and verification are carried out 
in the construction of another new railway tunnel. The tunnel 
is approximately 4900 m long, with a section shape of city gate 
type and a section size of 6.5 m × 6.5 m. The surrounding rock 
of the tunnel is trondhjemite, with a maximum burial depth 
of approximately 1800 m and a maximum principal stress of 
approximately 25 MPa in the horizontal direction. The tunnel 
was mainly excavated in whole sections using the D&B method. 
The average excavation step length is about 3.3 m, and the dura-
tion of a blasting cycle is approximately 12 h. To reduce the 
harm caused by rockburst, the method proposed in this paper 
has been adopted to carry out rockburst time warnings in the 
tunnel construction process since July 8, 2022. Among them, 
the rockburst warning results of 10 blasting cycles (recorded as 
the N77th to N86th blasting cycle) from August 5 to August 10, 
2022, are shown in Fig. 18. If only the warning results of the first 
subsequent cycle are considered, in these 10 blasting cycles, a 
total of 1 moderate rockburst, 6 slight rockbursts, and 3 no rock-
burst were predicted. There were actually 6 slight rockbursts on 
site, so the rockburst warning accuracy is approximately 80.0% 
(8/10). Site survey photographs of one of the slight rockbursts 
are shown in Fig. 19. This field application once again proves 
that this rockburst time warning method has good engineering 
applicability.

Discussion

According to the analysis in “MSIPM,” once the MSIPM is 
established, the predicted value of the MS information of the 
subsequent blasting cycle can be obtained by substituting 

the MS information time series of the historical blasting 
cycle into the MSIPM. Therefore, after the predicted value 
of the MS information of the first subsequent blasting cycle 
is acquired, it is integrated into the MS information time 
series of the historical blasting cycle to form a new input 
vector. After the new input vector is substituted into the 
MSIPM, the predicted value of the MS information of the 
second subsequent blasting cycle can be determined. Theo-
retically, by continuously integrating the predicted values 
of the MS information of subsequent blasting cycles into 
the MS information time series of historical blasting cycles 
to establish a new input vector, the predicted values of the 
MS information of arbitrary future blasting cycles could be 
acquired. However, every time the predicted value of the 
MS information of one blasting cycle is incorporated, an 

Fig. 18   Rockburst warning 
results of each blasting cycle 
of another new railway tunnel 
from August 5 to August 10, 
2022, and the actual rockburst 
conditions on site

N77 N78 N79 N80 N81 N82 N83 N84 N85 N86

N76

N77

N78

N79

N80

N81

N82

N83

N84

N85

Number of blasting cycle

Actual rockburst intensity

Warning results

and release time

(during the i-th

blasting cycle)

No rockburst Slight rockburst Moderate rockburst

Working face

contour

Rockburst area

No. N81

Slight rockburstN

U

Fig. 19   Site survey photographs near the working face of the N81 
blasting cycle

Page 21 of 24    121Bulletin of Engineering Geology and the Environment (2023) 82:121



1 3

error is introduced, and with increasing error accumulation, 
the prediction effect increasingly deteriorates. Figure 10 and 
the analysis in “Establishment of the MSIPM” also verify 
this point. Therefore, to control the error, it is not suitable 
to apply the MSIPM to predict the MS information of more 
than three subsequent blasting cycles.

Similar to the MSIPM, once the RBTWM is established, 
theoretically, the intensity of potential rockbursts in arbitrary 
future blasting cycles can be forecasted. However, based on 
Fig. 13 and the Establishment of the RBTWM Section, the 
larger the interval between the warning and current blasting 
cycles is, the lower the rockburst warning accuracy becomes. 
Therefore, it is not suitable to apply the RBTWM to issue 
rockburst warnings related to more than three subsequent 
blasting cycles. Furthermore, the timing of potential rock-
burst in the next blasting cycle should be based on the most 
recent rockburst warning result.

Conclusion

Rockburst time warnings could provide an important refer-
ence for the accurate determination of the implementation 
timing of rockburst prevention and control measures. In 
this paper, the immediate rockbursts in tunnels excavated 
by the D&B method is selected as the research object, and 
the MSIPM and RBTWM based on LSTM are established 
by the deep learning method. In the process of building the 
model, various methods are applied to clean and correct the 
MS information and rockburst cases. With the MSIPM and 
RBTWM, the warning of immediate rockburst time is real-
ized indirectly.

The MSIPM requires an input vector of the time series 
composed of the MS event number, energy, and apparent 
volume of historical blasting cycles and outputs the pre-
dicted values of the MS event number, energy, and apparent 
volume of subsequent blasting cycles. The predicted value is 
fused with the MS information of historical blasting cycles 
to establish the input vector of the RBTWM. In particular, 
the RBTWM requires the cumulative MS event number, 
energy, apparent volume, event rate, energy rate, apparent 
volume rate of historical blasting cycles, and the MS event 
number, energy, and apparent volume of subsequent blasting 
cycles as input vectors. The intensity of the potential rock-
burst of the subsequent blasting cycles is output as a vector. 
Thereby, the warning of the immediate rockburst time taking 
the blasting cycle as the unit is realized.

The above method has been applied in the construction 
of a railway tunnel excavated by the D&B method. The 
warning results of the test set in the application process 
demonstrate that the rockburst warning accuracy values for 
the first, second, and third subsequent blasting cycles are 
approximately 74.6%, 71.2%, and 63.1%, respectively. They 

also demonstrate that the model has the best warning per-
formance for moderate rockburst, followed by no rockburst. 
Further analysis indicates that larger intervals between the 
warning and current blasting cycles correlate with lower 
rockburst warning accuracy. Therefore, the intensity of the 
potential immediate rockburst in the next blasting cycle 
should be based on the latest rockburst warning result. In 
addition, further application and verification are carried 
out in the construction of another new railway tunnel. The 
rockburst warning accuracy for the first subsequent blasting 
cycles is approximately 80.0%. This field application once 
again proves that the rockburst time warning method has 
good engineering applicability.
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