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Abstract: Geological hazards caused by unstable rocks, including rock collapse and fall, pose
significant threats to both engineering productivity and the safety of residents, resulting in substantial
economic losses. This study proposed a comprehensive CNN (Convolutional Neural Networks)
classification recognition algorithm based on continuous wavelet analysis of microseismic monitoring
data, which establishes a CNN recognition-based method for identifying risk levels of unstable rocks
to predict their real-time collapse. To collect training data, fixed-base tests were conducted, and
validation was performed using vibration data from freeze-thaw tests. Results of the study showed that
the accuracy of the CNN classification recognition model trained with fixed-base test data reached
97.6%, and the per-second classification accuracy of vibration segments from freeze-thaw tests was
above 86%. Furthermore, the study discussed the correlation between the calculated risk-level
eigenvalues and safety coefficients. The CNN risk-level eigenvalues were found to be highly
negatively correlated with the safety coefficients, with correlation coefficients as high as 0.8703.
Finally, the study verified the superiority of the precursor identification of the risk-level evaluation
method by comparing it with the safety coefficients.

Keywords: unstable rock; continuous wavelet transform; convolutional neural networks; risk
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1. Introduction

Unstable rock is a global disaster that seriously threatens the safety of mountain highway
transportation, people’s lives and property, and engineering work [1-3]. Therefore, identifying
unstable rock is a critical problem that engineering must solve. Current research shows that the main
cause of rock failure is dynamic failure caused by rock system instability [4]. Thus, the dynamic
detection index to identify rock system damage is key to early warning of a collapse disaster [5]. Ma
etal. [6,7] proposed a new method for evaluating the stability of USR (Unstable Rock) using a remotely
positioned laser Doppler vibrometer (LDV). Du et al. [§-10], based on a model test and theoretical
derivations, established the relationship between the intrinsic vibration frequency, bond area, elastic
modulus, and rock mass. Jia et al. [11,12] analyzed mechanical parameters, such as bond force and
friction force of unstable rock, under natural frequency and verified the effectiveness of dynamic
monitoring in practical engineering.

However, vibration monitoring equipment is highly susceptible to environmental noise in
engineering and equipment installation. External factors interfere with the vibration signals of rocks,
and vibration signals are often covered by noise, being difficult to analyze [13,14]. Furthermore, in
traditional dynamic signal analysis, the vibration signal of the unstable rock mass has been analyzed
by extracting characteristic parameters, such as the maximum, minimum, average, variance, root mean
square, peak, and natural frequency. While these may represent a portion of signature features, they
require significant time and effort, as well as a great deal of prior knowledge. The accuracy of
identifying unstable rocks can be severely affected by the validity of feature extraction [15,16]. For
this reason, machine learning methods do not inherently eliminate noise or interference; instead, they
learn robust features that remain distinguishable under noisy conditions. Thus, while noise can still
affect prediction accuracy, the proposed CNN-CWT framework improves resilience compared with
purely empirical approaches.

In recent years, machine learning has attracted extensive interest in geotechnical
engineering [17-19]. Among them, a convolutional neural network (CNN) has been used to reveal the
vibration signal feature extraction and classification of structural damage due to its ability to integrate
feature extraction and classification into a framework [20-22]. Zhu et al. [23] combined phase-based
motion estimation (PME) with CNNs, greatly facilitating CNN applications. Zhang et al. [24]
presented a classification framework to categorize rock blocks based on the principles of block theory,
namely, key blocks, trapped blocks, and stable blocks. Zhang et al. [25] established a CNN-based
microseismic detection network (CNN-MDN) model, which performs well on microseismic detection
through training, validation, and testing. Yin et al. [26] proposed an integrated CNN-Adam-BO
algorithm based on microseismic monitoring data to achieve real-time prediction of rockburst intensity.
The algorithm was compared with the continuous wavelet transform (CWT) and cross wavelet
transform, verifying the superiority of the dimension enhancement method of the microseismic
sequence described. These advances highlight the feasibility of employing CNNs for instability
recognition in complex geotechnical environments, forming the foundation of the present study.

In the present research, three stages of the unstable rock process, namely stabilization stage (stage
1), separation stage (stage 2), and failure stage (stage 3) are defined based on previous studies. The
CNN model is then used to train and identify the microseismic signals in these three phases using CWT
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analysis. In this study, the term “real-time” refers to the near-real-time processing capability of the
proposed framework, in which vibration data are classified every 1 s and aggregated over a 100-s
moving window. Considering the computation time (less than 3 s for data segmentation, transformation,
and inference), the total latency from data acquisition to risk output is within ~10 s, which satisfies
engineering requirements for on-site monitoring. Based on the identification results, a CNN-based
risk-grade evaluation method for unstable rock collapse is proposed to achieve real-time assessment
of unstable rock.

2. Materials and methods
2.1. Continuous wavelet transform

The CWT is a modern analysis method that builds upon the idea of a localized short-time Fourier
Transform (SFT). It addresses the limitation of constant window size in SFT by providing a "time-
frequency" window that varies with frequency, making it a powerful tool for time-frequency analysis.
The CWT highlights specific features of the signal, allows for local analysis of time and frequency,
and allows for progressive refinement of the signal on multiple scales. This leads to high-frequency
time division and low-frequency frequency division, adapting to the demands of time-frequency signal
analysis.

Traditionally, the short-time Fourier Transform (FFT) has been used to analyze unstable rock
vibrations, but it lacked sensitivity in the time dimension and couldn’t provide a comprehensive
frequency domain analysis. Rock vibration during progressive failure is highly nonstationary, with
transient bursts and evolving dominant frequencies. The Morlet wavelet offers a favorable balance
between time localization and frequency resolution, enabling clear visualization of energy ridges that
are indicative of microcrack initiation and coalescence. In our case, the scale range was selected to
cover the dominant frequency band (=50-5000 Hz) observed in preliminary spectra. The scale—
frequency mapping follows f, = f./(aAt), where f. is the wavelet center frequency, and At is the
sampling interval. Lightweight checks showed that varying the scale range by £20% changed the final
classification accuracy by <2%, indicating robustness. This is why this work uses the Morlet CWT,
which employs a wavelet basis function (Eq 1) to achieve higher temporal resolution compared to FFT
(Eq 2). Figure 1 presents a diagram of the wavelet analysis results.

(t (=)’
2u’

0,..(6) = exp(io, ;V) exp( ) (1)

V@)= fOp, (@)t )

where u is the scale parameter, v is the panning parameter, and ¢ is the time step.
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Figure 1. Continuous wavelet analysis diagram of vibration signal.
2.2. Continuous wavelet transform

The analysis of CWT parameters and characteristics is challenging when using the naked eye
because the vibration signal is impacted by several factors. However, recent research shows that
machine learning, specifically deep learning neural networks, can effectively solve this recognition
problem. ANNSs, including FCANNS, are a critical branch of Al and have been commonly used in
geotechnical engineering. However, FCANNs show three limitations when processing large images:
losing spatial information during vector transformation, more parameters causing training difficulties
and efficiency issues, and overfitting due to a high number of parameters.

To overcome these limitations, CNNs were introduced. They improve the situation by using a
local receptive field and weight sharing to reduce hyperparameters and avoid overfitting. The basic
architecture of a CNN includes an input layer, a convolutional layer, an activation function, a pooling
layer, a fully connected layer, and an output layer. The layers can be stacked to form a complete CNN,
as shown in Figure 2.
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Figure 2. Convolutional neural network structure diagram.

2.2.1.  Convolutional layer

The convolutional layer is tasked with feature extraction within images. The layer employs
multiple convolution kernels, referred to as filters. These filters are similar to sliding windows, which
traverse the numerical matrix in steps, performing convolution operations. The results of these
operations are then input into the activation function to produce the image’s feature map. The feature
extraction process utilizes Eq 3, and the calculation of the convolutional layer is illustrated in Figure
3.

a=1| 2 a 'k 3)

. 1
teMj

where a is the feature value extracted from the /-th convolutional layer, k}; is the connection weight
between features in the filter and convolutional kernel size, M/ is the input feature, and f'is the
activation function. To extract depth features, CNNs usually contain multiple convolutional layers.

2.2.2.  Pooling layer

The pooling layers follow the convolutional layers, with each convolutional layer having a
corresponding pooling layer. The purpose of the pooling layer is to reduce the dimensionality of the
feature map and eliminate redundant information, using the formula in Eq 4. Commonly used pooling
functions include mean-pooling, max-pooling, min-pooling, and stochastic-pooling. Mean-pooling
calculates the average of all feature points, while max-pooling takes the maximum. Stochastic-pooling
assigns probabilities to pixels based on their numerical values, subsamples them accordingly, and
approximates mean-pooling on average, while locally following the criterion of max-pooling.

d, = f (b, + Bidown(a)',M")) )
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where b is the bias, [ is the multiplicative residual, M is the size of the pooling frame used in the Ith
layer, and down(.) is the pooling function.
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Figure 3. Convolutional neural network convolutional layer schematic.

2.2.3.  Fully connected layer

Following multiple convolutional and pooling layers, one or more fully connected layers are
connected, where each neuron is fully connected to all neurons in the previous layer. These layers
integrate local information from the convolutional or pooling layers for category differentiation. To
enhance the performance of CNN networks, the activation function for each neuron in the fully
connected layer is commonly implemented as a ReLU function.

2.2.4. CNN architecture

The CNN architecture was designed considering both model complexity and computational
efficiency. The number of convolution and pooling layers was determined through a small-scale
parameter tuning process to balance feature abstraction and overfitting risk. Specifically, a three-layer
convolutional structure achieved optimal performance during preliminary validation, while deeper
networks did not significantly improve accuracy but increased training time. The kernel size of 3x3
was adopted to capture localized patterns in the wavelet spectrograms, which has been widely proven
effective for time—frequency images. The hyperparameters, such as learning rate (0.001) and batch size
(32), were selected based on a grid search within a limited range to ensure stable convergence.

2.3. Unstable rock risk assessment model

According to the latest research, the entire process of rock mass failure can be categorized into
three stages based on the dynamic change process of slip resistance, which are the stabilization stage,
separation stage, and failure stage.

Stage 1, known as the stabilization stage: The rock mass is bonded firmly to the bedrock and the
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slip resistance is provided by the cohesive force in the potential slip plane. As a result, there is no
tendency to slide, and the rock mass in this stage is referred to as stable rock, rather than unstable.

Stage 2, known as the separation stage: The bond strength of the rock mass decreases, causing it
to separate from the bedrock when the cohesive force is insufficient to resist the sliding force. The rock
body in this stage is still stable but has a tendency to slide, making it defined as unstable rock.

Stage 3, known as the damage stage: The rock body is further disturbed by damage, causing the
potential slip plane to be damaged by penetration, resulting in instantaneous collapse and slumping.

In this study, we set the classification results of CNN as three stages of unstable rocks, which are
collectively referred to as stage 1, stage 2, and stage 3, and then input the analysis results into CNN
for the classification model training after performing CWT on the micro-oscillation data of each stage.
After several simulations and calculations, it was found that intercepting the micro-vibration data with
a time duration of 1 s for CWT can ensure a sufficient amount of analysis samples and maximize the
recognition accuracy of the CNN. To shorten the model’s learning time, the wavelet coefficient map is
compressed to 256 x 256 pixels. As shown in Table 1, the image resolution of 256 x 256 pixels was
selected to balance computational efficiency and feature fidelity. Table 1 compares the classification
performance and processing time between 256 x 256 and 512 x 512 inputs. The accuracy difference
was less than 1.3%, whereas computation time per sample decreased by 67%. Hence, the adopted
resolution ensures adequate preservation of high-frequency information while enabling efficient real-
time implementation. 80% of the data was selected as the training set, and 20% was selected as the
validation set. The CNN classification recognition model for unstable rocks was then trained.

Table 1. Comparison of CNN training data parameters.

Pixels Accuracy Computation time (s)
512 x 512 98.9% 9668
256 x 256 97.6% 5768
128 x 128 72.9% 3265

Although a fully trained CNN can achieve high accuracy in recognizing vibration data with a time
length of 1 s, the accurate identification by the CNN model is affected by various factors, such as
environmental noise and equipment errors. As such, it cannot identify all data with 100% accuracy. To
address this, the authors proposed targeted algorithms to enhance the CNN recognition results’
interference resistance. The trained model classifies and identifies vibration data types of the target
rock over a specific time period (e.g., 100 s), computes the ratio of the three states in the total
recognition data volume, and generates the risk evaluation weight proportion of the unstable rock in
the current time period. The risk-level evaluation of unstable rocks is then determined based on the
risk evaluation weight ratio obtained from the classification identification model, as described in Eq 5.
An example of the specific algorithm is presented in Figure 4.

RL=1-K,+2.5-K,+3.5-K, (5)

where K1, K>, K3 are the percentages of CNN model classification recognition in the stable stage,
development stage, and accelerated destruction stage of unstable rocks, respectively.
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Figure 4. Risk-level weight calculation process.

3. Results

Considering the limited size and class distribution of the CNN training data of CNN neural
networks, two experiments were conducted: a fixed-base test and a freeze-thaw dynamic validation
test, using rock blocks of identical material, size, and mass. The fixed-base test was used to gather the
training dataset of the CNN classification recognition model, and the vibration data from the freeze-
thaw test was utilized to initially assess the accuracy of the model. The process of experimental
validation is shown in Figure 5.

CNN Classification
Recognition Model

Wavelet Coefficient
Diagram

CNN dassification
model risk evaluation

Vibration Data
Intercept

Comparison
Verification

Kinetic Stability
Evaluation

v

Fundamental
Frequency

Figure 5. Experimental validation technology roadmap.

Kinetic Index
Identification Model

3.1. Fixed-base test

In this study, a 12 cm % 3 cm % 3 cm solid block of unstable rock with the potential to collapse
and fall was used, along with a 30 cm x 30 cm x 30 cm marble block as the bedrock. A binder was
applied to the marble floor to emphasize the role of the bedrock. During the fixed-base tests, tri-axial
accelerometers (sensitivity 100 mV/g) were mounted on the top and lateral faces of the rock specimens
using epoxy adhesive. The sampling frequency was 10 kHz to ensure adequate time resolution. All
tests were conducted in a vibration-isolated environment with ambient noise levels below 0.03 g. The
data acquisition system was synchronized across all sensors to prevent timing errors. These measures
ensured the reliability and reproducibility of the recorded vibration signals.

The experiment provided three stages of unstable rock for the CNN model, including a “Stagel”
fully bonded to the bedrock, a “Stage2” with 50%—40% bonded area, and a “Stage3” using a binder to
keep the unstable rock in the ultimate stress stage. Test photos are shown in Figure 6. Vibration data
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of the test block was measured using an accelerometer with a sampling frequency of 2000 Hz, and five
sets of measurements were performed for each corresponding stage of the unstable rock, each with a
measurement time of 600 s. No noise reduction measures were taken during the measurements. Data
were intercepted every 2000 data points (i.e., 1 s) after measurements to create a training set of the
CNN model. The CWT of the intercepted vibration data was used as the training set, and the training
dataset consisted of 500 CWT analysis maps for each corresponding stage.

After several training adjustments, the CNN model with a convolutional structure of 9-9-7-3,
Lr =0.0002, and Epoch = 30 achieved the highest recognition accuracy and the lowest loss function.
The architecture (kernel configuration 9-9-7-3) was determined following three practical design
principles:

(1) Feature-scale matching: The receptive field of the first two convolutional layers was designed
to cover approximately 15%-25% of the CWT image width, sufficient to capture local high-frequency
patterns while preserving global continuity.

(2) Model capacity control: According to LeCun et al. [27] and Krizhevsky et al. [28], increasing
depth beyond four convolutional layers yields diminishing returns for mid-sized datasets. Hence, a
moderate depth was chosen to avoid over-parameterization.

(3) Engineering feasibility: The adopted network can execute inference on an embedded GPU
(NVIDIA Jetson TX2) within 3 s per sample, satisfying real-time field requirements.

Empirical tuning confirmed that deeper or wider variants improved accuracy by <1% but doubled
computation cost, validating the efficiency of the final configuration. The accuracy variation and loss
function are displayed in Figure 7. The recognition accuracy of the CNN model reached 97.6%, and
the loss value was 0.041 after sufficient training. Besides accuracy, additional metrics, including
precision, recall, and F1-score, were calculated to provide a more comprehensive evaluation of the
model’s performance. The CNN-CWT model achieved an average precision of 96.2% and recall of
95.6% across all classes, with an overall Fl-score of 95.8%. These results, consistent with the
confusion matrix analysis, indicate that the proposed method achieves balanced performance between
false alarms and missed detections.

(a) Stagel (b) Stage2 (c) Stage3

Figure 6. Fixed-base test photos.

AIMS Environmental Science Volume 12, Issue 6, 979-998.



988

A \\A/‘\‘/\ A N = N
| ./ —— Acc
0.8 |- / —e— Lost
0.6 -
Q
Q
<
04
./'\
TN
° \o—v—o\./'\._.,o—._.\.,n—..—-o\._./'\._.
00 " 1 " 1 " 1 " 1 " 1 " 1
0 5 10 15 20 25 30

Epochs

Figure 7. CNN training results.
3.2. Freeze-thaw dynamic validation test

The dynamic validation test used the same test block as the foundation test, using a low-
temperature freezing bonding medium to firmly bond the unstable rock to the bedrock. The melting of
the low-temperature adhesive was visually monitored and recorded by a high-definition camera. The
adhesive was applied in a uniform layer of 2 mm, and its temperature was controlled using a thermostat
to ensure homogeneous heating. The recorded images confirmed a consistent melting front within £5
s across the bonding area, minimizing irregular vibration pulses during the transition period. The
unstable rock in the test can undergo the complete stability-to-collapse process at room temperature,
as simulated by melting the low-temperature bonding medium, as depicted in Figure 8. The adhesive
failure mode differs from micro-crack coalescence in natural rock, which may introduce vibration
modes not fully representative of in situ behavior. However, this approach allows repeatable laboratory
control of boundary weakening and stress release. The potential discrepancy was mitigated by
verifying that the dominant frequency evolution pattern remained consistent with reported field
microseismic data. In the experiments, the vibration data of the blocks was measured using
accelerometers with the same experimental parameters as in the foundation tests, and it was found that
the unstable rock took approximately 2043 s to go from stable to crumbling and falling after several
tests were repeated.

AIMS Environmental Science Volume 12, Issue 6, 979-998.
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(a) Before collapse (a) After collapse

Figure 8. Dynamic freeze-thaw test photos.
3.3. Risk assessment validation

In the freeze-thaw test, the vibration data obtained from the CWT analysis were divided into 21
time periods of every 100 s from two randomly selected cases. The CNN model trained in the fixed-
base test was applied to identify the CWT analysis maps in each time period, and the risk-level weights
of the blocks in the freeze-thaw test were calculated using the method proposed in this paper in Figure
4.

The risk-level eigenvalue thresholds listed in Table 2 were established by cross-validating the
results from the fixed-base and freeze-thaw dynamic tests. In the fixed-base tests, the mechanical
properties corresponding to three stability states were repeatedly measured, and the safety factor ranges
of each state were calculated using the limit equilibrium method. In parallel, dynamic safety factors
were estimated from the natural frequency evolution following the procedure of Du et al. [10]. Based
on these two safety assessments, the freeze—thaw experiment was divided into three stages, consistent
with the calibrated safety factor ranges: Stage 1 (0—1000 s), corresponding to the stable phase, Stage 2
(1000-1800 s), representing the transitional deformation phase, and Stage 3 (>1800 s), corresponding
to the progressive failure phase, as presented in Figure 9. The CNN classification results within these
time intervals were then averaged to obtain the characteristic eigenvalues for each risk level. This
approach ensures that the thresholds in Table 1 are physically grounded, experimentally validated, and
statistically consistent between static and dynamic evaluations.

The variation of the CNN risk-evaluation eigenvalues and safety coefficients over time was
demonstrated in Figure 10. After several calculations, it was determined that all six cases in the test
were in “Stage 17 during 0—1000 seconds, and the test block was in “Stage 2" between 1000 and 1800
seconds and entered “Stage 3” after 1800 seconds.

AIMS Environmental Science Volume 12, Issue 6, 979-998.
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Table 2. Unstable rock identification criteria.
Calculation indicators Stage 1 Stage 2 Stage 3
Risk-level eigenvalues <1.75 [1.75,2.5) >2.5
Safety factor >2.0 [2.0,1.2) <1.2
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Figure 9. Risk-level weighting ratio based on CNN calculation.
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4. Discussion
4.1. Validation of CNN risk-level eigenvalues

Research has revealed that performing CWT-CNN analysis on vibration data at a rate of once per
second ensures both the maximum training data volume and recognition accuracy for the CNN model.
However, since CNN struggles to achieve 100% recognition accuracy, this analytical approach
significantly distorts the calculation of risk-level assessments. Therefore, we have refined the CNN
recognition results by grouping and extracting segments from the identified outcomes. Identification
results were grouped and intercepted, with the percentage of identifications in each group calculated
to enhance the robustness of the CNN risk-level identification method. The risk-level calculation
results obtained by grouping data into 1, 10, and 50 s segments are shown in Figure 11. Through
multiple trials, it was found that using 100 s segments for recognition results yields the optimal risk-
level feature values when calculating risk-level weights.

Previous studies have demonstrated the efficacy of using the kinetic index (fundamental
frequency) for the safety evaluation of unstable rocks [29,30]. To further verify the effectiveness of the
CNN risk-level evaluation method, a correlation analysis was performed between the CNN results and
the safety coefficient in different window lengths (50, 100, 150 s). Fitted curves and analysis results
are presented in Figure 12. The 100 s window achieved the best compromise, as the correlation
between aggregated risk level and safety factor peaked at R2 =0.89. Shorter windows produced noisier
curves, whereas longer windows delayed the response. Therefore, 100 s was adopted as the optimal

AIMS Environmental Science Volume 12, Issue 6, 979-998.
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aggregation length. Furthermore, the risk-level values increased significantly as the safety coefficients
decreased, demonstrating the effectiveness of the CNN risk-level evaluation method in identifying
unstable rock collapse behavior. However, it should be noted that the safety factor derived from
fundamental frequency serves as an indirect stability indicator rather than an absolute benchmark. Both
the proposed risk eigenvalue and the frequency-based safety factor may share common dependencies
on material stiffness and boundary conditions, which could partially explain their strong correlation.
This limitation will be addressed in future work through multi-parameter cross-validation.
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4.2. Comparative analysis of calculated results

A brief comparison was conducted to evaluate the influence of signal preprocessing. When
applying a 100-5000 Hz bandpass filter prior to CWT transformation, the overall classification
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accuracy increased marginally from 96.9% to 98.7%, as depicted in Figure 13. This indicates that the
CNN-CWT model inherently learns noise-resistant features, and that basic filtering can slightly
enhance but is not essential for performance.

According to the test results and risk-level calculations presented in Figure 10, it is evident that
the CNN risk-level characteristic values exhibit distinct variation characteristics during the collapse of
the test block. In the initial stage of the experiment (1-900s), the risk-level characteristic values were
observed to fluctuate without exceeding 1.5, indicating that the test block remained stable for an
extended period without any collapse precursors. The safety factor values were also observed to be
around 3.0 during this period, leading to the same conclusion. However, between 1200 and 1700 s of
the test, the risk-level characteristic values showed a significant increase and fluctuation, ranging from
1.3 to 2.0. The melting of the temperature-sensitive binder at room temperature led to uneven melting.
This caused transient separation and locking effects, resulting in slight accelerometer disturbances. To
quantitatively verify this explanation, two relative spectral indicators were calculated for the stable
(1000-1200 s) and fluctuation (1200—1700 s) intervals, as shown in Table 3. The relative spectral
energy variation (RSEV) describes the temporal fluctuation of spectral energy, while the normalized
dominant frequency shift (NDFS) reflects transient deviations of the dominant frequency. Both
indicators increased by more than twofold during the fluctuation period, confirming that the observed
irregularities originated from transient frequency-domain disturbances rather than structural
degradation. Despite this, the safety factor recognition rate remained higher than the CNN risk-level
eigenvalue, which can be attributed to the sufficient elimination of noise in the safety factor
calculations. Toward the end of the test (1800—2043 s), the risk level calculation results exhibited a
clear upward trend, rapidly increasing from about 2.5 to more than 3.0. All CNN risk-level eigenvalues
were greater than 3 before the block collapsed and fell, and compared with the safety factor, the CNN
risk-level eigenvalues continued to increase in the 200 s leading up to the collapse, with obvious
collapse precursors.

Table 3. Smoothness parameters of vibration signals in different segments.

Time interval ~ Relative spectral energy variation Normalized dominant frequency shift
1000-1200 (s) 4.8% 2.1
1200-1700 (s) 10.2% 4.3
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Figure 13. Comparison of trained data with and without noise reduction.
4.3. Engineering application of the CNN risk-level evaluation method

The application of machine learning techniques, specifically neural networks, in geotechnical
engineering has garnered considerable attention due to its potential for enhancing the efficiency and
accuracy of data analysis and prediction [31,32]. Conventional methods, which primarily rely on
manual calculation and expert knowledge, are often labor-intensive and prone to error. On the other
hand, neural networks can effectively extract features from data, reducing the dependence on human
experience and minimizing the risk of error [33—35]. Furthermore, the vibration data used in this study
were not preprocessed to eliminate noise, while kinetic index analysis underwent three stages of data
screening, noise elimination, and human-empirical processing [36—38]. The results of this study
indicated that the CNN risk-identification method has high anti-interference capability, accurately
identifying the relationship between input and output variables even in complex and noisy
environments. The accuracy of neural networks is also an important advantage. With the development
of hardware and the increase in data, training neural networks has become more and more
effective [39—41]. The ability of neural networks to learn from large amounts of data has improved
predictive accuracy. In particular, deep neural networks have higher accuracy than traditional methods
in many engineering applications [42,43]. The results from experiments and analysis indicate that, with
adequate training, the proposed CNN identification model can precisely identify unstable rocks of
consistent size, mass, and damage type and efficiently and accurately evaluate the changes and states
of unstable rocks through cross-validation with the corresponding CNN risk-level evaluation method
and kinetic index evaluation method.

5. Conclusions

In this study, a CNN classification-based identification method was proposed for the assessment
of the risk level of unstable rocks using continuous wavelet analysis. The vibration signals from the
fixed-base test were utilized as the training set for the CNN, and the vibration signals from the freeze-
thaw test were used for validation. The robustness and accuracy of the model were improved through
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further stratified sampling. The main findings of this study are summarized as follows:

(1) The CNN was trained with 3000 s of vibration data for each corresponding risk level, obtained
from the fixed-base test. After several adjustments, the optimal parameters for the CNN in this study
were a convolutional kernel structure of 9-9-7-3, a learning rate of 0.0002, and 30 epochs. The accuracy
of the model was 97.6% and the loss value was 0.041 after sufficient training.

(2) The validation accuracy of the CNN models was above 84% after verification with vibration
data from the freeze-thaw tests. The validation results were stratified, and feature percentages were
extracted separately to obtain the weights of unstable rock risk levels. The results showed that the risk-
level eigenvalues were approximately 1.2—1.5 when the test block was stable, and about 3.3—-3.5 when
it was close to collapse. The correlation results showed that the CNN risk-level eigenvalues were
highly negatively correlated with the stability coefficient, with a correlation coefficient no lower than
0.8. This CWT-based CNN risk-level assessment model can effectively reflect the whole process from
stability to collapse of unstable rocks with consistent mass, size, and damage type.

(3) The CNN risk-level evaluation method can be combined with existing unstable rock stability
assessment methods to achieve a comprehensive evaluation of safety coefficients and risk levels for
different types of unstable rocks. It is expected to play a positive role in slope engineering safety
monitoring and risk management.

Despite the promising results, the present study has limitations. The model was trained on
laboratory-scale specimens with homogeneous lithology, and its generalization to different rock types,
structural scales, and field conditions remains to be validated. Future work will focus on integrating
multi-sensor data (acoustic, displacement, and stress) and employing transfer-learning techniques to
enhance adaptability under complex in situ environments.
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