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Abstract

:

The rapid and accurate mapping of large-scale landslides and other mass movement disasters is crucial for prompt disaster response efforts and immediate recovery planning. As such, remote sensing information, especially from synthetic aperture radar (SAR) sensors, has significant advantages over cloud-covered optical imagery and conventional field survey campaigns. In this work, we introduced an integrated pixel-object image analysis framework for landslide recognition using SAR data. The robustness of our proposed methodology was demonstrated by mapping two different source-induced landslide events, namely, the debris flows following the torrential rainfall that fell over Hiroshima, Japan, in early July 2018 and the coseismic landslide that followed the 2018 Mw6.7 Hokkaido earthquake. For both events, only a pair of SAR images acquired before and after each disaster by the Advanced Land Observing Satellite-2 (ALOS-2) was used. Additional information, such as digital elevation model (DEM) and land cover information, was employed only to constrain the damage detected in the affected areas. We verified the accuracy of our method by comparing it with the available reference data. The detection results showed an acceptable correlation with the reference data in terms of the locations of damage. Numerical evaluations indicated that our methodology could detect landslides with an accuracy exceeding 80%. In addition, the kappa coefficients for the Hiroshima and Hokkaido events were 0.30 and 0.47, respectively.
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1. Introduction


Landslides are significant disasters that occur around the world, causing severe damage to infrastructures and widespread loss of human lives [1,2]. Landslides triggered by seismic activity or heavy rain are often among the most destructive and largest in scale [3,4,5]. For instance, in early August 2010, debris flows in Zhouqu, western China, wrought destruction over a land area exceeding 11,472 m   2  , damaging 53 buildings and killing 1765 people [6,7]. In addition, the aftershocks of the 2015 M7.5 Nepal earthquake triggered landslides at several locations, including on Mount Everest, where 21 people were killed; the most destructive landslide struck Langtang Valley, where 350 people lost their lives [8,9]. In this context, Earth observation technologies represent some of the best methods for monitoring and assessing post-disaster damage following major landslides. Particularly in the post-disaster phase, it is essential to rapidly identify the extent of destruction to support rescue and aid efforts. In recent years, optical and synthetic aperture radar (SAR) datasets have often been used for large-scale landslide mapping and monitoring. On the one hand, optical imaging can provide an easy-to-interpret overview of affected areas. As described by Guzzettiat et al. [10], the visual interpretation of optical imagery is particularly efficient for detecting fresh landslides; additionally, in areas where signs left by terrain failure are visible, images acquired before and after the landslide event can be utilized effectively. On the other hand, this technique is ordinarily time-consuming and requires significant human effort; as such, this method is not suitable for rapid damage response endeavors.



Approaches that adopt optical data traditionally exploit the spectral characteristics of soil and vegetation to detect landslide-induced damage. Yang et al. [11] presented a methodology using images of the normalized difference vegetation index (NDVI) computed from a multitemporal Moderate Resolution Imaging Spectroradiometer (MODIS) dataset to identify the spatial distribution of landslides induced by the 2008 Wenchuan earthquake in China; they proposed a suitable threshold value for the temporal difference between NDVI images by using visually interpreted landslide segments from high-resolution images as a reference. A similar NDVI-based approach using higher-resolution SPOT-5 imagery was utilized to detect and classify the landslides triggered in northern Taiwan by Typhoon Aere in 2004 and Typhoon Matsa in 2005 [12]; in addition to finding an appropriate threshold for NDVI difference images, they introduced an object-based image segmentation approach to classify the debris flow areas resulting from both events. Kurtz et al. also performed a study using multiresolution optical data [3]. Mondini et al., [13,14] implemented semiautomatic approaches to classify rainfall-induced landslides using machine learning algorithms and a combination of features derived from high-resolution aerial photographs, multitemporal satellite imagery, and high-resolution topography data. They used historical information to train their adopted machine learning classifiers; then mapped landslides produced by a later event in the same area. They found that landslide areas can be detected accurately in non-urban using NDVI and spectral relationships derived from multitemporal optical imagery. Object-oriented approaches have also been suggested to support feature extraction tasks. Such methodologies that leverage the application of object-based analysis to optical imagery primarily apply segmentation techniques to form objects composed of neighboring pixels with similar textural and color features; then, objects that capture the patterns produced by landslides can be detected using classification techniques [15,16]. Similar to previous pixel-based approaches, these methodologies have also been developed and validated using specific landslide types.



On the other hand, SAR remote sensing datasets, which can be acquired under almost all weather and illumination conditions, are primarily employed to analyze the damage caused by seismically induced mass movements [17,18]. The phase information derived from bitemporal or multitemporal SAR datasets is broadly used to compute coherence maps that illustrate the phase changes before and after the disasters linked to damaged areas. In this context, SAR interferometry (InSAR) analysis is utilized primarily to detect variations in the land surface caused by landslides [19,20,21,22,23]. The fusion of Earth observation platforms with other technologies can provide further details regarding the damage condition of a particular region. For instance, pixel offset tracking was applied to a high-resolution SAR dataset together with ground measurements to monitor temporal landslide deformation [24]. Mondini [25] introduced a different procedure to measure landslide-induced changes from multitemporal SAR intensity imagery; this method computes pixel-based correlation images to analyze the areas corresponding to landslides. Mondini found that the size of a landslide limits the ability of SAR data to detect areas linked to slope failures. Alternatively, Miura [5] proposed a methodology for estimating the volume of a debris flow using a fusion of optical data, a digital surface model, and numerical simulation analysis.



In recent years, machine learning algorithms have become popular for mapping landslide damage using primarily optical imagery [26,27,28]. Nevertheless, although these approaches can yield a good accuracy for the classification of damage caused by a landslide, the strong dependency of these algorithms on extensive and high-quality training data hampers their applicability to rapid disaster response scenarios. The abovementioned methodologies share common characteristics:




	
These techniques were applied predominantly to relatively small site-specific study areas. This condition is applied mainly to methodologies based on optical imagery, for which the acquisition of data is always hampered by the weather conditions around the affected area.



	
These techniques were originally developed for specific types of disasters. Consequently, the accuracies of these methodologies in the characterization of different types of landslide events, such as rainfall- and seismic-induced landslides, are unknown.








In this study, we propose a fusion of pixel- and object-based image analysis techniques to detect the damage attributable to mass movements, such as debris flows and coseismic landslides, using multitemporal SAR intensity images for two different source-induced landslide events. The objective of the proposed method is to rapidly estimate the location, shape, and size of a landslide. Accordingly, the proposed framework, which utilizes an adaptive threshold and object analysis in consideration of the geometric properties of SAR intensity images, is capable of detecting different types of landslides accurately with robustness against both speckle noise and intensity variations due to the SAR sensing geometry.




2. Case Studies


We select two target areas for testing our proposed methodology. Both study areas are located in Japan (Figure 1c). The first study area corresponds to the Hiroshima region, which was affected by large debris flows and flooding that were triggered by torrential rains. The second study area is located in the Hokkaido region (Figure 1c), where a relatively large earthquake triggered numerous landslides. In Figure 1d,e, the location of each target area is indicated by the dashed polygon.



2.1. The 2018 Torrential Rainfall Event in Western Japan


This study area is located in Hiroshima Prefecture, western Japan (Figure 1c). The land elevation in this region reaches approximately 700 m, and the land use is characterized predominantly by mountainous areas covered by forest (Figure 2). Rice paddy fields and urban settlements are also present between these mountainous regions. According to the Geological Survey of Japan, in this area, the primary types of rocks are Late Cretaceous granite (also known as Hiroshima Granite) and Middle to Late Jurassic accretionary complexes [29]. Additionally, heavy rainfall events have triggered debris flows throughout this study area in the past. In terms of property damage and human casualties, the most significant events occurred in July 1982, June 1999, and August 2014, while the most recent occurred in July 2018 [29,30]. In the July 2018 event, approximately 100 mm of rainfall was observed over a period of 3 h, and heavy rainfall was recorded for a total duration of 72 h [31].



In early July 2018, torrential rains that fell during Typhoon Prapiroon caused severe property damage and casualties throughout western Japan. This event affected several cities in Hiroshima and Okayama Prefectures. In particular, Okayama suffered extensive flooding that killed fifty-one people and inundated approximately 4600 homes [32]. In contrast, Hiroshima was affected mainly by numerous debris flows, resulting in a toll of 216 deaths and more than 20,000 damaged houses [33]. In this paper, we focus on the debris flows that occurred throughout Hiroshima Prefecture, which was the most heavily impacted during this event, with 108 human lives lost and infrastructure losses comprising approximately 15,551 damaged buildings [5]. The Geospatial Information Authority of Japan (GSI; https://www.gsi.go.jp/BOUSAI/H30.taihuu7gou.html) analyzed the starting point or source of each debris flow by visually interpreting aerial photographs. Additionally, the Association of Japanese Geographers (AJG) visually identified debris flow segments using high-resolution aerial photogrammetry [34]. Figure 1b shows the locations of the interpreted debris flows within the target area. In this study, we employ the AJG dataset as reference data to evaluate our results.




2.2. The 2018 Hokkaido Earthquake


This study area is located in the southwestern area of central Hokkaido (Figure 1c). This region is characterized by rugged, high-elevation terrain that is affected by two active faults, which trend almost northwest-southeast. Sandstone, mudstone, conglomerate, and tuffaceous sandstone originating mainly from the middle to late Miocene compose the geological strata in this area [35]. Figure 2 depicts the land use characteristics of the target region, showing that rice paddy fields and forested areas are predominant.



On 6 September 2018, a M6.7 earthquake occurred in the Hokkaido region (Figure 1c,d), eastern Japan, causing severe damage and casualties. This event, also known as the 2018 Hokkaido eastern Iburi earthquake, occurred one day after experiencing the heavy rain from Typhoon Jebi. According to Yamagishi and Yamazaki [36], the massive number of landslides reported during this event occurred because the ground shaking impacted the already soaked volcanic soil subsurface after the heavy rain. Most of the co-seismic landslides occurred around the town of Atsuma, where more than 5600 individual landslides were registered. Zhang et al. [35] performed a comprehensive analysis of the landslides in the study area. Most of the coseismic landslides were classified as shallow translation landslides with sizes of approximately 250 m. Crushed pumice with a thickness of approximately 1 m to 2 m covers most of the landslides. Official reports indicated that this earthquake destroyed more than 390 houses and damaged approximately 1061 buildings. A total of 41 human lives were lost, and more than 690 people were injured [35,37]. After the earthquake, GSI analyzed high-resolution aerial photographs and produced a detailed vector (polygon) map of the damage attributable to these landslides (the data are available at https://www.gsi.go.jp/BOUSAI/H30-hokkaidoiburi-east-earthquake-index.html). Figure 1a shows the locations of the interpreted coseismic landslides within the target area. In this study, we use the GSI dataset as reference data to evaluate our results.





3. Materials


The proposed methodology is developed primarily for multitemporal SAR intensity images using supporting information, such as land cover classes and digital elevation data. For both study areas, we utilize a set of scenes acquired before and after each disaster by the Advanced Land Observing Satellite-2 (ALOS-2) follow-on mission equipped with the second-generation Phased Array type L-band Synthetic Aperture Radar (PALSAR-2) sensor. Other sources of freely available datasets (aerial photographs acquired by Sentinel-2 and GSI) are used for reference only.



3.1. Synthetic Aperture Radar Dataset


In May 2014, the Japan Aerospace Exploration Agency (JAXA) launched the PALSAR-2 sensor onboard ALOS-2. The new PALSAR-2 sensor expands the observation range by implementing a right- and left-looking functionality with a revisit cycle of 14 days. The PALSAR-2 sensor has three acquisition modalities: (i) Spotlight mode, which provides a swath area of 25 × 25 km   2   and provides the finest resolutions of 3 m and 1 m in the range and azimuth directions, respectively; (ii) Stripmap mode, which offers a swath length between 50 km and 70 km with average resolutions of 3 m, 6 m, and 10 m for the ultrafine, highly sensitive, and fine submodes; and (iii) ScanSAR mode, which boasts the largest swath length (490 km for the wide submode) [38,39]. Disaster monitoring on a global scale is one of the main missions of the ALOS-2 system. As such, soon after the torrential rain that fell over the Hiroshima region in early July 2018 and the M6.7 earthquake that struck the Hokkaido region in early September 2018, high-resolution SAR data were acquired for post-disaster response purposes.



In the case of the early July event, most of the debris flows occurred between the evening of the 6th and the morning of the 7th [5]. For this event, we use a scene (acquired on 8 July) taken soon after the disaster. This PALSAR-2 scene was captured in Stripmap ultrafine mode on a descending track with a 48.5   ∘   incident angle; the scene was provided in single look complex (SLC) format (product level 1.1) with HH polarization. Additionally, a pre-event PALSAR-2 scene was acquired on 19 May 2015 under acquisition conditions similar to those in which the post-event scene was taken. On the other hand, in the case of the 2018 Hokkaido earthquake, a post-event PALSAR-2 image was acquired immediately after the seismic event; the origin time of the earthquake was 03:07:59 Japan Standard Time (JST), and the acquisition time for the post-event scene was 4:37:40 JST. The closest pre-event PALSAR-2 scene with similar acquisition conditions was acquired on 23 August 2018. Both of these PALSAR-2 images were similarly captured in Stripmap ultrafine mode but on an ascending track with a 37.8   ∘   incident angle; these data were also provided in product level 1.1 (SLC) with HH polarization. Table 1 lists the details of the PALSAR-2 data used in this study.




3.2. Land Cover and Digital Elevation Datasets


To accurately detect landslide segments from surfaces with different characteristics, we use the land cover classification created by JAXA [40]. These data contain a land use and land cover map of almost the entire Japanese territory using an approximate ground sampling distance of 30 m. This land classification dataset was created using several remote sensing sources, including Landsat-8 [41] and PALSAR-2, and the dataset provides 11 land surface categories. A Bayesian classifier was employed with kernel density estimation using approximately 35,000 points of training data, which were collected from ground survey campaigns and the visual interpretation of high-resolution online satellite images.



Topography information is crucial for identifying landslides that occur in mountainous areas [42]. In this study, we use freely available Shuttle Radar Topography Mission (SRTM) data [43], which provide a digital elevation model (DEM) of almost the whole globe. Before 2015, only low-resolution (3 arcseconds, approximately 90 m) SRTM data were available for all regions outside the territory of the U.S. Currently, globally accessible SRTM data have a ground sampling distance boasting a high resolution of 1 arcsecond (approximately 30 m), and the relative vertical accuracy is approximately 6 m.



Figure 2 shows the land cover and DEM data for both study areas. The predominant land cover corresponds to green spaces, which range from rice paddy fields to evergreen needle forests. In the case of Hiroshima, urban environments are concentrated mainly across the west side of the target area; however, the land elevation changes significantly from 0 m to 900 m. In the case of Hokkaido, the maximum land elevation is only approximately 300 m with a relatively planar area traversing the target area from the southwest to the northeast.





4. Methodology


The proposed methodology integrates a series of pixel- and object-based operations to detect the landslides triggered by two different disasters by taking advantage of the damage-induced changes observed from PALSAR-2 images. The SAR backscattering intensity is strongly affected by the surface roughness, and different types of shapes and sizes of objects on the ground generate distinct features in SAR images. As a result, highly rough surface areas produce higher SAR intensities (brighter pixels), whereas darker areas indicate smooth surfaces or regions that SAR microwaves cannot reach (known as the shadow effect) [44,45].



Figure 3 shows the pre-event SAR image, post-event SAR image, RGB color-coded images, and optical images of two typical damage areas from both study sites. As observed from the top panels (left: Pre-event, right: Post-event), the visual interpretation of the distribution of landslide damage in the SAR imagery is not a straightforward task in comparison with the optical images, where the destruction of vegetation clearly reflects the presence of landslide damage. The RGB color-coded images (R: Pre-event, G and B: Post-event), however, depict a SAR pattern of landslide damage spots (bottom-left panels in Figure 3), where cyan and red segments trace the changes related to landslide-induced damage.



Figure 4 illustrates schematic cross-sections of the SAR backscattering characteristics before and after the disaster. In the pre-event situation, uniform SAR backscattering can be observed in the damaged areas and their surroundings; these areas are depicted as a constant grey color in the pre-event SAR imagery (top-left panels in Figure 3). On the other hand, the masses displaced by debris flows or coseismic landslide disasters cause visible scar-like depressions in the post-event imagery. These scars generate two distinct backscattering patterns in the SAR imagery, with the width and length of the patterns depending on the SAR incident angle and the size of the lost mass. The first pattern is observed in the sectors where the backscattering intensity decreases, as indicated by the red segments in the RGB color-coded images; these red segments appear because of the shadow effect created by the depth of the depressions and the SAR incident angle. The second pattern is discovered in the areas where the backscattering intensity increases because of the changes in the land surface; in these areas, the emitted SAR microwaves exhibit higher reflection intensities due to the modified surface roughness of the side walls of the scar-like depressions. Furthermore, one particular attribute of the cyan-red pattern is that the red segments always appear closest to the radar beam’s line of sight (LOS) (bottom-left panels in Figure 3).



The methodology proposed in this study detects debris flows and coseismic landslides by analyzing cyan-red patterns. Figure 5 illustrates the workflow process for identifying landslide segments using PALSAR-2 intensity images. The workflow is divided into three blocks. The first block involves preprocessing tasks, while the second block contains two central pixel-based operations, namely, adaptive thresholding and masking analysis, and the third block consists of object-based operations, such as morphological operations. In addition to the preprocessing block, our method is fully implemented using a high-level and general-purpose programming language (Python 3.6). Moreover, Numpy 1.17 and openCV 3.4 libraries are used to manipulate the raster data.



4.1. Data Preprocessing


To generate SAR intensity images, we perform identical preprocessing operations on the SAR datasets of both study areas using the SARscape v5.5 toolbox running under ENVI 5.5 software. First, both datasets are coregistered using the pre-event scenes as master images. During the multi-looking process, the number of looks is set to 1 to maintain a high resolution for the SAR data and generate the intensity images. Then, we apply a radiometric correction to obtain the SAR backscattering coefficient. Next, we use an enhanced Lee filter with a window size of 3 × 3 pixels to reduce the speckle effect [46]. Subsequently, we employ the 1 arcsecond SRTM DEM to apply a terrain correction (orthorectification) and geocode all the intensity images with a final ground sampling distance of 2.5 m. Finally, we apply a bilateral filter to the geocoded dataset to further smooth the SAR images. This image processing technique reduces image noise while enhancing the edges by preserving their visual structure [47,48].




4.2. Pixel-Based Image Analysis


In this processing block, we utilize an adaptive thresholding approach [49] to extract the sectors with increasing and decreasing SAR backscattering intensities. Traditional image thresholds are set based on a linear relation (  μ ± k · σ  ) between the mean ( μ ) and standard deviation ( σ ) and are globally computed [50,51]. In the past, such an approach yielded good performance using moderate- and high-resolution optical imagery because of the almost uniform surface radiance in cloud-free imagery [52]. However, due to the effects of shadows present in SAR intensity imagery, a global threshold approach is not suitable for detecting segments of increasing and decreasing SAR backscattering intensities. To overcome this drawback, we implement an adaptive throttling   B  ( x , y )    according to Equation (1), where B applies a variable threshold   T  x , y    computed in a neighborhood with dimensions of   k × k   in the input image   I  x , y   . The value of T is computed for each pixel and corresponds to the weighted sum of Gaussian filter coefficients (Equation (2)), where the scale factor  α  is chosen to satisfy    G i  = 1  , and   i = 0 , … , ( k − 1 )  .


   B  I  ( x , y )    k × k   =      m a x (  I  ( x , y )   )     if    I  ( x , y )   <  T  ( x , y )    ;      0    otherwise .       



(1)






   G i  = α · exp  (   −   i −   ( k − 1 )  2   2    2 ·  σ 2    )   



(2)






  I N  C  ( x , y )   =  B  (  I  p r e   −  I  p o s t   )    



(3)






  D E  C  ( x , y )   =  B  (  I  p o s t   −  I  p r e   )    



(4)







The classifications of increasing (  I N C  ) and decreasing (  D E C  ) segments are computed using Equations (3) and (4), respectively. The kernel size (  k × k   ) is selected according to the predominant dimensions of the landslide segments observed in the PALSAR-2 data for the target areas. A smaller kernel size will yield a relatively noisy classification; conversely, a larger kernel size will underestimate the classification. Figure 6a shows the locations of the black rectangle in Figure 1 from each study area using the same map scale. Because of the different sources that triggered each event, the landslide thickness at the Hokkaido site is greater than that at the Hiroshima site. In addition, at both sites, the red patterns (decreasing pixels) are generally larger than the cyan patterns (increasing pixels). To simplify the methodology and ensure its accuracy, we conduct a sensitivity analysis of each kernel size by comparing the detection results of the subset areas shown in Figure 6a. Kernel sizes ranging from 25 m × 25 m to 115 m × 115 m are tested for both study sites. The analysis suggests that preliminary landslide detection can be achieved by using kernels of 45 m × 45 m for debris flows, and 85 m × 85 m for coseismic landslides. The kernel sizes for extracting the increasing and decreasing pixels for the Hiroshima site are 17 × 17 pixels (42.5 m × 42.5 m) and 19 × 19 pixels (47.5 m × 47.5 m), respectively, while the corresponding kernel sizes for the Hokkaido site are 31 × 31 pixels (77.5 m × 77.5 m) and 35 × 35 pixels (87.5 m × 87.5 m), respectively.



Following the filtering operation, we use the land cover and DEM datasets to constrain the areas where landslides are likely to occur. Mass movement disasters such as debris flows and coseismic landslides are often associated with mountainous regions exhibiting small but steep stream channels and steep slope morphologies, respectively [53]. Hence, to consider the influence of the topography, we compute the dip angles of the slopes from the SRTM DEM data. According to previous studies [54,55], mountainous areas with slopes steeper than 20 degrees are susceptible to the development of mass movements. Therefore, for both study areas, we evaluate slope values ranging from 12 degrees to 22 degrees. This analysis suggests that preliminary landslide mapping can be performed by using slope angles between 16 degrees and 18 degrees. Thus, for both study sites, we adopt the recommended slope ranges and mask out pixels located in areas with a slope angle gentler than 18 degrees in the corresponding   I N C   and   D E C   images.



Slope failure can also occur in areas of different types of land cover. For instance, Geertsema et al. [56] reported a rockslide–debris avalanche in a mountainous region of sandstone rubble deposits with shrubland as the predominant land cover type. Lauknes et al. [57] similarly reported rockslides preceded by many years of slow movement in mountainous areas consisting of shrubland and grassland. In the case of the selected study sites, according to Figure 2b, because most of the mountainous regions in JAXA’s land cover dataset correspond to forest categories, the pixels located in areas not classified as forest or grassland are also masked out. Thus, pixels with land cover classes composed of only rice paddies, urban areas, or crops are not considered in the proposed methodology. Figure 6c illustrates the masked image results.




4.3. Object-Based Image Analysis


Following the previous steps, two masked images with increasing and decreasing backscattering pixels are obtained. These images correspond to the cyan and red patterns found in the RGB color-coded PALSAR-2 image, as shown in Figure 6c. However, small and isolated segments are also detected in places where the SAR intensity varies because of natural shifts in the topographic slope and along the boundary between two land cover classes. As such, these misdetected segments do not correspond to landslide scars. Here, we introduce a series of object-based operations to remove these misdetected segments.



First, we evaluate the size of each segment by computing a cumulative frequency function, as shown in Figure 7, which shows that the sizes of the segments at the Hokkaido site are generally larger than those at the Hiroshima site. For instance, at the 90% percentile, the average segment area at the Hokkaido site is approximately 190 m   2  , while that at the Hiroshima site is approximately 1000 m   2  . Furthermore, in the case of the Hiroshima site, the number of increasing segments is higher than the number of decreasing segments; conversely, in the case of the Hokkaido site, the opposite relation is discovered for relatively small objects. To remove misdetected small objects, we conduct a sensitivity analysis to find an optimal threshold by visually comparing the detected segments and the RGB color-coded image (Figure 3a–d). When 80∼90% percentiles are adopted, most of the segments located at the bases of the mountains are removed. While most of these objects appear due to SAR intensity changes along boundaries between flat and steep terrain, this threshold also eliminates several segments that represent the continuation of larger downslope landslides. This fact is especially true in the case for the Hiroshima site, where the thicknesses of the debris flows are relatively small.



Following our sensitivity analysis, we discover that the optimal percentile thresholds are 70% and 60% for the Hiroshima and Hokkaido sites, respectively. At the Hiroshima site, the detected   I N C   and   D E C   segments have almost proportional sizes; in this case, objects with areas of approximately 80 m   2   and 96 m   2   are removed. At the Hokkaido site, for small segments, the number of   D E C   segments is larger than the number of   I N C   segments (Figure 6c); in this case, the area thresholds are approximately 255 m   2   and 300 m   2   for   I N C   and   D E C   segments, respectively.



Next, to exclude isolated segments, we evaluate the spatial locations of   I N C   and   D E C   objects simultaneously. As discussed earlier, the landslide patterns in the SAR intensity images exhibit unique characteristics; that is, cyan and red segments appear next to each other with almost parallel orientations (Figure 3a). Our algorithm takes advantage of this feature by eliminating all pairs of   I N C   and   D E C   objects that do not satisfy this condition. We compute the vector distance between the centroids of   I N C   and   D E C   objects and classify the pairs of objects with a centroid distance of less than 70 pixels. After this operation, only the pairs with corresponding   I N C   and   D E C   segments are detected. The algorithms developed by Suzuki and Abe [58] that are implemented in the OpenCV-python library are used to carry out the abovementioned object-based operations on the masked images. Finally, a morphological closing filter with a 5 × 5 moving window is applied to fill holes in the segments.





5. Results


The objective of the proposed mapping framework is to detect landslides from two types of events, namely, debris flows and coseismic landslides, using SAR data and image processing techniques. To achieve this objective, we selected target areas that include all different types of land cover and topography conditions throughout the affected region. We applied the proposed methodology to two different study sites. The dimensions of the study areas were 18 km × 12 km and 12 km × 9 km for the Hiroshima and Hokkaido sites, respectively. The total computation time after acquiring the SAR dataset was approximately 30 min; most of this time was consumed by the preprocessing operations, which took approximately 20∼30 min. The two remaining processing blocks took on average approximately 1.5 min to produce the landslide images in raster format.



5.1. Debris Flow Detection


We applied our proposed methodology to detect debris flows following the 2018 torrential rain event that occurred in the Hiroshima region. Figure 8 shows a comparison between the detected debris flows (left panels) and the AJG reference data (center panels). The spatial distribution of the detected debris flows shows generally good agreement with the reference data. The obtained results indicate that most massive debris flows occurred around the east side of the target area, which is also indicated by the reference data; in this same area, however, the results reveal slightly overestimated thicknesses of the debris flow traces. On the other hand, the proposed methodology also detected sparse and relatively small debris flows that occurred on the west side of the target area. According to the reference data, the total area of debris damage is approximately 1.81 km   2   in the target area. Our detection yielded a total damage area of approximately 2.19 km   2  . A possible explanation for the overestimated damage area is that the segment thicknesses in areas with a high concentration of debris flows (e.g., the areas surrounding the town of Kurose in Figure 8) are slightly increased during object-based operations. Deposition segments are frequently placed downstream of debris flow damage, affecting urban environments and agricultural fields located at the base of mountainous terrain; however, the proposed methodology removes such surfaces to limit regions where landslides are more likely to occur. Thus, the obtained prediction does not include deposition segments.



Table 2 describes the numerical evaluation of the prediction results. We employed a confusion matrix of debris flows and other areas by calculating the number of pixels corresponding to each class and transforming the units into km   2   using the ground sampling distance of the SAR imagery (2.5 m). Furthermore, considering the unbalanced proportions of the two classes (debris flows and other), we also compute the kappa coefficient ( κ ) to provide complementary information with which to evaluate the detection results.



The user and producer accuracies were 29.9% and 36.3%, respectively. Since the thicknesses of many detected segments are more significant than those in the reference data (Figure 9), the user accuracy was relatively low. However, the producer accuracy, which evaluates the ratio of relevant results correctly detected, was relatively high. Figure 9 shows the detection results of two locations with different SAR backscattering intensities and different orientation angle between the debris flow scars and the microwave direction (range direction). The area around Kamiboda in the town of Kurose (top panels), where most of the debris flow occurred almost perpendicular to the range direction, reflects an example of the overestimation of the detected segment thickness. On the other hand, our methodology accurately identified most of the scars produced by debris flows; however, segments that are not visible in the PALSAR-2 intensity images could not be detected due to the presence of speckle noise and the relatively low spatial resolution. The bottom panels show the area around the town of Kumano, where debris flows were effectively detected in downstream areas. However, the uphill regions are located in the SAR shadow zone, and thus, identifying debris flow segments therein is a very challenging task. One possible explanation is that the radiometric calibration, in the preprocessing stage, was conducted based on a local-incidence-angle algorithm using the SRTM 1 arcsecond data. While this approach is faster in terms of processing time, it is not accurate in the existence of topographic features such as mountainous areas. To overcome this issue, a more precise scattering area should be computed using a high-quality and high-resolution DEM data. This method (true-area algorithm) generates the most accurate SAR image in mountainous regions. However, this approach is significantly more computation expensive than the previous one [59,60]. Nevertheless, due to the adaptive threshold approach adopted in the proposed method, some damaged segments were accurately detected. Furthermore, taking into account that the debris flow orientations were almost parallel to the SAR range direction, the extracted segments also indicate that our algorithm is robust to different orientation angles between debris flows and microwave radiation. The accuracy metrics indicate that when used with only PALSAR-2 intensity images, our proposed methodology cannot precisely identify the dimensions of individual segments in the case of a debris flow disaster. However, the proposed methodology could perform better using SAR data with a higher spatial resolution acquired under different observation conditions. Considering that the total debris flow area covered only approximately 4.7% of the target area, the overall accuracy exceeded 98%. Furthermore, the computed  κ -coefficient (0.32) indicates that the proposed methodology could still be used for detecting potential debris flow locations during the early stages of disaster response scenarios.




5.2. Coseismic Landslide Detection


We also tested our proposed methodology on the detection of the coseismic landslide triggered by the 2018 Hokkaido earthquake. Figure 10 shows the detection results (left panel) and the GSI reference data (right panel). The spatial distribution of the extracted landslide segments is excellently correlated with the reference data. Most of the landslides were consistently detected on the eastern side of the target area. In terms of the segment size, the obtained results also agree well with the interpreted reference data. According to the reference data, the total damage area, including the areas of surface rupture and deposition, was approximately 24.3 km   2  , and the ratio between the landslide area and the total area was approximately 30%. The detection results yielded a total damage area of approximately 21 km   2  , indicating a slight underestimation. This fact is derived from the same logic as that at the Hiroshima site; that is, the proposed methodology does not include debris deposited at the base of mountainous terrain because of the land cover-based masking operations.



Table 3 describes the numerical evaluation of the predicted result for the landslide area and other areas. The user and producer accuracies were approximately 54.1% and 62.4%, respectively. These accuracies indicate that the proposed methodology can exhibit an excellent performance when mapping coseismic landslides. Aimaiti et al. [61] also detected the coseismic landslide caused by this event using a larger remote sensing dataset and a decision-tree classifier approach; in addition to the same descending-track SAR dataset used in this study, they employed an additional set of ascending-track PALSAR-2 data acquired before and after the earthquake. Their best classification results were 54.8% and 61.8% for the user and producer accuracies, respectively. Our result using only one pair of PALSAR-2 images achieved a similar performance, indicating the reliability of the proposed methodology for detecting the damage induced by a coseismic landslide. The overall accuracy was approximately 82.8%, and the kappa coefficient was 0.47. The obtained metric values further indicate that the proposed methodology could be applicable for mapping the damage caused by mass movements, especially coseismic landslides, using bitemporal pairs of PALSAR-2 intensity images.





6. Discussion


In the detection and mapping of debris flows and coseismic landslides, the proposed method explores only the backscattering patterns found in SAR intensity images. External information, such as land cover type and DEM data, were used only to help reduce false detections in areas where slope failure could not have been produced, such as plain and rice paddy regions. Although the proposed framework can be applied to map two types of mass movement disasters, this technique is limited insomuch that case-dependent threshold parameters are required to ensure a high detection accuracy. In this work, to simplify the methodology and ensure its accuracy, we conduct a sensitivity analysis of each parameter by comparing the detection results in subset areas. The results of this analysis indicate that the slope angle and window size (kernel) for adaptive thresholding are essential parameters. Therefore, to ensure the transferability of the proposed framework, we further evaluate these two parameters (Figure 11). For the slope angle, values between 16 degrees and 18 degrees are recommended for initial detection. In contrast, the kernel size depends on the average size of the landslide segment; thus, the suggested values range from 17 pixels (42.5 m) to 19 pixels (47.5 m) and from 29 pixels (72.5 m) to 31 pixels (77.5 m) for debris flows and coseismic landslides, respectively.



Finally, it is important to emphasize that a mapping framework capable of rapidly and semiautomatically extracting landslides represents a vital service in rapid damage response endeavors immediately following disasters. By using only SAR intensity images and image processing tools, our framework is an improvement over other optical image-based methods, which are limited by weather conditions, and InSAR analysis, which is generally used for seismic-induced events.




7. Conclusions


In this work, a methodology using a fusion of pixel- and object-based operations was proposed to detect the damage induced by the mass movements of two different source-induced events. The proposed method was applied to map the debris flow-induced damage following the 2018 torrential rain event in the Hiroshima area and the coseismic landslide-induced damage triggered by the 2018 M6.7 Hokkaido earthquake. We employed PALSAR-2 intensity images acquired before and after each disaster event. A series of optimal threshold values were identified using corresponding RGB color-coded PALSAR-2 images. In the detection of debris flow damage, a comparison with the reference data indicated that our methodology could reliably detect the spatial distributions and scar traces of debris flow segments.



Furthermore, the detection of the coseismic landslide yielded a good accuracy performance (kappa coefficient equal to 0.47) similar to the performance of other methods employing relatively extensive datasets and numerical classifiers. The proposed methodology can rapidly (taking approximately 30 min to complete) detect damage associated with mass movements, and this processing time indicates that the proposed method is suitable for rapid response scenarios, as this method can provide the preliminary shape and location of landslide damage. However, to obtain the precise dimensions, further improvements are required. In follow-up studies, the fusion of different SAR sensor datasets under several acquisition conditions will be explored to improve upon the current results.
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Figure 1. (a) Locations of the target areas where the studied events occurred. (b,c) show the target regions (black dashed rectangles) encompassing the Hokkaido and Hiroshima regions, respectively. (d) Hokkaido study area. The red star shows the location of the epicenter. The blue rectangle shows the footprint covered by Advanced Land Observing Satellite-2 (ALOS-2). (e) Hiroshima study area. The blue rectangles show the footprints covered by ALOS-2. 
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Figure 2. (a) JAXA’s land cover maps for the Hiroshima and Hokkaido areas (shown in the left and right panels, respectively). Land cover labels: DBF: Deciduous broadleaf forest, DNF: Deciduous needle-leaved forest, EBF: Evergreen broadleaf forest, and ENF: Evergreen needle-leaved forest. (b) Shuttle Radar Topography Mission (SRTM) digital elevation model (DEM) data used for the two study areas. 






Figure 2. (a) JAXA’s land cover maps for the Hiroshima and Hokkaido areas (shown in the left and right panels, respectively). Land cover labels: DBF: Deciduous broadleaf forest, DNF: Deciduous needle-leaved forest, EBF: Evergreen broadleaf forest, and ENF: Evergreen needle-leaved forest. (b) Shuttle Radar Topography Mission (SRTM) digital elevation model (DEM) data used for the two study areas.



[image: Remotesensing 12 00561 g002]







[image: Remotesensing 12 00561 g003 550] 





Figure 3. Pre-event PALSAR-2, post-event PALSAR-2, RGB color-coded PALSAR-2 images (R: Pre-event, G and B: Post-event), and optical images. (a) Debris flow in Hiroshima after torrential rainfall. (b) Coseismic landslide in the Hokkaido study area. 
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Figure 4. Schematic cross-sections of the landslide (debris flow) areas observed in synthetic aperture radar (SAR) intensity images. 
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Figure 5. Research workflow for the detection and mapping of landslides using multitemporal SAR intensity images. 






Figure 5. Research workflow for the detection and mapping of landslides using multitemporal SAR intensity images.



[image: Remotesensing 12 00561 g005]







[image: Remotesensing 12 00561 g006 550] 





Figure 6. (a) PALSAR-2 RGB color-coded images (top: Hiroshima area, bottom: Hokkaido area). (b) Result of applying an adaptive threshold to the PALSAR-2 dataset. Increasing and decreasing segments are indicated by cyan and red colors, respectively. (c) Masked increasing and decreasing intensity images using the land cover information and slope angles computed from the SRTM DEM dataset. (d) Result of applying object-based operations. 






Figure 6. (a) PALSAR-2 RGB color-coded images (top: Hiroshima area, bottom: Hokkaido area). (b) Result of applying an adaptive threshold to the PALSAR-2 dataset. Increasing and decreasing segments are indicated by cyan and red colors, respectively. (c) Masked increasing and decreasing intensity images using the land cover information and slope angles computed from the SRTM DEM dataset. (d) Result of applying object-based operations.



[image: Remotesensing 12 00561 g006]







[image: Remotesensing 12 00561 g007 550] 





Figure 7. Cumulative frequency function of the segment size from each target area (INC: Increasing segments; DEC: Decreasing segments). The segments detected from the Hiroshima site are smaller than those from the Hokkaido site. 
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Figure 8. Comparison between the detected coseismic landslide (left panel) and the Geospatial Information Authority of Japan (GSI) reference data (right panel) for the Hokkaido study area. 
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Figure 9. Debris flow detection results in the Hiroshima study area. The top and bottom panels show the areas around Kamiboda in the town of Kurose and the town of Kumano, respectively. The left panels show the detection results, the center panels correspond to the AJG reference data, and the right panels show the Sentinel-2 images. 
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Figure 10. Comparison between the detected coseismic landslide (left panel) and the GSI reference data (right panel) for the Hokkaido study area. 
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Figure 11. Analysis of optimal values for slope angle (left panel), and kernel size for adaptive thresholding that used in the proposed framework. The vertical frames show the range of recommended values for detecting landslides using ALOS-2 intensity images. 
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Table 1. Phased Array type L-band Synthetic Aperture Radar (PALSAR-2) scenes used in this study.






Table 1. Phased Array type L-band Synthetic Aperture Radar (PALSAR-2) scenes used in this study.





	
Event

	
Acquisition Date

	
Polarization

	
Incident Angle






	
2018 Torrential Rain in Western Japan

	
8 July 2018

	
HH

	
48.4   ∘  




	
19 May 2015

	
HH

	
48.4   ∘  




	
2018 Mw6.7 Hokkaido Earthquake

	
6 September 2018

	
HH

	
37.8   ∘  




	
23 August 2018

	
HH

	
37.8   ∘  
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Table 2. Accuracy metrics for the Hiroshima study area (U.A.: User accuracy; P.A.: Producer accuracy).
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Detection Results




	

	

	
Landslides (km    2   )

	
Others (km    2   )

	
Total (km    2   )

	
P.A. (%)






	
Reference Data

	
Landslides (km   2  )

	
0.66

	
1.53

	
2.19

	
29.93




	
Others (km   2  )

	
1.15

	
212.66

	
213.81

	
99.46




	
Total (km   2  )

	
1.81

	
214.19

	
216.00

	




	
U.A. (%)

	
36.26

	
99.28

	

	




	

	
Overall Accuracy = 98.76%

	
Kappa Coefficient = 0.32
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Table 3. Accuracy metrics for the Hokkaido study area (U.A.: User accuracy; P.A.: Producer accuracy).






Table 3. Accuracy metrics for the Hokkaido study area (U.A.: User accuracy; P.A.: Producer accuracy).





	

	

	
Detection Results




	

	

	
Landslides (km    2   )

	
Others (km    2   )

	
Total (km    2   )

	
P.A. (%)






	
Reference Data

	
Landslides (km   2  )

	
13.23

	
7.99

	
21.22

	
62.35




	
Others (km   2  )

	
11.24

	
79.27

	
90.51

	
87.58




	
Total (km   2  )

	
24.47

	
87.26

	
111.73

	




	
U.A. (%)

	
54.07

	
90.85

	

	




	

	
Overall Accuracy = 82.79%

	
Kappa Coefficient = 0.47
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