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Abstract

Rockburst is a major challenge to hard rock engineering at great depth. Accurate and timely assessment of rockburst risk can avoid
unnecessary casualties and property losses. Despite the existence of various methods for rockburst assessment, there remains an urgent
need for a comprehensive and reliable criterion that is easy to both apply and interpret. Developing a new rockburst criterion based on
simple parameters can potentially fill this gap. With its advantages, this criterion can facilitate a more effective and efficient prediction of
rockburst potential, thereby contributing significantly to enhancing safety measures. In this paper, combined with the internal and exter-
nal factors of rockburst, four control variables (i.e., integrity index, stress index, brittleness index, and elastic energy index) were selected
to be incorporated into a comprehensive rockburstability index (RBSI). Based on 116 sets of rockburst cases, the rockburst potential was
accurately quantified and predicted using the categorical boosting (CatBoost) model and the nature-inspired metaheuristic African vul-
tures optimization algorithm (AVOA). In its performance validation, the criterion achieved the highest accuracy of 90.48%, verifying the
reliability and effectiveness of the proposed RBSI criterion. Additionally, an interpretive method was applied to analyze the variable
influence on the criterion, facilitating the explanation of predictions and the analysis of the formula’s robustness under different condi-
tions. In general, compared with existing criterion methods involving relevant indicators, the newly proposed RBSI criterion enhances
the accuracy of rockburst potential prediction, and it can effectively and swiftly evaluate the preliminary risk of rockburst. Lastly, a
graphical user interface was developed to provide a clear visualization of the assessment of rockburst potential.
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1 Introduction

Rockburst, an extreme and unexpected rock damage
disaster triggered by the sudden release of internal stored
energy (Afraei et al., 2018; Kaiser & Moss, 2022; Öge &
Çırak, 2019; Niu et al., 2022), has long posed significant
security threats to underground construction personnel,
marking it a major issue in underground hard-rock projects
(Cai et al., 2016; Pu et al., 2018). Originating as early as
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1738 in the British tin mines, it has been one of the most
serious geological hazards (Feng et al., 2013). The fre-
quency and severity of rockbursts increase with excavation
depth, inflicting considerable damage to support systems
and equipment in underground mining environments and
causing numerous injuries and fatalities (Deng et al.,
2011; Li et al., 2019; Xue et al., 2020b). Cases of rockbursts
have been reported in over 15 mines in Canada, and hun-
dreds have been recorded in the United States from 1936
to 1993 (Blake & Hedley, 2003; Mark, 2016; Zhou et al.,
2018). Thousands of rockbursts of different degrees have
occurred during the construction of auxiliary tunnels at
the Jinping Hydropower Station in China, and severe rock-
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burst disasters have been documented in Peru, Japan, Nor-
way, and Switzerland (Tang et al., 2010; Feng et al., 2013;
Fan et al., 2021).

Given the widespread occurrence and significant impact
of rockbursts, understanding and categorizing its potential
has been a focus of considerable research efforts (Zhou
et al., 2024). Through extensive tests and field investiga-
tions, Russenes (1974) classified rockburst into four cate-
gories according to the shape and intensity of damage
and the sound of rockburst; Heal (2010) divides the rock-
burst potential intensity into five grades according to the
rock mass damage situation; Feng et al. (2015) and Chen
et al. (2015) divide the rockburst potential intensity into
four grades: no, slight, moderate, and strong according to
the event energy and rock damage monitored in real-time
monitoring by microseismic. In general, if not controlled,
rockbursts of moderate severity or above could cause sub-
stantial damage to underground works and injuries to
operators, leading to incalculable losses. Recognizing the
significant threats posed by rockbursts, extensive research
efforts have been devoted to developing predictive methods
aimed at mitigating these catastrophic events (Forbes et al.,
2020; Wojtecki et al., 2022; Liu et al., 2023). Presently, the
main methods for predicting rockburst potential include
empirical criteria, numerical simulations, intelligent mod-
els, mathematical methods, and rockburst charts (Zhou
et al., 2012, 2018; Cao et al., 2021). From existing research,
it is evident that despite the availability of numerous stud-
ies on rockburst for prediction, the complexity of rock-
bursts implies that they all present some notable
limitations. For instance, the fuzzy mathematics method
exhibits strong subjectivity when determining membership
functions and indicator weights. Additionally, the two-
dimensional representation of the rockburst chart has rela-
tively limited influencing factors, implying a lower upper
limit on accuracy. In contrast, the multidimensional rock-
burst chart appears more complex, sacrificing some sim-
plicity. The numerical simulation struggles to specify the
precise threshold for relevant rockburst levels, and some
inputs lack practical physical significance (Zhou et al.,
2018). Machine learning models can effectively capture
the non-linear relationships between different contributing
factors and rockbursts, but they necessitate substantial
rockburst data and are often challenging to interpret
(Zhang et al., 2020, 2022). Therefore, the empirical criteria
method stands out for its simplicity (data is easily acquired)
and operability (explicit relational expression). They have
been widely utilized in the fields of mining and under-
ground geotechnical engineering, playing a significant role
in the prevention and control of rockburst (Askaripour
et al., 2022; Zhao et al., 2017). For instance, Kidybiński
(1981) proposed the elastic strain energy indexWet for eval-
uating the severity of rockburst. Kaiser et al. (1992) took
into account four factors in their rockburst risk assessment:
stress conditions, rock mass, local stiffness of the rock
mass, and support action, applying this approach to cases
of rockbursts in Canada. Gill et al. (1993) developed a
method for predicting rockburst potential in underground
hard rock excavations, which consisted of four steps: zon-
ing, identifying sensitive rock structures, conducting stabil-
ity analysis, and stiffness comparison. After a statistical
analysis of 254 rockburst cases, Heal (2010) revealed that
four parameters, namely stress conditions, support system
capacity, excavation span, and geological structure, could
be used to obtain the excavation vulnerability potential
index (EVP). The study found an exponential relationship
between EVP and rockburst damage scale. Qiu et al. (2011)
introduced a rockburst vulnerability index (RVI) based on
rockburst cases in the deeply embedded tunnels of the Jin-
ping II Hydropower Station. This indicator is composed of
four controlling factors: stress control, rock physical prop-
erties, rock mass system stiffness, and geological structure.
Shang et al. (2013) proposed a criterion index using three
factors: strength condition, rock brittleness, and rock
integrity, and determined the threshold of this index
according to the rockburst grade thresholds of each factor.
Zhang et al. (2013) introduced a rockburst discrimination
formula based on the artificial neural network method.
This formula incorporates several key parameters: the
maximum tangential stress of the surrounding rock, uniax-
ial compressive strength of the rock, uniaxial tensile
strength of the rock, and elastic energy index. Xue et al.
(2020a) introduced a two-step comprehensive rockburst
assessment method based on multiple empirical criteria.
The model was initially constructed using criteria such as
the elastic energy index, the Russenes criterion, the rock
brittleness coefficient, and others. Subsequently, weight
coefficients corresponding to these criteria were obtained
through rough set theory. Finally, a comprehensive evalu-
ation model was established using the technique for order
of preference by similarity to an ideal solution (TOPSIS).
Yang et al. (2022) proposed a novel criterion based on
the rockburst stress intensity ratio, incorporating factors
such as the plastic zone radius and radial stress. They also
conducted investigation into the relationship between rock-
burst grade and these parameters (the plastic zone radius
and radial stress).

However, the factors influencing rockburst are not only
numerous but also possessing complex interrelationships,
making it difficult to establish a clear relation (Hauquin
et al., 2018). As shown in Fig. 1, despite many scholars
proposing various types of rockburst criteria over the dec-
ades, most of these criteria exhibit a degree of one-
sidedness and limitations. The assessment results from dif-
ferent criteria may be inconsistent or even conflicting.
Therefore, the construction of a new high-accuracy rock-
burst criterion with strong universality has always been a
research topic of great interest and significance, playing a
crucial role in the monitoring and prevention of rockburst
(Feng et al., 2019; Liu et al., 2023). The goal of this paper is
to propose a new rockburst potential criterion that is based
on the nature-inspired metaheuristic algorithm and the



Fig. 1. Main work of empirical criterion methods for classification of rockbursts between 1965 and 2022 (adapted from Zhou et al., 2018).
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advanced categorical boosting model, and adopts a multi-
factor multiplication strategy for predicting rockburst risk
in underground mines.

The remainder of this paper is organized as follows: it
begins with a brief overview of the method background,
parameter selection, and the data used. Subsequently, it
explains the process of establishing the combination of
the factor multiplication strategy and the intelligent model
employed in this study. Then, the results of the new rock-
burst criterion—rockburstability index (RBSI) and pre-
existing relevant empirical rockburst criteria for rockburst
potential prediction will be evaluated and discussed in
detail, and an explanation and analysis of RBSI will be
provided. Finally, a graphical user interface for easy oper-
ation will be developed for rockburst potential assessment.

2 Method

2.1 Categorical boosting model

Categorical boosting (Prokhorenkova et al., 2018;
Chelgani et al., 2023), known as CatBoost, is an open-
source ensemble model based on the gradient boosting
algorithm (Zhou et al., 2021). It possesses strong learning
capabilities, making it suitable for intricate classification
and regression tasks involving highly nonlinear data. Intro-
duced by the Russian search giant Yandex in 2017, the
name CatBoost is derived from the fusion of ‘‘Categorical”
and ‘‘Boosting,” positioning it as a variant of the Boosting
algorithm.

Differing from the conventional gradient boosting
approach, where a consistent set of samples is employed
to estimate gradients and construct models, CatBoost dis-
tinguishes itself by addressing the potential complication
of prediction shift. This phenomenon arises from gradient
biases and can lead to a specific issue known as target leak-
age (Hussain et al., 2021). To counteract these challenges,
CatBoost implements an innovative ordered boosting
framework. By consistently partitioning the leaves of the
preceding tree using the same criteria, this approach effec-
tively mitigates gradient biases and prediction shift con-
cerns. Consequently, the algorithm’s vulnerability to
overfitting is notably reduced, subsequently amplifying its
precision and ability to generalize. Furthermore, CatBoost
is well-suited for various types of data, especially smaller
datasets, which aligns well with the main focus of this study
(Jabeur et al., 2021).

In summary, CatBoost, an ensemble model built upon
the foundation of gradient boosting trees, demonstrates
exceptional performance in handling complex datasets.
Its unique framework and sophisticated optimization
strategies collectively contribute to a dual outcome: not
only does CatBoost enhance predictive accuracy, but it also
ensures the model’s capacity for robust generalization.

2.2 African vultures optimization algorithm

The African vultures optimization algorithm (AVOA)
is a novel metaheuristic algorithm based on the biological
principles and lifestyle of African vultures. It was intro-
duced by Abdollahzadeh et al. (2021) in 2021 and
designed to address optimization problems through the
simulation of foraging and hunting behaviors observed
in vultures native to the African continent
(Abdollahzadeh et al., 2021). Since its inception, AVOA
has found diverse applications in various fields, making
the most of its distinctive features and advantages
(Zheng et al., 2023).
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Due to the distinct habits and foraging behavior of Afri-
can vultures, AVOA involves categorizing a substantial
vulture population based on specific conditions. Vultures
associated with optimal solutions are assigned to the first
group, those linked with suboptimal solutions are placed
in the second group, while the remaining vultures consti-
tute another group. Throughout the search process, indi-
viduals within the population tend to converge towards
the optimal vulture solutions. Furthermore, these vultures
adapt their actions according to their current hunger levels.
Satiated vultures tend to cover greater distances in search
of sustenance, while hungry vultures strive to compete with
more robust individuals for food resources (Abdollahzadeh
et al., 2021). The mathematical representation of the hun-
ger rate is as follows:

F ðtÞ ¼ ð2� xrand þ 1Þ � z� ð1� nite
nite;max

Þ þ t

t ¼ h� ðsinx0ðp
2
� nite

nite;max
Þ þ cosðp

2
� nite

nite;max
Þ � 1Þ

(
; ð1Þ

where F(t) represents the hunger level of vultures, t is the
perturbation term of the hunger level, nite stands for the
current iteration count, nite,max denotes the maximum iter-
ation count, and z and h are random values within the
range of [�1, 1] and [�2, 2] respectively. Additionally, xrand
is a random value between 0 and 1, while x0 is a constant
value set at 2.5.

During the search process, the AVOA employs distinct
position update formulas based on the magnitude of the
hunger level F(t). When F(t) exceeds 1, vultures adopt
two different strategies for spatial exploration. The mathe-
matical expressions for this segment are as follows:

P ðt þ 1Þ ¼
RðtÞ � DðtÞ � F ðtÞ; P 1 P xrand;P1

RðtÞ � F ðtÞ þ xrand;0 � ððbu � blÞ
�xrand;1 þ blÞ; P 1 < xrand;P 1

8><
>: ; ð2Þ

DðtÞ ¼ jX 0 � RðtÞ � P ðtÞj; ð3Þ

where P(t + 1) represents the newly generated position of
the vulture, xrand;P1

and X0 are random values within the
ranges [0, 1] and [0, 2] respectively. P1 is set to 0.6, xrand,0
and xrand,1 are random values between [0, 1], D(t) indicates
the random distance between the current vulture and the
optimal vulture, bu and bl represent upper and lower
bounds respectively, and R(t) signifies one of the selected
best vultures in this iteration.

When |F(t)| is less than 1, AVOA enters the exploitation
stage, executing two distinct strategies: rotational flight and
siege strategies, which are based on different conditions
(Abdollahzadeh et al., 2021). In the first phase, when
|F(t)| ranges from 0.5 to 1, the strategy is chosen based
on P2. If xrand;P2

is less than or equal to the parameter P2,
the vulture adopts a gradual siege strategy. Otherwise, if
xrand;P2

is greater than P2, the vulture performs rotational
flight strategy (as shown in Fig. 2). The specific expressions
are as follows:
P ðt þ 1Þ ¼ DðtÞ � ðF ðtÞ þ xrand;2Þ � dðtÞ; P 2 P xrand;P2

RðtÞ � ðS1 þ S2Þ; P 2 < xrand;P2

�
;

ð4Þ
S1 ¼ RðtÞ � ðxrand�PðtÞ

2�p Þ � cosðPðtÞÞ
S2 ¼ RðtÞ � ðxrand�PðtÞ

2�p Þ � sinðP ðtÞÞ

(
; ð5Þ

dðtÞ ¼ RðtÞ � PðtÞ; ð6Þ
where xrand;P2

and xrand;2 are random values within the range
[0, 1], P2 is set to 0.4, and S1 and S2 are spiral equations. In
the current iteration, R(t) represents one of the selected
best vultures, and P(t) is the current position of the vulture,
leading to the distance d(t) between the vulture and one of
the optimal vultures.

When the magnitude of |F(t)| is less than 0.5, the second
phase is executed. The vultures engage in encirclement and
competition for food at the food source, and different
strategies are chosen based on P3. The specific expressions
are as follows:

A1 ¼ V 1;bestðtÞ � V 1;bestðtÞ�PðtÞ
V 1;bestðtÞ�P ðtÞ2 � F ðtÞ

A2 ¼ V 2;bestðtÞ � V 2;bestðtÞ�PðtÞ
V 2;bestðtÞ�P ðtÞ2 � F ðtÞÞ

8<
: ; ð7Þ

P ðt þ 1Þ ¼
A1þA2

2
; P 3 P xrand;P3

RðtÞ � jdðtÞj � F ðtÞ
�Levyðd0Þ; P 3 < xrand;P3

8><
>: ; ð8Þ

Levy ðd0Þ ¼ 0:01� u0
jvj1=b0

; u0 � ð0; ru
2Þ; v � ð0; rv

2Þ; ð9Þ

where xrand;P 3
are random values within the range [0, 1], and

P3 is set to 0.4. In the current iteration, V1,best(t) represents
the best vulture in the first group, and V2,best(t) represents
the best vulture in the second group. Levy(d0) represents
the levy flight operation, where d0 represents the problem’s
dimension, u0 and v are random values within [0, 1], and b0
is a fixed value of 1.5. Other parameter meanings remain
consistent. For further details, please refer to the original
text (Abdollahzadeh et al., 2021).

3 Parameters selection and data analysis

Before constructing the rockburstability index (RBSI)
expression, it is of paramount importance to select and
define the key factors that control rockburst potential.
The reasonableness of the selection of these factors will sig-
nificantly impact the prediction capability of RBSI and its
subsequent engineering application. It is known that rock-
burst in hard rock mining is closely related to factors such
as stress, rock properties, and rock mass structure (Zhou
et al., 2016; Fan et al., 2016). The rock integrity index Kv

illustrates the type and integrity of the rock mass structure.
In cases of rock mass with better structural integrity, rock-
burst tends to exhibit greater strength, making Kv an essen-
tial parameter for predicting rockburst potential. The
maximum tangential stress rh reflects the in situ stress char-



Fig. 2. Competition for food and rotational flight pattern in vultures. (a) Illustration for the case of rotating flight, and (b) illustration of competition for
food.
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acteristics of the site of a rockburst, with its value closely
correlated with the likelihood of a rockburst occurrence.
The uniaxial compressive strength of the rock rc and the
uniaxial tensile strength of the rock rt are crucial parame-
ters for assessing a rock’s resistance to damage. Greater
values of rc and rt imply stronger resistance of the rock
to stress, reducing the probability of rockburst. The elastic
energy index Wet reveals the rock’s ability to store elastic
energy. A high Wet value indicates that the rock can store
more energy, potentially increasing the likelihood of a
rockburst occurrence or the magnitude of the resulting
rockburst.

Further, to effectively summarize the key influencing
factors of rockburst potential and avoid the complexity
brought by excessive parameters, the stress index rh/rc

from the Russense criterion and the rock brittleness index
rc/rt proposed by Wang et al. (2011) and Zhou et al.
(2012) were included in the influencing factors, based on
the various types of empirical rockburst criteria shown in
Table 1. In summary, Kv, rh/rc, rc/rt, and Wet were chosen
as the control parameters of this criterion based on their
representativeness, practicality, validity, and simplicity. It
Table 1
Partial criteria for rockburst prediction (adapted from Zhou et al., 2018).

Author, year Index Formula

Russenes, 1974 rh/rc
Ministry of Water Resources of the

People’s Republic of China, 1995
Kv=(Vp/Vs)

2

Peng et al., 1996 rc/rt
Xu & Wang, 1999 rh/rc
Xu et al., 2008 rc/rt
Shang et al., 2013 (Kvrh)/rt
Zhang et al., 2013 tanh{[0.1648(rh/rc)

3.064

(rc/rt)
�0.4625(Wet)

2.672](1/3.6)}
Zhou et al., 2017 Wet = Ee/Ep

Note: rc is the uniaxial compressive strength; rh is the maximum tangential
velocity of rock; Kv is the rock mass integrity index; rt is the uniaxial tensile stre
dissipated strain energy; Wet is the strain energy storage index.
should be noted that these selections were made based on
a thorough understanding of the existing literature, essen-
tially covering the main influencing factors of rockburst
potential and giving full consideration to the importance
of these parameters in rockburst prediction (Zhou et al.,
2021; Adoko et al., 2013). Additionally, these parameters
can be easily obtained through experiments or site mea-
surements, which is very important for practical engineer-
ing applications.

Given previous rockburst studies, this research collected
116 sets of rockburst risk case data for the construction of
RBSI (Yang et al., 2010; Song, 2012; Wang et al., 2013;
Shao & Zhou, 2018; Zhao et al., 2019; Wang et al., 2019;
Zhou et al., 2021; Chen et al., 2021; Wang et al., 2020;
Xue et al., 2020a; Liu et al., 2020; Wang et al., 2021;
Zhang et al., 2020). The target rockburst potential levels
used are classified into none, low, moderate, and high, with
the number of cases being 14, 30, 47, and 25 respectively.
To facilitate data processing, the four rockburst potential
as model outputs are labeled as 0, 1, 2, and 3 respectively.
The aim of this study is to construct a new rockburst crite-
rion based on the CatBoost and AVOA using this data-
None Low Moderate High

�0.2 0.2–0.3 0.3–0.55 >0.55
<0.55 0.55–0.65 0.65–0.75 >0.75

>40 40–26.7 26.7–14.5 <14.5
<0.3 0.3–0.5 0.5–0.7 >0.7
�10 10–14 14–18 >18
<1.7 1.7–3.3 3.3–9.7 >9.7
<0.25 0.25–0.50 0.50–0.75 >0.75

<2 2–5 5–10 >10

stress; Vp represents p-wave velocity of rock mass; Vs represents p-wave
ngth of rock; Ee is the strain energy retained (elastic strain energy); Ep is the



Table 2
Statistical analysis of parameters.

Level Parameters Min Max Std Mean

None (0) Kv 0.4300 0.7200 0.0924 0.5229
rh/rc 0.1100 0.3900 0.0909 0.2114
rc/rt 6.6667 47.9652 15.7874 28.4874
Wet 0.5300 2.4900 0.6585 1.4286

Low (1) Kv 0.4400 0.8300 0.0723 0.6030
rh/rc 0.1400 0.6210 0.1194 0.3072
rc/rt 2.5000 41.1517 11.0941 21.1853
Wet 0.5300 6.4600 1.2003 3.2370

Moderate (2) Kv 0.5200 3.6000 0.7159 0.9064
rh/rc 0.2600 1.0800 0.1686 0.4744
rc/rt 6.0600 29.7000 4.5360 19.7181
Wet 0.6200 7.4400 1.4344 4.4751

High (3) Kv 0.5800 4.3000 1.5054 1.8766
rh/rc 0.3393 1.6600 0.2407 0.6730
rc/rt 5.6400 75.4835 18.2906 23.2366
Wet 0.6200 11.6200 3.4008 4.8906
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base, providing more references for the development of
rockburst potential criteria.

In summary, the rockburst database used in this study
contains 4 input parameters and corresponding rockburst
potential levels, with detailed parameter statistical informa-
tion shown in Table 2. It is worth noting that with the
aggravation of rockburst potential, the mean values and
range of variables for Kv, rh/rc, and Wet clearly increase,
indicating a significant positive correlation with rockburst
potential, whereas rc/rt is relatively weaker. In addition,
through the pair matrix plot in Fig. 3, the correlation
between the four feature parameters and the distribution
relationship corresponding to different rockburst potential
levels are analyzed, revealing differences between different
sets of data. According to the analysis of Fig. 3, except
for the correlation coefficient between Kv and Wet, which
is slightly higher at �0.402, the correlation between other
variables is very weak, which can also be seen from the
scatter plot in the lower-left corner. Apart from the analy-
sis of correlation, a better understanding of the distribution
of the four parameters is obtained through the density plot
on the diagonal and the box plot in the last column. The
Fig. 3. Correlation ma
results show that in line with the conclusions drawn in
Table 2, all parameters increase with the increase of rock-
burst potential, except for the rc/rt parameter. Moreover,
there are a few outliers for each parameter, and some over-
trix of parameters.



Y. Qiu, J. Zhou /Underground Space 19 (2024) 101–118 107
lap in the range of values, which also reflects the complex-
ity of the rockburst mechanism.

4 Construction of rockburstability index

Rockburst is characterized as a multi-causal, single-
outcome problem. Based on existing research on rockburst
criteria, it has been found that combinations of multiple
factors yield a stronger correlation with rockburst initia-
tion compared to individual discrete variables. When it
comes to the integration of multiple factors into a singular
indicator, researchers typically employ one of the two
strategies: (a) an addition strategy, or (b) a multiplication
strategy. A classic application of the multiplication strategy
within multi-factor scenarios can be seen in the widely-
adopted Q-system of rock mass classification (Barton
et al., 1974). Furthermore, Brink et al. (2000) conducted
a review of rock instability potential and reported a ten-
dency towards empirical methods, expressing a preference
for the multiplication strategy with correlated factors over
the addition strategy in their study.

Pivoting from these considerations, the determination of
the mathematical form for the RBSI becomes of significant
interest. While there are various options for this, such as
the product form of the rock mass quality Q-system and
the additive form of the surrounding rock classification sys-
tem, the former has been chosen for this study. The choice
of the product form is motivated by the fact that it allows
for the incorporation of multiple variables in a multiplica-
tive manner. This form has been observed to provide a
more robust and comprehensive representation of complex,
multi-factor phenomena like rockburst, which is influenced
by multiple factors interacting in a non-additive manner.
Therefore, a product form similar to the Q-system has been
adopted to construct the initial RBSI system, as expressed
in the following formula:

RBSI ¼ nKv
a rh

rc

� �b rc

rt

� �d

W et
c; ð10Þ

where Kv is the rock mass integrity index, rh represents the
maximum tangential stress of the surrounding rock, rh is
the uniaxial compressive strength, rt is the uniaxial tensile
Fig. 4. Graph of softsign function.
strength,Wet is the elastic energy index, and a, b, d, c, and n
(n > 0) are constants to be determined.

Although the initial expression fundamentally meets the
construction requirements, it presents a limitation as there
is no upper limit to its value. To mitigate this issue and bet-
ter align with the value range requirements of RBSI, this
study turns to nonlinear mapping functions. In this con-
text, the softsign function (depicted in Fig. 4) is found to
be particularly suitable. This function effectively maps a
wide range of input values into a specific range, offering
an efficient solution for the lack of an upper limit in the ini-
tial RBSI expression. Additionally, the softsign function
provides a smooth and continuous transformation, reduc-
ing potential abrupt changes and outliers in the RBSI val-
ues. The softsign function is defined by the following
equation:

softsignðxÞ ¼ x
ð1þ xj jÞ ; ð11Þ

where x represents the input to the function. The absolute
value operation |x| ensures that the denominator is always
positive, regardless of the sign of x. The division operation
scales the output to a range between �1 and 1. The softsign
function is a type of sigmoid function that is often used in
machine learning field to transform data to a specific range.
As x approaches positive or negative infinity, the output of
the softsign function approaches 1 or �1 respectively,
ensuring that the output is bounded between these two val-
ues. This makes it a good choice for tasks that require out-
put normalization or for handling outliers.

In this study, U is used to represent the potential of
rockburst occurrence, which is derived from the range of
calculated values for the expression. The following divi-
sions of U-value regions correspond to the rockburst
potential:

0 < U < 0:25 : None

0:25 6 U < 0:5 : Low

0:5 6 U < 0:75 : Moderate

0:75 6 U < 1 : High

8>>><
>>>:

: ð12Þ

Based on the above-mentioned U-value ranges, it is clear
that the measurable value of the rockburst potential is not
a fixed value. To carry out subsequent steps, it is necessary
to extract information through certain methods to obtain
the prediction probability of each rockburst level, and then
obtain the measurable value of the potential corresponding
to the sample through the probability density function of
different regions. This is a crucial preprocessing step,
intended to transform the complex rockburst data into a
form that makes subsequent nonlinear analysis more
effective.

Given that ensemble learning models have the capability
to learn and extract useful information from original non-
linear data, they can be used to transform complex rock-
burst data into a form that is easier to handle and analyze
(Sagi & Rokach, 2018; Xiao et al., 2022; Qiu & Zhou,



Fig. 5. Construction process of RBSI.
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2023a). The CatBoost stands out as a member of ensemble
learning models, due to its ability to automatically handle
categorical variables, optimize various loss functions, pre-
vent overfitting through various techniques, automatically
handle missing values, and provide explanations for its pre-
dictions (Chelgani et al., 2023). In this study, after numer-
ous trials and comparisons of different models, the
CatBoost model is selected due to its superior performance
in the information extraction process, aiming to achieve
accurate measurable values for rockburst potential.

The construction process of the RBSI in this study, as
illustrated in Fig. 5, primarily encompasses two facets:
the selection and determination of the control factors for
rockburst criterion and the process of nonlinear informa-
tion extraction and optimization feedback mechanism in
the RBSI. As the iterations advance, the modifying factors
in the RBSI expression receive optimal adjustments for
enhanced performance.

This study utilizes various evaluation metrics, such as
Accuracy, Cohen’s Kappa, Precision, Recall, and F1-
Score, to evaluate the predictive performance of RBSI
and other criteria in rockburst potential assessment
(Azarafza et al., 2022). Accuracy quantifies the proportion
of correct labels in the entire set of cases. The Kappa coef-
ficient measures the proportion of correctly classified labels
after accounting for chance agreement, thereby serving as a
robust indicator. Precision signifies the ratio of truly posi-
tive instances among all instances predicted as positive,
while Recall gauges the ratio of truly positive instances
among all actual positive instances. The F1-Score, as the
harmonic mean of Precision and Recall, offers a balanced
evaluation of model precision and comprehensiveness.
The formulas corresponding to these metrics are as follows
(Goh et al., 2017; Zhou et al., 2016):

Accuracy ¼ TPþ TN

TPþ TN þ FP þ FN
; ð13Þ

Kappa ¼ P 0 � P e

1� P e

; ð14Þ

Precision ¼ TP

TPþ FP
; ð15Þ
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Recall ¼ TP

TPþ FN
; ð16Þ

F1-Score ¼ 2 Precision�Recallð Þ
Precision þRecall

; ð17Þ

where TP denotes the count of samples that the model
accurately predicts as belonging to the positive class. Sim-
ilarly, TN signifies the number of samples correctly identi-
fied as the negative class. On the other hand, FP indicates
the instances where negative class samples are erroneously
categorized as positive, while FN represents positive class
samples that the model incorrectly identifies as negative.
P0 stands for the observed proportion of agreement among
predictions, reflecting the actual concordance between the
model’s predictions and the true labels. Conversely, Pe

denotes the anticipated proportion of agreement resulting
from chance alone.

5 Results analysis

5.1 Optimization of the expression

In this study, data processing is first carried out using
the one-hot encoding method, transforming the rockburst
potential into a four-dimensional vector, which is then
trained and predicted using the CatBoost model. The pre-
diction result is a four-dimensional vector, where each
dimension represents the possibility of the corresponding
type of rockburst. This quantified result can be used to
denote rockburst potential.

After transforming the data and training the model, the
effectiveness of the CatBoost model was assessed by moni-
toring changes in the loss value during its learning process.
The loss optimization curve during the learning process of
the CatBoost model is shown in Fig. 6. As the number of
iterations increases, the loss value gradually decreases, fall-
ing from 0.3700 to around 0.0326. The total loss value
drops sharply within approximately 500 iterations, and
the loss stabilizes around 2000 iterations. When the model
training reaches the required target error, the CatBoost
Fig. 6. Loss optimization curve of CatBoost.
model achieves satisfactory learning effects and a stable
model structure, obtaining the aforementioned prediction
probabilities.

Subsequently, this study adopts the assumption of a uni-
form probability density distribution to convert the predic-
tion probability of CatBoost into a specific rockburst
potential value. This assumption considers that each type
of rockburst is uniformly distributed within its correspond-
ing U-value range (for example, low rockburst is within the
range [0.25, 0.5]). Therefore, by combining the model out-
put with a uniform probability density distribution, the
CatBoost output can be considered as a uniform distribu-
tion within this range, and its expected value is taken as
the estimation of rockburst potential. The corresponding
probability density function U(U) is given as follows:

UðUÞ ¼
0;U < 0

4 uiPm

j¼1
uj

� �
; i�1

4
6 U < i

4

0;U > 1

8>><
>>: : ð18Þ

In the equation, m represents the type of rockburst
potential, which equals 4, and i and j are integers from 1
to 4, where ui and uj represent the predicted probabilities
of different rockburst potential levels. In this way, based
on the aforementioned probability density function U(U),
the precise estimation value of the required rockburst
potential can be obtained. Figure 7 shows the correspon-
dence between the estimated value of the obtained rock-
burst data and the real level. As can be seen from the
figure, the estimated values of the rockburst potential all
fall within the corresponding U-value intervals, which also
demonstrates the high performance of the CatBoost model.

In summary, the expression for the rockburst criterion
RBSI in this study can be written as

RBSI ¼ softsign nKv
a rh

rc

� �b rc

rt

� �d

W et
c

 !
: ð19Þ

Subsequently, the variable parameters of the RBSI expres-
sion were determined using the AVOA, which is a nature-
inspired metaheuristic. AVOA continually reassesses the 5-
fold cross-validation performance of the RBSI model with
various parameter combinations throughout its search pro-
cess, concurrently updating its fitness value. Figure 8 shows
the iteration optimization curve and runtime curve of AVOA
during the optimization process. As shown in the figure, the
most rapid decrease in fitness value occurs within the first 100
iterations, and tends to stabilize in subsequent iterations. The
ideal fitness value is reached around the 400th iteration.
From the perspective of computational complexity, the over-
all fitness value decreases from 0.14 to about 0.05, showing a
rapid convergence trend, and the runtime curve also indicates
that the AVOA has a low computational cost.

To intuitively analyze the optimization results of differ-
ent parameter combinations, Fig. 9 shows the impact of
different parameter combination attempts on fitness. By
observing Fig. 9, it can be found that the volatility of some



Fig. 7. Comparison of estimated values and actual rockburst potential.

Fig. 8. Iteration optimization and runtime curves in the AVOA.

Fig. 9. Impact analysis of p
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parameters is relatively obvious. Especially the n and a
parameters, which indirectly reflect the importance of Kv

in RBSI, are more prominent. The change in the d param-
eter is the least pronounced, indicating that the contribu-
tion of rc/rt in RBSI might be weaker compared to other
factors.

In summary, the values of n, a, b, d, and c are 1.5036,
1.8257, 0.6391, �0.0983, and 0.9823, respectively, as deter-
mined by the AVOA. Consequently, the final expression
for the RBSI criterion generated in this study is:

RBSI ¼ softsign 1:5036Kv
1:8257 rh

rc

� �0:6391 rc

rt

� ��0:0983

W et
0:9823

 !
;

ð20Þ

0 <RBSI <0:25 : None

0:25 6 RBSI <0:5 : Low

0:5 6 RBSI <0:75 : Moderate

0:75 6 RBSI <1 : High

8>>><
>>>:

: ð21Þ
arameter optimization.
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5.2 Performance of criterion

After establishing the final RBSI criterion expression
using the values of n, a, b, d, and c obtained via the AVOA,
this section proceeds to conduct a comprehensive evalua-
tion of the criterion’s performance.

To demonstrate the performance of the proposed RBSI,
a comprehensive comparison was conducted with several
analogous criteria involving relevant parameters. Table 3
presents the results of the evaluation metrics for a total
of nine rockburst criteria, including the RBSI introduced
in this study. In assessing the rockburst samples, it is evi-
dent that the performance of RBSI is significantly superior
to other comparative rockburst criteria, with all five met-
rics exceeding 0.9, far surpassing the performance of the
other criteria. Notably, the criterion by Xu et al. (2008)
yielded the poorest results, particularly evidenced by its
negative Kappa value.

To highlight the differences between performance, non-
parametric Friedman and Nemenyi tests were employed
for significant statistical analysis, following the recommen-
dations of Demšar (2006). This serves as a supplementary
method to the aforementioned evaluation metrics. The
Friedman test is akin to a non-parametric test for repeated
measures analysis of variance. It was used to compare the
performance of these criteria in rockburst potential evalu-
ation and to determine the performance ranking among
different criteria (the higher the rank, the better the perfor-
Table 3
Performance for RBSI and comparative criteria.

Criterion Accuracy

RBSI 0.9310
Russenes, 1974 0.6121
Ministry of Water Resources of the People’s

Republic of China, 1995
0.6293

Peng et al., 1996 0.5345
Xu & Wang, 1999 0.3276
Xu et al., 2008 0.2069
Shang et al., 2013 0.5345
Zhang et al., 2013 0.6897
Zhou et al., 2017 0.5000

Fig. 10. Difference comparison
mance). Subsequently, the Nemenyi test was utilized to
analyze the critical difference (DCD) between them, identify-
ing which specific criteria exhibit significant differences. As
depicted in Fig. 10, such supplementary analysis allows for
a more intuitive understanding of the performance differ-
ences between criteria. Based on the analysis results shown
in Fig. 10, it is evident that RBSI surpasses other criteria in
terms of performance ranking. Moreover, significant differ-
ences in performance exist between RBSI and the criterion
by Xu et al. (2008), as well as the criterion by Xu and Wang
(1999). The relevant calculation formulas for the Friedman
and Nemenyi tests are as follows (Qiu & Zhou, 2023b):

xf2 ¼ 12Na

k1ðk1 þ 1Þ
Xk1
j¼1

R1j
2 � k1ðk1 þ 1Þ2

4

" #
; ð22Þ

DCD ¼ qa1 �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
k1ðk1 þ 1Þ

6N a

s
; ð23Þ

where k1 denotes the number of criteria, Na represents the
amount of data, R1j denotes the rank of the jth criterion,
qa1 is the critical value, and a1 is the significance level.

Next, as depicted in Fig. 11, confusion matrices were
computed for each criterion, enabling a visual comparison
of different rockburst potential (where NB denotes none
rockburst, LB denotes low rockburst, MB denotes moder-
ate rockburst, and HB denotes high rockburst). The confu-
sion matrix is a valuable tool containing abundant
Kappa Recall Precision F1-Score

0.9041 0.9484 0.9119 0.9264
0.4527 0.6186 0.6245 0.6106
0.4964 0.6617 0.6180 0.6220

0.3147 0.4522 0.4982 0.4574
0.1035 0.4030 0.3668 0.3452

�0.0326 0.2291 0.2397 0.1860
0.3095 0.4587 0.5020 0.4561
0.5803 0.7282 0.7080 0.6760
0.3140 0.5467 0.6205 0.4549

of performance for criteria.



Fig. 11. Confusion matrices for RBSI and comparative criteria.
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information about true and predicted classifications, aiding
in identifying instances of misclassification across different
categories (Sokolova & Lapalme, 2009). Values on the
main diagonal of the matrix represent the number of cor-
rectly classified cases, while off-diagonal values indicate
misclassified cases. According to the results displayed in
the figure, RBSI achieved 100% accuracy in predicting
the none and high rockburst categories, indicating that
RBSI is particularly effective in distinguishing between
these two types due to their distinctive boundaries. In sum-
mary, the comprehensive accuracy of RBSI surpasses that
of other related criteria, highlighting the robust informa-
tion extraction capabilities of the CatBoost model from
the raw rockburst data used in this study.

5.3 Validation study of cases

To evaluate the effectiveness of the proposed RBSI cri-
terion in distinguishing rockburst potential, 21 new rock-
burst cases were collected as validation data based on
relevant literature. The specifics of these cases are detailed
in Table 4, which presents numerical information encom-
passing Kv, rh/rc, rc/rt, and Wet for each sample, alongside
their corresponding rockburst potential.

The application of RBSI to this validation data was fol-
lowed by a comparative evaluation with other rockburst
criteria, and the obtained performance metrics are shown
in Table 5. From the table, it is evident that the RBSI cri-
terion proposed in this study achieves a prediction accu-
racy of 90.48% for the 21 validation cases, with only one
instance of prediction error, while the accuracy of other cri-
teria remains significantly lower than that of RBSI. Addi-
tionally, the recall and precision performance of RBSI
are commendable, indicating its ability to effectively cap-
ture the characteristics of various rockburst potential,
thereby achieving a balanced classification across multiple
categories. This capability holds considerable significance
for making informed decisions and conducting analyses
in multi-class scenarios. In order to provide a more intu-
itive visualization of the validation results, Fig. 12 depicts



Table 4
Rockburst cases information for validation.

No. Kv rh/rc rc/rt Wet Rockburst potential Reference

1 0.530 0.16 40.73 2.33 Low rockburst Xue et al., 2020a
2 0.360 0.37 42.26 2.75 None rockburst Xue et al., 2020a
3 0.570 0.18 38.78 1.87 None rockburst Xue et al., 2020a
4 0.710 0.42 32.77 2.97 Low rockburst Xue et al., 2019
5 0.490 0.28 42.73 2.17 None rockburst Xue et al., 2019
6 0.500 0.20 36.04 2.29 None rockburst Zhang et al., 2010
7 0.850 0.41 29.73 7.30 High rockburst Feng & Wang, 1994
8 0.870 0.27 24.74 9.00 High rockburst Feng & Wang, 1994
9 0.480 0.14 6.61 13.91 Moderate rockburst Wang et al., 2020
10 0.575 0.33 4.59 4.54 Moderate rockburst Wang et al., 2020
11 0.710 0.37 14.56 10.57 High rockburst Wang et al., 2021
12 0.480 0.86 16.70 3.20 Low rockburst Zhang et al., 2020
13 0.400 0.31 15.90 2.20 None rockburst Zhang et al., 2020
14 0.520 0.50 8.30 3.10 Low rockburst Wang et al., 2013
15 0.440 0.20 11.20 3.60 None rockburst Wang et al., 2013
16 0.640 0.41 29.40 7.30 Low rockburst Zhou et al., 2013
17 0.680 0.45 17.50 5.10 Moderate rockburst Zhou et al., 2013
18 0.500 0.20 41.00 1.70 None rockburst Zhou et al., 2013
19 0.560 0.38 17.50 4.50 Low rockburst Zhou et al., 2013
20 0.680 0.81 18.50 3.80 Moderate rockburst Zhou et al., 2013
21 0.790 0.58 13.20 6.30 High rockburst Zhou et al., 2013

Table 5
Validation performance for RBSI and comparative criteria.

Criterion Accuracy Kappa Recall Precision F1-Score

RBSI 0.9048 0.8708 0.9167 0.9188 0.9056
Russenes, 1974 0.3333 0.1224 0.3304 0.3000 0.2967
Ministry of Water Resources of the People’s

Republic of China, 1995
0.6190 0.4734 0.6101 0.6500 0.6158

Peng et al., 1996 0.3810 0.1851 0.3780 0.4089 0.3737
Xu & Wang, 1999 0.3810 0.1333 0.3036 0.2396 0.2667
Xu et al., 2008 0.1429 �0.0988 0.1875 0.0955 0.1222
Shang et al., 2013 0.1905 �0.0378 0.2024 0.3109 0.2133
Zhang et al., 2013 0.5238 0.3713 0.5595 0.6125 0.5262
Zhou et al., 2017 0.4286 0.2294 0.4048 0.5292 0.3889
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the case-by-case validation for different criteria. The results
illustrated in the figure affirm the superior predictive per-
formance of RBSI, as its predictions closely align with
the actual outcomes.
5.4 Explainability analysis and limitations

Explainability analysis aims to reveal the underlying fac-
tors that influence RBSI predictions, thus uncovering the
decision-making process. By understanding which features
contribute most to the output, valuable insights into the
prediction behavior can be obtained. Therefore, to under-
stand the contributions and impacts of individual variables
on the output of RBSI, Shapley additive explanations
(SHAP) method was adopted in this section for the inter-
pretability analysis of RBSI (Futagami et al., 2021; Qiu
& Zhou, 2023a).

In the proposed RBSI formula in this study, there are
four features: Kv, rh/rc, rc/rt, and Wet. SHAP can provide
explanations for each input variable, and if a feature has a
larger Shapley value, it contributes more to the result, and
vice versa. Figure 13 comprehensively shows the impact of
each feature on the overall output, with Kv, rh/rc, rc/rt,
and Wet scoring 0.1161, 0.0528, 0.0078, and 0.1077, respec-
tively. This reveals that Kv, rh/rc, and Wet contribute much
more than rc/rt. Among them, Kv has the greatest contri-
bution to the model’s prediction, consistent with the find-
ings in Fig. 9, which reflects the reliability of this
contribution analysis. Furthermore, from Fig. 13, it can
be observed that larger values of Kv, rh/rc, and Wet facili-
tate the prediction of greater rockburst potential, indicat-
ing their positive correlation with rockburst potential,
while rc/rt shows the opposite relationship.

After the overall analysis, the next step is to conduct
more detailed case studies on different rockburst potential
to further validate and interpret the above analysis from
a sample perspective. Figure 14(a), (b), (c), and (d) repre-
sent the results of the analysis on different rockburst poten-



Fig. 12. Predictive comparison of rockburst criteria.

Fig. 13. Impact of four variables on RBSI output.
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tial. It is noteworthy that the red and blue arrows in Fig. 14
represent increasing and suppressing the prediction of
RBSI, respectively. In Fig. 14(a), Kv, rh/rc, and Wet all
have suppressing effects, leading to a final prediction
towards ‘‘none rockburst”. In contrast to Fig. 14(a),
Fig. 14(b) shows that rh/rc has a promoting effect, and
according to Table 2, when the value of rh/rc is 0.57, it
does not fall within the range of ‘‘none rockburst”. In
Fig. 14(c), a largerWet has a promoting effect on predicting
‘‘moderate rockburst”, while Kv still has a suppressing
effect. In Fig. 14(d), Kv, rh/rc, and Wet with promoting
effects are all larger compared to other cases, and the value
of rc/rt in Fig. 14(d) is relatively smaller, precisely consis-
tent with the promoting effect shown in Fig. 13.

In conclusion, the parameter contribution analysis of
RBSI demonstrates the rationality of its predictions. The
analysis results align with expectations, increasing confi-
dence in the correctness of RBSI research and providing
valuable information for further optimizing and adjusting
rockburst criterion. Additionally, as shown in Fig. 15, a
corresponding graphical user interface (GUI) has been
developed to assist the application of RBSI in rockburst
potential assessment.

The limitations of the current study lie in the relatively
small size and poor quality of the available rockburst data
samples, as well as the possibility that parameter selection
attempts may not have been exhaustive. Future research
should aim to incorporate a broader range of diverse fac-
tors and conduct more comprehensive screenings to
address these limitations. Moreover, efforts are needed to
enhance the generality of RBSI. This can be achieved by
expanding the dataset and further refining the variable fac-
tors to better evaluate rockburst potential in various engi-
neering scenarios. Overall, despite the existing limitations
and shortcomings, the proposed RBSI in this study lays a
beneficial foundation and demonstrates potential applica-
tion value for future research in the field of rock
engineering.
6 Conclusions

Rockbursts can cause explosive fracturing and fragmen-
tation of rocks, posing severe threats and risks to under-
ground engineering projects such as mining and tunnel
construction, even endangering the safety of workers. Cur-



Fig. 14. Contribution analysis for different rockburst potential.
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rently, there are various methods for predicting rockbursts,
among which empirical criteria methods are favored for
their simplicity and operability. However, some of these
criteria exhibit strong subjectivity, and the evaluation
results of different criteria may even conflict with each
other. Therefore, proposing a new rockburst criterion that
is easy to apply, accurate, and highly interpretable holds
significantvalue.

In this study, RBSI criterion was developed using a
dataset containing 116 rockburst samples to predict rock-
burst potential. Four parameters, including Kv (rock mass
integrity index), rh/rc (stress index), rc/rt (brittleness
index), and Wet (elastic energy index), were selected as fea-
tures for RBSI. Considering that the combination of mul-
tiple factors has stronger correlation with rockburst
potential, a product-like form similar to the Q-system
was adopted to construct the initial RBSI. The accurate
measurement of rockburst potential was obtained by com-
bining the output of the CatBoost model with a uniform
probability density distribution. The final expression of
RBSI was obtained through 5-fold cross-validation using
the nature-inspired metaheuristic AVOA. The performance
of the criterion was evaluated using multiple metrics,
including Accuracy, Kappa, Precision, Recall, and F1-
Score. Compared with similar criteria involving related
parameters, the performance of the proposed RBSI in this
study was significantly superior. Further validation of
RBSI’s effectiveness was carried out through testing with
21 new rockburst cases, achieving a maximum accuracy
of 90.48%.

Finally, the contribution and influence that affect RBSI
predictions were revealed through explainability analysis.
Future work could explore larger-scale and high-quality
rockburst datasets to enhance the reliability and accuracy
of RBSI. Overall, as a new criterion for rockburst potential
assessment, RBSI holds potential application value in the
field of rock engineering and can serve as a valuable refer-
ence for other researchers.
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Fig. 15. Graphical user interface of RBSI.
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