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Abstract: Due to micro-deformation, wide spatial distribution, and high randomness of instability, 

stability assessment and early warning of slope rock mass remain challenging. To identify highly 

sensitive and robust indicators of rock mass damage, we investigated time–frequency dynamic 

differences between unstable rock mass and bedrock during failure, focusing on micro-vibration 

characteristics. We further examined their correlation with structural plane constraint strength. Our 

results showed that the degree of structural plane damage in unstable rock mass is positively correlated 

with the amplitude ratio between rock mass and bedrock, and negatively correlated with the frequency 

ratio. By integrating these dynamic indicators with classification algorithms, a dynamics-PSO-SVM-

based stability analysis method for unstable rock mass was proposed. This model enabled rapid 

classification of rock mass stability states based on dynamic indicators. Laboratory-scale similarity 

experiments analyzed the evolution of amplitude and frequency ratios during rock mass instability, 

revealing stage-specific patterns in unstable rock mass. The method achieved 100% classification 

accuracy between stable and unstable states. Moreover, it effectively reduced interference from 

complex environmental excitation and equipment temperature drift in vibration monitoring data, 

demonstrating strong noise immunity. These findings enhance the practical applicability of dynamic 

evaluation methods for assessing the stability of unstable rock mass. 

Keywords: falling-type unstable rock mass; stability analysis; amplitude ratio; frequency ratio; PSO–

SVM 



160 

AIMS Environmental Science  Volume 13, Issue 1, 159–178. 

 

1. Introduction 

Rockfall hazards on slopes, marked by widespread distribution, high concealment, and sudden 

onset, present significant challenges for identification and stability assessment, often leading to more 

severe risks and substantial loss of life and property [1]. Among collapse hazards, rockfall is 

particularly challenging to identify and has severe consequences. Rock mass tumble freely down steep 

slopes, moving at high speeds and over significant distances. Conventional qualitative or semi-

quantitative stability assessment methods rely mainly on surface characteristics of unstable rock mass, 

such as morphological features, joint combinations, and spatial distribution, but often fail to account 

for internal damage in joints. Stability assessments based on deformation indicators [2], such as 

inclination angle, dip direction, and joint opening, are typically effective for slopes exhibiting creep 

behavior. However, these methods are less effective for evaluating the stability of brittle failure in rigid, 

jointed rock mass. An accurate assessment of rock mass stability is crucial for developing effective 

mitigation strategies. 

In recent years, stability analysis methods based on dynamic characteristics have gained 

increasing attention. Several scholars have studied the dynamic response of slopes induced by 

environmental vibrations, revealing a correlation between rock mass stability and its dynamic 

characteristics [3,4]. For instance, Du Yan et al.[5] combined the vibration equation of unstable rock 

mass to investigate the relationship between natural frequency and the bonding area of unstable rock 

mass, establishing a stability evaluation model based on natural frequency. Zhang Xiaoyong et al.[6,7] 

developed a quantitative relationship between natural frequency and the depth of rear-edge fractures 

in unstable rock mass, using it to create a dynamic stability coefficient model based on natural 

frequency. Zhao Chen et al. [8] analyzed the temporal dynamics of spatial particle trajectory indicators 

during the evolution of unstable rock mass through collapse similarity model tests, validating the use 

of particle trajectory dynamics for rock mass damage identification. Jia Yanchang et al .[9] developed 

a stability evaluation model for unstable rock mass based on natural frequencies, eliminating the need 

for direct measurement of dominant structural plane parameters during quantitative stability 

assessments. 

Bottelin et al. [10] analyzed the frequency variation characteristics before and after the 

reinforcement of columnar limestone, finding that the natural frequency of the rock mass increased 

following reinforcement. Burjánek et al. [11] observed that the direction of amplitude amplification in 

unstable rock mass correlates with the evolution direction of rear-edge fractures. Kleinbrod [12] 

classified unstable rock mass into volume-controlled and depth-controlled types by analyzing 

variations in microtremor characteristics across sites. 

Evaluation methods for dynamic indicators primarily focus on monitoring the vibration 

characteristics of unstable rock mass. However, in complex environmental excitation scenarios (such 

as traffic, strong winds, or construction disturbances), the vibration characteristics of unstable rock 

mass fluctuate significantly due to variations in environmental stimuli. Additionally, in high-

temperature differential environments, vibration sensors often experience data fluctuations caused by 

the equipment's own "temperature drift," which affects the accuracy of dynamic evaluation results. In 

this study, we focus on the differential vibration characteristics between unstable rock mass and 

bedrock. Using rockfall-prone mass as the research subject, we investigate the evolutionary patterns 



161 

AIMS Environmental Science  Volume 13, Issue 1, 159–178. 

of amplitude and frequency ratios between unstable rock mass and bedrock during the instability 

process. By integrating machine learning algorithms, we explore adaptive stability identification for 

rockfall-prone mass, thereby enhancing the practicality of dynamic stability evaluation methods for 

unstable rock mass in complex noise environments. 

2. Analysis of vibration characteristics in unstable rock mass and bedrock 

The slope rock mass is treated as a rigid body with mass M . The rock bridge divides the slope 

into bedrock 1M  and unstable rock mass 2M . Based on vibrational dynamics, the constraint at the 

bonded section of the rock bridge is modeled as a coupled spring-damper system. The constraints on 

the rock mass are primarily governed by the bonded section of the rock bridge. The unstable rock mass 

can be simplified as a mass-spring-damper vibration system [13]. A vibration model for the interaction 

between the unstable rock mass and bedrock is established, as shown in Figure 1. 

 

  

Figure 1. Simplified vibration model for falling rock mass. 

Considering vibrations along the normal direction of the rock mass structural plane, when the 

bedrock 1M  vibrates at • iptx a e= , the vibration equation for the unstable rock mass is expressed by 

Eq (1): 

 
2 2 2 1 1m x c x kx kx c x+ + = +  (1) 

In the equation, 2m  represents the mass of the unstable rock mass; 1x  and 2x  represent the 

displacements of bedrock 1M  and the unstable rock mass 2M , respectively; k  is the stiffness of the 

bonded segment; and c  is the damping of the bonded segment. 

The amplitude ratio and natural frequency ratio (referred to as the frequency ratio) are defined as shown 

in Eqs (2) and (3): 
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In the formula: R  is the amplitude ratio; a  is the maximum amplitude of the bedrock; b  is 

the maximum amplitude of the unstable rock mass;   is the natural frequency ratio; 1  is the natural 

frequency of the bedrock; and 2  is the natural frequency of the unstable rock mass, 
k

m
 = . 

Solving Eq (1) yields the amplitude b  of 2M  as: 
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2 2 2
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In the formula, 
22

c

km
 =  represents the damping ratio of the unstable rock mass. 

The vibration of rock mass induced by excitation forces can be regarded as an elastic wave 

propagation process. When elastic waves propagate from bedrock to unstable rock mass through rock 

bridges, the dampers within the bonded sections of the rock bridges absorb minimal energy from the 

vibrating system. Neglecting the damping effect of the rock bridges simplifies the vibration of unstable 

rock mass to an undamped forced vibration. The damping ratio of rock mass structures typically ranges 

between 0 and 1, indicating a weakly damped state. Under weakly damped conditions, system 

vibrations are confined to decaying oscillations within the curve. Since the damping ratio of rock mass 

structures is generally <<1, we neglect the influence of damping on the natural vibration frequency 

and maximum amplitude under constant microtremor conditions[14,15]. The amplitude ratio and 

frequency ratio between the unstable rock mass and bedrock can be expressed as: 
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 (5) 

Figure 2 shows the correlation curve between the dynamic index of unstable rock mass and the 

height of rock bridges. The amplitude ratio exhibits an inverse proportional relationship with stiffness. 

As stiffness increases, the vibration amplitudes of the unstable rock mass and bedrock tend to converge, 

with the amplitude ratio approaching 1. The bedrock vibration characteristics on the slope manifest as 

long-period pulsations, with the bedrock's natural frequency regarded as a stable constant. 

Consequently, as the instability of the rock mass intensifies, the structural plane stiffness k decreases, 

and the frequency ratio declines in an approximately exponential trend. 
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(a) Correlation between amplitude ratio and 

stiffness index 
(b) Frequency ratio-stiffness index correlation 

Figure 2. Indicator change diagram. 

The vibration amplitude of unstable rock mass on slopes is sensitive to excitation forces such as 

traffic loads, construction disturbances, and wind loads. Additionally, in high-temperature differential 

environments, monitoring sensors often exhibit fluctuations in data due to the inherent characteristics 

of the equipment components, known as "temperature drift"[16], which contaminates the true vibration 

data of the rock mass. This affects the accuracy of stability evaluation results. The amplitude ratio 

metric mitigates amplitude fluctuations caused by variations in excitation forces and equipment 

temperature drift. This is because changes in excitation force simultaneously affect bedrock and 

unstable rock amplitudes. Compared to monitoring only the time-frequency dynamics of the unstable 

rock, the ratio of unstable rock to bedrock vibration characteristics provides greater robustness in 

practical applications by reducing the impact of excitation force variations and equipment temperature 

drift. 

3. Similarity model testing research 

The instability of unstable rock mass on slopes often results from prolonged geological evolution, 

making it challenging to identify precursory patterns of rock mass failure through in-situ monitoring. 

To capture vibration data throughout the entire damage-evolution-instability process of unstable rock 

mass, we designed a controlled damage evolution model experiment. By sequentially cutting the rear-

edge fractures (Figure 5), the equivalent constraint stiffness k of the rock bridge is reduced, aiming to 

replicate the natural fracture propagation process of unstable rock mass as closely as possible. 

Simultaneous micro-vibration responses from the unstable rock mass and bedrock are recorded. The 

amplitude ratio and frequency ratio are calculated to validate the theoretical relationship model 

established in Section 2, providing foundational data for subsequent machine learning-based stability 

identification of unstable rock mass. 

3.1. Similarity model production 

The instability of unstable rock mass on slopes results from prolonged geological evolution. To 

capture vibration data throughout the damage-evolution-instability process of unstable rock mass, a 

rockfall analog model test was designed. This test progressively degraded the structural plane to induce 

rockfall, aiming to validate the evolution patterns of spatial vibration characteristics and the variation 

of key dynamic indicators in unstable rock mass. 
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First, a similarity model was fabricated, as shown in Figure 3(a), with a thickness of 12 cm. To 

ensure the reliability of model test results, research was conducted on the mix proportioning of similar 

materials. To simulate the characteristics of rock-like materials, high bulk density, low strength, and 

low modulus of deformation, a similar material was prepared using barite powder and quartz sand as 

aggregates, with gypsum as the binder, glycerin, a retarder, and water [17,18]. Based on physical and 

mechanical tests of the original rock samples, similarity theory combined with dimensional analysis 

was used to determine the theoretical parameters for the model. Through rock mechanics tests, the 

optimal mix ratio closely matching the original rock was identified. The binder-to-aggregate ratio A 

represents the mass fraction of barite powder relative to the total aggregate mass (the sum of quartz 

sand and barite powder mass). The binder concentration B denotes the mass ratio of glycerin to water. 

The aggregate-to-binder ratio C indicates the mass ratio of the total aggregate to gypsum. The physical 

and mechanical parameters of the original rock and the similar material are presented in Table 1. 
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
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

= =
 = =

  (6) 

where Cρ=1 (density ratio), CL=100 (geometric ratio), and Cσ, CE, CC, CK, Cf are the similarity 

ratios for stress, elastic modulus, cohesion, softening coefficient, and internal friction angle, 

respectively. 

Table 1. Similar model proportions and mechanical parameters. 

Physical parameter ρ/(g•cm-3) σt/kPa σc/MPa E/GPa C/MPa φ/(°) 

Intact‐rock parameters 2.86 956 92.26 36.85 25.19 39.72 

Analog-material theoretical parameters 2.86 9.60 0.92 0.37 0.25 39.72 

Analog-material experimental parameters 2.63 102.0 1.04 0.33 0.19 50.0 

Ingredients A B C 

Proportion 0.5 0.1 5 

          

(a) Similar Model Dimensions.         (b) Casting mold 

Figure 3. Schematic diagram of unstable rock mass dimensions and casting model. 

3.2. Experimental design 

As shown in Figure 4, this is a schematic diagram of the monitoring equipment layout. The model 
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was secured to the ground using plaster. Contact-type vibration sensors were arranged orthogonally on 

the top of the unstable rock mass to collect triaxial vibration data. The X-axis represents the direction 

facing the open space, the Z-axis is the vertical direction, and the Y-axis is perpendicular to the XZ 

plane. White noise generators were fixed to the bedrock surface and the ground using plaster to 

simulate the propagation of environmental vibrations toward the unstable rock mass. 

 

Figure 4. Monitoring equipment layout schematic diagram monitoring equipment layout 

schematic diagram. 

The following steps were applied: 

(1) We secured the model to the ground. The rear edge crack of the model was pre-cut to a position 

10 cm from the rear edge. After cutting, we enabled the model to rest for 3 minutes. 

(2) We initiated white noise excitation and record vibration data in the X, Y, and Z directions under 

environmental vibrations of the unstable rock mass. Each data acquisition session lasted 10 minutes. 

(3) We cut downward by 0.5 cm each time, enabling the model to rest for 1 minute, and then 

collected data for another 10 minutes until the model became unstable. 

Figure 5 shows a schematic diagram of the sensor layout and the instability process of the unstable 

rock mass model. The model experienced tensile failure when cut to a depth of 21 cm. 

 

Figure 5. Instability process of a rock mass model. 

3.3. Analysis of test results 

The isotropic vibration time-history curves of the unstable rock mass, recorded under identical 

environmental excitation and plotted at the same longitudinal coordinate scale, are presented in Figures 

6(a) to (c) for the X, Y, and Z-directions, respectively. As the rear-edge crack was progressively 

deepened from 0 cm to 21 cm, the structural restraint provided by the rock bridge gradually deteriorated, 

leading to a marked reduction in the overall stiffness of the unstable block–bedrock system. This 
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degradation manifested in the vibration response as a pronounced “thickening” of the time-history 

waveforms, characterized by a substantial increase in both peak-to-peak and root-mean-square (RMS) 

amplitudes. Quantitatively, the average maximum vibration amplitude of the unstable rock mass 

ranged from 10 to 20 times greater than that of the adjacent bedrock across all three orthogonal 

directions, underscoring the amplification effect induced by loss of constraint. Notably, this amplitude 

disparity became increasingly evident beyond a cutting depth of 16 cm. 

 

−0.04

−0.02

0.00

0.02

0.04

−0.04

−0.02

0.00

0.02

0.04

V
el

o
ci

ty
 (

m
m

/s
)

−0.04

−0.02

0.00

0.02

0.04

0 60 120 180 240 300
−0.04

−0.02

0.00

0.02

0.04

Time (s)

10cm

13cm

15cm

16cm

 

−0.04

−0.02

0.00

0.02

0.04

−0.04

−0.02

0.00

0.02

0.04

V
el

o
ci

ty
 (

m
m

/s
)

19cm

−0.04

−0.02

0.00

0.02

0.04

20cm

0 60 120 180 240 300
−0.04

−0.02

0.00

0.02

0.04

Time (s)

17cm

18cm

 

(a) X-Direction vibration of the unstable rock mass 
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(b) Y-Direction vibration of the unstable rock mass 
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(c) Z-Direction vibration of the unstable rock mass 

Figure 6. Three-dimensional vibration time history curve of a rock mass. 

Figure 7 shows the isotropic vibration time-history curves of the bedrock at the same vertical 

coordinate scale. The vibration amplitude of the bedrock remained relatively stable throughout, with 

no significant changes occurring as the fracture depth increases. During the rock mass failure process, 

the vibration characteristics of the bedrock remained stable, showing no significant impact from 

fracture propagation or the failure of the rock mass. 

  

(a) X-direction vibration of the bearing rock (b) Y-direction vibration of the bearing rock 

 

(c) Z-direction vibration of the bearing rock 

Figure 7. Bearing rock vibration time history curve. 

The ratio of the three-dimensional vibration standard deviation between the unstable rock mass 

and bedrock was defined as the amplitude ratio. The amplitude standard deviation was calculated over 

time intervals to minimize the impact of sporadic disturbances. This approach ensured the stability of 

the indicator, making it highly reliable for evaluating the vibration characteristics of unstable rock 

mass. 
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In the formula, 
iA  represents the offset distance from the origin, and A

 denotes the amplitude 

standard deviation. 

As crack depth increased, the amplitude ratio index showed a gradual upward trend, while the 

frequency ratio index exhibtied a gradual downward trend. Figure 8(a) shows the spatial amplitude 

ratio curve as a function of cutting depth. The indicator exhibited step changes at cutting depths of 16 

cm to 17 cm and 19 cm to 20 cm. After filtering and denoising the vibration data, FFT analysis was 

performed to extract frequency-domain characteristics. The peak frequency ratio of the unstable rock 

to bedrock was used as the frequency ratio, as shown in Figure 8(b), which depicts the frequency ratio 

curve as a function of cutting depth. The bedrock frequency remained stable between 218 Hz and 215 

Hz, while the unstable rock frequency decreased from 176 Hz to 129 Hz. The frequency ratio exhibited 

a step change after the cutting depth reached 16 cm. 

  

(a) Amplitude variation graph.                   (b) Frequency ratio variation curve chart 

Figure 8. Dynamic index variation curve of the unstable rock mass. 

   

(a) Bedrock spectrum chart.     (b) Spectral diagram of 20cm cutting depth for hazardous rock. 

Figure 9. Comparison of spectral diagrams for unstable rock mass and bedrock. 
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Table 2. Amplitude ratios and frequency ratios at different fracture depths. 

Crack depth Amplitude ratio Frequency ratio 

10cm 10.30  0.81  

11cm 10.50  0.78  

12cm 11.13  0.79  

13cm 11.83  0.79  

14cm 12.82  0.77  

15cm 13.83  0.76  

16cm 14.90  0.74  

17cm 17.15  0.68  

18cm 17.67  0.65  

19cm 18.70  0.64  

20cm 22.17  0.58  

4. Dynamic-PSO-SVM-based stability assessment of rock mass 

Support Vector Machines (SVM) is a supervised learning algorithm primarily used for binary 

classification problems. SVM constructs an optimal hyperplane to separate data points of different 

classes, maximizing the margin between the two classes while searching for a linearly separable 

hyperplane in high-dimensional space [19]. The Particle Swarm Optimization (PSO) algorithm 

simulates the foraging behavior of bird flocks. Each "particle" represents a potential solution, with all 

particles continuously adjusting their positions and velocities within the search space based on 

individual experience (personal best) and group experience (global best), gradually converging toward 

the optimal solution [20]. Applying PSO to optimize SVM parameters (kernel function, penalty factor) 

improves SVM classification accuracy [21]. Based on the amplitude ratio and frequency ratio, a PSO-

based SVM classification prediction model was developed for adaptive prediction of rock mass 

stability. 

The RBF kernel function, due to its exceptional local properties, effectively maps samples to 

higher-dimensional spaces, thereby enhancing the model's performance in handling nonlinear 

problems. We selected the Gaussian radial basis function (RBF) as the kernel function, with core 

parameters set as follows: Learning factors C₁ = 1.5, C₂ = 1.7; population size N = 20; and maximum 

iteration count V = 200. 

The process is as follows: 

(1) Obtain the dynamic monitoring indicators of the unstable rock mass and perform 

normalization processing. Establish a training dataset and a testing dataset. 

(2) Subsequently define the parameter search range, set the iteration count, and establish upper 

and lower bounds for the parameters.  

(3) Determine the fitness function and calculate two evaluation metrics: Mean Squared Error and 

R-squared. Closer prediction results to actual outcomes indicate higher prediction accuracy. 

(4) Update particle positions and velocities. Identify the current best individual fitness value based 

on the preceding steps. Compare this with the individual's historical fitness values and the global 

optimum. If the current fitness is better, save it; otherwise, continue searching.  
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(5) Termination criteria. The program stops when either the fitness value or iteration count meets 

the specified requirement. 

(6) Establish a rockfall identification model using the optimized SVM parameters. 

According to the Engineering Implementation, a safety factor K ranging from 1 to 1.35 is defined 

as an unstable state, while K≥1.5 indicates a stable state. Using the limit equilibrium method, the 

critical depths of rear-edge fractures at which the rock mass transitions to unstable and stable states 

were calculated as h=16.43 cm and h=14.21 cm, respectively. We collected 24 sets of monitoring data 

for the unstable rock mass. Fissure depths exceeding 17 cm were labeled unstable, while depths below 

14 cm were labeled stable. Sixteen sets of data were randomly selected as training data, with the 

remaining eight sets used for testing. 

The prediction results of the PSO-SVM training and test sets are shown in Figure 10. In this 

dataset, the fundamentally stable state of the rock mass was assigned a value of 0, and the unstable 

state was assigned a value of 1. Among the 8 test sets, the PSO-SVM classification prediction model 

achieves a 0% error rate, indicating that the model can accurately distinguish the stable and unstable 

states of the rock mass after training. 

 

Figure 10. Dynamic PSO-SVM classification for falling rock mass stability assessment. 

The classification results for rock mass stability are shown in Figure 11. The figure displays the 

frequency ratio on the X-axis and the amplitude ratio on the Y-axis. The classification line P represents 

the hyperplane constructed by the SVM, dividing the dataset into two regions: The area below the 

hyperplane indicates a stable state, while the area above the hyperplane indicates a sub-stable state. 

The results demonstrate that the PSO-SVM model successfully classifies rock mass stability states 

based on amplitude ratio and frequency ratio indicators. 
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Figure 11. Classification results of rock mass stability. 

Considering the scale effect, we supplemented the experimental analysis with small-scale model 

tests. The model volume was proportionally reduced by 0.7 times, using identical material proportions, 

geometric dimensions, and failure processes. A total of 24 datasets were obtained. Nine datasets were 

randomly selected as the test set, while the remaining 15 were added to the training set from the 

aforementioned experiment for training. Stability classification was conducted using different 

indicators (amplitude ratio and frequency ratio as dual indicators), yielding results of 78%, 78%, and 

89%, respectively. By obtaining multiple dynamic indicators of the rock mass, the reliability of 

unstable rock mass stability identification can be effectively enhanced. 

Table 3. Predictive data set of rock mass stability. 

Crack depth Amplitude ratio Frequency ratio Stability 

Test1 18.53 0.41 Marginally Stable 

Test2 9.74 0.76 Stable 

Test3 12.10 0.64 Stable 

Test4 16.11 0.50 Marginally Stable 

Test5 9.96 0.78 Stable 

Test6 10.57 0.74 Stable 

Test7 16.26 0.66 Marginally Stable 

Test8 9.64 0.78 Stable 

Test9 16.27 0.42 Marginally Stable 
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Figure 12. Comparison of prediction results. 

5. Engineering applications 

Using a laser Doppler vibrometer, remote vibration characteristic monitoring was conducted on 

the bedrock slope and two unstable rock masses at a hydropower station in the Jinsha River basin, 

Sichuan Province, China. Limit equilibrium analysis indicated one rock mass was stable while the 

other exhibited poor stability. Since laser vibrometry cannot simultaneously monitor vibration 

characteristics in three directions, the vibration monitoring direction in the test was selected to be as 

perpendicular as possible to the direction of development of the trailing edge structural surface to 

obtain the maximum amplitude. Micro-vibration monitoring data from the rock masses underwent 

filtering to calculate amplitude ratios and frequency ratios between the unstable rock mass and the 

stable rock mass. The results revealed that the dominant frequency of the bedrock in this area was 

approximately 8–9 Hz. Dynamic monitoring results for the stable rock mass closely match those of the 

bedrock, indicating strong coupling and high stability. The unstable rock mass exhibited significantly 

higher amplitudes than the bedrock and markedly different vibration frequencies. This suggests the 

unstable rock mass is less constrained by the bedrock and possesses greater impact energy. The 

dynamic evaluation results were consistent with manual quantitative assessments. 

 

Figure 13. Laser vibration monitoring of rock mass. 
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                    Table 4. Results of kinetic indicator monitoring. 

Indicator Stable rock unstable rock 

Amplitude ratio 2.35 10.87 

Frequency ratio 0.94 0.53 

6. Discussion 

In this study, we conducted experimental research on the rapid identification of stable and unstable 

rock mass by introducing a dual-indicator system of amplitude ratio and frequency ratio, combined 

with the PSO-SVM algorithm. The PSO-SVM-based classification model achieved identification of 

stable and unstable rock mass. Moreover, the discriminative efficacy of dynamic indicators was 

validated, providing an automated assessment method with strong anti-interference capability for 

engineering sites.  

6.1. Analysis of nonlinear evolution processes in rock mass 

The degradation of rock bridge constraint stiffness is not a continuous nonlinear process but 

exhibits quasi-bifurcation characteristics driven by critical events such as microfracture penetration 

and localized collapse, manifesting as step responses in dynamic behavior. According to the two-stage 

failure mechanism proposed [22], unstable rock mass progress from stability to collapse through a 

separation stage (partial penetration of structural planes with initial significant stiffness degradation) 

and an accelerated failure stage (rock bridge nearing failure with abrupt stiffness decline). These two 

critical points correspond to two distinct steps in the dynamic indicators: The first step marks the entry 

into a weakly stable state amenable to early warning, while the second step signals the imminent 

occurrence of irreversible instability. This pattern was validated in rock mass collapse freezing tests 

and a remote sensing monitoring experiment [23]. In the freezing test, monitoring results showed that 

the frequency monitoring index exhibited precursors to separation and accelerated failure at 50 s and 

115 s, respectively. In the remote sensing monitoring test, the vibration amplitude exhibited a 

continuous upward trend as the strength of the structural plane decreased, followed by a sharp increase 

at 390 s. The amplitude increased by 2.4 and 3.1 times compared to the previous moment, respectively, 

triggering precursor warnings. The observed dynamic indicator step changes in this study reflect the 

nonlinear abrupt transition characteristics of structural plane damage in unstable rock mass at the 

critical point of separation failure. 

6.2. Validity of relative kinetic indicator analysis 

In quiet environments, ground motion excitation is relatively stable, enabling the average 

amplitude during monitoring to be considered the steady-state microtremor response of unstable rock 

mass. However, under complex environmental excitations in engineering zones, sudden strong shocks 

from vehicle vibrations or blasting cause abrupt changes in the amplitude response of unstable rock 

mass vibration signals. Therefore, relying solely on the vibration response of unstable rock mass may 

result in misjudging their stability. Artificial excitation was applied to the rock mass to simulate impact 
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vibration, and changes in the dynamic indicators of the unstable rock–bedrock system were analyzed 

to validate the reliability of amplitude and frequency ratio metrics. At a cutting depth of 11 cm, a 

pendulum was released at different angles (0°, 45°, 90°) relative to the plumb line to impact the bedrock. 

The resulting vibration time-history curves of the unstable rock and bedrock are shown below. With 

increasing impact intensity, the vibration amplitudes of the unstable rock mass and bedrock increased 

by factors of 10.38 and 8.16, respectively. The amplitude ratio index increased from 10.50 to 13.77, 

representing a 1.31-fold rise. The frequency ratio index, which reflects the inherent vibration 

characteristics of the rock mass and is independent of excitation magnitude, remained stable. In 

summary, the relative vibration index between unstable rock and bedrock effectively mitigates the 

influence of strong seismic shocks on their dynamic characteristics. This highlights its strong 

practicality for monitoring the dynamic stability of unstable rock mass under complex excitation 

condition. 

 
(a)Unstable rock X-Direction.            (b)Bedrock X-Direction. 

Figure 14. Vibration time history curves of rock mass under different excitation forces. 

Table 5. Rock mass vibration time history curve. 

Dynamic indicator 
Simple Pendulum 

Impact 0° 

Simple Pendulum 

Impact 45° 

Simple Pendulum 

Impact 90° 

Unstable rock Average 

Amplitude (mm/s) 
0.013 0.041 0.135 

Bedrock Average Amplitude 

(mm/s) 
0.0012 0.0034 0.0098 

Amplitude Ratio 10.5 12.05 13.77 

Frequency Ratio 0.78 0.80 0.77 

7. Conclusion 

(1) Based on a simplified vibrational dynamics model, we derive the relationship between the 

amplitude ratio and frequency ratio indicators of unstable rock-bedrock systems and rock bridge 

stiffness. The frequency ratio and amplitude ratio indicators effectively reflect the differential 

variations in vibrational characteristics between unstable rock and bedrock. 

(2) Through similar model experiments, the evolution patterns of the amplitude ratio and 

frequency ratio during the instability process of unstable rock mass were revealed. As the depth of the 

−0.5 0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5
−2

−1

0

1

2

 Simple Pendulum Impulsion(90°）
 Simple Pendulum Impulsion(45°)

 White noise

V
e
l
o
c
i
t
y
(
m
m
/
s
)

Time(s)

−0.5 0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5
−0.04

−0.03

−0.03

−0.02

−0.02

−0.01

−0.00

0.00

0.01

0.01

0.02

0.02

0.03

0.03

0.04
 Simple Pendulum Impulsion（90°）

 Simple Pendulum Impulsion(45°)

 White noise

V
e
l
o
c
i
t
y
(
m
m
/
s
)

Time(s)



175 

AIMS Environmental Science  Volume 13, Issue 1, 159–178. 

rear-edge fissure in the falling unstable rock mass increases, the amplitude ratio gradually increases 

while the frequency ratio gradually decreases. Once the unstable rock mass enters the unstable phase, 

the indicators exhibit step-like characteristics, providing effective metrics for analyzing rock mass 

stability. 

(3) The PSO-SVM model can accurately classify the stability state of unstable rock mass based 

on amplitude ratios and frequency ratios. The results demonstrate that this method effectively 

distinguishes stable and unstable states, reduces interference from complex environmental excitation 

and equipment temperature drift in vibration monitoring data, and exhibits high reliability. It enhances 

the dynamic evaluation method for assessing the stability state of unstable rock mass. 

(4) This study has the following limitations: Undeniably, damping affects the vibration 

characteristics of unstable rock mass, and the damping coefficient may change during the process of 

fracture depth variation. We did not consider the influence of damping characteristics, and the dynamic 

calculation method incorporating damping characteristics requires further refinement. Although the 

amplitude ratio and frequency ratio demonstrated excellent stability discrimination capabilities in this 

study, they essentially remain low-dimensional dynamic indicator systems. Rock damage evolution is 

a complex, multi-scale, multi-physics-field coupled process, and single or dual indicators may struggle 

to comprehensively characterize intricate instability patterns (e.g., rock mass constrained by multiple 

structural planes). Future work will entail multidimensional dynamic indicator systems integrating 

time-frequency domain characteristics with spatial vibration coherence, combined with deep learning 

models to achieve more refined state recognition. The experiment was conducted under relatively ideal 

conditions with weak random noise. In real unstable rock mass subjected to complex environmental 

disturbances, signal fluctuations exhibit greater randomness. It may be necessary to collect data over 

a longer period to ensure reliability. We will continue advancing the field application of the algorithm.  
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