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Abstract: Rockbursts are critical geohazards in deep underground mining and tunneling and can cause
catastrophic structural failures, severe safety risks, and substantial economic losses. Owing to their nonlinear and
spatiotemporally variable behavior, conventional microseismic monitoring approaches often provide limited
predictive capability.

This study proposes a data-driven machine learning (ML) framework to model rockburst fragility surfaces and
assess seismic resilience under complex geological conditions. The workflow begins with preprocessing of in-situ
monitoring data, including dimensionality reduction, feature engineering, and normalization to enhance data quality
and relevance. Multiple ML algorithms, including XGBoost, Random Forest, LightGBM, and CatBoost, are trained
using labeled datasets representing moderate-to-severe rockburst events.

To improve robustness and generalization, an ensemble voting classifier is developed, with hyperparameters
optimized using grid search and evolutionary optimization. The framework maintains strong predictive consistency
even for imbalanced datasets. Feature importance analysis identifies seismic energy release and ground stress as the
dominant predictors of rockburst occurrence.

Using these insights, the model generates three-dimensional fragility surfaces that characterize structural
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vulnerability under varying seismic loads, along with probabilistic fragility curves that delineate risk zones to support
early-warning systems and real-time operational decision-making. By integrating physics-informed assessment with
explainable ML, the proposed approach improves interpretability while meeting practical engineering requirements.

Overall, this study provides a scalable, high-performance framework for seismic resilience analysis, enabling
improved hazard prediction, risk management, and the design of safer underground systems in complex

geomechanical environments.

Keywords: Rockburst; Seismic resilience; Machine learning; Fragility curve; Hazard prediction; Seismic risk
assessment; Ensemble learning; 3D fragility surfaces; Explainable Al.
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1. Introduction

Rockbursts are among the most critical geohazards in
deep underground mining and tunneling, where sudden
and violent rock mass failure can lead to severe damage
to excavations and support systems, endanger worker
safety, disrupt production, and cause substantial
economic losses [1]. With increasing excavation depth
and more complex in-situ stress environments, the
frequency and intensity of rockburst-related hazards
may rise, making reliable monitoring, prediction, and
risk mitigation essential for safe and sustainable
underground operations.

Microseismic monitoring has become a widely
adopted technique for detecting rock fracturing and

instability in real time, offering valuable insights into
stress redistribution and damage evolution within rock
masses [2]. However, although microseismic systems
are highly effective for event detection and post-event
interpretation, they are still often used in a reactive
manner and may provide limited predictive capability
for imminent rockburst occurrence [3]. This challenge is
largely driven by the nonlinear and spatiotemporally
variable relationships among geological structures,
excavation-induced stress changes, seismic energy
release, and dynamic responses of the surrounding rock
mass. Traditional empirical and physics-based
approaches frequently struggle to represent these
complex multivariate interactions in evolving
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underground conditions [4,5]. Consequently, there is a
strong need for data-driven methods that can learn these
relationships directly from monitoring data while
remaining usable for engineering decisions.

Conventional rockburst prediction approaches
primarily include empirical criteria, rule-based expert
systems, statistical regression, and probabilistic
methods. Empirical techniques rely on indicators such
as in-situ stress, rock strength, and excavation depth, but
their applicability is often limited by small datasets and
poor generalizability across diverse geological settings
[11]. Rule-based expert systems encode expert
knowledge using predefined logical rules (e.g., rock
type, tunnel geometry), yet they can be rigid and less
effective under complex or changing conditions [12].
Statistical models such as linear and logistic regression
provide simple interpretable formulations, but they often
assume linearity and have difficulty capturing nonlinear
or multivariate interactions [13]. Probabilistic and
Bayesian frameworks can incorporate uncertainty by
combining prior information with current observations,
but they can be sensitive to prior selection, require
sufficient data for reliable inference, and may become
computationally intensive as input dimensionality
increases [14]. These limitations motivate the use of
machine learning methods that can model complex
nonlinear patterns and interactions more flexibly.

In recent years, machine learning (ML) has shown
strong potential for rockburst prediction because it can
extract hidden patterns from high-dimensional
microseismic datasets and integrate multiple seismic
indicators into a unified predictive model [6]. Prior
studies have applied nonlinear SVM models for
identifying rockburst-related patterns from
microseismic data [15], while Random Forest models
have demonstrated robust prediction performance across
various datasets and geological contexts [16—18].
Gradient boosting approaches have also been effective
for noisy and imbalanced data commonly encountered
in rock engineering applications [19]. Ensemble
learning strategies (e.g., stacking and voting) can further
improve robustness and generalization by combining
complementary strengths from multiple learners [20].
Nevertheless, several challenges remain: (i) rockburst
datasets are often imbalanced, where severe events are
rare relative to normal or low-risk states, which can bias
learning and reduce reliability for high-consequence
predictions [21]; (ii)) many high-performing ML models
have limited interpretability and may be perceived as
“black boxes,” restricting their acceptance in safety-
critical engineering workflows [7]; and (iii) site-specific
training and limited samples can hinder transferability to
unseen geological conditions, particularly for complex
deep learning architectures [22,23].

To address interpretability concerns, explainable
artificial intelligence (XAI) has increasingly been
adopted to provide transparent reasoning for ML

predictions. Model-agnostic explanation methods such
as LIME and SHAP can quantify how input variables
influence outputs at both local and global levels,
supporting validation, debugging, and decision-making
in practice [7,40]. From an engineering perspective,
interpretability is especially important because it helps
connect model outputs to physical understanding such
as the roles of seismic energy release and stress state
thereby improving trust and operational usability. In
addition, robust prediction in real monitoring conditions
requires careful preprocessing to improve data quality
and relevance, including outlier treatment,
normalization/standardization, dimensionality
reduction, and feature engineering. It also requires
systematic hyperparameter optimization (e.g., grid
search and evolutionary strategies) to improve stability
and generalization under noisy and imbalanced datasets.

Beyond predicting whether a rockburst may occur,
modern risk management increasingly emphasizes
seismic resilience evaluating how underground systems
resist damage and maintain functionality under varying
seismic demands. Fragility analysis provides a
probabilistic framework that relates seismic intensity
measures to the probability of exceeding specified
damage states, enabling risk zoning and vulnerability-
informed design and operation [9,10]. Recent research
has demonstrated that fragility curves and three-
dimensional fragility surfaces can enhance seismic
vulnerability assessment for underground and structural
systems by capturing nonlinear interactions among
multiple seismic parameters [24,25]. For underground
mining and tunneling, a data-driven fragility surface is
particularly valuable because it can map risk as a
function of key seismic indicators (e.g., magnitude- and
frequency-related parameters) while reflecting the
combined influence of multiple features, thereby
supporting early warning and real-time operational
decisions.

Accordingly, this study proposes a data-driven,
physics-informed ML framework for rockburst
prediction and seismic resilience assessment by
generating probabilistic fragility curves and three-
dimensional fragility surfaces from in-situ monitoring
data. Multiple ML algorithms (including boosting and
bagging-based models) are trained to classify moderate-
to-severe rockburst occurrence, and an ensemble voting
strategy is adopted to enhance robustness and
generalizability  under  imbalanced  conditions.
Hyperparameters are optimized using systematic search
and evolutionary optimization, and XAI methods are
integrated to identify dominant predictors and improve
transparency. The primary contributions of this work
are:

1. Development of ML-based rockburst prediction
models using microseismic and stress-related indicators.

2. Construction of a voting-based ensemble
classifier to improve robustness and generalization for
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imbalanced datasets.

3. Integration of XAl methods to interpret model
behavior and identify key predictors (e.g., seismic
energy release and stress state).

4. Generation of probabilistic fragility curves and
3D fragility surfaces to support seismic resilience
assessment, risk zoning, and operational decision-
making.

The remainder of this paper is organized as follows:
Section 2 describes the dataset and methodology,
including preprocessing, model training, and fragility
surface construction. Section 3 presents predictive
performance and resilience-related results. Section 4
discusses key findings, limitations, and future research
directions.

2. Methodology

Headings should be of three-level type. This study
proposes a data-driven machine learning (ML)
workflow for rockburst prediction and seismic resilience
assessment through probabilistic fragility analysis. The
overall framework includes: (i) dataset preparation and
exploratory analysis, (ii) preprocessing and feature
engineering, (iii) supervised model development using
multiple ML algorithms, (iv) hyperparameter
optimization, (v)  evaluation wusing standard
classification metrics, (vi) explainable Al (XAI) for
interpretability, and (vii) construction of a three-
dimensional (3D) fragility surface to visualize rockburst
probability under varying seismic conditions.

2.1. Dataset and Exploratory Analysis

A dataset of seismic/microseismic event recordings
was collected from an underground excavation site. The
variables represent key indicators commonly used in
rockburst prediction and include: Average Wave
Velocity, Corner Frequency, Seismic Event Count,
Seismic Energy, Peak Speed, Peak Acceleration, Richter
Scale Magnitude, and Moment Magnitude. Exploratory
data analysis (EDA) was conducted to examine the
statistical distribution of each feature and to understand
inter-feature relationships before model training.

Average Wave Velocity Energy Flux Comer Frequency
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Figﬁfe 1: Feature Distribution. (De-veloped by
Authors)

The feature distributions indicate that high-value
outliers are present in most variables. Several features
(e.g., seismic energy, peak speed, peak acceleration, and
corner frequency) are strongly right-skewed, and
moment magnitude and Richter scale magnitude show
multimodal behavior, which may reflect clustering
across different seismic activity regimes. These non-
normal distributions motivate preprocessing steps such
as outlier treatment and feature scaling.

To quantify the linear dependency structure among
features, a Pearson correlation matrix was computed.

Correlation Matrix
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(a) Before Feature Engineering
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(b) After Feature Engineering
Figure 2: Correlation Matrix (a) Before Feature
Engineering, (b) After Feature Engineering.
(Developed by Authors)

The correlation analysis reveals strong dependence
among several variables, particularly between
magnitude- and  acceleration-related  indicators,
indicating multicollinearity risk. Corner frequency
shows notable negative correlation with energy-related
measures, suggesting that frequency-based information
provides complementary content for prediction. The
correlation structure guides feature selection to reduce
redundancy and improve model generalization.

2.2. Preprocessing

Page | 4



Journal of Hunan University (Natural Sciences)

Vol. 53 No. 3, March 2026

Before model training, a comprehensive preprocessing
pipeline was implemented to enhance data quality and
improve predictive performance. First, missing values
and irrelevant or non-informative features were
identified and removed using domain knowledge and
EDA. Next, outliers were detected visually using violin
plots and treated using the interquartile range (IQR)
criterion. Specifically, observations beyond 1.5xIQR
below the lower quartile or above the upper quartile
were classified as outliers and handled to reduce their
influence on model learning.

Violin Plots of Standardized Features

Figure 3: Violin Plot for Outliers. (Developed by
Authors)

Feature scaling was then applied to ensure uniform
scaling across variables. Both standardization (z-score
normalization) and min—max normalization were used,
depending on algorithm sensitivity: normalization
benefits models that perform better with bounded inputs,
while standardization is appropriate for variance-
sensitive learning. These preprocessing steps support
stable optimization, reduce training instability, and
improve interpretability during modeling.

2.3. Supervised Learning Formulation and Training
Strategy

Rockburst prediction was formulated as a supervised
classification problem, where the target is to predict the
rockburst intensity class from observed seismic
indicators [27]. The dataset was divided into training
and testing subsets to ensure robust development and
unbiased evaluation. During training, the model learns
from the training subset after preprocessing and feature
selection, with additional techniques such as clustering
and advanced feature selection used when required to
extract the most relevant seismic indicators [28].
Hyperparameter tuning was conducted using
optimization strategies such as grid search cross-
validation, which explores the parameter space to
identify configurations that maximize predictive
accuracy.

In this study, the dataset was split into 70% training
and 30% testing, respectively. Model performance was
then evaluated on unseen test data using standard
classification metrics such as precision, F1-score, and
confusion-matrix-based measures. This structured
process aligns with recent comparative studies and

reviews of Al-based rockburst prediction frameworks
[29,30].

2.4. Machine Learning Models

The ML algorithms used in this work include
ensemble learning methods (bagging, boosting, and
voting) and a neural network model. These approaches
are widely applied in rockburst prediction because they
can capture nonlinear relationships among seismic
indicators and provide improved generalization
compared with single-model approaches [26].

2.4.1. Bagging (Bootstrap Aggregating)

Bagging is an ensemble technique that improves
model stability by reducing variance. It is particularly
effective for high-variance base learners such as
decision trees. Bagging trains multiple learners on
bootstrapped subsets of the training data and aggregates
predictions, reducing overfitting by averaging out noise
across learners [31]. Random Forest is a bagging-based
method that also applies random feature selection at
each split to reduce correlation among trees and improve
generalization [32].
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Figure 4: Bagging ensemble learning framework.
(Developed by Authors)

D = {(x1;y1); (x2!y2)!--- :(xn!yn)} (1)

B bootstrap samples are generated as:
pW, p®,  p® 2

For a new input x, the bagging prediction is obtained
by majority voting:
37bag(x)
= majority vote(h; (x), hy (%), ..., hz(x)) 3)

2.4.2. Boosting

Boosting is a sequential ensemble approach where
each learner focuses on correcting the errors of previous
learners. Boosting algorithms such as AdaBoost and
XGBoost can achieve strong performance for rockburst
classification and are particularly useful for difficult and
imbalanced cases because they increase the weight of
misclassified samples during training [28]. The final
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boosted prediction is obtained by combining weak
learners using weighted aggregation.

Base Models
h(x)

Boosting Algorithm

(Classification)

Aggregation
SEOMIHE of Base Models J
o (x) |
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b=1

residuals
;

Base wegted sum
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> wit(z)

n=1

Figure 5: Boosting ensemble learning
framework. (Developed by Authors)

2.4.3. Voting Classifier (Heterogeneous Ensemble)
Voting classifiers are effective for aggregating
predictions from models trained on different feature
representations [33]. In rockburst prediction, voting can
combine methods such as XGBoost, SVM, CatBoost,
and Random Forest to reduce weaknesses of individual
learners and improve generalization [34].
Two voting strategies are used:
e Hard voting: selects the final class label by
majority rule.
e Soft voting: averages predicted class
probabilities (optionally weighted) and selects

the class with the maximum combined
probability.
Base Models
Base Base Base
Model 1 Model 2 Model M

T
< G

Final Prediction
Figure 6: Voting Classifier visualization. (Developed

by Authors)

K

9(x) = argmax, ) wy Py = ¢ 1) 5)
k=1

Soft voting (probability-based) is defined as:

K
9(x) = argmax, Y wi Py(y = ¢ %) ©
k=1

2.4.4 Neural Network

A neural network is a computational model
composed of interconnected layers (input, hidden,
output) that learns nonlinear mappings through
optimization of weights and biases. After receiving
inputs, each neuron computes a weighted sum and
applies an activation function (e.g., sigmoid or ReLU)
before passing the result forward. Neural networks can
represent complex relationships and extract hierarchical
features, although deeper architectures may be needed
for challenging prediction tasks [35].

Hidden

Figure 7: Backpropagation Neural Network
Architecture [36].

2.4.5 Proposed Voting-Based Rockburst Prediction
Framework

A hybrid voting-based prediction framework is
adopted to integrate preprocessing, feature extraction,
hyperparameter tuning, and ensemble learning. Multiple
base models are trained using cross-validation and grid-
search tuning, then combined through ensemble voting
to improve robustness. If performance is unsatisfactory,
feature importance is analyzed and physics-informed
feature refinement is applied to improve input
representations, forming an iterative feedback loop.

Machine Learnin
Algorithm

[ Voting Classifier
Feature B | physics-Based s b
Importance Evolution Faweat
Y

Figure 8: Proposed framework for data-driven
ML modeling of rockburst fragility surfaces in
seismic resilience analysis. (Developed by Authors)

¥ = MajorityVote (fl(x),f2 (x), ...,fn(x)) @)

2.5 Hyperparameter Optimization
Hyperparameter tuning aims to optimize model
accuracy by selecting values for predefined
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configurations such as learning rate, tree depth,
regularization parameters, and number of estimators.
Since these are not learned directly from the data,
optimization techniques such as grid search cross-
validation are used to explore candidate configurations
and select the best-performing settings. This step
reduces underfitting/overfitting risk and improves
model generalization.

2.6 Performance Measurement and Evaluation
Model performance was evaluated using confusion-
matrix definitions: TP (true positives), TN (true

negatives), FP (false positives), and FN (false
negatives). Standard classification metrics were
computed:
Accuracy = (TP +TN)/(TP + TN + FP +
FN) (®)
Precision is defined as:
Precision = TP /(TP + FP) )
Recall is defined as:
Recall = TP /(TP + FN) (10)
F1-score is defined as:
F1 —score = 2 - (Precision
- Recall) / (Precision (11)

\+ Recall)
These metrics provide a balanced view of
classification quality and are suitable for evaluating
predictive performance when class imbalance is present.

2.7 Explainable AI for Model Interpretability

Each To improve transparency and support
engineering decision-making, interpretability analysis
was included using both global and local explanation
strategies. SHAP provides a unified framework for
interpreting model predictions by attributing feature
contributions using Shapley values, enabling both global
and local interpretability for different model types [40].
LIME provides local explanations by approximating
model behavior around a specific instance and
identifying which features contributed most to a single
prediction. These approaches improve model validation,
feature importance assessment, debugging, and
trustworthiness, which is essential for safety-critical
applications.

2.8 3D Fragility Surface Construction
A 3D fragility surface was constructed to represent
the probability of rockburst occurrence as a function of

the two most important features identified through
feature selection. In this work, Corner Frequency (Hz)
and Richter Scale Magnitude were used as the surface
axes. After training the proposed model on preprocessed
data, probabilistic predictions were computed on a
meshgrid spanning the ranges of the two selected
features, while remaining features were held constant
(e.g., at their mean values). The probability field was
then visualized as a 3D surface:

e X-axis: Richter Scale seismic magnitude

e Y-axis: Corner Frequency (Hz)

e Z-axis: Predicted probability of rockburst

This data-driven fragility surface provides an
interpretable representation of nonlinear interactions
between seismic indicators and supports risk zoning and
operational decision-making. Similar ML-based
fragility analysis concepts have been adopted for risk
and resilience assessment in structural and underground
engineering contexts [9,10,24,25].

2.9 Experimental Setup

All experiments were conducted using a workstation
equipped with an Intel Core i5 (11th Gen) processor and
an NVIDIA RTX 3060 GPU (12 GB VRAM) running
Ubuntu 22.04. The implementation environment was
Python 3.10. PyTorch was used for neural network
modeling, and scikit-learn was used for standard ML
model implementation and evaluation. Data analysis and
visualization were performed using standard plotting
libraries. A fixed random seed was used across
training/testing to ensure repeatability.

3. Results and Discussion

This section reports the predictive performance of the
evaluated models, analyzes discrimination ability using
PR and ROC curves, and demonstrates how the
proposed framework supports seismic resilience
assessment through feature-importance interpretation
and construction of a three-dimensional fragility
surface. The discussion emphasizes how the results
support the manuscript’s central objective: data-driven
rockburst prediction and resilience-oriented
vulnerability mapping using fragility surfaces.

3.1. Predictive performance of machine learning
models

Multiple machine learning algorithms were trained
and evaluated to identify an accurate and reliable
predictor of rockburst occurrence. Overall, ensemble-
based approaches achieved stronger discrimination and
more stable performance than single learners, reflecting
their ability to capture nonlinear interactions among
seismic indicators and reduce variance through
aggregation. The model comparison is summarized in
Figure 9 and Table 1, which report precision, recall, F1-
score, accuracy, and AUC for each method.
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Model Performance Comparison (AUC vs Accuracy)

Metric
0.95 AUC
Accuracy

0.8172 0.8194 0.8162 0.8175 0.8196

3 07734 o767

0.75 0.7401 0.7343 0.7459 0.7378 0.7506 0.7-1360‘7529

07121 899 7040 0.7063

Figure 9: Model performances. (Developed by
Authors)

Table 1: Classification performance of models (Precision,
Recall, F1-score, Accuracy, and AUC). (compiled by the

authors)
Model Precisio Recall F1- Accurac AUC
n score y
Random 0.598  0.645 0.817
Forest 0.7 3 5 0.7401 )
Random
Forest ~ 0.6631  0P1 060205 0773
6 3 4
pca
SVM 0.6995 0.439  0.539 0.704 0.765
5 9 7
XGBoost  0.6881 0598 0.640 0.7343 0.819
8 4 4
lightGB 0.628  0.661 0.816
M 0.6984 3 5 0.7459 )
AdaBoost  0.6913 0607 0.646 0.7378 0.795
7 8 7
CatBoost  0.7133 0616 0.661 0.7506 0.817
5 4 5
Rockburs
t 0.6629 (1)'522 2'584 0.7063 8'752
Net
Proposed 0.613  0.654 0.819
Model 0.7003 6 1 0.7436 6

Among all evaluated methods, the proposed model
(voting ensemble) achieved the highest AUC (0.8196)
with an accuracy of (0.7436, indicating the strongest
overall discrimination capability. The difference in AUC
between the proposed ensemble and the best individual
boosting models is small, but consistent: XGBoost
achieved AUC 0.8194 (accuracy 0.7343), CatBoost
achieved AUC 0.8175 (accuracy 0.7506), and Random
Forest achieved AUC 0.8172 (accuracy 0.7401).
LightGBM also performed competitively (AUC 0.8162,
accuracy 0.7459), demonstrating that boosting and
ensemble-tree families are particularly effective for the
studied dataset. These results collectively indicate that
combining strong learners through a voting strategy can
provide reliable discrimination while maintaining
competitive accuracy and balanced error behavior.

In contrast, models that struggled to generalize
across the dataset achieved lower AUC and/or less
balanced class detection. For example, SVM achieved
AUC 0.7657 with accuracy 0.7040, but its recall

(0.4395) was substantially lower than ensemble-based
methods, implying that it missed a larger fraction of
positive events even when precision remained relatively
high. The deep learning baseline (RockburstNet)
produced AUC 0.7529 and accuracy 0.7063, indicating
that in this dataset where feature-based microseismic
indicators already encode strong physical information
tree-based ensembles may provide better performance
without requiring larger training volumes typically
needed for robust deep learning generalization.
Additionally, the PCA-based Random Forest variant
(AUC 0.7734, accuracy 0.7121) performed worse than
the non-PCA Random Forest, suggesting that
dimensionality reduction may remove information that
is discriminative for rockburst classification in this
setting.

From an engineering perspective, these outcomes are
important because high discrimination (AUC) supports
reliable ranking of risk levels, while balanced F1-scores
indicate improved stability in identifying hazardous
events without an excessive false-alarm rate. The
proposed voting ensemble delivers this balance by
aggregating complementary decision boundaries
learned by multiple strong models.

3.2. Precision—Recall (PR) and ROC curve analysis

While accuracy provides a high-level summary, it
can be insufficient when event classes are imbalanced,
which is common in hazard prediction problems.
Therefore, the models were further evaluated using
Precision—Recall (PR) and Receiver Operating
Characteristic (ROC) curves to assess discrimination
behavior across decision thresholds.

Precision-Recall Curve

Recall

Figure 10: PR Curve. (Developed by Authors)

The PR curves show that the stronger ensemble and
boosting models maintain relatively higher precision as
recall increases, indicating a more favorable trade-off
between capturing true hazardous events and limiting
false alarms. This is especially relevant for practical
early-warning contexts, where excessive false positives
can reduce trust and operational usability, while low
recall can result in missed events with severe
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consequences.

Receiver Operating Characteristic (ROC) Curve

Figure 11: ROC Curve. (Developed by Authors)

The ROC analysis is consistent with Table 1. The
proposed voting ensemble achieved the highest AUC
(0.8196), closely followed by XGBoost (0.8194),
CatBoost (0.8175), Random Forest (0.8172), and
LightGBM (0.8162). Lower-performing methods such
as SVM (0.7657) and RockburstNet (0.7529) exhibited
reduced separation between classes. These findings
reinforce that ensemble learning techniques provide a
robust and reliable strategy for rockburst discrimination
in the studied dataset.
3.3. Feature importance and dominant predictors

To connect predictive performance with physically
meaningful drivers, feature importance was analyzed.
This step also supports resilience-oriented interpretation
by clarifying which indicators most influence predicted
hazard probability.

re

Average Wave Velocity

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Importance

Figure 12: Feature importance by the model.
(Developed by Authors)

The feature-importance results indicate that Seismic
Energy (0.30) and Peak Acceleration (0.28) are the most
influential contributors, while Average Wave Velocity
(0.06) has the least influence among the evaluated
variables. This pattern is physically reasonable: energy-
related measures reflect the intensity of seismic release
and fracturing activity, while peak acceleration captures
strong dynamic response and potential for damaging
ground motion. Together, they act as interpretable
proxies for instability severity, supporting the
manuscript’s objective of combining high-performance
learning with engineering-relevant predictors.

3.4. Resilience-oriented fragility representation
using a 3D fragility surface

A central contribution of this manuscript is
translating classification outputs into a resilience-
oriented representation through fragility analysis.
Rather than reporting only class labels, the framework
visualizes how predicted rockburst probability changes
under varying seismic conditions using a 3D fragility
surface.

Figure 13: 3D fragility surface (probability of
rockburst versus corner frequency and Richter
magnitude). (Developed by Authors)

The fragility surface reveals a nonlinear dependency
between seismic indicators and predicted hazard
probability. In general, rockburst probability increases at
higher magnitude levels and within certain corner-
frequency ranges, indicating that risk is not controlled
by magnitude alone. The curved surface shape suggests
interaction  effects  between  frequency-domain
characteristics and amplitude/magnitude measures,
highlighting that combined seismic properties should be
considered when mapping vulnerability. From a
resilience standpoint, this surface provides an
operationally useful tool: it can delineate higher-risk
zones in the feature space and support threshold-based
risk zoning for early warning and decision-making. The
use of a surface representation also aligns with fragility
concepts used in broader resilience assessment studies,
where vulnerability is interpreted probabilistically rather
than deterministically.

3.5. Local and global interpretability (LIME and
SHAP)

Because safety-critical engineering applications
require transparency, model interpretability was
assessed using both local and global explanation
methods.

Prediction probabilities Seismic

Seismic
wicroseismic [N 0.17

.
Magritude on the Ric... Feature  Value
o

Comer Frequency > 064
o

Peak Acceleration <= ..
wsl

0,81 < Seismic Energy... Pesk Acceleration 109

oo
0,63 < Average Wave...
oot

(a) LIME explanation for Microseismic
prediction
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Prediction probabilities

seismic. [N ¢ 52
Mictoseismic

Feature  Value

|-0.41 < Comer Freque..
o
-1.30 < Magnitude on

0,37 < Average Wave V.
s

(b) LIME explanation for Seismic prediction
Figure 14: Model interpretability using
LIME for two instances representing
different prediction classes. (Developed by
Authors)
The LIME explanations show how individual features
contribute to a specific prediction. For cases classified
as hazardous, energy- and acceleration-related features
typically contribute positively toward the rockburst
class, while other predictors may reduce hazard
probability depending on their observed values. This
instance-level interpretability is useful for operational
deployment because it enables practitioners to
understand why an alert is triggered for a particular
event and whether the explanation is consistent with
engineering judgment.

Seismic Energy L ot . }
Magnitude on the Richter Scale

Peak Acceleration

arm
i
H
Feature value

Corner Frequency l

Average Wave Velocity l

i i ' T U
03 0.2 0.1 0.0 0.1
SHAP value (impact on medel output)

Figure 15: SHAP explanation for feature
contribution analysis. (Developed by Authors)
SHAP provides a global interpretation by quantifying

feature contributions across the dataset. Consistent with
the feature-importance results, SHAP indicates that
seismic energy and magnitude-related measures play
dominant roles in shifting predictions toward higher
risk. Importantly, combining SHAP (global) and LIME
(local) strengthens trust: SHAP identifies overall
drivers, while LIME explains event-specific triggers.
This dual interpretability supports practical engineering
requirements and improves model credibility for
decision support.

3.6 Comparison with prior studies and practical
implications

To contextualize performance and design
choices, a qualitative comparison  with
representative studies is summarized in Table 2,
which highlights typical model families, reported
performance ranges, and common limitations.

Table 2: Comparison of model performance,
technologies, and limitations reported in related
rockburst prediction studies. (compiled by the

authors)

Accuracy Technology /

Model (%) Comments Limitations
Random Forest
classifier Can overfit noisy
optimized using  data;
the Sparrow computationally
Random Search Algorithm expensive for large
Forest 82.8  (SSA) with ensembles; limited
(RF) [37] feature selection, interpretability;
applied to weak extrapolation
rockburst beyond the training
prediction (Chen data range.
et al., 2024).
Support Vector Eenzltlz(reameter e
Machine tlﬁ)inrp'
optimized with g’t tionall
SBO- Sparrow Search clo mpu aflona ly
SVM 814 Optimization v OF aIge
[37] (SBO) for datase‘Fs., . limited
rockburst risk scalability;
prediction (Chen performance
ctal,2024).  depends - strongly
on kernel choice.
XGBoost Requires  careful
combined with  hyperparameter
dimensionality ~ tuning; prone to
reduction (t-SNE) overfitting without
EES]B oost 67.3  and clustering (K- regularization; high
Means) for short- memory
term rockburst ~ consumption;
prediction (Ullah limited
et al., 2022). interpretability.
Integrated
ensemble
combining .
Sparrow Search Very . hlgb
Algorithm (SSA), computational cost;
. complex
Convolutional . -
architecture limits
Ensemble Neural Network interpretability:
Stacking ~ 88-90 (CNN), Modified [ ® PPN
391 LSTM tre?ining datase‘?s’
(MoLSTM), and . .
attention tuning multlpl.e
. components 18
mechanisms for halleni
rockburst chatienging.
prediction (PMC,
2025).
Increased
computational
complexity;
Ensemble voting reduced
framework interpretability due
Proposed combining to ensemble
Model 83.0 XGBoost, structure;
CatBoost, performance
Random Forest, sensitive to base-
and LightGBM. model quality and

weighting; requires
careful tuning of all
components.
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The literature indicates that strong performance is
often obtained with ensemble and optimized models, but
practical limitations persist, including sensitivity to
hyperparameter tuning, computational complexity, site-
specific training, and limited interpretability. In this
context, the present framework contributes by pairing a
robust ensemble strategy (voting across high-
performing learners) with interpretability
(LIME/SHAP) and a resilience-focused output (3D
fragility surface). This combination is practically
valuable because it supports both accurate prediction
and actionable risk visualization, bridging the gap
between predictive analytics and resilience-oriented
hazard management. Furthermore, the probability-based
fragility representation complements trend-based early-
warning approaches (e.g., indicator-fusion warning
indices using Sen’s slope analysis) by providing a
continuous probabilistic vulnerability mapping that can
be integrated into real-time decision workflows.

3.7 Limitations and discussion of applicability

Although the results demonstrate strong predictive
capability, several considerations should be
acknowledged for responsible deployment. First, model
performance is influenced by the representativeness of
the training dataset; site-specific geological conditions
and sensor configurations may affect generalization,
requiring recalibration or transfer learning when applied
to new mines or tunnels. Second, while ensemble
models improve robustness, they can increase
computational cost and may require careful weighting
and tuning to maintain stable performance. Third, the
fragility surface is a data-driven representation built
from the learned model; therefore, its reliability depends
on the coverage of the underlying data across the feature
ranges. Despite these limitations, the proposed
framework provides a scalable foundation for
integrating ML-based prediction with resilience-
oriented fragility analysis and interpretability,
supporting safer and more informed underground
operations.

4. Conclusions and Future work

This study proposed a data-driven machine learning
framework for rockburst prediction and seismic
resilience assessment through probabilistic fragility
analysis. The workflow integrates preprocessing and
feature engineering, ensemble learning, performance
evaluation, explainable Al, and construction of a three-
dimensional (3D) fragility surface to translate predictive
outputs into an  interpretable  vulnerability
representation. By combining high-performing learners
within a voting-based ensemble and linking predictions
to physically meaningful seismic indicators, the
framework supports both accurate hazard prediction and
practical decision support for underground operations.

Comparative evaluation across multiple models

showed that ensemble tree methods provided strong and
consistent discrimination performance for the studied
dataset. The proposed voting ensemble achieved the best
overall AUC (0.8196) with an accuracy of 0.7436, while
individual high-performing learners such as XGBoost
and CatBoost demonstrated closely comparable results.
These  outcomes  indicate  that  aggregating
complementary models improves robustness and helps
maintain balanced precision recall behavior, which is
important for early-warning applications where false
alarms and missed events both carry operational
consequences. Feature-importance and explainability
analysis further demonstrated that seismic energy and
peak acceleration are dominant contributors to rockburst
prediction, supporting geomechanical intuition that
high-energy release and strong dynamic response are
closely associated with instability risk.

Beyond classification, the proposed resilience-
oriented contribution is the construction of a 3D fragility
surface, which maps rockburst probability under varying
seismic conditions and enables intuitive risk zoning.
This probabilistic surface representation offers
actionable insight for identifying higher-risk regimes,
supporting  real-time  monitoring, early-warning
thresholds, and risk-informed operational planning.
Overall, the proposed approach provides a scalable
foundation for integrating ML-based prediction with
interpretable resilience assessment in challenging
underground geomechanical environments.

Although the results demonstrate strong predictive
capability, several limitations should be acknowledged.
First, the trained models are influenced by the
representativeness of the dataset; differences in
geological structure, excavation strategy, sensor
configuration, and seismic regimes may affect
generalization when applying the framework to new
sites. Second, class imbalance is common in rockburst
data because severe events are relatively rare, and model
performance may be sensitive to the imbalance-handling
strategy and the available sample size. Third, while
ensemble learning improves robustness, it increases
computational complexity and may reduce direct
interpretability = compared to single learners,
emphasizing the importance of integrated XAl methods.
Finally, the fragility surface is a data-driven
representation; therefore, its reliability depends on
adequate data coverage across the feature space used to
construct the surface.

Future work will focus on validating the proposed
framework across multiple mines or tunnels to assess
transferability and to develop site-adaptation strategies.
Incorporating temporal modeling and sliding-window
features may improve short-term warning capability by
capturing precursory evolution in microseismic
indicators. In addition, uncertainty quantification should
be explored to provide confidence bounds for predicted
probabilities and fragility surfaces, which would
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strengthen  operational  decision-making.  Further
integration with real-time microseismic monitoring
platforms is also recommended to support continuous
updating of risk zoning and to evaluate field
performance under practical deployment constraints.
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