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Abstract

:

Landslides that occur in the littoral zone of a reservoir can directly damage the hydraulic structures and threaten the lives and property around the reservoir. Due to the spatial variability and heterogeneities of rock mass, a limited amount of data obtained from laboratory and in situ tests cannot comprehensively characterize the mechanical properties of rock and soil masses. Therefore, displacement back analysis is often performed to determine the mechanical parameters of rock and soil masses. The spaceborne Interferometric synthetic aperture radar (InSAR) has proved to be a powerful tool for geodesy in the measurement of landslide movement. However, InSAR can only measure the surface motion of the landslide without the subsurface information. This study uses multi-source monitoring data in the landslide displacement back analysis, including surface InSAR and an internal borehole inclinometer. The identified material parameters and finite element simulation are used to predict the landslide deformation. The case study of the Cheyiping landslide located in the Lancang River basin demonstrates the necessity and feasibility of using multi-source monitoring data in landslide displacement back analysis. The Cheyiping landslide is currently in the creep deformation stage. The decrease in shear strength of rock masses due to the rheological deformation and the change in reservoir water level are the internal and external factors leading to excessive landslide deformation. The numerical modeling can accurately simulate the landslide movement using the identified material parameters. By combing multi-source monitoring data and numerical modeling, the reservoir landslide deformation analysis can help evaluate the landslide deformation state and stability, which is vital for reservoir risk mitigation and the sustainable development of hydropower resources.
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1. Introduction


At present, more and more high dams have been built on the mountainous rivers of China. The dam reservoir impoundment could influence the slope stability, reactivate ancient landslides, and even trigger new ones [1,2,3,4]. Due to reservoir water level fluctuations, bank erosion such as landslide and bank collapse has also become a major concern in these areas, threatening the safety of hydraulic structures and the lives and property around the reservoir [5,6,7]. For example, several landslides occurred during the dam construction and the subsequent reservoir storage of the Miaowei Hydropower Station located in Lancang River, causing economic losses of over 110,000,000 CNY ($17,300,000 USD) [8,9]. It has been reported that there are many risks of landslides in the Lancang River basin [10,11]. To avoid landslide disasters, reduce economic losses, and avoid casualties, landslide risk management has been changed from passive management to active prevention and control. One of the most important measures in preventing large-scale landslides is to accurately and timely grasp the development tendency of slope deformation.



For many reasons, accurate landslide displacement measurement and prediction is a challenging task. Since the last decade of the twentieth century, the use of satellite remote sensing techniques for geohazard prevention, mapping, and monitoring has grown significantly, contributing to landslide risk reduction, impact assessments, and disaster responses [12,13]. The Interferometric Synthetic Aperture Radar (InSAR) time-series technique allows for remote detection and characterization of ground surface displacements with subcentimeter precision and high spatial resolution [14,15,16,17]. Using InSAR for landslide monitoring, deformation information can be acquired in a wide range, long time series, and with high accuracy. Therefore, the InSAR measurement can not only provide spatial information of the landslide deformation but also be used in landslide displacement prediction. Using the monitoring data, many data-driven models have been built to predict landslide displacement, such as artificial neural networks [18,19], random forest [20], extreme learning machine [21], particle swarm optimization support vector machine (PSO-SVM) [22], the Newmark model [23,24,25], the data mining method [26], as well as some hybrid models [27,28,29]. However, these models do not use information other than the deformation monitoring data itself, leading to model overfitting and low landslide deformation prediction accuracy [30]. Thus, in an attempt to overcome this problem, some researchers have used the numerical modeling method to analyze landslide deformation [31,32,33,34].



Due to the spatial variability and heterogeneities of rock and soil masses, only a limited amount of data obtained from laboratory and in situ tests cannot comprehensively characterize the mechanical properties of rock and soil masses [35,36]. Thus, using the material parameters obtained either from laboratory or in situ tests cannot accurately simulate the landslide deformation [37]. In some cases, even the physical and mechanical parameters of rock and soil masses are not available [38,39,40,41]. The displacement back analysis method is therefore commonly employed to identify the material parameters and assess landslide safety [42,43,44,45,46,47,48]. However, previous studies only use either surface or internal deformation monitoring data in the displacement back analysis. For example, Ishii et al. reported a displacement back analysis for estimating the strength parameters of the landslide mass using the displacement data monitored by ground extensometers installed in boreholes [46]. Huang and Li used a displacement back analysis method to determine the mechanical parameters of the rock-soil mixture of the Wujiang landslide using the observed displacement of borehole inclinometers [47]. Ma et al. utilized the displacement back analysis method to determine the mechanical parameters of landslide bodies using the InSAR measurements [48]. As either surface or internal deformation monitoring data alone cannot fully reflect the landslide deformation state, the material parameters identified by the displacement back analysis method may not accurately reflect the mechanical properties of the landslide materials. Furthermore, the realistic three-dimensional (3D) landslide was largely simplified as a two-dimensional (2D) finite element model, which may also undermine the rationality of these studies [49,50].



In this study, we utilize multi-source deformation monitoring data and 3D finite element method (FEM) simulation in landslide displacement back analysis and deformation prediction. The Cheyiping landslide located in the Lancang River basin is used to demonstrate the necessity of this study. The rheological deformation is considered in the finite element simulation to predict the long-term displacement of the Cheyiping landslide. The displacement time series obtained by InSAR measurements and internal borehole inclinometers are used to determine the elasto-viscoplastic parameters of rock and soil masses. Based on the InSAR measurements and numerical modeling, we analyzed the deformation pattern and the deformation stage that the landslide is undergoing. Furthermore, the advantages of landslide displacement back analysis using both surface and internal monitoring data were verified by comparing them with Global Navigation Satellite System (GNSS) and borehole data.




2. Study Area


The Cheyiping landslide is located in the upper reaches of the Lancang River, Lanping County, the central area of the World Natural Heritage of Three Rivers Parallel. It is a typical recurrence reservoir landslide and is about 39 km away from the Huangdeng Hydropower Station (Figure 1a). It has a width of approximately 600 m and a length of about 1300 m, with a height difference from crown to toe exceeding 700 m, and the left and right sides are bounded by gullies (Figure 1b–e). The borehole data indicate that the landslide thickness is between 20 and 70 m, and the landslide volume is about 20 million m3. The upper and lower parts of the landslide are relatively steep, while the middle part where Cheyiping village is located is relatively gentle. Figure 1f shows the geological cross section along profile 1-1′. According to field investigation, the landslide material mainly consists of quaternary deposits with silty clay and fragmented rubble. The silty mudstone, argillaceous siltstone, and sandstone of the Middle Jurassic Huakaizuo Formation (J2h) constitute the underlying bedrock of the landslide [51]. According to the Varnes classification system [52,53], the Cheyiping landslide can be classified as a translational rockslide. The excessive landslide movement causes damage to the houses and other facilities on the slope (Figure 2).




3. Data and Methods


We combined multi-source deformation monitoring data and finite element simulation to investigate the deformation process of the Cheyiping landslide. A 3D finite element model of the Cheyipong landslide was established considering realistic geological and geomorphological conditions. The surface motion of the Cheyiping landslide was measured using InSAR. By combining the internal deformation monitored by borehole inclinometers and the surface deformation measured by the InSAR technique, the elasto-viscoplastic parameters of rock and soil masses were determined using the displacement back analysis method. The time-dependent deformation of rock and soil masses was considered in the finite element simulation to predict the development of the Cheyiping landslide. The flowchart of this study is shown in Figure 3.



A total of 73 SAR images acquired by Sentinal-1 were freely accessible through the European Space Agency (ESA) Sentinel science hub to monitor the surface deformation of the Cheyiping landslide using the time-series InSAR technique. Specifically, the datasets were collected from both ascending and descending orbits in order to overcome the limitations of the single track SAR data and SAR imaging geometry [54]. The spatial coverage of the SAR datasets can be found in Figure 4. The basic parameters of SAR data are reported in Table 1. Furthermore, Precise Orbit Data (POD) of ESA was used to correct the orbit error of sentinel-1A data. The 30 m resolution digital elevation model of the Shuttle Radar Topography Mission was used to remove topographic phase contribution and geocoding.



These deformation monitoring techniques and the time range of the data are shown in Figure 5. The inclinometer was installed in boreholes to monitor the internal deformation of the landslide. Thirteen boreholes with depths ranging from 51.64 to 80.49 m were drilled into the Cheyiping landslide in 2019. The installed borehole inclinometer has a biaxial probe containing two perpendicular accelerometers. The measurements are made from the bottom of the inclinometer. As the probe is gradually raised to the top of the casing, subsequent readings are taken. Because the rockslide deformation exceeds the measurement range of the inclinometer, the borehole inclinometer monitoring data was only available between September 2019 and May 2020.



A network of six Global Navigation Satellite Systems (GNSS) stations was deployed on the Cheyiping landslide for surface deformation measurement. The Trimble GPS receiver continuously collected the GNSS data from 24 April 2019 to 25 March 2020 at a 30 s sampling rate. The GNSS data were downloaded every two weeks from the receiver. In order to prevent data leakage, the GNSS monitoring data were not used in the displacement back analysis. The GNSS data were used to validate the landslide deformation prediction by FEM simulation with identified material parameters.



3.1. InSAR Measurements


The small baseline subset (SBAS) InSAR time-series technique was used to measure the surface deformation of the Cheyiping landslide from space. The SBAS-InSAR technique can improve the temporal sampling rate and deformation monitoring precision by avoiding the decoherence effect caused by long interferometric pairs of spatio-temporal baselines [55,56]. The basic principle of SBAS-InSAR is to form differential interferograms by setting appropriate parameters of spatial and temporal baselines for SAR images, which aims to increase the correlation of the interferograms’ formation. The interferograms are then spatially unwrapped. The whole set of interferograms is inverted using singular value decomposition (SVD) to obtain the least square solution under the minimum norm and the time-series deformation sequence in the study area. Firstly, only interferometric pairs with a temporal baseline of less than 60 days are selected to enhance coherence in the following co-registration and time-series analysis. The Goldstein filtering eliminates the noise in the multi-view differential interferogram to reduce the noise further. Before unwrapping the phase, it is necessary to improve fringe visibility and reduce phase noise. The interferograms were processed using a multi-look operation to suppress the phase noises. Furthermore, the atmospheric artifacts were modeled using high-pass and low-pass filtering of the interferograms. After that, the interferograms were unwrapped using the 3D minimum cost flow (MCF) algorithm dealing with the Delaunay triangulation network. Finally, the standard SBAS inversion steps were executed to obtain the LOS distribution of the annual mean displacement velocity of the Cheyiping landslide.



The spaceborne InSAR observation is insensitive to motion in the north-south direction [54]. If the north-south displacement component can be neglected, we can decompose the displacement measured along ascending (   d  a s c    ) and descending (   d  d s c    ) LOS into horizontal (east-west) component (   d  h o r    ) and vertical components (   d  v e r    ) [57]. For each track, we resampled the mean LOS velocity onto a 20 m × 20 m grid which was used as input for displacement decomposition. The measurement points contained in one grid were combined as a new point. A mean velocity was calculated for the new point by averaging the velocities of all the measurement points in the grid, and its position was in the center of the grid. As described in Equation (1), the horizontal (east-west) component (   d  h o r    ) and vertical component (   d  v e r    ) were computed.


   (       d  a s c          d  d s c        )  =  (      c o s  θ  a s c       − c o s  α  a s c   s i n  θ  a s c         c o s  θ  d s c       − c o s  α  d s c   s i n  θ  d s c        )   (       d  v e r          d  h o r        )   



(1)




where    θ  a s c     and    θ  d s c     are the local incidence angles, and    α  a s c     and    α  d s c     represent the satellite heading angles in the ascending and descending modes, respectively.



Because the slope direction of the Cheyiping landslide is approximately east-west, the east-west displacement obtained by decomposition can be taken as the horizontal landslide displacement towards the free face. Figure 6 shows the spatial pattern of 2D displacement rates of the Cheyiping landslide. A negative value represents ground motion away from the satellite, while a positive value indicates movement towards the satellite (Figure 6b,c). The low vegetation cover in the study area is beneficial for obtaining spatially intensive InSAR measurements. The deformation regions detected using ascending and descending datasets were generally consistent. However, due to the different sensitivity of the landslide motion direction to the satellite flight direction, the extent of the deformation measured by the ascending dataset is slightly larger than that of the descending dataset. Compared with using ascending or descending data, the landslide movement can be better monitored by combing ascending and descending data.



Figure 6d shows the mean east-west displacement velocity of the Cheyiping landslide. The negative and positive values represent the westward and eastward movement, respectively. The large deformation mainly occurs between two distinct gullies, and the displacement of the lower part of the landslide body is larger than that of the upper area. Figure 7 shows the time series of east-west displacement component of the points depicted in Figure 6d. The displacement time series exhibits a linear trend, and the displacement of the lower part of the landslide body was larger than that of the upper region. Based on field investigation and InSAR measurements, the Cheyiping belongs to a traction landslide with creep deformation [58]. This type of landslide is characterized by a greater degree of deformation in the lower part than in the upper portion of the landslide body, maintaining a certain rate of deformation as a whole and showing creeping deformation [59,60]. Overall, the time-series InSAR technique can identify the landslide hazard zone and monitor the deformation process with high accuracy.




3.2. Displacement Back Analysis to Identify Material Parameters


Laboratory tests were conducted to determine the physical and mechanical properties of landslide materials. However, many factors affect the representativeness of the experimental results, which is vital to the deformation and stability analysis. For example, the on-site sampling will inevitably disturb the in situ state of the rocks and soils, and the limited number of test groups and random sampling locations also lead to test data that does not reflect the actual geotechnical conditions [61]. Thus, the multi-source monitoring data and displacement back analysis were employed to identify the mechanical parameters of rock and soil masses. The multi-source monitoring data (i.e., satellite remote sensing and field-installed borehole inclinometers) can reflect the deformation state of the landslide body and provide more comprehensive a posteriori information for displacement back analysis. The displacement back analysis method uses such a posteriori information as the actual deformation monitoring data of a landslide to find an optimal set of parameter combinations so that the simulated values are close to the measured deformation.



Generally, the displacement back analysis for material parameter identification consists of two main ingredients, i.e., the construction of a surrogate model to represent finite element simulation and searching for the optimal material parameters using an optimization algorithm. We build the rockslide deformation surrogate model using a data-driven approach. First, we construct 500 sample points using orthogonal experimental design and random sampling together, each of which represents a set of material parameters of rocks and soils. By combining two sampling methods, the number of sample points and their distribution in the parameter space can guarantee the representativeness and accuracy of the surrogate model. We then perform extensive 3D finite element simulations of the Cheyiping landslide using the 500 parameter sets. The 3D finite element model of the Cheyiping landslide is discretized into 998,686 tetrahedron elements and 177,258 nodes. The finite difference software FLAC3D was used to simulate the landslide deformation. Finally, the surrogate model, an artificial neural network model, is trained using parameter set as input and simulated landslide deformation as model output. The neural-network-based surrogate model can thus replace the 3D finite element simulations.



We use a modified particle swarm optimization algorithm for the parameter inversion analysis, which incorporates a self-organizing topology structure and self-adaptive adjustable parameters. The K-Means clustering method periodically divides the particle swarm into several sub-swarms, providing a new information channel for particles. The information sharing between particles is restricted to the sub-swarm, which helps maintain the diversity of the population and improves the searchability of the particle swarm. The self-adaptive gradient-based parameter adjustment strategy can maintain a dynamic balance between the exploration and exploitation capabilities of each particle. The self-organizing topology and the self-adaptive parameter adjustment strategy can ensure the diversity and search dynamics of the particle swarm. In addition, the Bayesian optimization method is used to optimize the hyperparameters of the modified particle swarm optimization algorithm.



The modified PSO algorithm is used to find the optimal parameter set by minimizing the objective function, which is defined as the 2-norm of the difference between the simulated and observed displacement at the monitoring points.


  f  (   x 1  ,  x 2  , … ,  x n   )  =    [   1 n    ∑   i = 1  n     (     u i  −  u i *     u i *     )   2   ]     



(2)




where    (   x 1  ,  x 2  , … ,  x n   )    is the parameter set of rocks and soils to be identified,    u i    is the simulated displacement at the monitoring point,  i ,    u i    is the corresponding observed displacement, and  n  is the number of monitoring points used in the displacement back analysis. Seven InSAR measurement points and five monitoring points at different depths of internal borehole inclinometers ZK3-1, ZK-3-5, ZK3-7, ZK3-9, and BZK1-6 were used in the calculation of the objective function (shown in Figure 8).



The deformation monitoring indicates that the Cheyiping landslide has evident rheological characteristics. Thus, it is necessary to consider the creep deformation of rock and soil masses [62,63]. The viscoplastic constitutive model CPOWER was adopted in the finite element simulation [64]. The viscoplastic model combines the behavior of the viscoelastic two-component Norton power law and the Mohr-Coulomb elastoplastic models. The total strain rate     ε ˙   i j     is decomposed into elastic     ε ˙   i j  e   , viscous     ε ˙   i j  c   , and plastic     ε ˙   i j  p    components:


    ε ˙   i j   =   ε ˙   i j  e  +   ε ˙   i j  c  +   ε ˙   i j  p   



(3)







Creep is activated by the von Mises stress   q =   3  J 2      in accordance with the Norton power law (   J 2  = 1 / 2  S  i j    S  i j   )  , is the second invariant of stress deviator tensor), and the creep rate is


    ε ˙   i j  c  =   ε ˙   c r     ∂ q   ∂  S  i j      



(4)







The direction of creep flow is derived from the definition of  q :


    ∂ q   ∂  S  i j     =  3 2     S  i j    q   



(5)







The Norton power law is used to model the creep behavior [65]. The standard form of this law is


    ε ˙   c r   = A  q n   



(6)




where     ε ˙   c r     is the creep rate,  A  and  n  are material properties.



According to the geological exploration, the Cheyiping landslide consists of various sediment layers which have been considered in the finite element simulation. The displacement back analysis is thus performed to determine the viscoplastic model parameters for each stratum, including elastic modulus E, cohesion c, internal friction angle φ, and two creep model parameters,  A  and  n .





4. Results and Discussion


4.1. Displacement Back Analysis Using Multi-Source Monitoring Data


Using multi-source monitoring data in the displacement back analysis, we can identify the viscoplastic model parameters of each stratum (as listed in Table 2). The model parameters determined by laboratory tests and engineering analogy are also listed in Table 2.



To further demonstrate the necessity of using both surface and internal monitoring data in the displacement back analysis, we also performed displacement back analysis using internal and surface deformation data alone. Twelve borehole inclinometer points at different depths of different sites and twelve InSAR measurement points were used in the “Internal ONLY” and “Surface ONLY” displacement back analysis. To verify the numerical simulation results, the beginning time of the FEM simulation was the same as ground data. Figure 9a–c show the deformation contours of the Cheyiping landslide obtained by finite element simulations using the viscoplastic model parameters identified by back analysis with “Surface ONLY”, “Internal ONLY”, and multi-source deformation data, respectively. The landslide simulation results differ significantly in both magnitude and spatial patterns. With “Surface ONLY” displacement back analysis, the maximum deformation and the large deformation region are close to the monitoring results. However, the deformation is not continuous in space, which is not typical of a traction creep deformation landslide (Figure 9a).



With “Internal ONLY” displacement back analysis, the landslide simulation result differs significantly from the observed deformation patterns (Figure 9b). The large-scale displacement occurs in the middle and upper part of the Cheyiping landslide, inconsistent with InSAR measurements and field investigation. Besides, the maximum displacement is nearly thirty times larger than the observed value. Due to the limited number of boreholes, the internal monitoring points used in the displacement back analysis cannot capture the spatial details of the landslide deformation.



As shown in Figure 9c, by combing InSAR measurements and borehole inclinometer monitoring data in the displacement back analysis, the identified model parameters and finite element simulation can successfully reproduce the deformation characteristics of the Cheyiping landslide. It is a traction-type circular sliding of the loose surface rock and soil masses within the landslide body. The large deformation region corresponds to the reservoir bank collapse area shown in Figure 2c. We then compared the simulated displacement time series at three GNSS sites with GNSS displacement monitoring data. The locations of these GNSS stations are shown in Figure 5. It should be noted that the GNSS monitoring data was not used in the displacement back analysis to avoid data leakage. As shown in Figure 9d, using “Surface ONLY” and multi-source monitoring data in displacement back analysis, the finite element simulation and identified model parameters can accurately reflect the development trend of these three points. The simulated displacements are in good agreement with the GNSS monitoring data by incorporating both InSAR and borehole inclinometer monitoring data in the displacement back analysis.



Figure 10a,b shows the displacement contours of section 1-1′ for the displacement back analysis using multi-source and “Surface ONLY” monitoring data. In both cases, the simulation results demonstrate a typical shallow landslide involving the movement of a relatively thin layer of the rock and soil masses. As shown in Figure 10c–h, using multi-source monitoring data in displacement back analysis, the simulation results with identified model parameters are much closer to the monitored displacements of boreholes ZK3-5, ZK3-7 and ZK3-9. This verifies that both surface deformation and internal sliding of the landslide can be accurately simulated by displacement back analysis using multi-source monitoring data. The above comparisons demonstrate the necessity of using multi-source monitoring data in displacement back analysis.




4.2. Deformation Characterristics and Triggering Factors of the Cheyiping Landslide


The landslide displacement monitoring and finite element simulation indicate that the Cheyiping landslide is typical of the traction landslide with creep deformation. The circular-shaped tension cracks found in the trailing edge and bank collapse observed at the front edge are typical features of this type of landslide. Figure 11 shows the relationship between the GNSS monitoring data at G01, G02, and G03 and the change in reservoir water level. A significant increase in landslide displacement can be observed when the reservoir water level changes. This indicates that the change of reservoir water level is the main external factor causing the deformation of the Cheyiping landslide. The reservoir water level fluctuations significantly change the hydrogeological conditions of reservoir banks and thus affect the steady-state of the bank slope [66]. The rock and soil masses close to the Lancang River are subjected to reservoir water immersion and wave erosion, which change the original stability conditions, causing deformation, collapse, and landslide of the reservoir banks to reach a new equilibrium. The large deformation in the lower part of the deposit then leads to traction in the upper part of the landslide, forming many tension cracks in the trailing edge of the landslide.



In addition, we can analyze the intrinsic factors responsible for the creep deformation by comparing the identified model parameters with those obtained by experimental tests. Most of the landslides are in the creeping deformation state. The shear strength of landslide material is not a constant value but is closely related to its deformation rate [67,68]. As shown in Table 2, the cohesion (c) and internal friction angle (φ) identified by the displacement back analysis are smaller than the experimental values. This indicates that when the landslide enters the creeping sliding state, the landslide material will gradually decrease its strength due to creep, consistent with the previous studies [69,70,71]. Therefore, for a landslide with considerable creep deformation, it is necessary to consider the reduction of shear strength due to creep effects. In this case, catastrophic failure may occur in a short period of time if the rock and soil masses experience a sudden reduction in the peak shear strength due to external factors.



It is necessary to take some measures to control the landslide deformation. Otherwise, the reservoir water level fluctuations and strength reduction due to creep deformation could cause further deformation and gradual disintegration. First, a row of anti-slip piles should be set up in the lower part of Cheyiping village and along the outer side of the road, with a length of about 400 m, and the axis should be parallel to the road to cut off the traction effect of the landslide upward. For the section near the edge of the two gullies, the potential sliding surface is deeper and the terrain is steeper, which is not conducive to the placement of anti-slip piles and should be supported by anchor cable lattice beams [72]. In addition, we propose to relocate the residents located on the outer side of the road.




4.3. Further Application of Multi-Source Monitoring Data in Deformation Back Analysis


The displacement back analysis method has been widely employed to determine the constitutive model parameters of rock and soil masses and to assess the landslide safety [42,43,44,45,46,47,48]. One of the key issues in the displacement back analysis is the selection of the monitoring data that can reflect the deformation characteristics of the landslide [36]. With the development of new monitoring technology (e.g., LiDAR, ground-based synthetic aperture radar), different landslide monitoring techniques are being applied to the measurements of landslide displacements over time [58]. Satellite and ground-based radar systems have considerably increased the areal coverage and spatial resolution of surface displacement monitoring data. The more functional borehole sensors together with wireless data acquisition and transmission have significantly increased the temporal resolution of subsurface slope deformation monitoring data. These traditional and innovative monitoring techniques provide increased capacity to fully capture the landslide behavior.



A single technique alone only reflects distinct deformation features in different parts of the landslide [54]. A multi-source monitoring dataset can reduce uncertainty and supplement missing information from a single source [73]. For example, the combination of InSAR measurements and a borehole inclinometer enables the simultaneous acquisition of surface and internal landslide displacement data. The multi-source monitoring data assisted in determining the optimal rock and soil masses properties by displacement back analysis. However, the monitoring data obtained from different sources have different monitoring accuracy and spatial and temporal resolutions [74,75]. Systematically combining monitoring data from multiple sensors to take advantage of their complementary characteristics is a complicated task. Particularly with the addition of multiple data sources, it becomes more complex when using a data fusion method. Therefore, a general multi-source data fusion framework is worthy of in-depth study.





5. Conclusions


In this study, the Cheyiping landslide located in the Lancang River basin is used to demonstrate the necessity of using both surface and internal deformation monitoring data in the displacement back analysis. The proposed method can accurately reproduce deformation characteristics and predict the displacement of the landslide. It can be used as an effective tool for landslide deformation analysis, which is of great significance and value for improving landslide risk assessment and landslide prevention.



The InSAR measurements provide surface deformation data with high spatial resolution, which can not only monitor the slow-moving process but also identify the landslide hazard zone. The surface InSAR measurements together with the internal borehole clinometer monitoring data can assist in determining the optimal elasto-viscoplastic parameters of rock and soil masses through the displacement back analysis method to the further numerical simulations. It is clear that the finite element simulation using the identified material parameters can accurately reproduce deformation characteristics of the Cheyiping landslide. The simulated displacement time series are in good agreement with the GNSS data. The multi-source monitoring data and numerical simulation show that the Cheyiping landslide is a traction landslide. The reduction of geotechnical strength parameters due to creep and the change of reservoir water level are internal and external factors leading to deformation.



In the present study, creep parameters are considered within the FEM simulation in order to accurately predict the displacement in the creep deformation stage of the landslide, and its applicability is limited. Therefore, more improved and detailed numerical models should be used to better reconstruct the various phases of the landslide process. These aspects will be investigated in future studies.
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Figure 1. The Cheyiping landslide in the reservoir area of Huangdeng Hydropower Station: (a) Geographic location of the study area. (b) Aerial view of the Cheyiping landslide and locations of three cross-sections; (c) Gullies; (d) Platform; (e) Engineering geological map of the landslide; (f) Geological cross section alone profile 1-1′. 
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Figure 2. Field investigation of the Cheyiping landslide: (a) Damaged house; (b) Cracks in the road pavement; (c) Collapse of the reservoir bank; (d) Tensile cracks. 
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Figure 3. Flowchart of this study. 
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Figure 4. The spatial coverage of the SAR images. 
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Figure 5. The distribution of GNSS stations and boreholes and the time ranges of different monitoring data. 
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Figure 6. Mapping and monitoring of the Cheyiping landslide using Sentinel-1 InSAR data stack: (a) Aerial view of the Cheyiping landslide (b) Mean LOS displacement rate map of ascending InSAR measurements; (c) Mean LOS displacement rate map of descending InSAR measurements. (d) East-west displacement rate map. 
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Figure 7. East-west displacement time series of the indicated points. 
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Figure 8. Displacement monitoring points used in the displacement back analysis, including seven InSAR measurement points and five borehole inclinometers. 
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Figure 9. Comparison of the simulation results: (a–c) Contours of the simulated landslide displacement based on back analysis using “Surface ONLY”, “Internal ONLY”, and multi-source monitoring data, respectively. (d) Comparison of the simulation results at GNSS stations G01, G02, G03 with corresponding GNSS displacement monitoring data. 
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Figure 10. (a,b) Displacement contours of section 1-1′ for displacement back analysis using multi-source and “Surface ONLY” monitoring data, respectively. (c,e,g) Comparisons of the simulated displacements along the boreholes ZK3-5, ZK3-7, and ZK3-9 with measured data. (d,f,h) Error distributions of the simulated displacements along with the borehole depth. 
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Figure 11. Time-series of cumulative displacement at G01, G02, and G03 and the change in reservoir water level. 
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Table 1. Basic parameters of SAR images.
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	Sensors
	Orbit
	Track
	Start Date
	End Date
	No. of Images





	Sentinel-1
	Ascending
	172
	31 December 2018
	24 April 2020
	40



	Sentinel-1
	Descending
	33
	2 January 2019
	26 April 2020
	33
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Table 2. The identified parameters of each stratum.
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Zone

	
Elastic Modulus, E (GPa)

	
Cohesion, c (kPa)

	
Internal Friction Angle, φ (°)

	
Creep Model Parameter, A

	
Creep Model Parameter, n






	
Qdel1,

Qal

	
Experimental

	
4.92

	
20.00

	
25.20

	
2.19 × 10−17

	
8.57




	
Inversion

	
4.27

	
18.53

	
21.12

	
2.47 × 10−17

	
8.95




	
Qdel2

	
Experimental

	
9.84

	
28.00

	
24.20

	
9.80 × 10−17

	
8.02




	
Inversion

	
8.49

	
23.28

	
22.63

	
9.92 × 10−17

	
7.48




	
STR

	
Experimental

	
11.07

	
150.00

	
33.00

	
1.62 × 10−17

	
8.88




	
Inversion

	
12.81

	
132.56

	
28.43

	
1.29 × 10−17

	
6.84




	
WEAK

	
Experimental

	
4.43

	
65.00

	
40.00

	
1.27 × 10−17

	
8.71




	
Inversion

	
4.19

	
59.14

	
37.71

	
1.14 × 10−17

	
7.26
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