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Reservoir bank slopes with weak interlayers are common in the Three Gorges Reservoir area. Their stabilities are affected by multi-coupled factors (e.g., reservoir water fluctuations, rainfall, and earthquakes in the reservoir area). Meanwhile, the differences in mechanical parameters of reservoir banks make it more difficult to determine the dynamic stability of bank slopes under complex mechanical environments. In this paper, the multiple disaster-causing factors and spatial variability of the landslide were comprehensively considered to study the long-term evolution trend of the bank slopes with weak interlayers. Specifically, the limit equilibrium method combined with the random field was performed to calculate the reliability. Furthermore, the long-term effects of dry-wet cycles on reservoir bank landslides and the sensitivity analysis of the statistical parameters of the random field were discussed. The results show that the earthquake action had the most significant impact on the failure probability of the landslide. The failure probability was more significantly affected by the vertical fluctuation range of the parameters and the coefficient of variation of the internal friction angle. The increase in failure probability under the action of dry-wet cycles was mainly caused by the reduction of the parameters of the weak interlayer. The reliability evaluation method of reservoir bank slopes can be applied to predict the long-term stability of the coastal banks.
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1 Introduction

Coastal engineering (e.g., the building of sea walls, dykes, and embankments) requires high manufacturing and maintenance costs (Temmerman et al., 2013; Firth et al., 2014; Malone and Newton, 2020; Wang et al., 2020). The rise and fall of sea levels can threaten the long-term operation of coastal engineering; thus, it is necessary to analyze the effect of the changing sea levels on the coastal banks. Similar to the periodically changing reservoir water levels (Bromhead and Ibsen, 2004; Zhan et al., 2019; Rui et al., 2020), the evaluation method of the stability of the reservoir bank can be applied to coastal engineering to some extent. There are many landslides in the Three Gorges Reservoir area, and the mechanical of the landslide with weak interlayer is complicated. Specifically, many factors induce landslides on reservoir banks, involving reservoir water level, rainfall, and seismic (Wang et al., 2021; Wang et al., 2023). Numerous researchers have studied the causes of landslide failures and concluded that rainwater infiltration is the most important triggering factor in the instability of landslides (e.g., Rahimi et al., 2011; Huang et al., 2016; Wang et al., 2019a; Zhang et al., 2020). The influencing factors of rainfall infiltration slope stability can be summarized as followings: the rainfall intensity, rainfall duration, rainfall before instability and the initial state of soil (Ng and Pang, 2000). Instability mechanism of slope under earthquake action is the key to evaluating and control slope stability under earthquake conditions. At present, there are many methods of slope stability analysis under earthquake conditions, such as the pseudo-static method, the Newmark slider analysis method, and the numerical simulation method (Shukha and Baker, 2008; Zhang and Cao, 2013; Yang et al., 2014; Yeznabad et al., 2021). Based on the quasi-static method, Biondi et al. (2002) put forward the calculation formula of pore water pressure and slope stability by studying the stability of non-cohesive soil slopes during and after earthquakes. The analysis method of the influencing factors of slope stability usually only considers the change of one factor. Notably, in the earthquake zone, the area of landslides induced by rainstorms is three times that of the landslides directly induced by earthquakes (Lin et al., 2006; Chai et al., 2013). It can be found that the rainfall in the strong earthquake area will induce a wider range of landslide disasters.

Slope stability analysis is a popular field of geotechnical engineering for the application of probabilistic methods (Xie et al., 2020). There are differences and correlations in the properties of rock and soil parameters in different spatial locations. Random field theory can better characterize this spatial variability (Wang et al., 2017; Hu and Huang, 2019; Wang et al., 2020). The use of spatially variable analysis has been shown to affect the calculated failure probability of the slope models. For example, it has been shown that for slope models with a mean factor of safety greater than 1, accounting for spatial variability of material properties (e.g., cohesion and unit weight) results in a lower failure probability, compared to the same analysis without using spatial variability (Griffiths and Fenton, 2004; Cho, 2010; Javankhoshdel et al., 2017). A probabilistic analysis that does not consider spatial variability has been shown to result in unrealistic and overly conservative failure probabilities.

In this paper, the influence of spatial variability of geotechnical parameters on actual landslide deformation and stability cannot be considered by traditional methods (Zhang et al., 2023). Thus, the effect of spatial variability of geotechnical materials on landslide stability was studied using the random field. Then, based on the actual reservoir water level fluctuation, rainfall, and regional seismic intensity in 2017, the reliability of the Zhaoshuling landslide within one year was evaluated. Moreover, the effect of dry-wet cycles on failure probability was discussed to determine the long-term evolution trend of the Zhaoshuling landslide.




2 Study area

The Zhaoshuling landslide is situated in Badong County, Hubei Province, adjacent to the Yangtze River in the north and 74 km from the Three Gorges Dam in the east (Figure 1). It is a large reservoir bank bedding landslide. The trailing edge of the Zhaoshuling landslide is about 500 m, and the leading edge is about 100 m. The main strata of the landslide were the second and third sections of the Triassic Badong Formation (T2b2 and T2b3). The stratum of the Zhaoshuling landslide can be divided into three parts from top to bottom: sliding mass, sliding zone, and bedrock (Zhan et al., 2022; Zhang et al., 2022a; Yang et al., 2023). Sliding mass includes sliding rock mass, gravel soil, and the main component of the sliding zone is gravel sandy clay.




Figure 1 | Location of the Zhaoshuling landslide.



The reservoir water level fluctuated between 145~175 m every year (Figure 2A); thus, there was a dry-wet cycles area with 30 m on the bank slope. In addition, there was concentrated rainfall in Badong County (Figure 2B), and the peak acceleration of ground motion was 0.05 g.




Figure 2 | The factors affecting the seepage field of the bank landslide. (A) The reservoir water level of Three Gorges Reservoir; (B) Daily precipitation of Badong County.



The parameters of each layer of the Zhaoshuling landslide are shown in Table 1. Notably, the dry-wet cycles area was the reduced value after 10 dry-wet cycles. And the relevant parameters were obtained from the statistics of the existing papers (Chen et al., 2011; Li et al., 2016; Salimi et al., 2021; Zhang et al., 2022a).


Table 1 | Parameters of rock and soil mass of Zhaoshuling landslide.






3 Methodology



3.1 Morgenstern-price method

Landslide stability problems are commonly analyzed by using LEMs of slices, and the approach presented here adopts the Morgenstern-Price method. The Morgenstern-Price method assumes that the relationship between the vertical force and the lateral force is  , The FOS of the slip surface can be obtained by iterative calculation of the balance equation, and the expression is as follows:

 





Where   is the coefficient of variation of the force between the soil strips;   is the change function of the force between the soil strips;   is the length of the soil strip on the sliding surface;   is the length of the lever arm from the centroid of the soil bar to the center of the sliding surface;   is the distance from the midpoint of the soil strip at the sliding surface to the corresponding normal;   is the angle between the tangent of the soil strip and the horizontal plane;   is the normal force of the sliding face to the soil strip.




3.2 Random field theory

The random field uses easily available and physically meaningful parameters to characterize random phenomena at different spatial scales.

A random field   can be expressed as a trend component   and a volatility component  . The trend component   is related to the absolute position in space. In addition, the trend component   can be regarded as the mean value   when it is considered as a constant. If the correlation of the fluctuation component   is only related to the relative distance, the fluctuation component   can be considered as statistically uniform.

 

Where   represents the spatial position.

There is an autocorrelation between the parameters of the rock and soil mass in the spatial range, which needs to be described by the autocorrelation function. The mean and variance of the random field of parameter   can be defined as follows:

 

 

The covariance function of   can be expressed as follows:



During the random field generation using the Local Average Subdivision method, the Markovian covariance functions are used to calculate the covariance value between cells in the field.



Where   represent the horizontal relative distance and vertical relative distance between any two points in space, respectively;   represent the horizontal and vertical fluctuation ranges, respectively.




3.3 Monte Carlo simulation

The method is generating a random variable sample that conforms to a certain distribution by sampling. And the set of random sample can be used in the performance function. Then, the probability of failure (Pf) is obtained by counting the proportion of failure samples:

 

 

where   probability density function of random variable  ;   failure samples;

If there are N trials in calculating FOS, and M times where FOS, the Pf can be defined as follows:

 

The coefficient of variation of the failure probability can be expressed as:

 




3.4 Latin hypercube sampling

Latin hypercube sampling will be used in Monte Carlo simulations, it is a multidimensional stratified sampling method. The random variable is divided into N groups equally, then building a matrix  , its column elements are random integers between 1-N and vary. Correspondingly, building a matrix  , its column elements are random rational numbers between 1-N and vary.

 

 

where   represents the element in the   row and   column of matrix  ;   means the   variable of the   group of samples;   represents the distribution function of the   variable;   means sample variable.

Latin hypercube sampling avoids repeated sampling by Monte Carlo method and improves computational efficiency




3.5 Computational model of the Zhaoshuling landslide

The two-dimensional saturated-unsaturated seepage slope stability model was established in SLIDE2 (Figure 3). The length of the landslide is 1200 m, and the height of the trailing edge is 475 m. Considering that the overall stability of the Zhaoshuling landslide was controlled by the weak interlayer, the weak interlayer was the sliding zone. The changing reservoir water levels are set at the leading edge, the other parts of the landslide are set as rainfall boundaries, and the bottom of the model is set as a waterproof boundary (Zhan et al., 2018; Rui et al., 2021).




Figure 3 | Model of the Zhaoshuling landslide.



The cohesion and friction angle of the sliding mass and the weak interlayer are respectively assigned to the spatial variability, the statistical parameters are obtained with reference to literatures (Suchomel and Masin, 2010; Jiang et al., 2015; Lü et al., 2018; Hu et al., 2020), as shown in Tables 2, 3 respectively.


Table 2 | Statistical mechanical parameters of sliding mass.




Table 3 | Statistical mechanical parameters of weak interlayer.






3.6 Operating conditions

To facilitate the understanding of the proposed multi-factor calculation, a flow chart of failure probability assessment of the Zhaoshuling landslide is shown in Figure 4.




Figure 4 | Flow chart for probability analysis of the landslide stability.



The reliability analysis of the Zhaoshuling landslide in a one-year period considering the spatial variability of parameters would be carried out. The pseudo-static method was used to analyze the reliability of seismic landslide when the annual failure probability was the highest. In order to study the critical instability of landslides under earthquake conditions, the horizontal seismic coefficients were calculated as 0.028, 0.05, 0.1, 0.15, and 0.224, respectively. In addition, the horizontal seismic coefficient was regarded as a random variable conforming to the log-normal distribution, and the COV of the seismic coefficient was 0.3 (Zhang et al., 2021).

The landslide reliability calculation of 30 dry-wet cycles would be carried out when the failure probability was the highest under the combined action of reservoir water level and rainfall. At the same time, the simultaneous reduction and separate reduction of the parameters of the sliding mass and the weak interlayer in the dry-wet cycles would be considered, and the influence of the dry-wet cycles on the failure probability of the landslide could be explored. Correspondingly, the parameters of the dry-wet cycles referred to the published papers (Table 4; Wang et al., 2020; He, 2020; Zhang et al., 2022a; Zhang et al., 2022b).


Table 4 | Mechanical parameters of sliding mass and weak interlayer with different dry-wet cycles.



The random fields of cohesion and internal friction angle generated in one sampling are shown in Figures 5A, B. The mean and standard deviation of the FOS gradually converge with the increase of the number of simulations, when the number of simulations is 5000 times,   (Liu et al., 2019), the calculation results reached convergence in all cases (Figure 6).




Figure 5 | Random field model of Zhaoshuling landslide: (A) Random field model of cohesion; (B) Random field model of internal friction angle.






Figure 6 | Convergence of safety of factor.







4 Result



4.1 Reliability analysis of landslide under reservoir water level and rainfall



4.1.1 January 1st ~ March 20th

In the first stage, the reservoir water level dropped slowly and there was less rainfall. The landslide failure probability was the highest at 0.76% and the lowest at 0.54%, which was always kept at a low level. The seepage pressure generated by the water level difference has little effect on the stability of the landslide. Correspondingly, there is no significant change in failure probability.




4.1.2 March 21th~ June 10th

In the second stage, the failure probability increased rapidly, from 0.54% to 6.62%. The water level difference inside and outside the landslide will generate seepage pressure pointing to the outside of the landslide. In this case, the stability of the landslide will be reduced, and the failure probability will significantly increase. Theoretically, when the reservoir water level drops rapidly to the lowest point, the seepage pressure will increase to a maximum, and the stability of the landslide is the worst at this time. With the decline of the reservoir water, the landslide stability also gradually decreased. Therefore, the landslide stability was mainly affected by the change of reservoir water level.




4.1.3 June 11th ~ August 20th

The reservoir water level remained at 145 m between June 11th and July 1st. Nevertheless, the failure probability as a whole showed a downward trend, from 6.04% to 4.58%. It was speculated that the hysteresis of seepage inside the slope caused the groundwater infiltration line to still change. With the gradual decline of the groundwater level in the landslide, the seepage pressure will gradually decrease. Thus, the stability of the landslide is enhanced again, and the failure probability will be reduced. After that, the reservoir water level rose, and the failure probability dropped rapidly to 1.36%. This suggests that the rising process of the reservoir water level was conducive to the stability of the landslide.




4.1.4 August 21st ~ October 20th

The reservoir water level continued to rise, and the failure probability continued to decline, from 4.92% to 0.06%. In the follow-up, even if the slope stability was significantly enhanced, the decline in the failure probability was not large. Thus, it can be found that when the failure probability was small, the stability change of the landslide cannot be well reflected. The water level in the landslide rises slowly, and the seepage pressure will be generated towards the landslide. The stability of the landslide will be enhanced, and the failure probability will be reduced.




4.1.5 October 21st ~ December 31st

At this stage, the change trends of the failure probability curve were first stable, then rising and then stable. It can be found that although the reservoir water level and rainfall fluctuated slightly, the landslide stability decreased.

The annual failure probability with reservoir water fluctuation and rainfall changes as shown in Figure 7. The most unstable period of the landslide is in June. The probability of failure increased when the water level decreased, and decreased when the water level increased. Therefore, the failure probability and the water level were basically in the opposite trend. It can be found that the landslide stability was closely related to the fluctuation of the reservoir water level, while the influence of rainfall on the landslide stability was relatively small. In addition, the failure probability at the beginning of the year fluctuated around 0.6%, and the failure probability at the end of the year reached 0.7%. Thus, the landslide stability formed a closed loop after the annual reservoir water level and rainfall experienced a cyclical change.




Figure 7 | Variation of annual failure probability of the Zhaoshuling landslide.







4.2 Reliability analysis of landslide under combined seismic action of reservoir water level and rainfall

Figure 8 shows results with and without the COV of the seismic coefficient. With the increase of seismic coefficient, the failure probability of the landslide increased significantly. Obviously, the earthquake had a significant effect on the stability of the landslide. In the case of an actual seismic coefficient of 0.05, the failure probability of the landslide reaches about 90%. Notably, failure probability decreases when seismic coefficients were regarded as random variables. Thus, the failure probability of landslide will be increased when the seismic coefficients were regarded as constants.




Figure 8 | Influence of earthquake on failure probability of Zhaoshuling landslide.



Figure 9A shows the distribution of the FOS was relatively concentrated when the seismic coefficients were small. Conversely, when the seismic coefficient was large, the calculated FOS were more scattered. Notably, Figure 9B shows the probability of FOS less than 1.0 was 46.58% under the horizontal seismic coefficients was 0.224. Similarly, when the horizontal seismic coefficients were 0.224, it can be found that more than half of the cases where the FOS was less than 1.0 (Figure 8A). The Zhaoshuling landslide may be in an unstable state at this time.




Figure 9 | Probability density curve and cumulative distribution curve under different seismic coefficients: (A) probability density function; (B) cumulative distribution function.






4.3 Sensitivity analysis



4.3.1 The effect of the COV

As the COV of cohesion or friction angle increased, the failure probability of landslide increased. Therefore, it can be found the greater the variation of strength parameters, the less conducive to the stability of the landslide. And the degree of variation in the friction angle had a greater impact on the failure probability. Notably, the small mean value of cohesion led to limited variation in the range of cohesion values under the two COV. Thus, the variation degree of cohesion had little influence on the landslide stability.

Figure 10A shows the probability density functions of the FOS. The shape of the probability density function became narrower and the uncertainty in the FOS decreased when the negative value of the COV of the friction angle increased. Similarly, the probability distribution estimated also shows the same trend (Figure 10B). In addition, although when the COV was 0.5 and the FOS was 1.0, the cumulative distribution value was still 0. The landslide will not be completely unstable.




Figure 10 | The effect of the COV: (A) Influence of different COV on failure probability; (B) probability density function; (C) probability distribution of the FOS.






4.3.2 The effect of the correlation coefficient

Figure 11A shows that the probability of failure increased as the correlation coefficient increased. Thus, the stronger the negative correlation between the cohesion and the friction angle, the more conducive to the stability of the slope. But the failure probability did not change much.




Figure 11 | The effect of the correlation coefficient: (A) Influence of different correlation coefficients on failure probability; (B) probability density function; (C) probability distribution of the FOS.



Figures 11B, C show that the probability density functions and the probability distribution of the FOS determined from the five correlation coefficients were almost. The reason was that the cohesion had little effect on failure probability.




4.3.3 The effect of the fluctuation

This section introduces a coefficient to represent the change in the scale of fluctuation, then the fluctuation range of the sliding mass and the weak interlayer is increased or decreased by the same multiple (Table 5). Figure 12A shows the effect of scale of fluctuation on the failure probability. Whether it was the horizontal fluctuation range   or the vertical fluctuation range  , as the fluctuation range increased, the failure probability of landslide increased gradually. Notably, the failure probability was more significantly affected by changes in the vertical fluctuation range.


Table 5 | Changes of horizontal and vertical scale of fluctuation.






Figure 12 | The effect of the fluctuation: (A) Influence of different fluctuation coefficients on failure probability; (B) probability density function; (C) probability distribution of the FOS.



Figure 12B shows that the probability density function curve had a very obvious change under different vertical fluctuation ranges. As the vertical fluctuation range increased, the peak value of the curve gradually decreased and shifted to the left. Therefore, the distribution of the FOS gradually became scattered and the mean value gradually decreased, and the landslide stability was gradually decreasing. And the curve difference was large when the vertical fluctuation range coefficient was between 0.5 and 2, the probability distribution estimated also shows the same trend (Figure 12C). It can be found that when the vertical fluctuation range exceeded a certain value, the failure probability was not sensitive to its change.






5 Discussion

More than 85% of the slope instability is inseparable from the action of water (Wang et al., 2019b; Yin et al., 2022; Zhang et al., 2022c). The dry-wet cycles effect caused by the rise and fall of the reservoir water level affects the stability of the bank landslide (Rejeb and Bruel, 2001). Lin et al. (2005) studied the microscopic mechanism of water weakening in sandstone, and used dry-wet cycles to simulate leaching effects. The result shows that after 60 dry-wet cycles, the strength loss of sandstone reached 20%, and the porosity showed a nonlinear increase. Under the repeated dry-wet cycles, the surface roughness coefficient, compressive strength and friction angle of the rock mass gradually decrease (Fang et al., 2019). Wang et al. (2019) analyzed the effect of water level rise and fall on the shear strength of sandstone-mudstone, and concluded that the decrease in shear strength was in a logarithmic relationship with the increase in the number of cycles. Therefore, the dry-wet cycles play an important role in the long-term effect of the reservoir bank landslides.

The results of the simulation are summarized in Figures 13, 14. With the increase of the number of dry-wet cycles, the strength of the rock and soil was reduced, and the failure probability of the landslide increased significantly. Obviously, the failure probability basically did not change after 10 dry-wet cycles. So the weakening of the landslide stability by the dry-wet cycle was limited. The reduction of rock and soil strength parameters was also consistent with the failure probability.




Figure 13 | Influence of parameters degradation of sliding body and weak interlayer on failure probability under dry-wet cycles.






Figure 14 | Influence of parameters degradation of only sliding mass or weak interlayer on failure probability under dry-wet cycles.



Figure 14 shows the change of the failure probability of the landslide was mainly affected by the reduction of the parameters of the weak interlayer. It can be concluded that the weak interlayer played a decisive role in the landslide stability.

The stability of coastal banks is affected by the changing water levels, rainfall, and earthquakes (Sassa and Takagawa, 2019; Liu et al., 2023). The reliability evaluation method of reservoir banks under various disaster-causing factors in this paper can be applied to predict the long-term safety of the coastal banks (Cavanaugh et al., 2019).




6 Conclusion

Considering the spatial variability of rock and soil parameters, this paper evaluated the reliability of the Zhaoshuling landslide within one year. Furthermore, the influence of dry-wet cycles on failure probability was discussed, and the sensitivity analysis of random field-related statistical parameters was carried out. Several conclusions can be obtained as followings:

	(1) The annual failure probability of the Zhaoshuling landslide varied with reservoir water level and rainfall. When the reservoir water level decreased, the failure probability of the slope increased. Correspondingly, when the reservoir water level increased, the failure probability of the slope decreased. Meanwhile, rainfall had relatively little effect on failure probability. And the June was identified as the most unstable period of the year for the Zhaoshuling landslide.

	(2) With the increase of seismic coefficient, the failure probability of landslide increased significantly. Thus, the most important external action affecting the stability of the slope was the earthquake. In addition, the resulting failure probability was slightly reduced when the seismic coefficients were treated as random variables.

	(3) Due to the increase in the number of dry-wet cycles, the strength of rock and soil was gradually reduced, and the failure probability of landslide increased significantly. Moreover, the change of the failure probability of the landslide was mainly caused by the reduction of the parameters of the weak interlayer. It was proved that the weak interlayer played a decisive role in the landslide stability.

	(4) The spatial variability of rock and soil parameters had a significant impact on the slope stability. The failure probability will increase with the increase of the COV, correlation coefficient, and fluctuation range, respectively. Especially, attention should be paid to the COV of the internal friction angle and the vertical fluctuation range of the parameter when evaluating the reliability of the landslide. The research results can provide important references for the analysis of the formation mechanism of wading landslides, monitoring, and emergency management.
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