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Abstract

As mineral resource development moves deeper into the earth, mine dynamic disasters,
represented by rockbursts, occur frequently. Due to the combined effects of in situ rock
stress state and geostress conditions, it is difficult to obtain reliable prediction results using
traditional empirical criteria or single-index prediction methods. To address these issues,
this paper constructs a rockburst sample database based on the existing literature, including
maximum tangential stress, uniaxial compressive strength, uniaxial tensile strength, elastic
energy index, stress coefficient, and brittleness coefficient. Secondly, six typical machine
learning algorithms are selected for rockburst level classification research. Then, to address
the problem of imbalanced sample distribution, the SMOTE oversampling method is intro-
duced to balance the data, and Bayesian optimization and cross-validation are combined to
optimize the model hyperparameters. The results show that optimized XGBoost models
exhibit high accuracy and stability in rockburst level discrimination, and accuracy reached
0.7664, recall was 0.7664, macro-P was 0.7664, and macro-F1 was 0.7662. Furthermore,
taking the BO-XGBoost model as an example, the SHAP method is introduced to analyze
the interpretability of the model’s prediction results. The results show that the elastic en-
ergy index and stress-related indices are the main controlling factors affecting the intensity
of rockburst; they accounted for 25.75% and 22.68%, respectively. Based on the above
research results, this paper further explores the ideas for rockburst safety management
and prevention from the aspects of energy control, stress regulation, and optimization
of rock mass structural characteristics, providing theoretical basis and technical support
for the scientific formulation of rockburst risk identification, level prediction, and safety
prevention and control measures in deep underground engineering.

Keywords: rockburst prediction; machine learning; data oversampling; Bayesian optimiza-
tion; model interpretability

1. Introduction
As the development of deep mineral resources gradually extends towards greater

burial depths and higher stress levels, the phenomena of stress concentration and rapid
accumulation of elastic energy within the surrounding rock are becoming increasingly
significant, leading to frequent rock bursts and other rock dynamic disasters [1,2]. Rock
bursts are typically sudden and have a concentrated destructive range, often exhibiting
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characteristics such as instantaneous fracturing and violent rock fragment ejection [3,4],
posing a significant threat to life safety and equipment damage [5,6]. Therefore, conducting
reasonable prediction and reliable evaluation of rock burst tendency is of great significance
for the advanced identification of potential risk areas and mine production [4,7]. The incu-
bation and occurrence of rock bursts are jointly controlled by multiple factors, including
rock mechanical properties, the stress state of the original rock, rock mass structural charac-
teristics, and energy accumulation and release processes, exhibiting significant nonlinear
evolution and multi-source coupling characteristics. In complex deep engineering envi-
ronments, traditional methods based on empirical criteria or single indicators are difficult
to obtain accurate classification results [8,9]. Against this background, it is necessary to
conduct systematic research on rock burst tendency prediction to provide a theoretical basis
for the safety management and disaster prevention of deep underground engineering.

Early rockburst prediction mainly relied on empirical criteria and statistical analysis
methods, usually selecting a single or a small number of parameters as the basis for judg-
ment and then making a qualitative or semi-quantitative evaluation of the probability of
rockburst occurrence. Such methods are relatively convenient to obtain parameters and
have simple model structures, but single indicators are often difficult to fully characterize
the rockburst occurrence mechanism under complex engineering conditions. Therefore,
the prediction stability and generalization ability of such methods are limited to a certain
extent [10]. With the development of multi-index comprehensive discrimination methods,
some scholars have used mathematical models to analyze rockburst classification. For
example, Owusu-Ansah et al. [11] used the decision tree model to classify rockbursts.
Through comparison and analysis with various algorithms, it can be seen that the unified
decision tree model has advantages such as simple structure and strong interpretability
when dealing with rockburst classification problems. Sun et al. [12] proposed a rockburst
prediction method based on RF-CRITIC and improved cloud model. By optimizing the
weight of evaluation indicators and introducing microseismic parameters, the prediction
accuracy and applicability of the model were effectively improved. Hafiz et al. [13] con-
ducted research on rockburst prediction based on the KNN algorithm and pointed out
that the fit between the algorithm characteristics and the rockburst mechanical mechanism
is more important in improving the accuracy of rockburst classification. Hu et al. [14]
improved the normal cloud model in response to the fuzzy uncertainty in the rockburst
prediction process and improved the reliability of rockburst tendency evaluation by inte-
grating multiple weighting methods through game theory. Chuai et al. [15] constructed
a multi-index rockburst prediction model based on the analytic hierarchy process and
fuzzy mathematics theory, comprehensively introducing key factors about stress state and
surrounding rock structure. Xue et al. [16] significantly reduced the prediction error by
weighting based on rough set theory and combining it with the TOPSIS method. However,
due to the significant nonlinearity and multi-factor coupling characteristics of rockburst
itself, it is still difficult to construct a clear and unified mathematical expression model.

From the perspective of prediction time scale, rockburst prediction can be divided into
two categories: short-term prediction and long-term prediction [17,18]. Short-term predic-
tion usually relies on field monitoring methods, such as microseismic monitoring [19,20],
electromagnetic radiation monitoring and acoustic emission technology [21–23]. These
methods often achieve early warning by capturing the energy release characteristics before
rock mass fracture. For example, Zhao et al. [24] proposed a rockburst early warning
method that integrates chaotic feature extraction, Transformer prediction, and multi-level
feature fusion. Li et al. [25] established a coal–rock stress–electromagnetic radiation cou-
pling model, revealing the control mechanism of loading rate and stress on electromagnetic
radiation intensity and time-frequency evolution characteristics. In contrast, long-term
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prediction is more based on rock mass mechanical properties, geostress environment, and
engineering conditions [26–28]. In addition, numerical simulation and experimental re-
search methods are also widely used in rockburst mechanism analysis and prediction
research. For example, Papadopoulos et al. [29] constructed a synthetic dataset by integrat-
ing undersampling, oversampling, and numerical simulation methods, which effectively
alleviated the problems of sample imbalance and insufficient data. Ma et al. [30] established
a rockburst prediction model based on key geological structural parameters, providing
a new approach for accurate prediction of rockbursts in underground engineering. Liu
et al. [31] combined indoor experiments with improved PFC numerical simulation, pro-
viding an important basis for the coordinated design of cutting parameters and support in
the prevention and control of rockbursts in deep tunnels. Zhang et al. [32] systematically
revealed the key role of structural surfaces in controlling the location, intensity, and timing
of rockburst occurrence through numerical simulation and engineering examples. In addi-
tion, the finite element method, discrete element method, and other methods have made
some progress in revealing the rockburst incubation mechanism and disaster evolution
law. However, the results of numerical simulation are often affected by factors such as the
selection of constitutive models, the setting of boundary conditions, and the accuracy of
parameter inversion. Therefore, the relevant research results still have certain limitations
when applied to complex engineering sites.

In the context of big data, data-driven machine learning methods have gradually be-
come an important direction for rockburst tendency prediction [33,34]. Table 1 summarizes
some existing rockburst prediction models based on different machine learning algorithms
and rockburst case datasets. Compared with traditional rockburst classification models,
machine learning can automatically mine the nonlinear relationship between multi-source
influencing factors and rockburst level from historical engineering samples and has obvious
advantages in handling high-dimensional, multi-source, and uncertain data [35]. However,
different algorithms still differ in prediction accuracy and engineering applicability, and
some high-performance models still have the problem of “black box” operation, which
limits their application in rockburst prevention and control decision-making. Therefore, it
is necessary to introduce a variety of typical machine learning algorithms to carry out rock-
burst level comparative prediction and combine sample balancing, parameter optimization,
and model interpretation methods to improve the accuracy, stability, and interpretability
of rockburst prediction and provide technical support for rockburst risk assessment and
safety management in deep underground engineering.

Table 1. Rockburst prediction model developed based on the machine learning algorithms.

Machine Learning Algorithms Input Parameters Dataset Size Author (Year)

BN σθ , σc, σt, Wet 135 Li et al., 2017 [36]
GA-ELM σθ , σc, σt, Wet 30 Li et al., 2017 [37]

CM, NB, RF, KNN σθ , σc, σt, Wet, SCF, B1 246 Lin et al., 2018 [38]
GA-ENN, GEP, DT, C4.5 σθ , σc, σt, Wet 134 Shirani and Taheri, 2019 [39]

DT σθ/σc, σc/σt, We 132 Pu et al., 2018 [40]
C5.0 DT σθ/σc, σc/σt, Wet 174 Ghasemi et al., 2020 [41]

PSO-ELM σθ , σc, σt, σθ/σc, σc/σt, Wet 344 Xue et al., 2020 [42]
XGBoost, DT, SVM σθ , σc, σt, Wet 134 Shukla et al., 2021 [43]

BOA-SVM σθ/σc, σc/σt, Wet 120 Bao et al., 2023 [44]
BO-MLP-RF σθ , σc, σt, σθ/σc, σc/σt, Wet 301 Yan et al., 2024 [45]
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2. Methodology
2.1. Selection of Rockburst Classification Model

To fully exploit multi-source feature information and improve the accuracy and sta-
bility of rockburst classification results, this paper introduces six typical machine learning
methods: K-Nearest Neighbors (KNN), Support Vector Machine (SVM), Decision Tree
(DT), Random Forest (RF), Multilayer Perceptron Neural Network (MLPNN), and Extreme
Gradient Boosting (XGBoost). The schematic diagrams of these six algorithms are shown in
Figure 1. Through comparative analysis of the classification performance of different mod-
els, the applicability of each method in rockburst classification is systematically evaluated,
providing reliable technical support for rockburst prediction and risk assessment.

Figure 1. Principle diagrams of these six base learners.

For samples to be classified, KNN [46] calculates its distance to all samples in the
training set and selects the K samples with the smallest distance as its neighborhood set,
and then determines its category through weighted voting. A Support Vector Machine [47]
controls the impact of misclassified samples on the model through a penalty factor, which
enhances the generalization ability of the model while ensuring classification accuracy.
A Decision Tree [48] is a supervised learning method based on recursive partitioning of
feature space. Its modeling process divides the sample into several subsets layer by layer by
selecting the optimal partitioning features and thresholds, thereby forming a tree structure.
Random Forest [49] adopts the bootstrap sampling method to randomly extract samples
from the original dataset to construct training subsets during the training process. At the
same time, it randomly selects some features to participate in the optimal partitioning
when partitioning at each node, thereby enhancing the diversity of the model. Multilayer
Perceptron Neural Networks [50] consist of an input layer, several hidden layers and
an output layer. In the rockburst classification problem, this method can fully explore
the coupling relationship between various rock mechanical parameters and has a strong
expressive ability for complex nonlinear classification tasks. XGBoost [51] is an efficient
ensemble learning algorithm based on Gradient Boosting Decision Tree (GBDT). Its core
idea is to gradually build multiple weak classifiers in the form of an additive model, so
that the newly added model focuses on fitting the residual of the previous model.

Among the above models, KNN and SVMs are often suitable for classification prob-
lems under small sample conditions. DTs have strong rule interpretation ability and can be
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used to extract rockburst level discrimination rules. RF improves the stability and noise
resistance of the model through the ensemble strategy. MLPNNs can capture complex
nonlinear relationships. XGBoost shows comprehensive advantages in prediction accu-
racy, generalization ability, and complex feature processing. Considering that rockburst
prediction in deep underground engineering has the characteristics of limited sample size,
multi-factor coupling, and significant nonlinearity, this paper selects the above six typi-
cal classification algorithms for comparative analysis and further combines the Bayesian
optimization method to improve the model performance, so as to determine the optimal
classification model suitable for rockburst level identification.

2.2. Selection of Evaluation Indicators

To further compare the classification performance of different algorithms in rockburst
level identification, this paper selects several commonly used evaluation metrics to quanti-
tatively analyze the model performance, mainly including accuracy, precision, recall, and
F1 score [52].

Accuracy measures the overall correctness of the model’s predictions, representing
the proportion of correctly classified samples out of the total number of samples. In
binary classification problems, it can be calculated from true positives (TPs), true negatives
(TNs), false positives (FPs), and false negatives (FNs); in multi-class classification problems,
accuracy reflects the model’s overall classification performance across all samples.

Accuracy =
TP + TN

TP + FP + TN + FN
(1)

Precision primarily evaluates the reliability of model predictions, representing the
proportion of samples that are correctly classified into a certain category among all samples
predicted as belonging to that category.

Precision =
∑L

l=1 TPl

∑L
l=1 (TPl + FPl)

(2)

where TPl represents the number of positive samples whose Label is predicted as l and
correctly classified, and FPl represents the number of positive samples whose Label is
predicted as l and incorrectly classified.

Recall, on the other hand, focuses on the model’s ability to identify real samples,
representing the proportion of samples in a certain category that are correctly identified.

Recall =
∑L

l=1 TPl

∑L
l=1 (TPl + FNl)

(3)

where FNl is the number of samples whose true Label is l but which were assigned to
another class.

The F1 score is the harmonic mean of precision and recall, comprehensively reflecting
the model’s performance in both precision and recall. Its value ranges from 0 to 1, with a
higher value indicating better model performance.

F1 − score = 2 × Precision·Recall
Precision + Recall

(4)

In multi-class classification tasks, the aforementioned metrics can typically be cal-
culated using either the macro average or weighted average. Macro average calculates
the metric for each category separately and then takes the arithmetic mean, unaffected by
the number of samples in each category. Weighted average, on the other hand, weights
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the samples according to their respective number of samples. Since this paper balances
samples of different rockburst levels using oversampling, ensuring equal importance for
each category, macro average is used to evaluate the model’s classification performance.

3. Description and Preprocessing of the Dataset
3.1. Description of the Dataset

The classification accuracy of rockburst type identification models usually depends on
sufficient and reliable training samples. This paper systematically reviews and summarizes
relevant data from references [53] and finally selects 357 sets of rockburst sample data. The
data includes projects such as underground hydroelectric caverns, deep-buried tunnels, and
mine roadways. According to the degree of damage and characteristics of rockbursts, the
samples are divided into four levels: none rockburst, light rockburst, moderate rockburst,
and strong rockburst, corresponding to levels 0, 1, 2, and 3, respectively. Based on the above
classification criteria, the level distribution of the sample data is statistically analyzed, and
a schematic diagram of the sample number distribution is drawn, as shown in Figure 2.
The statistical results show that there were 55 groups with “none rockburst,” representing
approximately 15.41% of the total sample; 103 sets of samples experienced light rockburst,
accounting for approximately 28.85%; the largest number of samples experienced moderate
rockburst, totaling 133 sets, accounting for 37.25% of the total; and 66 sets of samples
experienced strong rockburst, accounting for approximately 18.49%. The descriptions and
classification standards for each rockburst level are shown in Table 2.

Figure 2. Distribution of the different rockburst levels.

This paper constructs a characteristic system for judging rockburst levels from multiple
perspectives, including stress conditions, rock strength characteristics, and energy and
brittleness features. Six representative parameters are selected as model input variables.
These characteristic parameters include: maximum tangential stress of the surrounding rock
(σθ), reflecting the degree of stress concentration in the engineering environment; uniaxial
compressive strength (σc) and uniaxial tensile strength (σt), characterizing the mechanical
bearing capacity of the rock itself; rock elastic energy index (Wet), depicting the energy
accumulation and release potential of the rock mass during loading; and two comprehensive
indices—stress coefficient (σθ/σc) and rock brittleness coefficient (σc/σt)—are introduced
to reflect the relationship between stress level and rock strength and brittleness.

The distribution characteristics of the six characteristic parameters in Figure 3 under
different rockburst levels show that, as the rockburst intensity increases, the indicators
generally exhibit a pattern of migration from low to high values and expansion from
concentration to dispersion. On the other hand, the distribution of the characteristic
indicators across different rockburst levels is not balanced. Low-level rockburst samples are
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mostly concentrated in the low-value region of the indicators, while medium- and strong-
intensity rockburst samples dominate the high-value region. Especially in parameters
such as maximum tangential stress, elastic energy index, and stress coefficient, high-level
rockburst samples exhibit obvious “long tail” and high dispersion characteristics, leading
to significant differences in distribution between levels. This imbalance of indicators places
higher demands on the feature weight allocation and model robustness of subsequent
rockburst level discrimination algorithms.

Table 2. Criteria for determining the severity of rockburst.

Rockburst Level Description Project Impact

None rockburst
During the excavation process, the surrounding
rock remained basically stable, with no obvious
noise, spalling, peeling, or rock fragment ejection.

It has virtually no impact on
construction.

Light rockburst

The surrounding rock showed minor cracks,
accompanied by cracking or slight popping
sounds; small rock fragments peeled off and flaked
off in some areas.

The impact on the support structure
is relatively small and can generally
be controlled by strengthening
monitoring and local support.

Moderate rockburst

The elastic energy accumulated inside the rock
mass was rapidly released, producing a distinct
cracking sound; the surrounding rock underwent
extensive fracturing and spalling.

It poses an obvious threat to
construction safety and requires
strengthened support and protective
measures.

Strong rockburst

The attack is sudden and accompanied by loud
noises and strong vibrations; a large number of
rock fragments are ejected at high speed, causing
serious damage to the surrounding rock.

It can cause casualties, equipment
damage, and serious engineering
accidents.

Figure 3. Violin plots of the dataset.

Figure 4 illustrates the correlations among the six characteristic parameters. Overall,
there are varying degrees of correlation among the parameters, but no severe multicollinear-
ity is observed. The maximum tangential stress and stress coefficient exhibit the strongest
positive correlation, with a correlation coefficient of 0.82. σθ also shows a certain positive
correlation with the elastic energy index, with a correlation coefficient of 0.45, indicating
that higher tangential stress is beneficial to the accumulation of elastic energy within the
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rock mass and is one of the important mechanical conditions in the rockburst incubation
process. The correlation coefficient between the uniaxial compressive strength and the
uniaxial tensile strength is 0.47. Meanwhile, the correlation coefficients between σc and
Wet are 0.43, and between σc and σθ/σc are −0.21, indicating a certain connection between
compressive strength and energy accumulation and stress coefficient, but the correlation is
not strong. Regarding brittleness-related indicators, the rock brittleness coefficient and the
uniaxial tensile strength show a strong negative correlation, with a correlation coefficient of
−0.64. In contrast, σc/σt shows relatively weak correlation with other feature parameters,
indicating that the brittleness coefficient is highly independent within the feature system.
Overall, the six feature parameters reflect rockburst occurrence conditions from aspects
such as stress level, rock strength, energy accumulation, and brittleness characteristics.
Although some parameters exhibit certain correlations, particularly σθ and σθ/σc, and
σt and σc/σt, the overall correlation coefficients do not reach a high level of redundancy.
This suggests that the selected features do not suffer from severe multicollinearity and can
provide comprehensive and complementary input information for subsequent rockburst
severity prediction models.

Figure 4. Correlation coefficients of various indicators.

Furthermore, the correlation between σc/σt and other indices is generally weak, sug-
gesting that the brittleness coefficient has strong independence within the characteristic
system, which helps improve the model’s ability to identify differences in rockburst in-
tensity. Comprehensive analysis shows that there is no serious multicollinearity problem
among the six characteristic parameters, and they all demonstrate different emphases in
their information contributions regarding stress, energy, strength, and brittleness.

By combining the scatter plots of various indicators (Figure 5), the distribution char-
acteristics of each indicator can be observed from multiple dimensions. First, the his-
togram distribution on the diagonal shows that most parameters have dense samples in
the low-value range, while the samples are relatively sparse in the high-value range. This
distribution pattern indicates that extreme stress, energy, or stress coefficient conditions
occur less frequently, but often correspond to higher intensity rockburst levels. Second,
low-level samples (none rockburst and moderate rockburst) are mostly concentrated in
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the core area of the feature space, with dense point clouds and a high degree of overlap;
while medium-intensity and strong rockburst samples gradually expand outward and
into the high-value area, forming a clearer boundary outline. In addition, multiple feature
combinations show potential advantages in distinguishing rockburst levels. For example,
when stress or energy-related indicators are combined with strength or brittleness indi-
cators, high-level rockburst samples are more likely to be distributed in specific areas of
two-dimensional space, while low-level samples are less likely to appear in these areas. Fur-
thermore, a small number of outliers can still be seen in the scatter plot distribution, mainly
appearing in high-level rockburst samples, reflecting the complexity and uncertainty of the
rockburst generation mechanism under actual engineering conditions.

Figure 5. Scatter plots and statistical distributions of each indicator.

Against this backdrop, it is essential to introduce oversampling methods to balance
the data. By expanding the minority class samples, the density of medium-intensity and
strong rockburst samples in high-dimensional space can be enhanced, allowing them to
form a more continuous and complete clustering structure in the joint distribution of
multiple features. Simultaneously, data balancing can also reduce the model’s sensitivity
to local outliers to some extent. By increasing the representativeness of minority class
samples in the feature space, the model no longer overly relies on individual extreme points
to characterize high-intensity rockburst features during training, thereby improving the
stability and generalization ability of the overall classification results.
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3.2. Preprocessing of Raw Data

In cases of unbalanced sample distribution, the traditional simple replication of mi-
nority class samples is prone to model overfitting and is difficult to realistically depict the
distribution structure of different class samples in the feature space. To this end, this paper
further introduces the SMOTE (Synthetic Minority Over-sampling Technique) oversam-
pling method [54] to synthesize and expand minority class samples, thereby improving the
balance of data distribution. The basic principle of SMOTE can be intuitively understood
by referring to Figure 6: In the original sample space, different class samples are discretely
distributed, among which the minority class samples (Class B samples in the figure) are
few in number and the distribution area is relatively isolated. SMOTE does not simply
repeat the existing minority class samples, but takes a certain minority class sample as the
benchmark, finds several nearest neighbor samples of the same class in its feature space,
and then generates new synthetic sample points in the direction of the line connecting the
sample and its neighboring samples through linear interpolation. The newly added polygo-
nal samples on the right side of the figure represent the synthetic samples obtained by this
interpolation method, which are distributed among the original minority class samples.
In this way, SMOTE effectively fills in the “gap regions” between minority class samples,
avoiding the sample overlap problem caused by simple duplication, while enhancing the
representativeness of the minority class in the feature space.

Figure 6. The basic principle of SMOTE oversampling.

To further verify the effect of SMOTE oversampling on improving the distribution
structure of minority class samples in the feature space, this paper compares and analyzes
the distribution of the original data and the samples processed by SMOTE. Compared
with the original data, the samples generated by SMOTE can expand better along the
original minority class sample distribution direction in most feature dimensions, making
the distribution in the feature space more continuous and smoother. SMOTE does not
destroy the statistical characteristics of the original data, but enhances the expressive
power of minority class samples in the multi-dimensional feature space while maintaining
the consistency of the distribution shape, providing a more reasonable data foundation
for the stable training and generalization performance improvement of the subsequent
classification model.

4. Rockburst Tendency Classification Model
4.1. Analysis Flow of Rockburst Classification Algorithm

Rockburst is a complex dynamic disaster influenced by multiple factors, including
stress environment, rock mechanical properties, and energy evolution. Single indicators or
empirical criteria are insufficient to comprehensively reflect the differences in rockburst
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intensity. Therefore, it is necessary to utilize multi-feature-driven machine learning methods
for quantitative identification and comprehensive judgment of rockburst levels. The specific
steps are as follows, and the flowchart is shown in Figure 7.

Figure 7. Flowchart of the proposed approach.

Step 1: Sample construction and feature selection. First, collect and organize rockburst
samples from existing engineering examples and literature. Based on this, select representa-
tive feature indicators from aspects such as stress conditions, rock strength characteristics,
and energy and brittleness characteristics to construct the input feature system for the
rockburst classification model.

Step 2: Data preprocessing and sample balancing. Considering the imbalance in
the number of samples for different rockburst levels, an oversampling method is used to
expand the minority class samples.

Step 3: Training and test set splitting. The preprocessed dataset is divided into training
and test sets according to a certain ratio, with the training set accounting for 80% and the
test set accounting for 20%.

Step 4: Model construction and training. Multiple rockburst classification models
are constructed on the training set and trained using ten-fold cross-validation. Cross-
validation can fully utilize limited sample data, effectively reduce the random errors caused
by random partitioning, and thus obtain more stable model performance evaluation results.

Step 5: Hyperparameter optimization. To further improve model performance, a
Bayesian optimization method is introduced to automatically search for model hyperpa-
rameters. By iteratively updating the parameter space, the optimal parameter combination
is obtained, allowing the classification model to achieve its best performance on the training
set.
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Step 6: Model evaluation and comparative analysis. The classification results of each
model are evaluated using the test set. Evaluation metrics such as accuracy, precision,
recall, and F1 score are employed to compare and analyze different models in terms of
overall performance and the ability to identify each category, comprehensively judging
their merits.

Step 7: Determination and discussion of the optimal model. Considering the classifica-
tion performance and stability of the models on the test set, the best-performing rockburst
classification model is selected as the final result for rockburst level discrimination analysis.
This model can provide reliable technical support for the identification and prevention of
rockburst risks in engineering practice.

4.2. Determination of Hyperparameters

Hyperparameters are parameters that need to be manually set before model training
begins. They are mainly used to control the model structure or learning process. Their
values are not directly learned from training data but are configured based on the spe-
cific task and dataset. Common optimization methods for determining hyperparameters
include grid search, random search, and Bayesian optimization. Grid search relies on
a pre-defined search range and step size, requiring extensive model training when the
model contains multiple hyperparameters or has a large parameter value space. Random
search reduces the number of parameter combinations traversed through random sam-
pling, offering advantages in high-dimensional parameter spaces; however, each sample is
independent, making it difficult to effectively guide subsequent search directions. Evolu-
tionary algorithms (such as genetic algorithms) optimize parameters by simulating natural
selection, crossover, and mutation processes, possessing strong global search capabilities
and handling complex nonlinear optimization problems. However, these methods typically
require large population sizes and multiple iterations, increasing computational burden
when model training costs are already high. In contrast, Bayesian optimization can more
efficiently approximate the optimal parameter solution with a limited number of evalua-
tions, making it more suitable for optimization problems involving complex models and
high-dimensional parameter spaces. Therefore, this paper chooses Bayesian optimization
to optimize the model’s hyperparameters.

Bayesian optimization is a global optimization strategy oriented towards a black-box
objective function. Its core idea is to use a probabilistic model to characterize the latent
distribution characteristics of the objective function during the optimization process. This
method first constructs a prior model of the objective function based on existing samples
(usually using a Gaussian process). Then, it continuously updates the posterior distribution
by incorporating newly acquired observations. By using a sampling function to achieve
a balance between “exploration” and “utilization,” it gradually determines the next set
of most promising parameter values. Through continuous iterative updates to the model
and sampling points, an approximate optimal solution to the objective function is finally
obtained. The hyperparameter selection and optimal values for the six algorithms are
shown in Table 3.

Table 3. Hyperparameter selection and optimal values for six algorithms.

ML Algorithms Hyperparameters Scope of Values Optimal Values

KNN n_neighbors (1, 10) 3

SVM
Penalty coefficient C (0.001, 10) 5.05

gamma (0.001, 1) 0.44
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Table 3. Cont.

ML Algorithms Hyperparameters Scope of Values Optimal Values

DT
max_depth (1, 10) 7

min_samples_split (2, 10) 6
min_samples_leaf (1, 10) 2

RF
n_estimators (10, 300) 46
max_depth (10, 100) 10

min_samples_split (2, 10) 7

MLPNN
hidden_layer_sizes (1, 20) 12

activation (100, 1000) 964

XGBoost

n_estimators (10, 300) 284
max_depth (1, 10) 4

learning_rate (0.001, 1) 0.2
subsample (0.1, 1) 0.5
reg_alpha (0.1, 1) 0.3

reg_lambda (0.1, 1) 0.8

5. Discussions
5.1. Confusion Matrices and Results of Each Model on Test Set

From the overall distribution of the confusion matrix, as shown in Figure 8, the
algorithms generally outperformed the intermediate levels in identifying none rockburst
(level 0) and strong rockburst (level 3). Most models’ predictions for level 0 samples were
concentrated on the diagonal, with few misclassifications, indicating strong separability of
none rockburst samples in the feature space. Similarly, the identification accuracy for strong
rockburst samples was high, with only a small number misclassified as moderate rockburst
(level 2), suggesting that high-intensity rockbursts have prominent characteristics in terms
of stress, energy, and brittleness. In contrast, the confusion between light rockburst (level 1)
and moderate rockburst (level 2) was more pronounced, with some samples misclassifying
between the two classes, reflecting a certain overlap in the feature distribution of these
two levels, which is also a major challenge in rockburst level discrimination.

The quantitative evaluation results show significant differences in classification perfor-
mance among different models (Table 4). The BO-XGBoost model performed best, achieving
an accuracy of 0.7664, a macro-P of 0.7664, and a macro-F1 of 0.7662. This indicates that the
model not only has high overall classification accuracy but also exhibits relatively balanced
recognition capabilities across different rockburst levels, demonstrating strong consistency
and stability. BO-RF performed second best, with an accuracy and macro-F1 of 0.7290
and 0.7281, respectively, showing good classification stability, but still lagging behind BO-
XGBoost. BO-KNN and BO-SVM performed at a moderate level, with accuracies of 0.7009
and 0.7103, respectively. Their macro-average indicators were quite similar, indicating
that they possessed some recognition ability for each category after balancing, but their
overall stability was lower than that of the ensemble model. In comparison, BO-DT and
BO-MLPNN performed relatively poorly in classification, with accuracies of 0.6636 and
0.6822, respectively. The misclassification of intermediate-level samples in the confusion
matrix was particularly prominent, indicating that single decision structures or shallow
neural networks have certain limitations in characterizing the complex nonlinear features
of rockbursts.
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Figure 8. Confusion matrices of each model on test set.

Table 4. The quantitative evaluation results of six models.

ML Algorithms Accuracy Macro-P Macro-R Macro-F1

BO-KNN 0.7009 0.6989 0.7026 0.6941
BO-SVM 0.7103 0.7193 0.7087 0.7129
BO-DT 0.6636 0.6558 0.6606 0.6499
BO-RF 0.7290 0.7285 0.7279 0.7281

BO-MLPNN 0.6822 0.6819 0.6807 0.6779
BO-XGBoost 0.7664 0.7664 0.7664 0.7662
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Analysis of the confusion matrix and evaluation metrics reveals that the Bayesian-
optimized ensemble learning models demonstrate significant advantages in rockburst
classification, particularly BO-XGBoost and BO-RF, which maintain high overall accuracy
while exhibiting good recognition capabilities for each rockburst level. Among these,
BO-XGBoost achieves the best results in accuracy, macro-average precision, and macro-
average F1 score, making it the preferred model for rockburst classification in this paper
and providing more reliable technical support for rockburst risk identification and level
determination in engineering practice.

5.2. Hyperparameters Tuning Process

Taking the BO-XGBoost model as an example, the iterative results of its hyperpa-
rameter optimization process are analyzed, as shown in Figure 9. The figure shows the
change trajectory of the key hyperparameters of XGBoost during 200 optimization itera-
tions. Overall, each hyperparameter showed significant fluctuations in the early stages of
iteration, indicating that the optimization algorithm conducted a thorough search within a
wide parameter space to explore the impact of different parameter combinations on model
performance. Specifically, n_estimators showed large fluctuations in the early stages, with
values fluctuating frequently within a wide range; as the number of iterations increased,
its values gradually concentrated around 180–230, with a few still showing relatively high
values in the later stages, indicating that the model’s search for the number of trees grad-
ually stabilized. max_depth fluctuated significantly in the early stages and then mainly
concentrated in the range of 7–9, indicating that a deeper tree structure is more conducive
to characterizing the complex nonlinear relationship between rockburst level and input
features. learning_rate showed a trend of concentrating from a large range of searches to a
smaller value range in logarithmic coordinates and mainly stabilized around 10−2 in the
later stages, indicating that a smaller learning rate helps improve the stability of the model
training process. Regarding the regularization parameter, ‘reg_alpha’ remained highly
volatile throughout the iterations, indicating that the impact of L1 regularization strength
on model performance is complex, and the optimization process did not show a clear
monotonic convergence trend. In contrast, ‘reg_lambda’ gradually concentrated around
0.35–0.40 in the mid-to-late stages, suggesting that moderate L2 regularization helps control
model complexity and improve generalization ability. Furthermore, ‘subsample’ fluctuated
significantly in the early stages, then generally decreased and gradually stabilized in the
range of approximately 0.30–0.40, indicating that under the current dataset conditions,
moderately reducing the sample sampling ratio can enhance the randomness of the model,
thereby improving its generalization performance. Overall, the hyperparameter optimiza-
tion process of BO-XGBoost went through a process of extensive exploration in the early
stages to local stability in the later stages, demonstrating that the optimization algorithm
can effectively search for optimal parameter regions and support the improvement of
model performance.

Comprehensive analysis shows that by combining Bayesian optimization and cross-
validation, the BO-XGBoost model can quickly obtain a high-performance and stable
combination of hyperparameters within a limited number of iterations, providing a reliable
model configuration basis for subsequent rockburst level classification and further demon-
strating the rationality and effectiveness of the hyperparameter optimization strategy
adopted in this paper.
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Figure 9. Hyperparameter tuning process of XGBoost model.

5.3. Evaluation and Comparison of Six Classifiers

To further evaluate the performance of different rockburst classification models from
the perspective of probabilistic discriminative ability, this paper plots the ROC curves of BO-
KNN, BO-SVM, BO-DT, BO-RF, BO-MLPNN, and BO-XGBoost under a multi-classification
task and calculates the micro-average AUC value for each rockburst level, as shown in
Figure 10. The closer the AUC value is to 1, the stronger the model’s ability to distinguish
samples of different rockburst levels; the closer the ROC curve is to the upper left corner,
the better the model’s overall classification performance.

From the overall results, the ROC curves of all six models are significantly higher
than the random classification baseline, indicating that each model has a certain ability
to identify rockburst levels, but there are still differences in discriminative performance
among different models. Among them, BO-XGBoost has the best overall performance, with
a micro-average AUC of 0.9351, significantly higher than the other models, indicating that
it has the strongest overall discriminative ability across the four rockburst levels. The micro-
average AUC of BO-RF is 0.9090, second only to BO-XGBoost, indicating that the random
forest model also has good stability and generalization ability within the ensemble learning
framework. In contrast, the micro-average AUCs of BO-KNN, BO-DT, and BO-MLPNN
are 0.8612, 0.8619, and 0.8690, respectively, showing relatively weak overall discriminative
ability; the micro-average AUC of BO-SVM is 0.8891, at a moderate level.

From the AUC results for different rockburst levels, all six models generally have
strong recognition ability for non-rockburst samples (Class 0), with AUC values all above
0.92. Among them, BO-XGBoost achieves the most outstanding performance with an AUC
of 0.9894 for Class 0, indicating that this model can accurately distinguish non-rockburst
samples from other levels of samples. For strong rockburst samples (Class 3), all models
demonstrated good discriminative ability. The AUCs of BO-SVM, BO-RF, and BO-XGBoost
reached 0.9523, 0.9676, and 0.9370, respectively, indicating that strong rockburst samples
have significant distinguishing features in the feature space, and the models can easily
capture their discrimination boundaries. In contrast, the identification of light rockburst
(Class 1) and moderate rockburst (Class 2) is relatively more difficult. The AUCs of models
such as BO-KNN, BO-SVM, and BO-MLPNN for Class 1 and Class 2 are mostly around
0.76–0.80, indicating some feature overlap between these two classes and relatively limited
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model discriminative ability. BO-DT’s AUC for Class 2 is only 0.7106, indicating that a
single decision tree model is significantly insufficient in identifying moderate rockburst.
After integrating multiple decision trees, BO-RF improved the AUC for Class 2 to 0.8248,
indicating that the ensemble strategy can improve the discrimination performance of
intermediate-level rockburst to some extent. BO-XGBoost achieved AUCs of 0.9361 and
0.8442 for Class 1 and Class 2, respectively, both outperforming most comparative models,
demonstrating its stronger ability to distinguish between light and moderate rockburst
samples.

Figure 10. ROC curves and AUC values of six classifiers.

Overall, BO-XGBoost maintained high AUC values across all rockburst levels, showing
a significant advantage in Class 0 and Class 1 identification. Furthermore, its micro-average
AUC was the highest, indicating that the model can effectively identify samples with clear
boundary features, such as none rockburst and strong rockburst, and also distinguish
easily confused categories such as light and moderate rockburst. In comparison, BO-
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KNN, BO-DT, and BO-MLPNN have certain shortcomings in identifying intermediate-level
samples. While BO-SVM and BO-RF have better overall performance, their comprehensive
discriminative ability is still lower than that of BO-XGBoost. Therefore, BO-XGBoost
demonstrates superior probabilistic discriminative ability, class differentiation ability, and
overall generalization performance in the multi-class prediction task of rockburst level.

5.4. SHAP-Based Model Interpretability Analysis

To further reveal the decision-making mechanism of the BO-XGBoost model in the
rockburst level discrimination process, this paper introduces the SHAP (Shapley Additive
Explanations) method to analyze the interpretability of the model output, as shown in
Figure 11. The SHAP value quantitatively characterizes the direction and intensity of
each input variable’s contribution to the prediction result of a specific rockburst level:
a positive SHAP value indicates that the feature value drives the model towards the
corresponding rockburst level, while a negative SHAP value indicates that it inhibits the
model’s discrimination of that level; the larger the absolute value, the more significant the
influence of the feature on the model output.

From the global SHAP feature importance results, it can be seen that the contributions
of the six input parameters to the discrimination results of the BO-XGBoost model are
significantly different, as shown in Figure 12. Among them, the elastic energy index (Wet)
has the highest contribution, accounting for 25.75% of the SHAP importance, indicating
that it is the primary controlling factor affecting rockburst level discrimination. Secondly,
the stress coefficient σθ/σc accounting for 22.68% of the importance indicates that the stress
concentration of the surrounding rock also plays a crucial role in the model’s decision-
making. The brittleness coefficients σc/σt, maximum tangential stress σθ , uniaxial tensile
strength σt, and uniaxial compressive strength σc account for 16.15%, 14.42%, 10.92%, and
10.08% of the importance, respectively. Overall, the model’s determination of rockburst
severity is mainly controlled by the energy accumulation state, stress concentration, and
rock brittleness characteristics. Among these, Wet, σθ/σc, and σc/σt contribute over 60%
cumulatively and are the core input variables for the BO-XGBoost model in identifying
rockburst severity.

The SHAP distributions for different rockburst levels further reveal a clear level-
dependent contribution direction for each feature. For Level 0 (none rockburst), high
values of σθ/σc and Wet are mostly distributed in the negative SHAP region, while low-
value samples are more likely to appear in the positive SHAP region, indicating that low
stress concentration and low energy accumulation are more conducive to the model’s
classification as none rockburst. As σθ/σc and Wet increases, the model’s support for the no-
rockburst level weakens significantly. This result is consistent with the physical mechanism
that rockburst generation requires a certain stress reserve and energy accumulation.

For Level 1 (moderate rockburst), Wet still exhibits the widest SHAP distribution
range, indicating its strong influence on the classification of moderate rockburst. In the
figure, samples with lower Wet are more likely to produce positive SHAP contributions,
while higher Wet mostly show negative contributions, indicating that moderate rockbursts
typically correspond to relatively limited energy release levels. Meanwhile, the other
features are mainly concentrated near zero, indicating that the discrimination of moderate
rockbursts is not dominated by a single parameter, but is influenced by the coupling of
multiple factors.
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Figure 11. Model interpretability analysis based on BO-XGBoost-SHAP.
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Figure 12. Feature index SHAP importance ranking.

For Level 2 (moderate rockburst), the SHAP distribution range of σθ/σc, Wet, and
σc/σt significantly expands, and the distribution of high eigenvalues in the positive SHAP
region increases, indicating that as the rockburst intensity increases, the positive driving
effect of stress concentration, energy accumulation, and rock mass brittleness on the model’s
discrimination results gradually strengthens. In particular, high values of σθ/σc and Wet

significantly increase the model’s tendency to classify samples as moderate rockburst,
indicating that the formation of moderate rockburst is closely related to higher stress levels
and elastic energy reserves.

For Level 3 (strong rockburst), the contribution of Wet is most prominent. High Wet

samples are clearly concentrated in the positive SHAP region, while low Wet samples are
mainly located in the negative SHAP region, indicating that high elastic energy accumu-
lation is the most important criterion for the model to identify strong rockburst. High
features of σθ/σc and σθ also largely correspond to positive SHAP values, indicating that
high-geostress environments and strong stress concentrations significantly increase the
probability of strong rockburst. In contrast, while other values also participate in model
decision-making, their SHAP distributions are more dispersed, suggesting that the occur-
rence of strong rockburst is not solely determined by rock strength parameters, but is jointly
controlled by energy reserves, stress state, and rock mass mechanical properties.

In summary, the BO-XGBoost model demonstrates good physical interpretability in
determining rockburst levels. Low-level rockburst mainly correspond to low energy accu-
mulation and low stress concentration, while medium- and high-level rockburst exhibit
significant high Wet, high σθ/σc, and high σθ driving characteristics. The global importance
and classification SHAP distribution results together indicate that the elastic energy index,
stress concentration, and brittle characteristics are the key controlling factors for rockburst
grade identification. These results not only validate the reliability of the BO-XGBoost
model in rockburst grade prediction but also further demonstrate that the model can effec-
tively capture the nonlinear coupling relationship between “energy accumulation—stress
concentration—brittle failure” during rockburst incubation.

Comparison of SHAP distributions across different rockburst levels reveals that in
low-intensity rockburst samples (none rockburst and moderate rockburst), the SHAP
values of each feature are generally concentrated near zero, indicating that the model’s
discrimination of this type of sample relies on the combined effect of multiple features.
However, in moderate and strong rockburst samples, the SHAP values of Wet, σθ , and
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σθ/σc significantly expand positively, indicating that these indices play a dominant role in
identifying high-intensity rockbursts.

5.5. Reflections on Safety Management Based on BO-XGBoost-SHAP Analysis Results

From a safety management perspective, the SHAP interpretability analysis of the
BO-XGBoost model not only reveals the main influencing factors for rockburst severity
assessment but also provides a basis for on-site risk management, early warning classifi-
cation, and the formulation of prevention and control measures. According to the global
importance results of SHAP, the elastic energy index, stress coefficient, and brittleness
coefficient are the main factors affecting the model’s assessment results, contributing over
60% cumulatively. This indicates that rockburst risk management cannot rely solely on a
single strength index but should focus on dynamic control throughout the entire process,
considering surrounding rock energy accumulation, stress concentration, and the brittle
characteristics of the rock mass.

Firstly, the elastic energy index has the highest importance in the model, indicating that
energy accumulation is a key factor in the escalation of rockburst risk. During construction,
information such as microseismic monitoring, energy release rate, event frequency, and
seismic source concentration can be used to identify areas of rapid energy accumulation
or abnormal release. If monitoring results show a continuous increase in the surrounding
rock energy level, timely measures should be taken, such as controlling the excavation step
distance, reducing blasting disturbance, adjusting the construction pace, and implementing
pre-splitting blasting or deep-hole pressure-relief blasting, to prevent the continuous accu-
mulation and sudden release of energy in localized areas. For areas with high rockburst
risk, specific construction plans and emergency response plans should be developed in
advance to reduce the exposure time of personnel and equipment in high-risk areas.

Secondly, the stress coefficient and the maximum tangential stress also contribute
significantly to model decision-making, indicating that high stress concentration is a crucial
factor in the occurrence and intensity enhancement of rockburst. Therefore, safety manage-
ment should strengthen the identification, classification, and tracking control of high stress
concentration areas. For high-stress areas, a risk assessment should be conducted before
excavation to optimize roadway layout, cross-sectional shape, and excavation sequence,
minimizing local stress concentration. During construction, support parameters and stress
relief measures should be dynamically adjusted based on monitoring results. For areas
with significant stress concentration, abnormal surrounding rock deformation, or increased
microseismic activity, proactive control measures such as stress relief holes, stress relief
trenches, and stress relief roadways should be implemented promptly, and the frequency
of on-site inspections should be increased to prevent rockburst risks from developing from
local anomalies into sudden disasters.

Furthermore, although rock strength and brittleness-related indicators rank relatively
low in overall importance, they still play a crucial role in determining the boundaries of
rockburst severity. For brittle rock formations with low tensile strength, safety management
should avoid relying solely on rigid supports. Instead, support systems with energy absorp-
tion, pressure relief, and coordinated deformation capabilities should be employed, such as
high-prestressed anchor cables, pressure-relief anchors, energy-absorbing components, and
combined steel arch and shotcrete support, to improve the impact resistance of the rock-
support system. Simultaneously, differentiated support designs should be implemented
based on the mechanical properties of the surrounding rock and the rockburst risk level to
avoid using the same support standard for different risk areas.

In summary, based on the SHAP analysis results, a rockburst safety management
approach can be established, prioritizing energy monitoring, focusing on stress control, and
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supplementing with lithology identification. For low-risk areas, routine monitoring and
normal support should be the primary methods. For medium-risk areas with high energy
accumulation or significant stress concentration, monitoring frequency should be increased
and local pressure relief and support reinforcement should be implemented in advance.
For high-energy, high-stress, and brittle rockburst risk areas, comprehensive prevention
and control measures combining “advanced early warning, active pressure relief, energy-
absorbing support, construction control, and emergency preparedness” should be adopted.
This management approach can transform model interpretation results into actionable risk
control measures on-site, thereby enhancing the engineering application value of rockburst
prediction results and providing a scientific basis for safe construction and risk classification
management of deep underground engineering.

5.6. Limitations

(1) Limitations in sample source and scale: To alleviate class imbalance, this paper em-
ploys the SMOTE method to augment minority class samples. Compared to simple
random oversampling methods that directly replicate existing samples, SMOTE gen-
erates new synthetic samples in the sample space by analyzing the neighborhood
relationships between minority class samples. This improves the diversity of minority
class samples and reduces the model’s dependence on duplicate samples. However,
since the generated samples are based on interpolation relationships between existing
minority class samples, some synthetic samples may not fully reflect the physical char-
acteristics of actual rockburst generation processes. Synthetic samples cannot replace
real engineering data, and their effectiveness still depends on the representativeness
of the original samples.

(2) Limitations in feature indicator selection: The feature parameters selected in this paper
mainly focus on stress, rock strength, energy, and brittleness. Although these can
reflect the main mechanical characteristics of rockburst occurrence well, they have
not fully considered factors such as structural surface development characteristics,
construction disturbance methods, and time effects. This, to some extent, limits the
model’s ability to characterize the multi-scale and multi-process evolution mechanism
of rockbursts.

(3) Limitations in model application and engineering verification: While the database
in this paper covers a variety of engineering cases, its coverage of engineering types,
burial depths, and complex geological environments remains limited due to the
availability of existing literature and publicly available engineering data. Therefore, it
cannot fully represent all deep underground engineering conditions. Consequently,
the model’s generalization ability needs further validation using more field monitoring
data when facing extreme stress states, special geological conditions, or engineering
scenarios not included in the training database.

6. Conclusions
This paper focuses on the prediction and safety management of rockburst disasters in

deep underground engineering. Based on multi-source rock mechanics parameters and
engineering case data, it systematically conducts research on rockburst level classification
and mechanism analysis. By constructing a rockburst sample database containing stress,
strength, energy, and brittleness characteristics, various machine learning algorithms are
introduced to determine the rockburst level. The model performance and decision-making
mechanism are further explored by combining sample balancing, Bayesian optimization,
and interpretability analysis methods. Based on this, corresponding rockburst safety
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management ideas are proposed from an engineering application perspective. The main
conclusions are as follows:

(1) The machine learning model constructed based on multi-source rock mechanics pa-
rameters can effectively characterize the multi-factor coupling and nonlinear char-
acteristics of rockburst occurrence. By introducing maximum tangential stress, rock
strength parameters, elastic energy index, and stress-brittleness comprehensive index,
and using the SMOTE method to handle sample imbalance, the established dataset
provides a reliable data foundation for rockburst level classification.

(2) In the comparative analysis of six machine learning algorithms, XGBoost models show
higher classification accuracy and stability in rockburst level discrimination. Based
on the comprehensive accuracy, macro-average F1 score, confusion matrix, and AUC
curve results, the integrated tree model has significant advantages in handling the
complex nonlinear characteristics of rockburst and multi-level classification problems,
and can effectively distinguish rockburst of different intensities.

(3) The SHAP interpretability analysis based on the BO-XGBoost model reveals the in-
trinsic connection between the model’s decision-making mechanism and the physical
process of rockburst. Elastic energy index and stress-related indicators play a domi-
nant role in rockburst level prediction, while rock strength and brittleness parameters
have a moderating and amplifying effect on rockburst intensity. This result is consis-
tent with the engineering understanding that rockburst are mainly caused by energy
accumulation and stress concentration.

(4) Based on the SHAP analysis results, a rockburst safety management approach is
proposed, with energy control and stress regulation as the core and rock mechanics
properties as a supplement. By implementing graded control, differentiated support,
and dynamic monitoring in high-energy and high-stress areas, the scientific nature of
rockburst risk identification and prevention can be effectively improved, providing
technical support for rockburst safety management and disaster prevention in deep
underground engineering.
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