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Abstract

:

Information about the long-term spatiotemporal evolution of landslides can improve the understanding of landslides. However, since landslide deformation characteristics differ it is difficult to monitor the entire movement of a landslide using a single method. The Interferometric Synthetic Aperture Radar (InSAR) and pixel offset tracking (POT) method can complement each other when monitoring deformation at different landslide stages. Therefore, the InSAR and improved POT method were adapted to study the pre- and post-failure surface deformation characteristics of the Gaojiawan landslide to deepen understanding of the long-term spatiotemporal evolution characteristics of landslides. The results show that the deformation displacement gradient of the Gaojiawan landslide exhibited rapid movement that exceeded the measurable limit of InSAR during the first disaster. Moreover, the Gaojiawan landslide has experienced long-term creep, and while studying the post-second landslide’s failure stability, the acceleration trend was identified via time series analysis, which can be used as a precursor signal for landslide disaster warning. Our study aims to provide scientific reference for local governments to help prevent and mitigate geological disasters in this region.
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1. Introduction


Landslides and related disasters, as complex natural phenomena, cause significant casualties and serious consequences worldwide [1,2,3,4,5]. Landslides are distributed throughout the mountainous areas of western China [6,7]. In the transition zone between the Qinghai-Tibet Plateau and the Loess Plateau in particular, tectonics are active, the regional stability is fragile, and geological disasters are frequent [8]. Therefore, early identification and long-term monitoring of landslides are urgent tasks to provide scientific reference for landslide prediction, early warning, and preventative measures [9].



Surface deformation measurement is essential to understanding the evolution of landslides and the early warning of catastrophic damage [10,11,12,13,14]. However, due to the unpredictability, imperceptibility, and inaccessibility of many landslides, it is often impossible to obtain such information through traditional measurements (e.g., inclinometers, Global Positioning Systems (GPS), extensometers, total stations, and so on) [15]. The interferometric synthetic aperture radar (InSAR) technique can obtain subtle deformation information with high precision as well as long-time series of slow surface deformation on a large scale to reveal the evolution of landslides [16,17,18]. The methods of surface deformation retrieval using SAR images can be divided into phase-based and amplitude-based methods. Among these, phase-based differential SAR interferometry (DInSAR) and time-series methods have been successfully applied in a variety of studies, including early identification and inventory of landslides [19,20,21,22,23,24], surface deformation monitoring [25,26,27,28,29], and post-disaster analysis [30,31,32]. It can be used to measure subtle deformation with centimeter to millimeter-scale accuracy, but due to wavelength limitation, excessive deformation gradients will cause incoherence and wrong unwrapping results, so it is only suitable for monitoring extremely slow to very slow landslides [16,33]. In addition, amplitude-based pixel offset tracking (POT) is widely used to monitor active landslides with annual displacements of greater than tens of centimeters [34,35,36]. However, its accuracy is lower than that of phase-based InSAR methods, and it is often used for monitoring landslides with high deformation rates [37,38,39]. Analyzing the long-term spatiotemporal deformation characteristics of landslides helps improve landslide understanding and mitigate landslide disasters. However, using a single method could be insufficient for retrieving the deformation of a landslide since the entire movement process of a landslide may vary considerably [39,40]. Li et al. [15] analyzed the pre- and post-failure evolution characteristics of the Huangnibazi landslide based on multi-temporal images. The slow movement of the slope before the failure event was detected by interference technology. Using the adaptive amplitude offset tracking method, the large displacement after the landslide failure was successfully retrieved with meter-level accuracy. Xiong et al. [40] retrieved the pre- and post-failure spatiotemporal deformation history of the Baige landslide based on multi-satellite images and hybrid remote sensing technology, and obtained the surface displacement before the first failure event using cross-correlation technology and pixel offset tracking technology. Based on the Multi-temporal Synthetic Aperture Radar Interferometry (MT-InSAR) method, the displacement velocity map after the second failure was obtained. As a result, these two methods can complement each other in landslide deformation measurement during different stages, and can provide reliable identification and monitoring for landslide research and analysis.



In this study, therefore, we combined these two methods to comprehensively study and analyze the Gaojiawan landslide in the transition zone between the Qinghai-Tibet Plateau and the Loess Plateau. First, the small baseline subset (SBAS) time series method was applied to Sentinel-1A datasets to retrieve the pre-first failure movements on the slope, while an improved POT method was used to retrieve the large-scale displacements during the disaster. In addition, the pre-second and post-second failure deformation velocity and cumulative displacement of the Gaojiawan landslide were explored using the SBAS time series method to understand its long-term spatiotemporal evolution.




2. Study Area


The study area is located in the southeastern part of the Ledu District, Qinghai Province (Figure 1a,b). Several important highways connecting eastern and western China, including the G109 national Highway and the Zhangjiazhuang tunnel, cross this area (Figure 1c). The construction of the Zhangjiazhuang tunnel in this region started in 2010 and was completed in early 2012 [8]. But the Zhangjiazhuang tunnel was closed twice, on 18 January 2016 and 25 December 2018, respectively [41]. The study area lies in a transition zone between the Qinghai-Tibet Plateau and the Loess Plateau, where there are active tectonic and frequent earthquake events [8,42]. Two subparallel strike-slip faults located on both sides of the entrance and exit of the Zhangjiazhuang tunnel (Figure 2) control the formation of the hills and valleys in the study area [8]. This region has a typical plateau continental climate, and the average annual temperature and precipitation are approximately 7.3 °C and 335.4 mm, respectively [43].



The lithology of the Gaojiawan landslide is Quaternary loess and Paleogene mudstone (Figure 1f). The Gaojiawan landslide is tongue-shaped, its length, width, and maximum elevation differences approximately 483 m, 560 m, and 563 m, respectively. Meng [44] determined the spatial distribution of nine landslides in the Gaojiawan landslide group based on field investigations and the interpretation of aerial photographs (Figure 1c). Landslides have different slip surface shapes and volumes, which overlap each other. The largest landslide (L1) in the Gaojiawan landslide group is located in the western section of the Zhangjiazhuang tunnel (Figure 1c), and its main scarp is clearly visible and was continuously distributed for hundreds of meters (Figure 1d). After the formation of landslide L1, two further landslides, L2 and L3, developed to the east of landslide L1. Among them, several gullies were formed at the toe of landslide L2 (Figure 1g). There are two secondary landslides, L4 and L5, in front of landslide L1. Numerous sinkholes were also observed in landslide L4 (Figure 1e), which may provide the dominant infiltration channels for rainfall penetration [44]. The other two large-scale landslides, L7 and L8, are situated on the eastern side of the study area. Through field investigations, it was discovered that due to the reactivation of landslides in recent years, large amounts of surface deformation and damage occurred in landslide L7 (Figure 1h). It should be noted that Gaojiawan Village is located at the front of landslide L9. Moreover, based on the long short-term memory network (LSTM) model, Wang [45] extrapolated and predicted that the deformation of the Gaojiawan landslide would continue to increase without any sign of convergence. Reactivation of the landslide poses a threat to the lives, property, and well-being of the residents of Gaojiawan Village, as well as those living in adjacent areas [44].




3. Materials and Methods


3.1. Time-Series InSAR and DInSAR Analyses


Due to the geometrical relationship involving the side-looking imaging of SAR images, geometric distortions occur, including shadowing, layover, and foreshortening, which is likely to cause blind areas in single-orbit observations and seriously decrease the capability of landslide identification. A combination of ascending and descending observations could largely reduce the number of blind areas [22]. Therefore, we used multi-temporal Sentinel-1A data combined with ascending and descending datasets to study the Gaojiawan landslide. The Gaojiawan landslide experienced two failure events on 18 January 2016 and 25 December 2018. To ensure data coherence, this paper used the time of the first and second landslide failures as the node to study the surface deformation characteristics of the Gaojiawan landslide. Their temporal coverage is shown in Figure 3.



To retrieve the pre-first failure, pre-second failure, the post-second failure deformation, and the temporal evolution of the Gaojiawan landslide, the small baseline subset (SBAS) interferogram method [46,47,48,49] was used to derive the displacement time series from the ascending and descending datasets of the Sentinel-1A satellite. The basic parameters of the SAR images used in this study are presented in Table 1. POD Precise Orbit Ephemerides were used to remove orbit error, and Shuttle Radar Topography Mission (SRTM) digital elevation model (DEM) data covering the study area with a resolution of 30 m was used as the reference elevation data to eliminate the topographic phase.



Given that the large deformation of the Gaojiawan landslide occurred during the disaster, the Differential SAR interferometry (DInSAR) method [50,51,52,53] was used to monitor the deformation based on the two ascending images (acquired on 13 January 2016 and 6 February 2016), and two descending images (acquired on 8 December 2015 and 25 January 2016).




3.2. Pixel Offset Tracking


The amplitude-based pixel offset tracking method can measure displacements larger than one meter without the coherence limitations and displacement gradients [33,37]. This method is usually more suitable than InSAR in extracting surface displacements during failure events. However, the accuracy of the range and azimuth deformation extracted using this method is affected by the accuracy of the SAR image registration. SAR image registration error is caused by the serious geometric distortion in the imaging process of the SAR satellite due to the large topographic relief in mountainous regions [39,54,55]. To lessen the influence of the geometric distortion, an improved POT method is proposed (Figure 4). Firstly, we orthorectified the master image based on the range-Doppler (RD) location model [56,57,58]. Second, the geometric model of the radar satellite imaging and the morphological method [59] was used to comprehensively identify the layover, shadowing, and foreshortening regions [19,54,55,60]. After masking the geometrical distortions (Figure 5), the master image and slave image were registered and clipped, which registers SAR images more accurately and obtains reliable deformation information. Finally, the range and azimuth deformation in the geographic coordinate system was calculated using the POT method [34,61]. In this study, the improved POT method was used to monitor the deformation based on the two ascending images (acquired on 13 January 2016 and 6 February 2016) and the two descending images (acquired on 8 December 2015 and 25 January 2016).





4. Results and Analysis


4.1. Deformation Characteristics of the First Failure


4.1.1. Pre-First Failure Surface Deformation of the Landslide


The SBAS method was used to obtain the pre-failure mean line of sight (LOS) deformation velocity maps of the study area (Figure 6), where negative values represent motion away from the satellite and positive values represent motion toward the satellite. Figure 6a shows that the deformation velocity of the landslide group was −7–11 mm/a. The same landslide group (landslide L1, landslide L2, landslide L3, and landslide L7) experienced obvious deformation, but the deformation characteristics were different. Landslide L3 mainly moved away from the satellite along the LOS direction, while the other landslides moved towards the satellite along the LOS direction. It should be noted that landslide L9 had a large sliding area and is located on the mountain nearest to Gaojiawan Village. Its stability is directly related to the safety of the residents and surrounding industrial facilities in Gaojiawan Village. Meng et al. [44] found a series of squeezing and arching phenomena in the buildings around the village on the front of landslide L9 during their field investigations.



The Zhangjiazhuang tunnel passes through the underside of the Gaojiawan Mountain. It was found that the surface of landslide L3 underwent significant deformation, with the maximum LOS deformation velocity reaching −7 mm/a (Figure 6a). To further explore the relationship between the landslide and the Zhangjiazhuang tunnel, the four points on both sides of the Zhangjiazhuang tunnel, as shown in Figure 6b, were selected for time series analysis. It was found that the deformation process at points P1 and P4 changed significantly, with maximum cumulative LOS displacements of up to 9 mm. Moreover, the deformation trend primarily exhibits a linear change. Except for slight fluctuations, no significant acceleration was observed before the 18 January 2016 event, though its continuous creep may threaten railway transportation safety.




4.1.2. Surface Deformation during the First Failure


To monitor deformation during the disaster, DInSAR analysis was conducted based on the two ascending images (acquired on 13 January 2016 and 6 February 2016) and two descending images (acquired on 8 December 2015 and 25 January 2016). Figure 7 shows two filtered differential interferograms in the same area, obtained from ascending and descending images, respectively. To maintain visual quality, the filtered differential interferogram was not geocoded and was kept in the radar coordinate system. In winter, the noise of the interferogram is low, and the fringes caused by displacement can be determined in the interferogram. For example, compared with the stable area, the color changes of the deformation areas from point A to point B (Figure 7a) and from point C to point D (Figure 7b) are more drastic. The greater the cycle of color change, the greater the deformation. In particular, in Figure 7b it is shown that the entire cycle number of the deformation interference fringe from point C to point D is 4. However, due to the limitations of the DInSAR method, the maximum displacement between adjacent pixels in a wrapped interferogram cannot exceed λ/2, where λ is the wavelength [19,33,38,62]. Therefore, the regions with rapid movement have displacement gradients that exceed the measurable limits of the DInSAR method.



As the magnitude of displacements exceeded the upper limit measurable by the DInSAR method, the amplitude-based improved POT method was employed to retrieve the surface displacements during the disaster. Figure 8 shows the range and azimuth displacements between the two ascending images (acquired on 13 January 2016 and 6 February 2016) and the two descending images (acquired on 8 December 2015 and 25 January 2016) estimated by the improved POT method. As shown in Figure 8a,b, the deformation changes of the entire landslide group were mainly concentrated at the foot of the slope (Landslides L5, L8, and L9), posing a threat to Gaojiawan Village. The LOS deformation obtained by the DInSAR method is consistent with the range direction deformation of the improved POT method. It can be found that the deformation of the upper part of landslide L1 in the range direction (Figure 8a) and the deformation of the right side of landslide L7 in the range direction (Figure 8c) are consistent with the position of the interference fringes in Figure 7a,b, respectively. As shown in Figure 8c,d, the main surface movement was concentrated on landslides L2 and L3, consistent with the simulation results obtained by Zhou et al. [8]. That is, the landslide deformation was obvious in the range and azimuth directions. It is worth noting that the deformation direction is from south to north in landslide L7 (Figure 8d), the same direction as the “deforming direction” of the Zhangjiazhuang tunnel measured by the level network of the railway track [8]. Such rapid and large-scale movement may have a certain influence on the stability of the Zhangjiazhuang tunnel.





4.2. Deformation Characteristics of the Second Failure


4.2.1. Pre-Second Failure Surface Deformation of the Landslide


Since the geological disaster reoccurred on 25 December 2018 [63], we first studied the pre-failure deformation velocity and spatiotemporal evolution and traced the deformation evolution process of the landslide. Figure 9 shows the mean LOS deformation velocity and the time series LOS displacement plots of the Gaojiawan landslide obtained from the Sentinel-1A ascending and descending datasets. Due to the difference in the observation geometry, the deformation results obtained from the ascending and descending track datasets are different. As shown in Figure 9a, the deformed landslides are mainly distributed in the toes of landslides L1, L2, L3, L4, and L5, and the deformation velocity of the landslide group was −11−5 mm/a. However, as can be seen in Figure 9b, the deformed landslides are mainly distributed in the upper part of landslides L7 and L8, and the deformation velocity of the landslide group was −9−10 mm/a. This could show that the ascending data is more sensitive to monitoring landslides facing east, and the descending data is more sensitive to monitoring landslides facing west. To explore the temporal evolution of the Gaojiawan landslide, four points, as shown in Figure 9, were selected for time series analysis. As can be seen from the time series LOS displacement plots (Figure 9c), it was found that the deformation process at points P5 and P8 changed significantly, with maximum cumulative LOS displacements of up to 37 mm. It was found that the deformation process at points P6 and P7 changed significantly, with maximum cumulative LOS displacements of up to 15 mm (Figure 9d). The analyses revealed that the Gaojiawan landslide experienced creep, and the areas of severe deformation exhibit a linear growth trend.




4.2.2. Post-Second Failure Deformation Monitoring


To assess the post-failure stability of the slope, the SBAS method was used to derive the deformation velocity and displacement in the study area. The mean LOS deformation velocity and time series LOS displacement plots of the second stage of the Gaojiawan landslide derived from Sentinel-1A images indicate that the Gaojiawan landslide group was in deformation (Figure 10). It can be seen from Figure 10a,b that the overall deformation of landslide L3 was obvious. To further illustrate the historic temporal evolution of the slope and search for the deformation signal, the four points, as shown in Figure 10, were selected for time series analysis. An accelerated deformation trend can be observed in the time series LOS displacement plots acquired from the ascending and descending Sentinel-1A datasets (Figure 10c,d). According to the three-stage creeping theory, Saito [64] divided the temporal behavior of creep deformation before landslide failure into three stages, though in the tertiary creep stage the InSAR method may sometimes not monitor the landslide deformation effectively due to the large displacement. However, the acceleration deformation signal of the tertiary creep stage is very important for landslide warning, and it might be taken as a precursory signal for landslide disaster early warning [65,66]. On 31 May 2021, the China Railway Qinghai-Tibet Group Corporation detected an alarm in the Zhangjiazhuang tunnel [41] consistent with our monitoring results. It can be seen that the dense time series derived from the Sentinel-1A observations provide an opportunity to evaluate whether SAR measurements can be used to generate a warning prior to slope failure.






5. Discussion


5.1. Causative Factors of the Gaojiawan Landslide


As revealed by our analyses, the Gaojiawan landslide underwent deformation during the extended period from 2014 to 2021. Such deformation might be influenced by various factors, including natural processes and human activities. Here, we analyzed major causative factors on the instability of the Gaojiawan landslide.



Regional geological conditions are conducive to the formation and development of landslides. Under the influence of multiple tectonic systems, active faults are well developed in this area, leading to frequent seismic activity [8,41]. According to a record from Ledu Seismic Station (36.5511°N, 102.3969°E, about 19 km away from the Zhangjiazhuang tunnel, Figure 1b), a small earthquake is believed to have occurred on 18 January 2016 [8,67]. Since the earthquake occurred on the same date as the first geological disaster, and according to our research (Figure 6), the Gaojiawan landslide had undergone considerable deformation during the disaster, so it is considered that the earthquake may be the triggering factor of the first geological disaster.



Sustained and concentrated rainfall or groundwater can easily infiltrate loess layers through vertical joints and fissures, which played a key role in inducing the failure of the landslide [4,68,69]. During our field investigations, we found that a project at the foot of the Gaojiawan landslide was discharging excess water from the construction site through water pipes (Figure 1h). Through conversations with local villagers, it was found that the drainage volume was large each time, which indicates that the area is rich in groundwater. In addition, a large number of afforestation activities and long-term irrigation activities have been carried out on the Gaojiawan landslide. However, when irrigation water penetrates the soil, usually only a small part can be absorbed by plants, while the remainder will penetrate deep into the groundwater layer. Thus, after a single heavy rainfall or intensive irrigation, groundwater level changes significantly, which may trigger landslides in local areas.



In addition, human activities also have a certain impact on the stability of the slope [44]. To meet the demands of production and transportation, a large number of roads were built on the surface of the Gaojiawan landslide (Figure 1e), which not only partially changed the original landform but also produced partial free faces and reduced the overall stability of the landslide. Numerous buildings were built throughout the slope toe excavation, which resulted in a decrease in the sliding resistance of the lower part of the slope, which is not conducive to the stability of the landslide.




5.2. Relationship between the Landslide and the Tunnel


Landslides can cause deformation, damage, or even destruction of underground structures [70,71,72,73,74]. The Zhangjiazhuang tunnel passes through the Gaojiawan landslide, and thus determining the relationship between the Gaojiawan landslide and the tunnel is of great importance. Firstly, the Gaojiawan landslide and the Zhangjiawan tunnel are simultaneously affected by fault activity. In a geological disaster on 18 January 2016, because of the earthquake, the landslide formed the main scarp (Figure 1d), continuously distributed for hundreds of meters. Meanwhile, the Zhangjiazhuang tunnel was also closed. By analyzing deformation information of the landslide in disaster, the deformation direction of landslide L7 (Figure 8d) ran in the same direction as the “deforming direction” of the Zhangjiazhuang tunnel, measured by the level network of the railway track [8]. The fault may have affected the stability of the landslide, which in turn affected tunnel operation. Secondly, the severe deformation area of the Gaojiawan landslide coincided with the position of the tunnel. By comparing the multi-stage deformation velocity maps of the Gaojiawan landslide obtained by ascending and descending datasets (Figure 7, Figure 8, Figure 9 and Figure 10), it can be seen that the deformation of the Gaojiawan landslide through which the Zhangjiazhuang tunnel passes was relatively severe. Finally, the accelerated deformation of the Gaojiawan landslide also affected the tunnel operation. When the acceleration trend of the Gaojiawan landslide deformation was identified in the time series analysis, an alarm from the Zhangjiazhuang tunnel was also monitored by the China Railway Qingzang Group. In summary, influenced by a variety of factors, the Gaojiawan landslide influenced the safety of the Zhangjiazhuang tunnel. Moreover, geological disasters occur frequently along the “Belt and Road”, “Sichuan-Tibet Railway”, and other major national strategic projects [73,74,75]. The combined analysis of the phase and amplitude of satellite SAR images conducted in this study provides powerful support for the identification and prevention of landslide disasters.




5.3. Application and Limitation


Compared with the conventional POT method, the improved POT method can effectively eliminate the pixel misalignments in SAR images caused by topographic relief and incidence angle difference using an ortho-rectification method [56,57,58]. In addition, the master image and slave image were registered by masking the geometric distortion region (Figure 5), which improved the accuracy of SAR image registration to a certain extent. The successful practice and application of the improved POT method have laid a good foundation for the study of geological disasters in mountainous regions. The resolution of SAR images used in this study is insufficient to observe all the details of the landslide, but the deformation extracted by SAR remote sensing still provides valuable information for analyzing landslide deformation information in the disaster. With the development of a new generation of high time resolution and high spatial resolution radar satellites, the quality of SAR data will be improved, making POT technology more widely used in landslide research.



Compared with the traditional single time series InSAR method, the combined POT and SBAS method can complement each other to retrieve the entire deformation process of different deformation stages of landslides to better understand the long-term temporal and spatial evolution of the landslide. However, these two methods are also limited by conventional SAR parameters, such as SAR observation mode, sensor parameters, and landslide movement direction. In addition, the POT and SBAS methods have some inherent limitations. On the one hand, the accuracy of the POT method is positively correlated with the resolution of SAR images [34,35,36]. On the other hand, the SBAS method does not take full advantage of permanent scatterers. Therefore, for a single landslide, high-resolution SAR data and time analysis of joint permanent scatterers and distributed scatterers will have a positive impact on landslide inversion.





6. Conclusions


The Gaojiawan landslide is in a state of accelerated deformation, posing a severe threat to the tunnel and the communities at the foot of the mountain. In this study, understanding of the Gaojiawan landslide evolution increased by studying the combination of InSAR and improved POT information. We found that there were obvious signs of surface deformation before the occurrence of the Gaojiawan landslide. Moreover, when the first landslide occurred, regions with rapid movement existed, and their displacement gradient exceeded the measurable limit of DInSAR. The results of the improved POT method showed that the rapid and large-scale movement of the Gaojiawan landslide might have affected the stability of the Zhangjiazhuang tunnel. Meanwhile, the Gaojiawan landslide has experienced long-term creep, and by studying the post-second failure stability of the landslide we identified the acceleration trend in the time series analysis, which can be used as a precursor signal of landslide disaster warning. This is consistent with the news report that the China Railway Qinghai-Tibet Group monitored the warning event in the Zhangjiazhuang tunnel, indicating that the deformation of the landslide had a certain impact on the tunnel. Moreover, the analysis based on the phase and amplitude of satellite SAR images provided reliable monitoring of the Gaojiawan Landslide, which will help us improve our understanding of landslide behavior and mitigate landslide risks.
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Figure 1. Study area and field investigation. (a) The yellow area shows the location of the Qinghai Province in China, and the red region is the Ledu District; (b) The red star marks the study area; (c) Optical image of the study area acquired on 31 December 2015, with the landslide boundary modified by Meng et al. [44]; (d) Main scarp of the landslide L1; (e) Sinkholes; (f) The outcropping lithologies; (g) Erosion gully; (h) Collapse. 
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Figure 2. Geologic map of the Gaojiawan landslide (modified from Zhou et al. [8]). 
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Figure 3. Temporal coverage of the SAR data used in this study. 
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Figure 4. Workflow for processing the Sentinel-1A data using the improved POT method. 
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Figure 5. The intensity images and intensity images after geometrical mask distortions in the radar coordinate systems. (a,c) The intensity images obtained from Sentinel-1A ascending and descending images, respectively; (b,d) The intensity images after geometrical mask distortions obtained from Sentinel-1A ascending and descending images, respectively. 
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Figure 6. Maps of the mean LOS deformation velocity and the time series LOS displacement, obtained from the ascending SAR datasets from 14 October 2014 to 13 January 2016. (a) Map of the mean LOS deformation velocity. The boundary of the landslide was modified by Meng et al. [44]. The background of (a) is the optical image acquired on 31 December 2015; (b) Plot of the time series LOS displacement. 
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Figure 7. Filtered differential interferograms in the radar coordinate systems. (a,b) Differential interferograms produced from Sentinel-1A ascending and descending images, respectively. 
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Figure 8. Range and Azimuth displacements obtained by the improved POT method. The back ground is the optical image acquired on 31 December 2015. The boundary of the landslide was modified by Meng et al. [44]. (a,c) Range displacements; (b,d) Azimuth displacements. 
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Figure 9. Maps of the mean LOS deformation velocity and the time series LOS displacement obtained from the ascending datasets from 6 February 2016 to 18 December 2018 and the descending SAR datasets from 24 February 2017 to 28 December 2018. The boundary of the landslide was adapted from Meng et al. [44]. The background is the optical image acquired on 31 December 2018. (a,b) Maps of the mean LOS deformation velocity acquired from the ascending and descending orbits, respectively; (c,d) Plots of the time series LOS displacement obtained from the ascending and descending orbits, respectively. 
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Figure 10. Maps of the mean LOS deformation velocity and the time series LOS displacement obtained from the ascending and descending SAR datasets from 9 January 2019 to 3 June 2021. The boundary of the landslide was adapted from Meng et al. [44]. The background is the optical image acquired on 19 June 2020. (a,b) Maps of the mean LOS deformation velocity acquired from the ascending and descending orbits, respectively; (c,d) Plots of the time series LOS displacement obtained from the ascending and descending orbits, respectively. 
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Table 1. Basic parameters of the Sentinel-1A satellite datasets.
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Orbit

Direction

	
Path

	
Heading (°)

	
Incidence

Angle (°)

	
Data

	
Number of

Images






	
Pre-first

failure

	
Ascending

	
128

	
−13.07

	
34.21

	
14 October 2014−13 January 2016

	
20




	
During

disaster

	
Ascending

	
128

	
−13.07

	
34.21

	
13 January 2016−6 February 2016

	
2




	
Descending

	
135

	
−166.89

	
34.05

	
8 December 2015−25 January 2016

	
2




	
Pre-second failure

	
Ascending

	
128

	
−13.07

	
34.21

	
6 February 2016−28 December 2018

	
74




	
Descending

	
135

	
−166.89

	
34.05

	
24 February 2017−28 December 2018

	
50




	
Post-second failure

	
Ascending

	
128

	
−13.07

	
34.21

	
9 January 2019−3 June 2021

	
69




	
Descending

	
135

	
−166.89

	
34.05

	
64
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