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Abstract


Landslides are a major concern in the mountainous regions of southwest China, leading to significant loss of life and property damage. Therefore, it is crucial to identify potential landslides for early warning and mitigation. stacking-InSAR, a technique used for landslide identification in a wide area, has been found to be faster than conventional time-series InSAR. However, the dense vegetation in southwest China mountains has an adverse impact on the coherence of stacking-InSAR, resulting in more noise and inaccuracies in landslide identification. To address this problem, this paper proposes an improved seasonal interferometry stacking-InSAR method. It uses Sentinel-1 satellite data from 2017 to 2022. The study area is the river valley section of the G213 road from Wenchuan County to Mao County. The study reveals the characteristics of seasonal decoherence in the steep mountainous region, and identifies a total of 21 potential landslides using the improved method. Additionally, optical satellite imagery and LiDAR data were used to assist in the identification of potential landslides. The results of the conventional stacking-InSAR method and the improved seasonal interferometry stacking-InSAR method are compared, showing that the latter is more effective in noise suppression caused by low coherence. Their standard deviations were reduced by 46%, 22%, 10%, and 14%, respectively, using the quantitative statistics for the four tested areas. The proposed method provides an efficient and effective approach for detecting potential landslides in the mountainous regions of southwest China. It can serve as a valuable technical reference for future landslide identification studies in this area.
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1. Introduction


In southwest China’s mountainous regions, geological hazards are frequent, with landslides being one of the most hazardous types, especially in river valleys. They are concealed, sudden, and unpredictable, posing a serious threat to local lives and property [1,2,3,4,5]. For instance, in 2017, a landslide in Mao County’s Xinmo Village buried the entire village and resulted in 83 deaths and disappearances [6,7]. In 2018, two collapses in quick succession near Jinsha River’s Baige blocked the river and destroyed over 100 km of downstream roads and bridges due to post-failure floods [8,9,10]. In June 2020, a sudden rainstorm in Danba County triggered mudslides and activated the Aniangzhai ancient landslide, causing significant damage to local residents and the economy [11,12,13]. Thus, identifying potential landslides beforehand and implementing disaster prevention and reduction measures are crucial for ensuring local safety and economic development.



Potential landslides refer to slopes with a risk of failure but which have not failed yet, which can be determined and identified according to the displacement signal on the slopes. Recently, spaceborne interferometric synthetic aperture radar (InSAR) technology has become an important tool for identifying potential landslides [14,15]. InSAR technology uses SAR images to extract deformation information with high precision, with the advantages of all-day, all-weather, and wide coverage. Several scholars have conducted research on identifying potential landslides using InSAR [16,17,18,19,20,21,22]. Most of these studies have employed time-series InSAR methods such as SBAS-InSAR [23], PS-InSAR [24,25], etc. These conventional time-series InSAR methods are effective in filtering out errors such as atmospheric delays and terrain residuals, and detecting deformation with high accuracy; their computational efficiency is relatively low and they require good coherence for a long time [26,27]. Moreover, the mountains of southwest China are covered in lush vegetation, which leads to poor coherence, particularly in summer. As a result, SAR interferometry produces low coherence or decoherence signals in most areas, limiting the usefulness of conventional time-series InSAR methods. The stacking-InSAR method involves stacking deformation phases acquired at different times, making it suitable for identifying long-term deformation in areas with low coherence. Zhang et al. discovered that stacking-InSAR can detect potential landslides in low-coherence areas that cannot be detected via SBAS-InSAR in Li County and Mao County of southwest China. Additionally, the processing speed of stacking-InSAR is faster, but the quantitative accuracy is lower than that of the SBAS-InSAR method [28]. Liang et al. also demonstrated that stacking-InSAR can detect more potential landslides in the Ya’an area of southwest China compared to other time-series methods [29]. The above research reveals that stacking-InSAR is fast in processing and better at detecting low-coherence regions, while its quantitative deformation results are less accurate than those of conventional time-series InSAR. Therefore, further research is needed to suppress noise in stacking-InSAR in mountainous areas and improve its accuracy.



This study aims to reduce the noise and improve the accuracy of the stacking-InSAR method. The Sentinel-1 data from 2017 to 2022 in this area were utilized to investigate the temporal coherence of each interferogram. An improved seasonal interferometry stacking-InSAR method was proposed to effectively identify potential landslides. Performance evaluations of a comparison with the conventional stacking-InSAR method were performed. This method plays an important role for the wide-area automated identification of potential landslides and contributes to effective disaster prevention.




2. Materials and Methods


2.1. Study Area


As depicted in Figure 1, the study area is located in the valley section from Wenchuan County to Mao County, which belongs to the Longmen Mountain Fault area in Sichuan Province, China. The G213 road, which runs alongside the river, is the only crucial link between Wenchuan County and Mao County, and is known as the “lifeline”. However, the region is susceptible to geological hazards, particularly during the rainy season of July–August each year. This vulnerability is exacerbated by the impact of the 2008 Ms 8.0 Wenchuan earthquake, which caused extensive damage to the mountains [1]. As a result, the Minjiang River frequently experiences significant collapses on both sides, leading to road blockages. The study area has an average elevation ranging from 1300 m to 4000 m, with a substantial difference in height, which poses a high risk for large landslides. Moreover, the dense vegetation cover conceals landslides, making them challenging to detect. In recent years, human activities, such as road and water conservancy construction, have accelerated deterioration in the geological environment, leading to a significant increase in natural hazards like landslides.




2.2. Sentinel-1 SAR Data


The Sentinel-1 satellite is an Earth observation satellite of the Copernicus program of the European Space Agency [30]. The Sentinel-1 satellite is equipped with a C-band synthetic aperture radar and precise orbit control, providing a minimum revisit time of 12 days. It offers extensive data coverage for most regions worldwide and provides open source and free data. As a result, Sentinel-1 has become one of the most commonly utilized data sources for research and applications in InSAR technology. The detailed parameters of the dataset used in this study are presented in Table 1. However, its short C-band wavelength and limited penetration capability pose certain limitations, particularly in densely vegetated areas such as the southwestern mountains, where the coherence of the data is poor [29,31].




2.3. Coherence Analysis of Study Area


Interferometric phase noise mainly arises from two sources. The first is due to Doppler decoherence and thermal noise resulting from SAR hardware. The second is caused by excessive temporal or spatial baseline, which is also the most significant error in extracting the deformation phase [32,33]. The second is the primary noise discussed in this study, which always affects the recognition of deformation.



Interferometric coherence is a critical parameter for assessing the quality of interferometric pairs, and the most commonly used measure of interferometric phase coherence is the coherence coefficient [34]. The value of the coherence coefficient is distributed within the interval [0, 1], where 0 means that they are completely incoherent and 1 means that they are completely consistent. Factors such as the thermal noise of the radar system can introduce jumps in the calculation results, which hinders the accurate evaluation of coherence. Therefore, the coherence coefficient calculation method based on SAR image amplitude information is used, and its equation is shown as follows:


  γ =     ∑  n = 1   N      ∑  m = 1   M        μ   1     n , m     |   μ   2     n , m   |          ∑  n = 1   N      ∑  m = 1   M      |   μ   1   ( n , m ) |   2     ∑  n = 1   N      ∑  m = 1   M      |   μ   2   ( n , m ) |   2               
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In Equation (1),   γ   is the coherence coefficient.   M   and   N   are the size of the matrix for calculating the coherence;   n   and   m   are the number of ranks in the matrix.     μ   1     n , m     and     μ   2     n , m     represent the complex values of the primary and secondary image matrices at the image coordinates     n , m    , respectively. Based on this equation, a window of size   n   ×   m   was used to calculate any pixel, so that the γ of any pixel could be obtained. The coherence coefficient of each pixel served as an indicator to assess the quality of the interferometric phase. The impact of spatial and temporal baselines on coherence is closely related to the geographic characteristics of the study area. Factors such as topography, vegetation growth, foliage orientation, and changes in soil water content can lead to temporal or spatial decoherence.



To examine the temporal coherence pattern in the region, Sentinel-1 data spanning from 2017 to 2022 were utilized for InSAR analysis. To maintain the highest possible coherence, a temporal baseline of 24 days was set. The spatial baseline was set to 250 m in order to include a larger number of interferometric pairs for the stacking operation. Subsequently, the average coherence coefficient was computed for each interferometric pair in the study area.



As an example, the coherence plots of the best interferometric pairs for each month in 2018 were plotted and ordered chronologically, as shown in Figure 2. The color close to yellow in the plot indicates good coherence, which means that deformation can be detected, while the colors closer to purple-blue indicate poor coherence, meaning that the deformation detection is weak. It is clear from Figure 2 that coherence starts to weaken in April (Figure 2d), and by July (Figure 2g), the overall coherence is the worst, with most of the study area out of coherence and the deformation being undetectable. However, from October (Figure 2j), coherence starts to improve, and from November to the following April, coherence is generally better. Figure 2m displays the filtered differential interferogram of 20180102–20180114 (master image date–slave image date), while Figure 2n shows the filtered differential interferogram of 20180701–20180713. The coherence of Figure 2m is better than that of Figure 2n, with clear coherence fringes visible within the red frame of the study area. In contrast, most of the area within the red frame of Figure 2n is incoherent, and thus, deformation during that time period cannot be detected.



To confirm this pattern, all of the interferometric pairs from 2017 to 2022 on a connectivity diagram were plotted, as illustrated in Figure 3a. The average coherence coefficient values of each pair are indicated by green or red connecting lines, corresponding to good or poor coherence, respectively. The light blue background clearly indicates that coherence is significantly weaker from May to October each year, compared to other months. From Figure 3b, it can also be found that the coherence coefficient changes periodically, with a cycle of about 1 year. The ANOVA-1 (analysis of variance-1) test was used to test whether the study area coherence varied with season. The study area is divided into four seasons a year, with spring from March to May, summer from June to August, autumn from September to November, and winter from November to February. All interferograms were divided into 4 groups of samples according to time for the ANOVA-1 test. Statistical results (Figure 3c) showed that the coherence of the study area varied significantly with season (p value < 0.001), where the coherence was relatively poor in summer and better in winter.



Based on the above study, the seasonal variation pattern in coherence in the study area can be found.




2.4. The Improved Seasonal Interferometry Stacking-InSAR


The stacking-InSAR was first proposed by the American scholar David T. Sandwell in 1998 [35]. The principle of stacking-InSAR is to calculate the superposition of the interferometric phase using a weighted averaging method, which can obtain the deformation rate of the target region. However, its noise suppression ability is not as good as conventional time-series methods. Nevertheless, stacking-InSAR has fewer processing steps, faster calculation speed, and can include data with lower quality. Therefore, it is more suitable for the rapid identification of potential landslides in the southwest mountainous area [26,27,28,29].



In this study, our focus is on improving the accuracy of stacking-InSAR and addressing the issue of poor coherence in the southwest mountainous region. The correlation between coherence quality and time in the area was analyzed, and a seasonal interferometry stacking-InSAR method was proposed for improvement, as shown in Figure 4. All data processing was performed using GAMMA and MATLAB software. The first step was preprocessing the single look complex (SLC) data from Sentinel-1, which involved cropping and coregistration. The data were then combined into interferometric pairs based on the time-space baseline threshold, with the temporal baseline threshold set at 24 days and the spatial baseline range set between −250 m and 250 m to maintain detectability. The external SRTM-DEM was used for differential interferometry, followed by adaptive filtering. A higher coherence threshold was set to create a phase unwrapping mask for the first unwrapping, where only points with higher coherence were used. Next, ground control points (GCPs) were selected among these points for refinement to remove the orbital error. The refined baseline information was then imported for differential interferometry, filtering, and phase unwrapping. Coherence calculation was performed to eliminate poorly coherent interferometric pairs in the summer of each year. Finally, the stacking process was performed to calculate the displacement velocity. The deforming slopes were identified based on a displacement velocity map. Figure 5 shows that the yellow bars represent the interferometric pairs participating in the stacking calculation, while the purple color represents the eliminated pairs, with the poor-quality eliminated pairs concentrated in the summer of each year.




2.5. Potential Landslide Boundary Delineation


The boundary of potential landslides was primarily established through the integration of displacement information derived from improved stacking-InSAR, satellite optical imagery, and LiDAR data. To begin with, the slopes exhibiting displacement in the study area were delineated based on the available displacement information. Subsequently, satellite optical imagery was employed to refine and define the boundaries of potential landslides. This process followed the criteria utilized by geomorphologists for identifying landslides from aerial photographs, which involved visually analyzing and interpreting various characteristics. These characteristics included shape, size, color, tone, mottling, texture, and pattern of individual or clustered features visible in satellite imagery (as described in references [36,37]).



In addition, airborne LiDAR point cloud data played a crucial role in the analysis. They aided in vegetation removal, ground point classification, and the generation of a high-resolution digital elevation model (HRDEM) [38]. By generating a hillshade from the HRDEM [39], it became easier to identify morphological features associated with landslides, such as scarps, mobilized material, and foot areas [40]. By integrating the methods mentioned above, the boundary for potential landslides was ultimately determined.





3. Results


Improved seasonal interferometry stacking-InSAR identified a total of 21 potential landslides in and around the study area, as depicted in Figure 6. The displacement signal was evident, allowing for the potential landslide boundaries to be clearly outlined on the displacement velocity map. The potential landslides are concentrated primarily on the southeast bank of Minjiang River, in close proximity to Longmen Mountain.



Additionally, satellite remote sensing images and LiDAR data were compared and analyzed with the potential landslides identified via improved seasonal interferometry stacking-InSAR. Figure 7 illustrates some typical identified potential landslides within the study area. By combining remote sensing images and LiDAR data, we could further accurately delineate the boundaries of these potential landslides based on their geomorphic characteristics. L-01 and L-02 are two adjacent potential landslides, and their feet and scarps can be identified in the LiDAR data (Figure 7c). The gully on the right side of L-06 can be detected in both the optical remote sensing image and LiDAR data, and its scarp is clearly visible in the LiDAR data (Figure 7e,f). The scarps of L-08 and L-09 can be identified in the LiDAR data, while the feet of L-10-L-14 can also be clearly recognized in the LiDAR data (Figure 7i). The potential landslide boundaries delineated based on these geomorphic features closely align with the potential landslides identified via improved seasonal interferometry stacking-InSAR. L-08~L-14 are potential landslides that are closely situated and span over 5 km in length. Their displacement areas are enormous, with each exceeding 0.4 km2, and thus they require special attention.



It is important to note that the boundaries of potential landslides depicted using stacking-InSAR, optical satellite imagery, and LiDAR data may exhibit differences. The criteria are described in Section 2.5. The use of InSAR primarily captures the boundaries of the deformation area, which may not accurately represent the precise boundaries of the entire landslide in many cases (L-01, L-08, L-09, etc.). Optical satellite imagery mainly highlights areas experiencing current or historical displacement, but it may not be very accurate in densely vegetated areas or when landslide geomorphic features are not prominent. On the other hand, the LiDAR method directly utilizes hillshade maps to identify landslide geomorphology, making it easier to recognize ancient landslides or those with distinctive geomorphic features.




4. Discussion


It can be observed that the interferometric coherence in the study area is closely related to temporal variations, as shown in Figure 2 and Figure 3. During the summer, the coherence is the poorest, with most areas exhibiting incoherent signals. If the interferograms from summer were included in the stacking calculation, it would introduce a significant amount of noise. In order to validate the effectiveness of the improved seasonal interferometry stacking-InSAR in noise suppression, we compared it with the traditional stacking-InSAR method.



Figure 8 compares the results obtained from conventional stacking and improved seasonal interferometry stacking-InSAR. Both methods are capable of identifying potential landslides with large areas, such as L-01, L-02, and L-06. However, the improved method is significantly better than the conventional method in terms of the noise suppression effect. As shown in the areas circled in white in Figure 8a,d, this discrete speckle is due to the phase change caused by the decoherence noise, which is significantly different from the real landslide deformation in geometry and distribution, and the improved method can effectively suppress this noise (Figure 8b,e). Due to its small area, the deformation information of L-05 is masked by noise in the result processed via conventional stacking (Figure 8a) and cannot be distinguished, while the deformation boundary of L-05 is very obvious in the results processed using the improved method and can be easily identified.



Figure 8g shows the deformation information of L-16 identified using the conventional method, and Figure 8h displays the deformation information of L-16 identified using the improved method. It is evident that the improved method detects a clearer landslide deformation signal with a more accurate boundary, which is consistent with the boundary identified by the optical image in Figure 8i. Moreover, in Figure 8a,b, L-03 and L-04 exhibit clearer and more obvious deformation signals using the improved method. On the other hand, the improved method can detect the deformation signal of L-17 with clear boundaries.



L-17, L-18, and L-19 are similar to L-05 in that they are all masked by noise using the conventional method. However, these potential landslides can be detected using the improved method. In Figure 8j, the deformation signal of L-17 is completely obscured by noise and cannot be identified using the conventional method. In the satellite image (Figure 8l), it can be observed that L-17 is a potential landslide located on an upper slope. The deformation area of this type of landslide is concentrated in the upper part of the slope, and the area of deformation is relatively small and hidden, making it difficult to detect but extremely hazardous. L-18 and L-19 are two neighboring river bank potential landslides. Using the conventional method, the deformation signals of these landslides are confused with noise points (Figure 8m), making it difficult to accurately discern their boundaries. In contrast, the improved method removes the noise points around them and clearly detects their deformation signals.



To further verify the enhancement effect, four typical areas were selected for the statistical analysis of the conventional method and the improvement. The Mann–Whitney U test was used to demonstrate the statistical significance of the observed differences [41]. The p-value for each case was <0.001, indicating significant differences. Figure 9 shows the statistical analysis between the convention and improvement of the four areas. It can be found that the distribution of each area after the improved method is more concentrated than the conventional method (Figure 9a3–c3), which can reflect a certain suppression effect on noise. Also, their standard deviations were calculated and used to quantify the improvement effect. In area I, the STD was reduced by 46% from 1.735 to 0.938 rad/a, and the improvement was also visually significant (Figure 9a1–a3). In area II, the STD was reduced by 22% from 1.297 to 1.013 rad/a. The STD was reduced by 10% from 2.832 to 2.562 rad/a of area III. In area IV, the STD was reduced by 14% from 2.551 to 2.199 rad/a.



The method proposed in this study, which employs improved seasonal interferometry stacking-InSAR, offers a rapid means of identifying widespread potential landslides in the mountainous regions of southwestern China. Nevertheless, it is essential to acknowledge that this method does have certain limitations. Accurately delineating the precise boundaries of landslides remains a rigorous task that necessitates field investigations and analysis by geological experts. Field surveys and detailed examinations are crucial for validating and refining the identified potential landslide boundaries. Furthermore, it should be noted that the method may not detect potential landslides that experience displacement exclusively during the summer season. As the proposed approach relies on seasonal interferometry, any landslides that undergo displacement outside of the specified time period might not be detected using this method.




5. Conclusions


In this study, an improved seasonal interferometry stacking-InSAR method was proposed for identifying potential landslides in the river valley section from Wenchuan County to Mao County. The method was based on the analysis of the temporal distribution pattern of coherence of Sentinel-1 data. The results of the proposed improved method and the conventional stacking-InSAR method were compared. This study led to the following conclusions: (1) In our analysis of Sentinel-1 data for differential interference in the southwestern mountain vegetation cover region, we found that the quality of coherence was highly time-dependent. Specifically, we observed weaker coherence in May–October each year, compared to other months. The coherence was the worst during July–August, with most of the decoherence signals in the study area, and relatively weaker displacement detection ability in winter. (2) Both the conventional stacking-InSAR and the improved seasonal interferometry stacking-InSAR can detect potential landslides with large displacement areas in the study area. However, potential landslides with small areas located in low-coherence regions cannot be identified using the conventional method. The improved method, on the other hand, effectively reduces noise and detects such potential landslides. From the quantitative statistics, it can be found that the standard deviations of the four tested areas were reduced by 46%, 22%, 10%, and 14%, respectively.



As demonstrated above, the improved seasonal interferometry stacking-InSAR has several advantages in identifying potential landslides in the low-coherence area of the southwest mountains. These advantages include high efficiency and good noise suppression, which provide important technical support for fast and accurate InSAR wide-area identification of potential landslides in high and steep mountainous areas.
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Figure 1. (a) Geographic information of the study area. (b) Location of study area. (c) Three-dimensional scenes of the study area based on Google Earth. (d–f) Photos of slopes in study area. 
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Figure 2. (a–l) Interferometric coherence diagrams of the study area by month. (m) Interferogram of summer. (n) Interferogram of winter. The digits at the bottom right of each picture represent the dates of master image and slave image. 
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Figure 3. (a) Interferometric pairs connection diagram and time distribution of coherence. (b) Coherence coefficient time-series plot. (c) Coherence coefficient of different seasons box plot. 
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Figure 4. Flow of improved seasonal interferometry stacking-InSAR. 






Figure 4. Flow of improved seasonal interferometry stacking-InSAR.



[image: Remotesensing 15 03278 g004]







[image: Remotesensing 15 03278 g005] 





Figure 5. Interferometric pairs preference statistics chart. 
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Figure 6. Identification of potential landslides based on improved seasonal interferometry stacking-InSAR. 
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Figure 7. Improved seasonal interferometry stacking-InSAR results (the left), optical remote sensing image results (the mid), and the identification results of LiDAR data (the right). (a–c) Stacking identification results, optical remote sensing image, and LiDAR data of L-01 and L-02. (d–f) Stacking identification results, optical remote sensing image, and LiDAR data of L-06. (g–i) Stacking identification results, optical remote sensing image, and LiDAR data of L-08–L-14. 






Figure 7. Improved seasonal interferometry stacking-InSAR results (the left), optical remote sensing image results (the mid), and the identification results of LiDAR data (the right). (a–c) Stacking identification results, optical remote sensing image, and LiDAR data of L-01 and L-02. (d–f) Stacking identification results, optical remote sensing image, and LiDAR data of L-06. (g–i) Stacking identification results, optical remote sensing image, and LiDAR data of L-08–L-14.



[image: Remotesensing 15 03278 g007]







[image: Remotesensing 15 03278 g008] 





Figure 8. Comparison of improved seasonal interferometry stacking-InSAR using the conventional stacking method. The rows from left to right are as follows: conventional method, improved seasonal interferometry stacking-InSAR method, and satellite remote sensing images. (a–f) The improved method is significantly better than the conventional method in terms of noise suppression effect. (g–i) The improved method can detect a clearer landslide deformation signal with a more accurate boundary. (j–o) The improved method can detect potential landslides which were not detected using the conventional method in low-coherence areas. 
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Figure 9. Statistical analysis between convention and improvement of 4 test areas. (a1–d1) Displacement velocity map based on conventional method of the 4 areas, respectively. (a2–d2) Displacement velocity map based on improved method of the 4 areas, respectively. (a3–d3) Histogram comparison of displacement velocity between convention and improvement in 4 areas, respectively, and standard deviation of them. 
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Table 1. Sentinel-1 dataset parameter information.
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	Parameter
	Value





	Temporal coverage
	2017.11–2023.02



	Number of images
	155



	Orbital direction
	Ascending



	Wavelength
	5.6 cm



	Azimuth/Range pixel spacing
	13.95 m/2.33 m
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