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Abstract: Rockburst is an extremely hazardous geological disaster. In order to accurately predict the
hazardous degree of rockbursts, this paper proposes eight new classification models for predicting
the intensity level of rockbursts based on intelligent optimisation algorithms and deep learning
techniques and collects 287 sets of real rockburst data to form a sample database, in which six
quantitative indicators are selected as feature parameters. In order to validate the effectiveness of
the constructed eight machine learning prediction models, the study selected Accuracy, Precision,
Recall and F1 Score to evaluate the prediction performance of each model. The results show that the
NGO-CNN-BiGRU-Attention model has the best prediction performance, with an accuracy of 0.98.
Subsequently, engineering validation of the model is carried out using eight sets of real rockburst data
from Daxiangling Tunnel, and the results show that the model has a strong generalisation ability and
can satisfy the relevant engineering applications. In addition, this paper also uses SHAP technology
to quantify the impact of different factors on the rockburst intensity level and found that the elastic
strain energy index and stress ratio have the greatest impact on the rockburst intensity level.

Keywords: rockburst prediction; intelligent optimisation; deep learning; NGO-CNN-BiGRU-
Attention model

1. Introduction

Rockburst [1] is a dynamic instability phenomenon in which the surrounding rock is
spalled, blocked, ejected or thrown due to the abrupt and severe dissipation of elastic strain
energy in the rock, and its essence is the surrounding rock has gained kinetic energy [2].
As a kind of sudden, random and highly hazardous geological disaster [3], the process
of rockburst activity usually has three phases [4], which are the inactive phase, the active
phase and the destructive phase. During the inactive phase, the elastic stress energy
accumulation is small; in the destruction stage, large-scale rockbursts usually occur; and
the active stage is between the inactive stage and the destruction stage of the state, usually
accompanied by medium and small-scale rockbursts. In recent years, the frequency and
severity of rockbursts have increased with the increase in geological activities due to the
increase in underground space engineering activities, as well as the deep mining of mines.
Such geological hazards not only affect the construction process [5,6] but also cause harm
to social production activities, citizens’ lives and property safety. In view of the hazards of
rock explosions, how to prevent the occurrence of rock explosion disasters is particularly
important, and rock explosion prediction and evaluation is an important prerequisite for
the development of prevention and control measures. Therefore, the accurate and reliable
prediction of high-intensity rock explosion disasters has become a research hotspot in
related fields [7,8].
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Due to the extreme complexity of the rock explosion prediction problem, there is
currently no set of mature theories and methods at home and abroad, but they can be
broadly divided into the field measurement method and theoretical analysis method [9].
The field measurement method is usually the use of geophysical-related professional
engineering equipment, the focus of the region of the rock body detection and monitoring,
so as to determine whether there is the possibility of a rock explosion, but due to the
current detection, monitoring equipment is still in the development stage, the reliability
of the information collected is very limited. The theoretical analysis method is founded
on the physical parameters of the rock mass, stress state and multiple triggering factors, it
employs mathematical methods to predict the intensity of rockbursts, and representative
methods include cloud model theory [10,11], fuzzy integrated discrimination [12,13], grey
systems theory [14], topology theory [15], the ideal point method [16,17], the distance
discrimination method [18,19], etc., but the solution methods are usually cumbersome and
the generalisation ability of the established models is weak.

For the past few years, in light of the ongoing development of computer intelligence
technology, machine-learning-related methods have better applications in the area of
prediction, and other scholars have also conducted related research on rockburst prediction
using machine learning techniques. Zhou [20] and others used PSO-SVMs to establish
a long-term prediction model for rockbursts in underground caverns, and the results
showed that the method has strong robustness; Dong [21] and others employed a Random
Forest (RF) model of the underground rock project to forecast the likelihood of rockbursts
and the associated rockburst grade and compared the outcomes with those obtained
using the SVM and ANN methods; the findings indicate that the RF model is a viable
approach for forecasting the intensity of rockbursts; Wu Shunchuan et al. [22], based on
the principle of PCA-PNN to establish the rockburst intensity grading prediction model,
showed that the outcomes of the assessment indicate that the model convergence speed
is faster and the misjudgement rate is lower, and the prediction effect is more satisfactory.
Pu Yuanyuan et al. [23] used the t-SNE method to downscale 246 real rockburst data set,
and employed the clustering method to re-label the data, and then used the SVC to train
the model, so the findings of the final prediction results demonstrate that the method
has a strong generalisation ability, and the prediction accuracy is higher. Li et al. [24]
performed rockburst prediction using seven machine learning methods based on 314 real
cases of rockbursts, and the output showed that the integrated tree had superior prediction
performance compared to other ML models; Xue [25] and colleagues developed a PSO-
ELM rockburst intensity level prediction model, which they validated with 15 examples of
rockbursts at the Jiangbian Hydropower Station; the model exhibited superior predictive
capabilities, as evidenced by the results. Wang et al. [26] evaluated the learning ability of
Boosting and Bagging algorithms based on rockburst instance data and also used cross-
validation as a method of adjusting hyper-parameters and after analyses showed that the
Bagging method was the most effective for the prediction of the rockburst intensity level.
Ma et al. [27] established the Borderline-SMOTE 1-Adaboost model; with this method, to
a certain extent, the problem of data imbalance is solved, and the prediction accuracy is
higher after comparing with various models, and the model is applied in the forecasting of
rockburst intensity in the Qinling water tunnel, which provides a reference for the early
warning of rockburst disasters during the construction of deep buried tunnels. Ma et al. [28]
proposed the LightGBM-TCN-RF rockburst intensity level prediction model, which makes
the model able to predict the danger degree of rockburst characteristic variables, providing
a reference for the field of rock explosion prediction and monitoring.

All of these research methods mentioned above have achieved some success in rock-
burst prediction research and have certain advantages for specific problems while enriching
the disaster theory related to rockburst-prediction research. However, considering that
each algorithm inevitably has some shortcomings in practical engineering applications,
such as SVM, KNN and other models, the application of the model tends to be less robust,
and the model’s predicted performance in different regions, different geological condi-
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tions, different climates and other conditions of the differences in the performance of the
rockburst prediction of the differences exist, often with the input of the parameters of
the different changes. With the progress of machine learning technology, more and more
scholars are trying to integrate multiple models [29,30] to overcome the shortcomings of the
poor generalisation ability of a single model and have achieved some results. In the field of
rockburst prediction, several scholars have also made attempts to integrate models [31];
however, the generalisability of these models needs further research [32]. In this paper,
to address the limitations of the current research methodology and enhance the model’s
predictive power and generalisability, an NGO-CNN-BiGRU-Attention rockburst predic-
tion model based on intelligent optimisation algorithms and deep learning techniques is
proposed, which is trained based on 287 sets of real rockburst data in different regions,
under different geological conditions and at different times and is combined with RF, SVM,
KNN, ELM, CNN, BiGRU and CNN-BiGRU-Attention models; the findings demonstrate
that the NGO-CNN-BiGRU-Attention model exhibits greater prediction accuracy. In the
end, the model is validated using eight sets of real rockburst cases in the Daxiangling
Tunnel, and the results indicate that the model exhibits robust generalisation capacity and
is suitable for engineering applications.

2. Methods
2.1. Random Forest (RF)

Random Forest (RF) is an integrated learning algorithm; this algorithm predicts by
constructing multiple decision trees and combining them together (Figure 1) and therefore
effectively avoids the shortcomings of a single decision tree that is prone to overfitting [33].
The following is the detailed algorithmic flow of the Random Forest algorithm:
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Figure 1. Schematic diagram of RF structure.

Set the number of trees N and the number of randomly selected features m in each
tree, and prepare the training set data. Subsequently, the following steps are performed
cyclically for each tree n: (1) random sampling; (2) random selection of features; and
(3) construction of decision trees.

For the classification prediction problem of the rockburst intensity prediction, the RF
model uses voting, where the majority vote determines the final classification result:

ŷfinal = argmaxy∑
N
i=1 I(ŷ = y) (1)
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where N denotes the number of decision trees; the prediction for each tree is ŷi; and I(·) is
an indicator function.

2.2. Support Vector Machine (SVM)

The Support Vector Machine (SVM) model is commonly used as an efficient super-
vised learning model to deal with linearly differentiable and nonlinear problems [34]. It
transforms the initial data to a higher space by means of kernel function mapping, the
structure of which is shown in Figure 2. Its kernel function expression is as follows:

k(x, z) = exp

(
−∥x − z∥2

2σ2

)
(2)

with the introduction of the kernel function, the decision rule used by SVM for classification
becomes the following:

g(x) = sgn(
n

∑
i=1

aiyi(k(xi, x) + b) (3)
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A slack variable ξi is introduced to improve the fitness, while a penalty term C is
added to constrain the misclassification cases: minw,b

1
2∥w∥2 + C

n
∑

i=1
ξi

yi(wTxi + b) ≥ 1 − ξi, ξi ≥ 0, i = 1, 2, . . . , n
(4)

This is then converted to a dyadic problem:
wmax =

n
∑

i=1
ai −

1
2

n
∑

i=1,j=1
aiajyiyjk(xi, xj),

s.t.
n
∑

i=1
aiyi = 0, 0 ≤ ai ≤ C, i = 1, 2, . . . , n.

(5)

where ai and aj denote the Lagrange multipliers; yi and yj denote the training sample
categories, and yi, yj ∈ (0, 1); the penalty factor, C, is employed to quantify the intricacy
inherent to machine learning models. If this parameter is set too high, the model is prone to
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overfitting to the training data, which makes the SVM structure complex and reduces the
computational efficiency; if the parameter is set too low, it will make the SVM not sufficient
to capture the data features, resulting in underfitting.

2.3. KNN Algorithm

The KNN algorithm is a simple and powerful classification algorithm; for the samples
to be classified, it searches its pattern space [35] and finds the nearest K training samples as
its K-nearest neighbours according to the proximity of the samples and finally predicts the
type of the samples to be classified according to the K-nearest neighbours by using some
kind of voting strategy, and its structure is shown in Figure 3. The mathematical expressions
of its distance metric and classification prediction method are shown in Equations (6) and
(7), respectively:

dist(X1, X2) =

√
n

∑
i=1

(x1i − x2i)
2 (6)

where X1 and X2 are the eigenvectors of the two data points, x1i and x2i are their ith
eigenvalue, respectively, and n is the number of features.

ŷ = argmaxy

K

∑
i=1

I(yi = y) (7)

where ŷ is the predicted category, yi denotes the category of the ith nearest neighbour and
I( · ) represents the indicator function.
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2.4. Extreme Learning Machine (ELM)

The ELM classifier is a machine learning algorithm with better generalisation ability,
which is simple to implement, has faster training speed and has better generalisation ability
than traditional neural network methods [36], as shown in the mathematical expressions in
Equations (8)–(10):

The output H of the implicit layer can be obtained by Equation (8):

H = g(XW + b) (8)

Wo, the weights of the output layer of the ELM, can be calculated using (9):

Wo = (HT H + λI)
−1

HTY (9)
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The prediction results can be obtained using Equation (10):

Ŷ = g(X′W + b)Wo (10)

In the above equation, X denotes the input data matrix, W represents the weight from
the input layer to the hidden layer, the symbol b represents the bias vector of the hidden
layer, g( · ) represents the activation function, H represents the output of the hidden layer,
HT represents the transpose of the output matrix H, Y represents the labelling matrix of
the training data, λ denotes the regularisation parameter, I denotes the unit matrix, X′
denotes the new input data, H′ denotes the fixed output of the hidden layer, Wo stands for
the output weight obtained by the learning and Ŷ means the predicted output result.

2.5. Convolutional Neural Networks (CNNs)

CNN is a class of feedforward networks that include a deep structure and employ
convolutional computation [37], which is capable of capturing local patterns and features
in the data, and its main components include convolutional, pooling and fully connected
layers. Considering the uniqueness of the channel, the input of the lth layer of the CNN is
referred to as xl ∈ RHl×W l

, and the output obtained after xl has gone through the operations
of the lth layer is referred to as xl+1 ∈ RHl+1×W l+1

.
Convolutional layers extract features from the input using convolutional kernels,

convolutional neural networks generally require an increasing number of convolutional
kernels as the layers get deeper and deeper and the operation of convolution can be
represented by the following equation:

xl+1
il+1,jl+1 =

H

∑
i=0

W

∑
j=0

wi,j × xl
il+i ,jl+j (11)

where wi,j is the weights learnt by the convolution kernel and (il+1, jl+1) is the positional
coordinate of the convolution result and which needs to satisfy the following expression:

0 ≤ il+1 < Hl − H + 1
0 ≤ jl+1 < W l − W + 1

(12)

where H and W are the dimensions of the convolution kernel.
The role of the pooling layer is mainly feature dimensionality reduction, the prevention

of overfitting, feature invariance, etc. The pooling layer includes two kinds of average
pooling and maximum pooling. The expression for average pooling is as follows:

xl+1
il+1,jl+1 =

1
HW

H

∑
i=0

W

∑
j=0

xl
il×H+i,jl×W=j (13)

The expression for maximum pooling is as follows:

xl+1
il+1,jl+1 = max

0≤i<H,0≤j<W
xl

il×H+i,jl×W+j (14)

The fully connected layer maps feature representations into sample labels. It is a
feed-forward neural network:

xl+1 = f (wxl + b) (15)

In this context, f represents the activation function, w represents the weight matrix
and b represents the bias matrix.

2.6. Bidirectional Gated Recirculation Units (BiGRUs)

BiGRU is an improved model based on GRU, which consists of a pair of forward-
backward GRUs, where both GRUs simultaneously learn feature mapping from the forward
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and reverse directions [38] and extract the sequence features, and then, the two output
vectors from the forward and backward GRUs are concatenated to yield the final result.
Since the model is able to capture the information from forward and backward directions, it
is able to better understand the features and structures in the sequence and thus has higher
model efficiency, and the related principle is shown in Figure 4.
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When dealing with classification problems, BiGRU is usually used as a feature extractor
to convert sequence data into fixed-length feature vectors, which are then fed into a classifier
for classification.

(1) Calculate the hidden state sequence of BiGRU. The hidden state sequences are com-
puted separately for forward GRU and reverse GRU, and then, they are connected to
form the hidden state sequences of BiGRU, the mathematical expression of which is
shown below:

zt = σ(wz ∗ [ht−1, xt] + bz)
rt = σ(wr ∗ [ht−1, xt] + br)

h̃t = tanh(wh ∗ [rt ∗ ht−1, xt] + b)
ht = (1 − zt) ∗ ht−1 + zt ∗ h̃t

(16)

where zt is an update gate, rt is a hidden gate, xt denotes an input at moment t, h̃t
represents a candidate state at moment t, ht stands for a hidden state value at moment
t, wz represents the weight matrices of the corresponding update and wr represents
reset gates, respectively, while bz and br are their biases, respectively.

(2) Feature Extraction Process. Pooling operations, such as average pooling or maximum
pooling, are performed on the hidden layer, and the computational formulas are
given in (13) and (14), to convert the variable-length hidden state sequence into a
fixed-length feature vector.

(3) Classification of feature vectors. Its mathematical expression is as follows:

Output = softmax(Wfc · Feature + bfc) (17)

In the context of neural networks, the symbol Wfc represents the weight matrix of
the fully connected layer, while bfc denotes the bias vector, and solfmax is the activa-
tion function of the classifier, which is used to compute the probability distribution for
each category.
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2.7. Attention Mechanism

The core principle Attention mechanism is a series of weighted summation operations
to re-assign the feature weight coefficients according to the importance of the hidden
state [39], which has the ability of data screening and key information extraction, and
dynamically adjust the weights and thus has a strong advantage in dealing with nonlinear
and complexity problems. In this study, the Attention layer is added after the BiGRU
layer, because the Attention mechanism enables the model to identify key information
about rockbursts and ignore irrelevant information, improving the prediction accuracy.
The formula is as follows:

λt = tanh(wt ∗ ht + bt),
at =

exp(λt)
∑k=1 exp(λt)

,
vt = ∑t at ∗ ht

(18)

The hidden state after the BiGRU layer is designated as ht, λt is the new state, at is the
attention weights and vt is the new feature vector finally obtained.

2.8. Northern Goshawk Optimisation Algorithm (NGO)

The Northern Goshawk Algorithm (NGO) is a population-based optimisation al-
gorithm with the advantages of strong global search capability, fast convergence, good
robustness and flexibility. The NGO algorithm simulates the behaviour of the Northern
Goshawk throughout the process of the hunting process, including prey recognition and
attack, chase and escape [40], and establishes mathematical models based on the different
phases of the hunt, as shown in Figure 5.
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Figure 5. Schematic diagram of the optimisation algorithm for the Northern Eagle.

(1) Prey identification phase. The northern goshawk will randomly select a prey and then
quickly attack it. Its mathematical expression is shown below:

Pi = Xk, i = 1, 2, . . . , N, k = 1, 2, . . . , i − 1, i + 1, . . . , N (19)



Appl. Sci. 2024, 14, 5719 9 of 22

xnew,P1
i,j =

{
xi,j + q(pi,j − Exi,j), FPi < Fi
xi,j + q(xi,j − Epi,j), FPi ≥ Fi

(20)

Xi =

{
Xnew,p1

i , Fnew,p1
i < Fi

Xi, Fnew,p1
i ≥ Fi

(21)

where Pi represents the prey position corresponding to the ith hawk, N stands for the
sample length, k is a random integer that falls within the range [1, N] and not equal
to i; FPi is the value of the objective function, Fi is the value of the objective function
corresponding to the ith solution; Xi is the initial solution of the ith hawk, xi,jis the
value of the ith hawk in the jth dimension and xnew,P1

i,j denotes the value of the ith
northern hawk in the jth dimension in the 1st hunting phase; P1 is the 1st hunting
phase; Fnew,p1

i is the value of the objective function corresponding to the new solution;
and the parameter q and the parameter E are random parameters, where q is a random
number belonging to the intervals between the [0, 1], and E has the value 1 or 2.

(2) Pursuit and escape phase. After a northern goshawk has captured its prey, the
prey will often try to escape. During the chase, given the high speeds typically
exhibited by northern goshawks, they have the ability to capture prey in a variety of
situations. Assuming that the hunt is at an attack position at radius R at this point,
the mathematical expression is shown below:

xnew,P2
i,j = xi,j + R(2r − 1)xi,j (22)

R = 0.02
(

1 − t
T

)
(23)

Xi =

{
Xnew,p2

i , Fnew,p2
i < Fi

Xi, Fnew,p2
i ≥ Fi

(24)

where xnew,P2
i,j denotes the value of the jth dimension of the ith northern goshawk in

the 2nd hunting stage, and P2 represents the 2nd hunting stage; t denotes the current
number of iterations, T denotes the maximum number of iterations, respectively;
R stands for the radius of the attack; and Fnew,p2

i denotes the value of the objective
function for the stage.

2.9. CNN-BiGRU-Attention Hybrid Neural Network Model Based on NGO Optimisation
Algorithm

While CNN, BiGRU, Attention mechanism [41] and NGO algorithms have been
utilised in various domains, this study represents the first instance of integrating these
methods for predicting rockburst intensity. Furthermore, specific enhancements and opti-
misations were implemented to address potential limitations.

Given the sensitivity of the original CNN-BiGRU-Attention model to initial parameter
settings and its susceptibility to local optimal solutions during training, we propose a hybrid
neural network model that combines CNN-BiGRU-Attention with the NGO optimisation
algorithm.

This approach leverages CNN’s feature extraction capabilities, BiGRU’s proficiency in
time series modelling and the Attention mechanism’s ability to weigh important features
with the aim of enhancing accuracy and robustness in rockburst intensity prediction. The
Northern Goshawk Optimization Algorithm is employed for optimising hyperparameters
(such as the size of CNN’s convolutional kernel, number of GRU units and learning rate),
as well as weight initialisation. With its strong global search capabilities and adaptability to
complex prediction scenarios related to rockbursts, this optimisation algorithm effectively
improves the classification prediction results’ accuracy and reliability. The model structure
is shown in Figure 6:
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Specific operation steps:

• Data preprocessing: firstly, a sample library for data preprocessing and data partition-
ing must be established; the data set comprises 80% training data and 20% test data.

• Hyper-parameter optimisation: the objective function is defined as the prediction error,
and the NGO optimisation algorithm is employed to optimise the hyper-parameters
of the model.

• Data prediction: once the training package has been incorporated into the training
model, the latter will undergo a hyperparameter search conducted by the NGO. Once
this process has reached its conclusion, the model parameters will be established.
At this juncture, the data will then be fed into the CNN-BiGRU-Attention for the
prediction of rockburst intensity levels.

• Model evaluation: the accuracy, precision, recall and F1 score were employed as indi-
cators to assess the precision of the model’s predictions and to facilitate comparisons
and analyses with other prediction models.

3. Establishment of the Database
3.1. Data Sources

The study extensively collected data from domestic and international rockburst-related
engineering cases and used them to establish a rockburst database (Supplementary Ma-
terials). This database consists of 287 groups of data, including 8 groups of data from
Li et al. [24], 15 groups of data from Xue et al. [25], 7 groups of data from Wu et al. [42],
12 groups of data from Pu et al. [23], 108 groups of data from Long et al. [43] and 137 groups
of data from Afraei et al. [4], which are shown in Table 1.

In general, the selection of predictive indicators should meet the requirements of
easy access, strong representativeness and strong characteristics, so this study selected
the maximum tangential stress of the surrounding rock σθ (MPa), uniaxial compressive
strength of rock σc (MPa), tensile strength of rock σt (MPa), the stress ratio of rock σθ/σc,
rock brittleness ratio of rock σc/σt and elasticity and strain energy of the rock index Wet, six
quantitative indexes as a characteristic parameter for analysing the situation of rockbursts.
From the viewpoint of the geological structure of rockbursts, the maximum tangential
stress σθ (MPa) of the enclosing rock body is usually one of the main driving factors for
the occurrence of rockbursts. In contrast, although the main maximum (minimum) stress,
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equivalent stress and bias stress can also reflect the stress state, the maximum tangential
stress of the surrounding rock is more intuitive and direct in characterising the local stress
concentration and damage risk of the surrounding rock body. Many existing studies and
engineering practices have shown that the maximum tangential stress σθ (MPa) plays an
important role in rockburst prediction and stability analysis of the surrounding rock [3].
Also, rock uniaxial compressive strength σc (MPa) and rock tensile strength σt (MPa) can
better reflect the mechanical properties of the rock, in the actual situation of rockbursts have
been documented and can be used as a prediction and evaluation of rockburst indicators;
from the energy point of view, the rockburst is the energy of elastic stress to a certain degree
of energy accumulation after the rapid release of the results. Therefore, the rock elastic
strain energy index Wet was selected as a rockburst prediction index. In addition, the stress
ratio σθ/σc and rock brittleness ratio σc/σt are also proposed by many researchers to predict
the selection of rockburst strength indicators [44–46].

Table 1. Distribution of rockburst labelling in the database [4,23–25,42,43].

References Number of Cases
Rockburst Label

None Light Moderate Strong

Li et al. (2022) 8 0 3 3 2
Xue et al. (2020) 15 3 5 4 3
Wu et al. (2019) 7 0 1 5 1
Pu et al. (2019) 12 0 1 11 0

Long et al. (2024) 108 19 32 43 14
Afraei et al. (2019) 137 25 36 55 21

Total 287 47 78 121 41

In this paper, the rockburst rating criteria selected are a posteriori derived from the
rockburst intensity level proposed by Zhou et al. [20] (Table 2), which categorises the
intensity level into four distinct categories: None, Light, Moderate and Strong. Table 3
demonstrates the calculation of the statistical analysis metrics for each indicator (i.e.,
standard deviation, kurtosis, maximum, mean, median and range).

Table 2. Generic classification criteria for rock blast intensity.

Rockburst Label Sign Failure Characteristics

None rockburst I There is no sound of rock bursting or rock falling.

Light rockburst II The rock surrounding the area displays signs of spalling, cracking or striping.
There is no evidence of ejection, and the sound is weak.

Moderate rockburst III

The rocks surrounding the area exhibit significant deformation and fracturing,
resulting in loose rock chips and sudden destruction. This is often

accompanied by a crunchy squeaking sound, which is common in local
caverns within the surrounding rock.

Strong rockburst IV
The rocks surrounding the tunnel are severely fractured and suddenly

propelled into it, accompanied by strong bursts, roars, air jets and other storm
phenomena. This causes rapid expansion into the deep surrounding rocks.
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Table 3. Calculation of statistical analysis indicators for each indicator.

Parameters
Data Indicators

STD Kurt Max Min Mean Median Range

σθ (MPa) 32.65 0.85 167.20 2.60 43.61 49.50 164.60
σc (MPa) 53.63 1.08 306.58 15.00 100.54 112.50 291.58
σt (MPa) 4.47 1.50 22.60 0.38 5.16 5.20 22.22

σθ/σc 0.56 43.46 5.26 0.05 0.41 0.44 5.21
σc/σt 12.12 3.42 80.00 0.15 18.98 21.18 79.85
Wet 2.10 −0.62 10.57 0.85 3.93 4.63 9.72

3.2. Data Description and Analysis

The rockburst case datasets used in this study are all from reliable databases and can
be verified; the distribution of the rockburst class is shown in Figure 7, in which class I
samples are the least, for 47 cases, class II samples are 78 cases; class III samples are the
most, for 121 cases; and class IV samples are 41 cases. The fiddle diagram of the initial
dataset is shown in Figure 8. The fiddle diagram is a combination of densities, and its shape
can characterise the overall distribution of the data; a wider fiddle diagram indicates that
the data are more evenly distributed, and a narrower fiddle diagram indicates that the data
are more concentrated. The box line part in the middle of the violin diagram indicates the
median and interquartile range of the data, and the concentration of the scatter represents
the density of a certain value. By observing Figures 7 and 8, it can be found that there are
some category imbalances or sampling biases in this dataset, and the appearance of these
outliers may be related to the special working condition samples collected [47].
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Figure 8. Fiddle map of rockburst data distribution: (a) the maximum tangential stress of the
surrounding rock; (b) elasticity and strain energy of the rock index; (c) rock brittleness ratio of rock;
(d) tensile strength of rock; (e) the maximum tangential stress; (f) the stress ratio of rock.

3.3. Parameter Correlation Analysis

In order to assess the correlation among the six characteristic parameters of rockbursts,
a correlation analysis can be based on the Pearson correlation coefficient method [48] for
correlation analysis of the above sample data of rockburst prediction; the formula is shown
in Equation (25), and the results are shown in Figure 9. The magnitude of the absolute value
of the correlation coefficient can be employed to demonstrate the strength of the correlation.
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The shape of the ellipse indicates the strength of the correlation; the more rounded the
ellipse, the weaker the correlation, and the flatter the ellipse, the stronger the correlation.

r =

n
∑

i=1
(xi − x)(yi − y)√

n
∑

i=1
(xi − x)2 n

∑
i=1

(yi − y)2
(25)

where: x and y are the mean values of n test values, respectively; r ∈ [−1, 1].
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The diagonal position in Figure 9 is the histogram of the normal distribution of the
original dataset; in the normal distribution, the mean is the centre point of the data, and
the standard deviation determines the width of the curve [49] and can be a measure of the
degree of dispersion between the data points and the mean. A wider histogram indicates
that the standard deviation is larger, and otherwise, it is the opposite. As can be seen from
the figure, most of the data are more concentrated, and the number of data along both sides
of the mean gradually decreases, while the normal histogram of Wet is more abnormal,
which indicates that there are certain outliers in the sample and also reflects the existence
of a certain degree of uncertainty in Wet.

A correlation coefficient with an absolute value more than 0.5 implies a high degree of
correlation between the two features [50,51]. From Figure 9, we can see that the correlation
between σc and σt reaches 0.6388, which indicates that the correlation between the two is
strong, and it has been pointed out in the related literature [52] that there may be some
kind of connection between the two. The correlation between σc and Wet is as high as
0.6124, which explains to a certain extent that when the rock is subjected to high stress, a
large amount of elastic strain energy will be accumulated in its interior, and if the rock’s
compressive strength is lower and it cannot effectively resist the action of external stress,
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then the rock will be prone to occur. If the rock’s compressive strength is low and can not
effectively resist the role of external stress, then the rock is prone to damage [53], resulting
in an abrupt release of elastic strain energy, which may cause rockburst. σt and σc/σt have
a correlation of −0.5983, with a strong negative correlation, which indicates that the brittle
characteristics of the rock are closely related to rockbursts. The greater the brittleness of
the rockbursts, the higher the tendency to be higher [54,55]; in the presence of high stress,
the rocks with lower tensile strength and higher brittleness are more likely to be damaged
and prone to rockbursts. The correlation between the other features is weak, indicating
a strong independence between the features. In summary, the consequences of the data
correlation analysis are more consistent with the engineering reality, which further verifies
the reliability and authenticity of the dataset.

4. Prediction Results and Analysis

The eight rockburst intensity level prediction models in this study have differences,
so machine learning models are employed to predict the rockburst intensity level and to
compare the effectiveness and performance of the models.

4.1. Model Prediction Results

By inputting the test set into the rockburst intensity prediction classifier, the prediction
consequences of the classifiers of different models based on the test set can be obtained.
The confusion matrix, a table employed to assess the efficiency of a classification model, is
able to present the model’s prediction results in the context of the correspondence between
the real categories and the model’s predicted categories. Figure 10 illustrates the confusion
matrix corresponding to the classification prediction results of each model.
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4.2. Evaluation and Comparison of Model Prediction Performance

In order to assess the prediction efficiency and generalisation ability of different
rockburst intelligent prediction models, the study selected the Accuracy, Precision, Recall
and F1 Score to evaluate the evaluation performance of each method (26)–(29) [28], and the
calculated results are shown in Table 4.

Accuracy =
TP + TN

TP + FP + TN + FN
(26)

Precision =
TP

TP + FP
(27)

Recall =
TP

TP + FN
(28)

F1 = 2 × Precision × Recall
Precision + Recall

(29)

TP represents true positive, TN true negative, FP false positive and FN false negative.
Table 4 demonstrates the evaluation results of the different models, and it can be seen

that the best prediction performance is the NGO-CNN-BiGRU-Attention model with an
accuracy of 98.28%, which has a precision of 97.92%, a recall of 97.73% and an F1 score of
97.82%, which are higher than the other models. The order is CNN-BiGRU-Attention, RF,
BiGRU, ELM, CNN, KNN and SVM, with accuracies of 96.55%, 94.83%, 93.10%, 89.66%,
86.21%, 82.76% and 79.31%, respectively. It is not difficult to find that there is a difference
in the performance of traditional machine learning methods in the rockburst intensity level
prediction, which may be due to a single model with poor robustness. Since this study
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makes the model better able to capture the complex patterns of the data by combining
CNN and BiGRU and introduces the attention mechanism, the model’s attention and
prediction accuracy can be improved. In addition, the NGO algorithm facilitates the
model to better seize the global information. So, although the prediction performance of
the CNN-BiGRU-Attention rockburst prediction model shows good performance, with a
precision rate of 94.95%, a recall rate of 94.95% and an F1 score of 94.95%, there is still a
certain gap compared with the NGO-CNN-BiGRU-Attention model, which also reflects the
characteristics of the NGO algorithm’s automatic optimisation of the search effect being
good and having strong robustness.

Table 4. Evaluation of the performance of the models.

Model Accuracy Precision Recall F1 Score

NGO-CNN-BiGRU-Attention 98.28% 97.92% 97.73% 97.82%
CNN-BiGRU-Attention 96.55% 94.95% 94.95% 94.95%

RF 94.83% 94.68% 95.88% 95.28%
BiGRU 93.10% 93.73% 90.91% 92.30%
ELM 89.66% 90.65% 89.06% 89.85%
CNN 86.21% 84.85% 89.90% 87.30%
KNN 82.76% 82.51% 78.45% 80.43%
SVM 79.31% 77.78% 83.00% 80.31%

In conclusion, by comparing the predictive capabilities of various models, it is not
difficult to find that the NGO-CNN-BiGRU-Attention model, as a superior model, makes
the overall model have a stronger characterisation ability by combining a variety of deep
learning techniques and is able to forecast the intensity level of rockbursts with a high
accuracy rate and provides certain guiding significance for the research of rockburst disaster
prevention and control.

4.3. Feature Importance Analysis Based on SHAP Methodology

SHAP is a method employed to elucidate the rationale behind machine learning
predictive models [56], which is particularly applicable to black-box models. It determines
the extent to which each input variable contributes to the final prediction of the model by
using the concept of Shapley values. For the rockburst intensity level prediction problem,
the SHAP method can be employed to analyse the relative importance of sample features.
The specific results are presented in Figure 11.

The degree of feature importance can be used to demonstrate the extent to which each
feature affects the prediction results. As illustrated in Figure 11, each rectangle represents
the corresponding feature importance. The more important the feature, the taller the
rectangle; the less important the feature, the shorter the rectangle. It becomes apparent
that the characteristic importance of the elastic strain energy index Wet is the largest, 0.21,
indicating that the feature has the greatest impact on the intensity level of the rockburst;
the stress ratio σθ/σc feature importance is as high as 0.201, indicating that the feature
has a greater impact on the intensity level of the rockburst, and the feature and the elastic
strain energy index Wet are close to the characteristic importance of the feature; it can be
speculated that there may be a certain degree of correlation between these two features.
In addition, the maximum tangential stress σθ (MPa), rock uniaxial compressive strength
σc (MPa), rock tensile strength σt (MPa) and rock brittleness ratio σc/σt characteristic
importance are lower than the first two, but their impact on the intensity level of rockbursts
cannot be ignored. Therefore, these features should be taken into account in engineering
applications and research to make the prediction of rockburst intensity levels more reliable.
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5. Engineering Validation

The Daxiangling Tunnel is located in the south of Ya’an City, Sichuan Province, which
is the first longest tunnel under construction in Southwest China, with a maximum burial
depth of 1648 m. In this study, eight sets of data were selected from the rockburst data of the
Daxiangling Tunnel [57] to assess the rockburst hazard and were predicted using the NGO-
CNN-BiGRU-Attention rockburst intensity prediction model. Table 5 illustrates the findings
of the predictions, and all rockburst cases were predicted correctly, indicating that the
NGO-CNN-BiGRU-Attention model shows strong generalisation ability and engineering
practicability, which corroborates the previous conclusions.

Table 5. Prediction results of rock explosion cases in Daxiangling Tunnel.

No. σθ σc σt σθ/σc σc/σt Wet Actual Prediction

1 39.40 65.20 2.30 0.60 28.35 3.40 III III
2 38.20 71.40 3.40 0.54 21.00 3.60 III III
3 29.71 16.00 2.70 0.26 42.96 3.70 II II
4 29.10 94.00 2.60 0.31 36.15 3.20 II II
5 58.20 83.60 2.60 0.70 32.15 5.90 IV IV
6 57.20 80.60 2.50 0.71 32.24 5.50 IV IV
7 27.80 90.00 2.10 0.31 42.86 1.80 I I
8 25.70 59.70 1.30 0.43 45.92 1.70 I I

In order to further prove the effectiveness of the NGO-CNN-BiGRU-Attention model,
the prediction results of this model were compared with those of other models (see Table 6),
and the results showed that the accuracy of the NGO-CNN-BiGRU-Attention model was
the highest, thus indicating that the model is an effective rockburst prediction method.
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Table 6. Comparison of the accuracy of the models.

Model Accuracy

NGO-CNN-BiGRU-Attention 1
CNN-BiGRU-Attention 1

RF 0.875
BiGRU 0.875
ELM 0.875
CNN 0.75
KNN 0.75
SVM 0.625

The above results show that the NGO-CNN-BiGRU-Attention model has strong pre-
diction performance and generalisation ability in the area of rockburst intensity prediction,
but to some extent, the model still has certain deficiencies. Due to the different selections of
the sample library, the generalisation ability of the trained model varies; the contribution
of different predictors to the rockburst intensity level is different, and the performance of
the model will be influenced to some degree by the different predictors selected, so it is
necessary to further explore this effect in the research of rockburst prediction.

6. Conclusions

In the present study, for the rockburst intensity level prediction problem, eight machine
learning classification prediction models were established to predict the rockburst intensity
level, based on six evaluation indexes, and compared and analysed with other machine
learning prediction models. Furthermore, the study also utilised the SHAP method to
conduct a thorough analysis of the models to explain the affect or importance of each
feature on the prediction of the rockburst intensity level, and the final conclusions were
obtained as follows.

The study collected 287 sets of real rockburst data from different regions, geological
conditions and times to constitute a sample library for the machine learning prediction
model, which included six characteristic parameters, such as the maximum tangential
stress σθ(MPa), uniaxial compressive strength of rock σc(MPa), the tensile strength of rock
σt(MPa), stress ratio σθ/σc, brittleness ratio of rock σc/σt and elastic strain energy index
Wet, and it analysed the correlation between the different evaluation indexes using the
Pearson correlation coefficient method.

The study constructed eight machine learning classification prediction models based
on machine learning techniques and evaluated the prediction performance of each model
using calculations and found that the NGO-CNN-BiGRU-Attention model achieved an
accuracy of 0.98, which is the highest among all models tested, and the other models’
accuracies were, in order, 0.96 for CNN-BiGRU-Attention,0.94 for RF, 0.93 for BiGRU, 0.89
for ELM, 0.86 for CNN, 0.82 for KNN, and 0.79 for SVM. Since the NGO algorithm enables
the model to better capture the global information, although the CNN-BiGRU-Attention
rockburst prediction model shows good prediction performance, there is a certain level of
accuracy compared with the NGO-CNN-BiGRU-Attention model; this reflects the good
automatic optimisation and robustness of the NGO algorithm and also shows that the NGO-
CNN-BiGRU-Attention model has good performance in the area of rockburst intensity
level prediction, which can provide some guidance for related research.

For the prediction results of different models, the SHAP method was employed to
quantify the impact of different evaluation indexes on the intensity level of rockbursts, and
the results show that the elastic strain energy index Wet and stress ratio σθ/σc have the
greatest influence on the intensity level of rockbursts, and their characteristic importance
is as high as 0.21 and 0.201, respectively. For the other characteristics, although their
importance is not as high, they have a non-negligible influence on the intensity level of
rockbursts. The other features are not as important, but their influence on the intensity level
of the rockburst is not negligible. Therefore, these features should be taken into account in
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engineering applications and research to make the prediction of rockburst intensity levels
more reliable.

The NGO-CNN-BiGRU-Attention model is applied to eight sets of real rockburst cases
in the Daxiangling Tunnel, and the findings indicate that the model has excellent prediction
performance, strong generalisation ability and good engineering practicability, which can
be applied to the prediction of the rockburst intensity level in real engineering.
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NGO Northern Goshawk Optimisation Algorithm
σθ the maximum tangential stress of the surrounding rock
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