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Abstract

The mapping and classification of active landslides in high mountainous regions provide crucial
information about the location and types of geohazards. Additionally, this process plays a vital role in ensuring
the safety of the geological environments in mountainous towns. In this study, we presented a refined INSAR
approach for mapping and classifying active landslide hazards in Degin County, Tibetan Plateau, China. The
study area is characterized by a high altitude and extremely rugged terrain. Consequently, conventional INSAR
methods are limited in precisely estimating landslide deformation owing to severe atmospheric delays. To this
end, we first propose a block-based linear model to correct tropospheric artifacts. This model considers the

spatial variability of the atmosphere and provides an opportunity to accurately estimate heterogeneous
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atmospheric delays over high mountainous areas without any external data. Compared with the traditional
global-window linear model and the GACOS approach, the new method demonstrated outstanding performance
in reducing atmospheric artifacts. Second, based on the knowledge mapping of landslide types, we proposed a
semi-automatic procedure to map and classify landslides using INSAR-derived displacements and auxiliary data
(i.e., C-index and high-resolution optical images). Our results obtained from ascending and descending
Sentinel-1 images revealed, for the first time, that there were 317 active landslides in Degin County between
May 2017 and June 2021. Among these, 10.7% were associated with slide activity, 7.9% with fall deformation,
and the majority (81.4%) with flow movement. These results were cross-verified and evaluated using an a priori
inventory map obtained from the visual interpretation of optical images and geological field surveys. This study
demonstrates that INSAR can accurately map and classify active landslides over difficult mountainous terrains,

provided the associated phase errors are effectively restrained.

Keywords: Landslides, time series INSAR, tropospheric delay correction, Tibetan Plateau, Degin County

1 Introduction

Mountainous regions are home to 12% of the world’s population and cover 24% of global land area (Hock
et al.,, 2019). They are characterized by high elevations, sharp topographic gradients, and paraglacial
environments; therefore, under the combined effects of tectonic activity and extreme precipitation, mountainous
regions are also the origin of landslide hazards (Mani et al., 2023), including various types of movement
processes (falls, slides, and flows) according to the classification system of Varnes (1978). In particular, it has
been demonstrated in the scientific literature (e.g., Gariano and Guzzetti, 2016) that the magnitude and
frequency of landslide occurrences have increased in high mountainous areas in recent years due to the coupling
effects of population growth and climate change. Over the past ten years (2013-2023), the world’s high
mountainous regions have experienced several major landslide hazards that have resulted in numerous fatalities
and/or serious damage to local infrastructure. For example, approximately 25000 landslides were triggered by
the 2015 Mw7.8 Gorkha (Nepal) earthquake, which destroyed several villages and important infrastructure, and
killed 8200 people (Roback et al., 2018); the heavy rainfall event in the European Alps in October 2020 resulted
in more than 20 deaths and widespread destruction of infrastructure and settlements (Mani et al., 2023); and the
2021 Chamoli (India) rock/ice avalanche event killed more than 200 people and caused severe damage to two

hydropower projects (Shugar et al., 2021). Of these, the Qinghai-Tibet Plateau and its surroundings are regions
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with the most severe high-altitude landslide hazards worldwide. For instance, a huge landslide occurred in
Yigong, Tibet (China) in April 2000, and tens of thousands of people from China and India were seriously
affected by this event (Yin et al., 2023); two successive landslides in eastern Tibet (China) occurred on October
10 and November 3, 2018, and economic losses in several billion Chinese Yuan were caused by this event (Liu
et al., 2020). Consequently, it is paramount to gain detailed knowledge of active landslides for the sustainable
development of mountainous regions and the mitigation of hazard risks (Mani et al., 2023). Unfortunately, the
locations and types of potential landslide hazards in most high mountainous regions of the world remain largely
unknown owing to the complicated geomorphology and environmental conditions mentioned above. Under
these circumstances, conventional methods (e.g., field observations) present many limitations in generating and
updating inventory maps. Therefore, developing effective and robust techniques to map and classify these
geohazards is necessary to increase our knowledge of where the landslides are, their types, and how they may
impact communities and infrastructure.

Interferometric synthetic aperture radar (INSAR) provides the distinctive capability to measure Earth’s
surface displacements over wide areas with high measurement accuracy. Advanced time series INSAR methods
have been extensively used to investigate landslide deformation in small to extremely large areas for various
purposes, including the detection and monitoring of active landslides (Liu et al., 2021a; Shi et al., 2019),
classification of landslide processes and styles (Crippa et al., 2021), capturing the precursory signals of slope
rupture (Liu et al., 2020), inferring subsurface geometry (Handwerger et al., 2021), modeling kinematic
behaviors (Xie et al., 2022), and assessing the hazard and risk (Jin et al., 2022). Beyond these achievements,
there are still some challenges that limit the application of INSAR in mapping and classifying landslide hazards
in high mountainous regions, such as spatiotemporal decorrelation, SAR geometrical distortions, and
tropospheric delays (Albino et al., 2020). Various advanced InSAR methods (e.g., Ferretti et al., 2001;
Berardino et al., 2002) have been established to overcome these challenges by exploiting multisource and
multitemporal SAR observations. However, the performance of time-series INSAR methods is restricted by
atmospheric artifacts in high mountainous regions (Doin et al., 2009; Liang et al., 2019).

Approaches proposed to correct tropospheric delays in SAR images can be broadly classified into three
categories. The first category corresponds to the direct use of spatiotemporal filtering or stacking methods in
the interferometric phases (Ferretti et al., 2001). The second category relies on the prediction of tropospheric

signals from auxiliary information, including satellite multispectral imagery (Li et al., 2006), local or global
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weather models (Doin et al., 2009; Yu et al., 2018), and GNSS observations (Yu et al., 2017). These approaches
have achieved considerable progress in atmospheric corrections in large-scale Earth surface movement
processes, such as earthquake ruptures and interseismic deformation. However, the sparse temporal or spatial
resolution of auxiliary data often entails the need for interpolation in the application of small-scale landslide
deformation mapping, thus introducing uncertainties into the corrected interferograms (Liang et al., 2019). The
third category focuses on correcting delays using empirical phase-based models in which topography-dependent
phase delays are generally calculated using a linear model over all interferograms (Doin et al., 2009; Liu et al.,
2021a). Such an approach is challenging in high mountainous regions because of the spatial variability of
tropospheric properties (Bekaert et al., 2015). More importantly, the effects of seasonal fluctuations in
tropospheric delays should also be considered because they can easily be misinterpreted as seasonal landslide
displacements resulting from changes in hydrological factors. Similarly, they may lead to erroneous judgment
for active landslide detection and a spurious signal for the early warning of landslide deformation.

The procedure for automatically collating high-precision inventory maps of landslides over wide areas
based on InSAR-derived ground deformation has become an increasingly important research topic. Most
existing methods prepare an inventory map of landslides by either manual decision-making (i.e., expert
interpretation, comparison, and analysis) (Dong et al., 2018) or setting deformation thresholds (Shi et al., 2019),
in which the spatial deformation (e.g., annual displacement rate) is the only information exploited. Manual
decision-making is a time-consuming process, and the method of setting the deformation thresholds does not
ensure sufficient accuracy for landslide mapping under complex geomorphic conditions (e.g., high mountainous
areas) because the InNSAR-derived displacements inevitably contain noise. Thus, to accomplish automated and
high-precision inventory mapping, we should make full use of INSAR measurements in both spatial
(displacement rate) and temporal (displacement time series) dimensions.

Degin County is located on the southern edge of the Qinghai-Tibet Plateau, China, where various landslide
hazards seriously threaten the population and infrastructure. Nevertheless, the geomorphological and
environmental conditions in this region are complicated, with high altitude and extremely rugged terrain. This
makes the estimation of landslide displacements using INSAR challenging, and there is no systematic analysis
of the locations and types of active landslides. In this study, we propose a refined INSAR method to address
these challenges and map and classify active landslides over the study area. To this end, we first developed a

block-based linear model to correct atmospheric artifacts in the interferograms. Second, based on the InSAR-
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derived high-accuracy displacement maps and DEM-derived C-index maps, we automatically extracted active
displacement areas (ADASs). The detected ADAs were then verified and classified using information from
geological field surveys and the geologist’s visual interpretation of optical images, and a final inventory map
of different types of landslides in the study area was produced. The proposed method contributes to the accurate
correction of heterogeneous atmospheric delays and facilitates the mapping and classification of landslides in
high mountainous regions using INSAR observations. These results provide valuable guidelines for managing

and preventing landslide hazards and sustainable development in Degin County.

2 Study area and datasets

2.1 Study area

Our study area is located between 98.704 and 99.151 °E and 28.272 and 28.653 °N (red rectangle in Fig.

1(a)) within Degin County (white polygon in Fig. 1(a)), Yunnan Province, on the southern edge of the Qinghai-
Tibet Plateau, China. It covers an area of approximately 1900 km? that includes the town of Degin County, and
the overview is shown in Fig. 1(b) using the Sentinel-2 image. The study area is a landform feature of the alpine
gorge region with topographic attitudes ranging from 1924 to 6740 m a.s.l., forming a relative elevation
difference of 4816 m. As a result, it is characterized by steep inner gorges, extensively distributed high-altitude
glaciers, and snow mountains (e.g., the Baima and Meili snow mountains marked in Fig. 1(b)). The Lancang
River flows through the region (Fig. 1(b)). Glaciers have retreated in the past few decades, and terminal
moraines have been deposited, providing favorable conditions for developing debris flows.

The study area is underlain by a variety of stratigraphic units, including Silurian, Ordovician, Cambrian,
Sinian, Proterozoic, Jurassic, Cretaceous (sandstone and slate), Devonian (limestone and siltstone),
Carboniferous, Permian (bioclastic limestone, sandstone, and shale), and Triassic systems (sandstone, slate,
limestone, and mudstone), in which the Permian and Triassic systems are the primary formations. More
importantly, the study area is geologically situated in a zone of strong compression and is conditioned by a
series of deep large faults in the north-south and north-west directions, such as the Degin-Zhongdian fault (F1),
Yangla-Dongzhulin fault (F2), Lancang River fault (F3), and Degin-Xuelong Mountain fault (F4), as shown in

Fig. 1(b).
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According to the Varnes (1978) classification system, landslide hazards, including falls, slides, and flows,
are expected to remain high in the study area because of the strong coupling of the endogenic and exogenic
geological actions mentioned above. An existing inventory map elaborated from geological field surveys and a
geologist’s visual interpretation of optical images from unmanned aerial vehicle (UAV) and satellite
measurements revealed that there were 87 landslide hazards in the study area ( Fig. 1(c)), including 50 slides,
29 falls, and 8 large-scale flows. Some of the infrastructure is built on ancient landslides owing to the existing
limitations caused by the available land resources against growing populations. As shown in Fig. 1(c), people
who inhabit Degin county town are potentially affected by the rupture of catastrophic landslide events and the
severe impacts accompanying them, including fatalities, destruction of infrastructure, and damage to settlements.
Therefore, it is crucial to map and classify landslide hazards to reduce disaster risks and sustain livelihoods in

the study area.

98°50'0" 99°0'0"

Degqin-Zhongdian Fault Yangla-dongzhulin Fault
Lancang River Fault Deqin-Xuelong Mountain Fault
[s=] Major road Snow mountain [ ] Fault

Fig. 1. (a) Location of the study area and spatial coverage of the Sentinel-1 SAR images, where the white
polygon indicates Deqgin County; (b) overview of the study area; and (c) overview of Deqin County town (red
polygon in (b)). The UAV measurement acquired the background image in September 2020, and the polygons

with different colors are the a priori landslide hazards.

2.2 SAR datasets
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In this study, 223 C-band Sentinel-1 SAR images were used to retrieve the displacement of the study area
from March 2017 to June 2021, among which 106 images were acquired in the ascending orbit from April 11,
2017, to May 8, 2021, and 117 images were acquired in the descending orbit from March 25, 2017, to June 8,
2021. The spatial coverage of the SAR images is shown in Fig. 1(a). Using a combination of ascending and
descending images, we aimed to a) weaken the effect of SAR geometrical distortions and b) cross-validate the
estimated displacements and mapped landslides. All possible interferometric pairs were generated using the
strategy of small baseline subsets (SBAS) (Berardino et al., 2002), with a maximum spatial baseline of 150 m
and a maximum temporal baseline of 100 days. The interferograms were multi-looked using factors of 4 in the
range and 1 in the azimuth to reduce noise, which has the ability to map slope movements as small as 100 m in
each dimension. Finally, we selected 565 high-quality interferometric pairs to estimate the displacements by
dropping noisy unwrapped interferograms to retrieve useful signals, among which 265 interferograms were
produced from the ascending track and 300 interferograms from the descending track. Figure 2 shows the spatial

and temporal baseline plots of the interferograms used in the displacement inversion.
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Fig. 2. Spatial and temporal baseline plots of the used interferograms for ascending (a) and descending (b)

Sentinel-1 images.
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2.3 Auxiliary datasets

A set of multitemporal optical images covering the entire study area was acquired from satellite and UAV
measurements to verify the landslides identified from the InSAR-derived displacements and assist in the
classification of detected landslides. Satellite optical images were downloaded from the National Platform for
Common Geospatial Information Services (https://www.tianditu.gov.cn/), with a spatial resolution of 0.6 m.
We captured high-resolution (~ 0.1 m) images of the study area on September 18, 2020, using a Pegasus fixed-
wing UAV manufactured by FEIMA Robotics, including a digital orthophoto map (DOM) (Fig. 1(c)), a high-
resolution digital surface model (DSM), and a 3D model of the Earth’s surface (Fig. S1). In addition, the 1-arc-
second (30 m) DEM generated by NASA's Shuttle Radar Topography Mission (SRTM) was collected to remove

the topographic phase from the interferograms and calculate the C-index maps.

3 Methodology

The study area is located in a high mountainous region with extremely rugged terrain; therefore,
topography-correlated tropospheric delays introduce considerable measurement errors into individual
interferograms. These errors hamper high-accuracy estimation of landslide deformation using the INSAR
method. Abundant vegetation and ice-snow cover, which are common in high mountainous regions, are
particularly problematic and result in increased noise, making INSAR detection and mapping of active landslides
more difficult. Here, we developed a refined INSAR method for the semi-automatic detection and classification
of active landslides in high mountainous regions. The overall technical scheme of the methodology is illustrated
in Fig. 3. First, our approach generates high-accuracy ground displacement maps for the study area, including
the displacement rate and time series, by performing a refined INSAR processing procedure. In this procedure,
a block-based linear model was proposed to correct INSAR atmospheric artifacts over the study area. Then,
INSAR-derived high-accuracy ground displacement maps and DEM-derived C-index maps were selected as
input datasets, and a semi-automatic approach was developed to map and classify different types of active
landslides and produce the final inventory map. The detailed procedure of the adopted methodology is described

below.

3.1 Refined INSAR processing
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The starting point of this approach is to form all possible interferometric pairs by thresholding the spatial
and temporal baselines, as outlined in Section 3.2. We used the commercial GAMMA software (\Wegmuller
and Werner, 1997) to co-register the Sentinel-1 images and generate multiple primary multi-looked differential
interferograms. The topographic and flat-Earth phases were removed using the SRTM DEM. The
interferometric phase was filtered using the Goldstein filter (Goldstein and Werner, 1998) to reduce the effects
of noise, and then the phase unwrapping operation was performed with the minimum cost flow (MCF) algorithm

(Costantini, 1998). After the basic INSAR processing mentioned above, the unwrapped phase ¢ of each pixel

can be mathematically expressed as follows:

¢:¢def + %rbit + (ﬂtropo t (ﬂscatter + (pnoise + (oerror (1)

where @ger indicates the component for the deformation phase; @it is the phase ramps resulting from

orbital inaccuracy, which can be estimated by fitting second-order polynomials and is usually neglected for
Sentinel-1 images with accuracy orbits; @y represents the scattering phase caused by volume decorrelation,
Doppler centroid decorrelation, and spatiotemporal decorrelation; $nise describes the random noise resulting
from co-registration error and thermal noise; Peror is the phase errors induced by inaccurate DEM and

unwrapping errors, the details for correcting such a component can be found in Liu et al. (2021a); and $ropo

indicates the tropospheric delays induced by changes in atmospheric state between two SAR images, which is

the main source of errors and should be carefully corrected prior to deformation computation.
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Fig. 3. Technical scheme of refined INSAR method for mapping and classifying active landslides in high

mountain regions where ADAs indicate active displacement areas.

The phase-based method (e.g., linear relationship between phase delay and elevation (Doin et al., 2009))
and auxiliary data, such as GACOS products (Yu et al., 2018), are typically used to correct atmospheric delays
over the entire interferogram. Three challenging factors should be considered in the detection of small-scale
landslides in high mountainous terrains with large elevation variations. First, the relationship between stratified

delay and elevation cannot be simply considered linear because of spatial and seasonal variations in tropospheric
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properties (Doin et al., 2009). Second, the degree of success in removing atmospheric delays with auxiliary data
is sensitive to the time gap between SAR and data acquisitions (Bekaert et al., 2015). The last was to avoid the
removal of landslide deformation signals when the deformation was correlated with elevation. Consequently, a
block-based linear model (hereinafter referred to as the BLM method) was developed in this study to deal with
the tropospheric delay in high mountainous regions. The refined INSAR processing procedure was achieved by
adding a BLM atmospheric correction to the ordinary SBAS-INSAR algorithm (Berardino et al., 2002), as

follows:

(1) The ordinary SBAS-InSAR approach was exploited to generate all possible differential interferograms
and obtain their unwrapped phases with corrections for orbital, DEM, and unwrapped errors.

(2) The tropospheric delays were initially estimated using GACOS atmospheric products and a traditional
linear phase-based model (Eq. (2)) over the entire interferogram (hereafter referred to as the GLM method) and
then removed from the unwrapped interferograms generated in Step (1).

(3) The preliminary displacement rate and time series are estimated from the unwrapped interferograms
generated in Step (2) using the SBAS-InSAR algorithm. The derived displacement maps determined the
suspected active displacement areas (ADAS).

(4) The suspected ADASs are masked from the interferograms generated in Step (1) to produce a new stack
of displacement-free unwrapped interferograms. It aims to avoid 1) biased estimation of atmospheric delays
due to ground displacements and 2) removal of the displacement signals of interest.

(5) The tropospheric delays were re-estimated by applying the BLM method to the displacement-free
unwrapped interferograms generated in Step (4). The final unwrapped interferograms with atmospheric
corrections were then obtained by subtracting the estimated atmospheric delays from the interferograms
generated in Step (1). The rationale for the BLM atmospheric correction method is described in Section 3.2.

(6) The final displacement rate and time series are re-estimated using the high-quality unwrapped

interferograms generated in Step (5).
3.2 Block-based linear model for atmospheric correction

The vertically stratified component of tropospheric delays (A(ﬁtmp) in interferograms can be empirically

calculated using the best-fitting linear relationship between the elevation and the phase delay as follows (Doin

et al., 2009):
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A(ﬁtrop =k-h+ o, (2)

where k and h are the delay-elevation ratio and elevation, respectively, and @ denotes the phase at zero

elevation. The elevation h was obtained using an external DEM. As mentioned above, it is difficult to
accurately estimate the atmospheric delay with a unified delay-elevation ratio for an entire interferogram in
high mountainous regions. Thus, we propose a block-based linear model for estimating and correcting the
vertically stratified phase delay, the rationale for which is presented in Fig. 4. Considering the properties of the
stratified phase delay, the new method is based on a linear relationship (Eq. (2)) between the elevation and
phase delay. The largest difference from the ordinary phase-based approach is that, in our method, the
displacement-free unwrapped interferograms are first partitioned into several blocks (Fig. 4(a)). The
atmospheric delay was estimated for each block using Eq. (2). Finally, the estimated delays of all blocks were

mosaiced to produce tropospheric artifacts for the entire interferogram (Fig. 4(b)).

98°48'  98°54'  99°00'  99°06'

98°48'  98°54'  99°00"  99°06' _ w °48' 99°06'
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98°48' 98°48' _ 98°54' _ 99°00' _99°06'
L —— 4

0 -5 0 5 =5 0 5
(a) LOS change (rad) (b) LOS change (rad) () LOS change (rad)

Fig. 4. Rationale of the block-based linear model for atmospheric correction. Overl. represents the overlapping
region between two adjacent blocks and Wind. Size is the size of each block.

Step 1: Partition of blocks and generation of atmospheric delays. The entire scene of the interferogram
is partitioned into multiple blocks (Fig. 4(a)), and each block has a size of MxM pixels (i.e., block size) in the

range and azimuth directions. Additionally, there is an overlapping region of P columns and (] rows in the

range and azimuth directions between two adjacent blocks. The block size (i.e., Wind. Size in Fig. 4(a)) is
determined based on the magnitude of the heterogeneous atmospheric delay and the scale of the maximum
deforming area. The evidence from Barnhart and Lohman (2013) demonstrated that the topography-correlated
atmospheric delays are not spatially stationary in individual interferograms, even over small-spatial extents (<

10 km). Therefore, the block size should be larger than the maximum deforming area size and smaller than 10
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x10 km in mountain areas. In this study, we set the block size as 300 x 300 pixels in the azimuth and range

directions after a series of tests, and the overlapping region between two adjacent blocks is equal to 25% of the
block size. Then, for each block, the atmospheric delay is estimated with Eq. (2) based on the selected M pixels

(i.e., ), this can be mathematically written as follows:

AX+o6=L (3)

. 2 M
where A is the coefficient matrix, L=[@p @ropo ** Phrro] denotes the unwrapped phase in each block, and

X is an unknown parameter, that is, the coefficients k and @, inEq. (2),and O indicates a systematic

error. The least-squares criterion or linear regression is typically used to estimate the unknown parameter X

as follows:
X=(A"PA)*APL @

where P isthe weight matrix. It is worth noting that outliers in the interferograms caused by phase noise and

unwrapping errors can introduce biases into the estimated atmospheric delays. Thus, we adopted the iterative

weighted least squares (IWLS) algorithm (Huber, 1964) to estimate the unknown parameter X and limit the
influence of gross errors.

Step 2: Mosaicking the estimated atmospheric delays of all blocks. After estimating the tropospheric
delays of each block, the atmospheric artifacts of the entire scene of the interferogram were produced by
mosaicking the delays of all blocks (Fig. 4(b)). Because the tropospheric delay of each block was calculated
independently, there was inevitably a phase shift between two adjacent blocks. To address this issue, the phase
difference and average phase value in the overlapping region were calculated to compensate for this shift.
Moreover, considering the strong spatial correlation of the stratified phase delay, phase shifts in the mosaicked
atmospheric products were eliminated using an average filtering procedure.

Step 3: Correction of the tropospheric delays. Finally, the estimated atmospheric delays were subtracted

from each unwrapped interferogram to generate a corrected ground displacement map (Fig. 4(c)).

3.3 Semi-automatic mapping of active landslides

Based on the high-accuracy displacement maps derived from the refined INSAR method, coupled with C-

index maps derived from the external DEM, an a priori inventory map of landslides (Fig. 1(c)), and multi-
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temporal optical remote sensing images, we present a semi-automatic approach for detecting and mapping
active landslides in high mountainous regions, as shown in Fig. 3. The proposed method is composed of two
sequential modules: (i) extraction of suspected active displacement areas (ADAS) and (ii) generation of the final
landslide distribution and refinement of their active boundaries.

(i) Extraction of suspected active displacement areas (ADASs). This module aims to generate highly
reliable suspected active displacement areas (ADAS) with high reliability. Consequently, we first detected and
removed unreliable deforming areas caused by SAR geometrical distortions, phase-unwrapping errors, and
residual atmospheric artifacts, which were achieved using C-index maps. The C-index was calculated using an

external DEM based on the imaging parameters of the SAR images and is defined in Eqg. (5).

C-index =-sin@cos asin g ¢cos £ +sin#sin ¢ cosd cas f-cosdsin S )

where €@ and O are the incidence angle and flight direction of the SAR satellite, respectively, and O

and £ are the azimuth and slope angle of the slope, respectively. Figs. 5(a) and (b) show the C-index map of

the study area for the ascending and descending Sentinel-1 images, calculated using Eq. (5), respectively. The
value of the C-index is in the range of -1 to 1. InSAR-derived line-of-sight (LOS) displacements are typically
defined as positive (negative) values when a landslide moves towards (away from) a SAR sensor. Therefore, a
positive value of the C-index corresponds to a positive LOS displacement derived from InSAR, that is, the
landslide displacement towards the SAR satellite. In contrast, a negative value of the C-index indicates a
negative LOS displacement; that is, the landslide displacement is away from the satellite. Pixels were discarded
if the displacement features did not follow the aforementioned rationale. The active displacement area in Region
A, marked in Fig. 5(a), was selected as an example to explain how to use the C-index to remove unreliable
deformation areas caused by errors. Fig. 5(c) shows the C-index map of region A for the ascending Sentinel-1
image, and Fig. 5(d) shows the displacement rate of region A calculated from the ascending Sentinel-1 images.
We can observe that the value of the C-index is negative, and the displacement rate is negative. The
displacement direction derived from the C-index is consistent with that derived from the InSAR displacement
rate. Therefore, Region A was considered a reliable active displacement area and was retained for further
processing. The displacement maps were then filtered using window-based spatial filtering (Barra et al., 2017,
Tomas et al., 2019) to generate spatially consistent displacement results, and the isolated pixels and pixels with

strong inconsistencies with respect to their neighbors were further removed. Finally, suspected ADAs were
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extracted using the filtered displacement rates and their standard deviations (O ). A pixel is defined as a

suspected active target in the case of |V|05| >20 | otherwise, it is considered a stable target. Suspected ADAs

are automatically delineated by grouping the detected active pixels, for which pixels are clustered in the same
ADA if the distance between them is smaller than the defined clustering radius (e.g., twice the spatial resolution
of the SAR image) (Tomas et al., 2019). Only the displacement rate is involved in determining the ADAs in
this step. Therefore, some of the detected ADAs may be affected by noise. Therefore, we further evaluated the
quality of each detected ADA using a displacement time series. A quality index (QI) associated with four classes,
that is, Class 1, Class 2, Class 3, and Class 4, was introduced to evaluate the degree of reliability of the detected
ADAs. The rationale for calculating QI and its interpretation can be found in Barra et al. (2017) and Tomaés et
al. (2019).

(ii) Generation of the final landslide distribution and refinement of their active boundaries. ADAs
with the worst quality (i.e., Class 4) were discarded directly, and those with Classes 2 and 3 were further verified
and screened using high-resolution satellite and UAV optical images (Fig. S1), based on the deformation signs
of the slopes (i.e., sliding masses, cracks, and scarps) and a prior inventory map of the landslides (Fig. 1(c)).
Misjudged ADAs were eliminated; thus, a final map of the distribution of active landslides was produced. Next,
the boundary of each detected landslide was manually refined according to the geomorphological features

derived from high-resolution optical images.



341
342
343
344

345

346
347
348
349
350
351
352
353
354

This paper has to be cited as: Liu, X, Zhao, C,, Yin, Y., Tomas, R, Zhang, J., Zhang, Q. Wei, Y., Wang, M. &
Lopez-Sanchez, J.M. 2024. Refined InSAR method for mapping and classification of active landslides in a high
mountain region: Deqin County, southern Tibet Plateau, China. Remote Sensing of Environment, 304, 114030,

doi: https://doi.org/10.1016/j.rse.2024.114030.
15 of 43

98°42' 98°48' 98°54" 99°00’ 99°06' 98°48' 98°54' 99°

¥ 20

28°30'

28°24'

98°42' 98°48' 98°54' b 98°48' 98°54'
98°44' 98°45' 98°46' 98°44' 98°45' 98°46'

T T
98°45'

98°44' 98°45' 98°46' 98°44'

Fig. 5. (a) and (b) are the C-index maps of the study area for the ascending and descending Sentinel-1 images,
respectively; (c) is the C-index map of region A (marked in (a)) for the ascending Sentinel-1 image; and (d) is

the displacement rate of region A calculated using the ascending Sentinel-1 images.

3.4 Classification of detected active landslides

The detected landslides were classified based on their geomorphological characteristics and divided into
categories of falls, slides, and flows according to the Varnes (1978) classification system, thus producing an
inventory map of the different types of landslides. The classification was achieved through an a priori inventory
map of landslides (Fig. 1(a)) and the geomorphological analysis of high-resolution UAV DOM and 3D model
(Figs. 1(c) and S1) based on the knowledge mapping of landslide types summarized by Varnes (1978), as shown
in Fig. 6. It is worth noting that landslides are classified based on the movement type rather than the geological
material because it is difficult to obtain the material for each slope using only remote sensing techniques. The
term ““falls” refers to masses of materials such as rock, debris, and earth that are detached from steep slopes and

cliffs. The term “slides” refers to mass movements, where a failure surface separates the slide material from
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more stable underlying material, which includes two major types of translational slides and rotational slides.

The term “flows” comprises three basic categories: Solifluction flows, Debris flow, and Earth flow.
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Fig. 6. Knowledge mapping of landslide types, modified from Varnes (1978).

4. Results and analyses

4.1 Displacement maps derived from refined INSAR method

The displacement rates and time series in the study area were calculated using ascending and descending
Sentinel-1 images based on the proposed refined INSAR processing method. Figures 7(a) and (c) show the
annual displacement rate and cumulative displacement derived from the ascending track between April 2017
and May 2021, respectively. Figures 7(b) and (d) show the annual displacement rate and cumulative
displacement derived from the descending track between March 2017 and June 2021, respectively. As shown
in Fig. 7, the active displacement areas (ADAs) and deformation patterns estimated from the ascending and
descending images present significant differences in some regions, such as those along the Lancang River. A
large deformation area on the right bank of the Lancang River was successfully observed in the ascending
images; however, it was not observed in the descending images. In contrast, two relatively small deforming

areas on the left bank of the Lancang River were successfully observed in the descending images but were
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missed in the ascending images. This is caused by the different radar imaging geometries of the ascending and
descending Sentinel-1 images. The ascending images are severely affected by the geometrical distortion of the
layover on the left bank of the Lancang River, whereas the descending images are severely affected by the
layover on the right bank. The displacement maps in Fig. 7 suggest that the ascending and descending images

complement the mapping of active landslides in mountainous regions.

_ | Cumulative displacement(mm)

=200
98°48'

Fig. 7. () and (c) show the annual displacement rate and cumulative displacement of the study area derived
from the ascending Sentinel-1 images from April 2017 to May 2021, respectively, and (b) and (d) show the
annual displacement rate and cumulative displacement derived from the descending Sentinel-1 images from

March 2017 to June 2021, respectively.

Displacement signals were observed in the study area for both the ascending and descending results. The

maximum annual displacement rate exceeded 130 mm/year, and the largest cumulative displacement exceeded
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600 mm. Evidence from optical images suggests that these displacements were caused by multiple landslide
hazards, including slides, falls, and flows. The active displacement areas (ADAS) caused by slides and falls
were primarily distributed in the town of Deqin County (black polygon marked in Fig. 7) and along the Lancang
River (blue line in Fig. 7) at relatively low altitudes. In contrast, the ADAs caused by flows were concentrated
in areas with a relatively high altitude, some of which were close to the town of Degin. The InNSAR
displacements suggest that the detected slides and falls belong to the category of “very slow” and “slow” based
on the landslide velocity classification system defined by Hungr et al. (2013), with all displacement rates smaller
than 90 mm/year. As expected, the displacement rates of the detected flows are considerably greater than those

of the detected slides and falls, exhibiting a maximum annual velocity of -134 mm/year.

4.2 Inventory map of the detected active landslides

Based on the methodology described in Sections 3.3 and 3.4, we generated an inventory map of active
landslides in the study area using displacement maps obtained from the ascending and descending Sentinel-1
datasets, as shown in Fig. 8. A total of 317 active landslides were detected and mapped, covering an area of
approximately 1417 km?, where approximately 10.7% (i.e., 34) were related to slide activities, 7.9% (i.e., 25)
were fall displacements, and 81.4% (i.e., 258) were the movements of flows. The number of flows was far
greater than that of slides and falls, indicating that high-altitude flows dominated the geohazards in the study
area. As shown in Fig. 8, the distribution of these landslides is relatively regular across the study area. Slides
and falls primarily develop along the Lancang River and roads, where the elevation is less than 3600 m a.s.l.
This suggests that river erosion and human engineering activities significantly influence the formation and
development of slides and fall hazards. Flow hazards were distributed in areas with altitudes higher than 4000
m a.s.l. These areas belong to the high mountains of alpine-temperature and humid climate zones, which are
characterized by glarosion, snowmelt runoff erosion, and freeze-thaw action, thus providing favorable

conditions for the development of flow hazards.
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Fig. 8. Inventory map of active landslides detected by ascending and descending Sentinel-1 images. Note that

the detected landslides were classified according to the classification system of Varnes (1978).

Among these detected landslides, seven large-scale landslide hazards, composed of six slides and one flow,
showed an extremely high risk of destroying buildings and infrastructure and blocking the Lancang River in the
case of their runout. The spatial locations of these landslides are shown in Fig. 8 (Nos.1-7), and their main
features are summarized in Table 1. Additionally, Fig. S2 shows the spatial location and 3D views of the four
blocked-river landslides. The largest slopes are the Yagong landslide (labeled No. 1 in Fig. 8) and Zhixi River
landslide (labeled No. 7 in Fig. 8), with areas of approximately 6.40 and 5.35 km?, respectively. According to
the on-site geological survey, the Zhixi River landslide (see Section 4.4.2 for details) exhibited high mobility
and strong destructive power, thus having the potential to hit Degin County town and cause the loss of lives and
property. A similar lesson was learned from the Zhouqu debris flow that occurred on August 7, 2010 (Zhang et
al., 2018). The smallest active landslide was the Meili primary school landslide (labeled No. 6 in Fig. 8; see
Section 4.4.1 for details), with an area of 0.05 km?. Although the landslide covered a relatively small area, it
posed a high risk because of the destructive potential of the Meili Primary School and its adjacent buildings in
case of rupture. Consequently, continuous displacement monitoring using INSAR and in situ facilities is
suggested for this landslide in the following time. As shown in Fig. S2, despite some landslides (e.g., Niuba

and Jianwangtong) cannot directly lead to damage; however, they can indirectly result in significant losses by
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the geohazard chain of “landslide-landslide dam-flood outburst.” The best lessons can be learned from the Baige

landslide, which occurred on October 11 and November 3, 2018 (Liu et al., 2020).

Table 1. Summary of information on seven large-scale, high-risk landslides.

Longitude  Latitude Length Width Area

No.1 Name Type

©) ) (km) (km) (km?)
1 Yagong Slide 98.752533  28.591168 3.29 2.58 6.40
2 Niuba Slide 98.798454  28.531589 1.23 0.93 0.76
3 Bucun Slide 98.812678  28.469544 0.50 0.35 0.12
4 Jianwangtong Slide 98.851301  28.427354 0.95 0.48 0.38
5 Gongshui Slide 98.901253  28.425466 0.46 0.56 0.12
6 Meili primary school Slide 98.905180 28.458876 0.26 0.22 0.05
7 Zhixi River Flow 08.882241  28.496845 2.95 1.72 5.35

4.3 Comparison of the a priori landslide inventory map and that mapped by InSAR

INSAR and optical remote sensing (including satellite and UAV measurements) are mature techniques that
have been extensively used to prepare inventory maps of landslide hazards. On the one hand, the two techniques
are complementary in mapping landslide hazards; on the other hand, the mapped results can be cross-validated.
Therefore, we qualitatively compared the landslides mapped by InSAR-derived displacements and those
delineated by the geologist’s visual interpretation of multitemporal satellite and UAV optical images in terms
of regional-scale spatial distribution, as shown in Fig. 9. There were differences in the number and spatial
distribution of landslides identified by the two methods. INSAR detected a total of 34 slide hazards, and 50 were
identified by optical images, of which only eight slides were simultaneously detected by these two methods.
The fall classification detected by INSAR was 25, and that detected by optical images was 29. There was no
overlap between the results detected by these two methods. However, a large overlap of 52 flow cases was
observed between the INSAR and the optical images. Such differences can be explained by the following aspects:
(1) the effects of SAR geometrical distortions, including layover and shadowing. Geometric distortions can lead
to blind areas in SAR observations, thereby generating omissions in landslide detection. Although we weakened

this influence by combining the ascending and descending images, some areas are still difficult to observe in
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any of the ascending and descending images. (2) Complex observational environments decrease the capabilities
of INSAR displacement measurements. The study area is characterized by dense vegetation and a permanent
cover of ice and snow, which can result in the decorrelation of SAR images. Consequently, vegetated and snowy
slopes have a high probability of omission from InSAR observations. (3) INSAR is sensitive to downslope
deformation. SAR satellites measure the LOS projection of a three-dimensional slope movement. This implies
that landslides were omitted when their displacements were perpendicular to the LOS direction. (4) The
constraint of spatial resolution constraints of Sentinel-1 images. The spatial resolution of the multi-looked
Sentinel-1 products is approximately 15 m in the ground direction, making it challenging to map landslides
smaller than 100 m. By contrast, the optical images obtained from the UAV had a spatial resolution of 0.1 m.
This provides an opportunity to detect small-scale slopes, even those smaller than 100 m. (5) Some of the
landslides identified by optical images are historically deformed areas that were stable during the INSAR

observation period, which is beyond the scope of INSAR mapping.

98°45'0" 98°50'0" 99°0'0"  98°45'0"

28°35'0"

28°30'0"

28°25'0"

28°20'0"

—
. ""ﬁo
I
z 1

&

@ Falls I_Q—l Flows

InSAR (95)

InSAR (25)

Optical image (29) Optical image (55)

/ICommon (8) Common (0) Common (52)

0 10 20 30 40 0 o 10 20 30 0 10 20 30 40 50 60 70 80 90 100
Number of detected slides Number of detected falls Number of detected flows

Fig. 9. Spatial distribution and qualitative comparison of landslides detected by InSAR (a) and optical images

(b). The black line indicates the national highway and the blue lines are the rivers.
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4.4 Deformation patterns of different types of landslides

4.4.1 Slide movement type

The Meixi Primary School landslide was selected as the study site to investigate the deformation patterns
of the slide movement type, which was placed on the eastern slope of the Meixi Primary School in the town of
Deqin County (No.6, marked in Fig. 8). Figure 10(a) shows an optical image obtained from the UAV
measurements in September 2020. The field geological survey demonstrated that the landslide had an average
thickness of 10 m, with a volume of approximately 52x10% m® and a slope angle of 55—~ 60°, and it belonged
to the category of moderate-scale rock landslides. As shown in Fig. 10(a), the boundary of the active scarp
(approximately 1-2 m in width) of the landslide (solid red line with triangles) is evident, and there is a road
crossing through the head of the landslide. In addition, the entire slope was reinforced using slide-resistant piles
(Fig. 10(a)), thereby increasing the safety factor to some extent. Figure 10(b) shows the LOS displacement rate
from March 2017 to June 2021 superimposed on an optical image. The displacement time series of points P1
and P2 are shown in Figs. 10(c) and (d), respectively. As shown in Fig. 10(b), the active boundary of the slope
delineated from the displacement map perfectly matched that derived from the geomorphological analysis of
the UAV image, and the entire landslide was active during the InNSAR observation period. The maximum
displacement rate in the LOS direction is 19 mm/y. The displacement time series presented in Figs. 10(c) and
(d) illustrate the nonlinear displacement trend of the slope from March 2017 to June 2021. The landslide moved
slowly from March 25, 2017, to October 5, 2019, followed by a significantly accelerated displacement from
October 5, 2019, to January 3, 2021, and entered a nearly stable state after January 3, 2021. Evidence from field
investigations suggests that landslide stability is affected by external factors such as rainfall, earthquakes, and
freeze-thaw action. In particular, the earthquake increased the activity in August 2018. The accelerated
displacement started in October 2019; thus, we infer that the freeze-thaw action may have triggered such an

abnormal displacement.
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Fig. 10. Optical image and displacement map of the Meili primary school landslide. (a) UAV image acquired
in September 2020; (b) LOS displacement rate obtained with descending Sentinel-1 images from March 2017
to June 2021; (c) InSAR displacement time series of point P1 marked in (b); and (d) InNSAR displacement time

series of point P2 marked in (b).

4.4.2 Flow movement type

We selected the Zhixi River debris flow, labeled No.7 in Fig. 8 and Table 1, as the study site to investigate
the deformation patterns of the flow movement type. Figure 11(a) shows the full view and landform features of
the Zhixi River debris flow using a UAV image acquired in September 2020, whereas Fig. 11(b) shows an
amplified UAV image of the active displacement area of the debris flow derived from INSAR measurements.
The debris flow covered a basin area of approximately 6.38 km? and was composed of three parts: the source
area (5.35 km?), flowing area (1.78 km?), and accumulation area (0.25 km?), as shown in Fig. 11(a) by dotted
polygons with different colors. The highest altitude of the debris flow was 4497 m a.s.l., and the lowest altitude
was 3365 m a.s.l., thus forming a relative elevation of 1130 m, which provides great potential energy for rupture.
As shown in Figs. 11 (a) and (b), extensive collapse and disruption occurred in the trailing section of the debris

flow, suggesting that the debris flow was in a critical equilibrium state. The displacement map retrieved from
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ascending Sentinel-1 images (Fig. 11(c)) revealed that the maximum cumulative displacement between April
2017 and May 2021 reached -192 mm in the LOS direction, and the displacement was merely detected in areas
where surface disruption occurred. Thus, these INSAR results enable the identification of active displacement
areas and provide information about their deformation magnitude, which is paramount for risk assessment of

debris flows.

7z

Cumulative displaccmet (m)

Fig. 11. Zhixi River debris flow, labeled as No. 7 in Fig. 8 and Table 1. (a) UAV image showing full view and
landform features of the debris flow; (b) Enlarged UAV image of the active displacement area derived from

INSAR measurements; and (c) LOS cumulative displacement from April 2017 to May 2021.

We selected three points, P3-P5, located in different areas of the Zhixi River debris flow, as indicated by
white circles in Fig. 11(c), to analyze the temporal evolution characteristics. The original INSAR displacement
time series for the three points is shown in Fig. S3(a), S4(a), and S5(a), respectively. The results suggest that
the debris flow was deformed with a remarkably nonlinear trend during the INSAR observations, which may be
closely correlated with the periodic strong rainfall in the study area. The relationship between slope

displacement and rainfall was quantitatively analyzed using the cross wavelet transform (XWT) tool to confirm
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how rainfall changes slope kinematics in the study area. The XWT expands the time series of different variables
into a time-frequency domain to intuitively identify the period/frequency of the data (Tomaés et al., 2015). First,
the seasonal component of slope displacement was obtained by decomposing the original INSAR displacement
time series using an empirical mode decomposition (EMD) algorithm (Huang et al., 1998). EMD is a data-
driven method that can decompose a non-stationary time series into several intrinsic mode functions (IMF) and
one trend component without the need to select parameters. Figures S3(b)—(d), S4(b)—(d), and S5(b)—(d) show
the decomposed intrinsic mode functions (IMF1 and IMF2) and trend components (residual) for points P3, P4,
and P5, respectively. Here, IMF1 may be related to noise, IMF2 can be interpreted as the seasonal slope
displacement and was selected for further analysis, and the residual describes the long-term, nearly linear
deformation of the slope.

Figure 12 shows the XWT seasonal slope displacement (IMF2) analyses at points P3-P5 and the monthly
precipitation. As shown in Figs. 12 (a), (c), and (e), the rainfall peaks appear in the summer from July to
September, and the slope displacement oscillations are closely correlated with seasonal changes in rainfall.
Figure 12 (b), (d), and (f) illustrate the highly common power spectrum between the displacement time series
and rainfall during the one-year period for the three points during the INSAR observation period (i.e., from April
2017 to May 2021). Additionally, we observed a common power with a period of approximately six months at
the three points. As expected, the slope displacement time series were in phase, with high monthly precipitation
in the sections with substantial common power; that is, the phase shifts were approximately equal to zero, as
indicated by the black arrows pointing towards the right in Figs. 12 (b), (c), and (d). This reveals that there was
no significant delay in the time between the onset of slope deformation and the arrival of heavy rainfall.
Moreover, in some time periods, accelerated displacement occurs ahead of reaching the rainfall peak. This
means that the slope displacement tends to accelerate when precipitation exceeds the intensity—duration
threshold rather than the arrival of the rainwater peak. Consequently, we can conclude that the kinematics of
the Zhixi River debris flows are highly conditioned by seasonal precipitation. Periodic heavy rainfall changes
the equilibrium conditions of the slope, thereby generating periodicity in the displacement time series. Therefore,
INSAR analysis has enabled the identification of the most likely triggering factor for the debris flow activity in

the Zhixi River. This relationship is paramount for efficient scientific management of this hazard.
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Fig. 12. Power spectra of cross wavelet transform (XWT) of slope seasonal displacement and monthly
precipitation at points P3-P5 labeled in Fig. 11 (c). (a), (c), and (e) are the seasonal displacement time series
for points P3, P4, and P5, respectively; and (b), (d), and (f) are the XWT power spectra of slope displacement

and precipitation at points P3, P4, and P5, respectively.

4.4.3 Fall movement type

An example of the fall movement type is shown in Fig. 13, which is located on the right bank of the
Lancang River (labelled No. 8 in Fig. 8), named the Xidang earth-fall group. Figure 13(a) shows the optical
remote sensing image of the earthfall group, Fig. 13(b) shows the displacement rate acquired from the ascending
Sentinel-1 between April 2017 and May 2021, and Figs. 13(c) and (d) show the displacement time series of
points P6 and P7, marked in Fig. 13(b). As shown in Fig. 13(a), the earthfall group comprises several smaller

earthfalls. Many small superficial secondary failures, as well as active earthfall channels can also be clearly
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observed in the optical image, implying the ongoing activity of the slope. A clear displacement is visible in the
entire earthfall group, and the corresponding displacement shown in Fig. 13(b) indicates that the maximum
displacement velocity reached -42 mm/year between April 2017 and May 2021. On the other hand, a nearly
linear displacement trend was found in the time series presented in Fig. 13(c); however, nonlinear displacement

characteristics were observed in the time series shown in Fig. 13(d).
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Fig. 13. Optical image and displacements map of the Xidang earth-fall group, labeled as No. 8 in Fig. 8. (a)
Google Earth image, the red dotted lines indicate the boundary of earth fall; (b) LOS displacement rate estimated
with ascending Sentinel-1 images from April 2017 to May 2021; (c) InSAR displacement time series of point

P6 marked in (b); and (d) INSAR displacement time series of point P7 marked in (b).

5. Discussion

5.1 Statistical assessment of the performance of the proposed atmospheric correction method

Several metrics have been proposed in the literature (Albino et al., 2020; Yu et al., 2018) for evaluating
the performance of the tropospheric delay correction method: i) the standard deviation (STD) of the individual
interferogram, ii) the STD of the estimated displacement, iii) the reduction in the STD after correction, and iv)
the internal cross-comparison between the results corrected by different methods. As there were no data from
in situ measurements, the metrics mentioned above were exploited to assess the effectiveness and performance
of the proposed atmospheric correction method in terms of individual interferograms, as well as the estimated

displacement rate and time series.
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5.1.1 Corrections to interferograms

Phase-based models (i.e., the GLM approach) and GACOS products have been widely used to correct
INSAR tropospheric delays in landslide mapping over wide regions (Liu et al., 2021a; Shi etal., 2019; Yu et al.,
2018). Therefore, we employed the GLM approach and GACQOS products for comparison with the proposed
method, and atmospheric delays in the interferograms were independently corrected using the three methods.
The STD for the 565 unwrapped interferograms was calculated from the ascending and descending images
before and after atmospheric correction, as shown in Fig. 14. Owing to the phase errors related to the
unwrapping error, the orbital and DEM errors were correctly compensated for in the INSAR processing; thus,
the STD can directly reflect the magnitude of the atmospheric delay. It can be observed from Fig. 14 that the
STDs of the original interferogram are characterized by seasonal variation, which has also been demonstrated
by previous studies in steep terrains (Doin et al., 2009). As for the ascending interferograms, the GACOS
products successfully corrected 151 interferograms, accounting for approximately 57% of all interferograms,
whereas the GLM method reduced the STD by 97% of all interferograms (255 in number). Similar results were
obtained for the descending interferograms; approximately 58% (175 in number) of all interferograms were
improved by the GACOS products, and 98% (294 in number) of all interferograms were corrected using the
GLM approach. Moreover, the GACOS products introduce large uncertainties into some interferograms (e.g.,
the 80th interferogram in Fig. 14(a)) and increase their STD. In comparison, the atmospheric delays in all
interferograms were efficiently corrected by the proposed method, which can be illustrated by two aspects: 1)
the interferograms corrected by the proposed approach had the smallest STD, and 2) the proposed approach
largely suppressed the seasonal characteristics of the STD. The STD of original interferograms was reduced by
34% on average for the ascending track and 35% on average for the descending track after atmospheric
correction using the proposed method.

Fig. S6 shows a 12-day original unwrapped interferogram derived from descending images on June 29,
2017, and July 11, 2017, and the ones corrected by the GLM approach, GACOS products, and the proposed
approach. The original interferograms (Fig. S6(a)) exhibited an STD of 2.26 rad and part of the signal correlated
with the topography. The tropospheric delay primarily consisted of large positive LOS changes in the eastern
part of the study area. We can see from Fig. S6(b) that the GACOS approach showed the poorest performance
in correcting the atmospheric signals in this interferogram. The STD decreases to 1.62 rad after the GLM

correction (Fig. S6(c)). However, the correction introduced positive LOS changes along the Lancang River. In
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contrast, the proposed method (i.e., the BLM method) corrected atmospheric artifacts very well and decreased
the STD to 1.17 rad (Fig. S6(d)). This example demonstrates that the proposed method outperforms the GACOS

and GLM methods.

--m--Original -—e-- GLM correction 4 GACOS correction v BLM correction
| I—

@f

Standard deviation (rad)

Standard deviation (rad)

Number of interferogram

Fig. 14. The standard deviations (STDs) of the original unwrapped interferogram and those corrected by the
GLM approach, GACOS products, and the BLM approach. (a) Ascending interferograms, and (b) descending
interferograms.
5.1.2 Accuracy improvement in displacement rate

The precision of the INSAR-derived displacement rate is crucial for highly accurate landslide detection.
The inner precision (or measurement uncertainty) of the displacement rate is reflected by the standard deviation.
To assess the accuracy improvement of our proposed method in terms of the displacement rate, the STDs of the
displacement rates derived from the GLM, GACOS, and BLM corrections were computed using Eq (10) from
Fattahi and Amelung (2015), as shown in Fig. 15. It is evident from Fig. 15 that the STDs of both the ascending
and descending displacement rates obtained with the GLM and GACOS corrections were greater than those
derived from the proposed method. For the ascending track, the mean STD derived from the proposed approach

is 3.9 mm/year (Fig. 15(c)), which is greatly smaller than the 5.4 mm/year obtained from the GLM method (Fig.
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15(a)), and the 6.7 mm/year obtained from the GACOS correction (Fig. 15(b)). For the descending track, the
mean STD obtained from the proposed method is 3.7 mm/year (Fig. 15(f)), which is also lower than the 5.1
mm/year derived from the GLM method (Fig. 15(d)), and the 5.7 mm/year derived from the GACOS correction
(Fig. 15(e)). Thus, we can conclude that the proposed method improves the inner precision of both the ascending
and descending displacement rates by approximately 27% and 35% with respect to the GLM method and the
GACOS products, respectively.
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Fig. 15. Comparison of the standard deviation (STD) of the displacement rates derived from atmospheric
corrections with three different methods. (a), (b) and (c) are the STDs of the ascending displacement rate
calculated with GLM, GACOS, and BLM corrections, respectively; and (d), (e), and (f) are the STDs of the

descending displacement rate calculated with GLM, GACOS and BLM corrections, respectively.

5.1.3 Accuracy improvement in displacement time series

Atmospheric delay can contaminate the INSAR-derived displacement time series and thus may misinterpret
the temporal evolution of landslide movements and generate false signals in early waning. To assess the
improvement in the accuracy of our proposed approach in the estimated displacement time series, we calculated
the global standard deviation (GSTD) (Albino et al., 2020) of the ascending and descending displacement time

series derived from the GLM, GACOS, and BLM atmospheric corrections, as shown in Fig. 16(a) and (b). In
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addition, we calculated the reduction percentages in the GSTD of the proposed approach with respect to the
GACOS and GLM corrections, as shown in Fig. 16(c) and (d). Overall, Fig. 16 shows that the displacement
time series derived from the proposed approach has the smallest GSTD compared to those derived from the
other two methods. For the ascending track, the largest reductions in GSTD of the proposed approach are 46.5%
and 37.7%, respectively, with respect to the GACOS and GLM corrections. For the descending track, the largest
reductions in GSTD of the proposed approach were 30.6% and 18.4%, respectively. This illustrates that the

proposed method is significantly more effective at correcting atmospheric artifacts than the other two methods.
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Fig. 16. Comparison of the global standard deviation (GSTD) of the displacement time series calculated with
the GACOS, GLM, and BLM corrections. (a) and (b) are the GSTDs of the ascending and descending
displacement time series, respectively, and (c) and (d) are the GSTD reduction percentages of the proposed

method relative to the other two methods for the ascending and descending tracks, respectively.

Moreover, the displacement time series of the ascending and descending tracks derived from the GACOS,
GLM, and BLM methods were extracted at points PA1-PA2 and PD1-PD2 (Fig. 15(a) and (d)) to further
demonstrate the proposed method, as shown in Fig. 17. Points PA1 and PD1 were placed in two landslide
regions, whereas points PA2 and PD2 were located in stable regions. As shown in Fig. 17, the displacement
time series obtained from the GACOS and GLM corrections exhibit pronounced seasonal oscillations,
particularly at PA2. The smallest oscillations occurred in January and February, while the largest were observed

in July and August. As expected, seasonal oscillations were eliminated from the displacement time series after
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the BLM correction, and the cumulative displacements at points PA2 and PD2 were closer to zero. This result
suggests that it is essential to remove undesired atmospheric artifacts before interpreting InSAR-derived

landslide displacement.
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Fig. 17. Displacement time series for the points PA1-PA2 and PD1-PD2 (marked in Fig. 15(a) and (d))
calculated with the GACOS, GLM, and BLM corrections. (a) and (c) are points PAL and PA2 from the
ascending Sentinel-1 images, respectively; and (b) and (d) are points PD1 and PD2 from the descending

Sentinel-1 images, respectively.

5.2 Advantages and drawbacks of the proposed method

Considering the complex geomorphic and environmental conditions of high mountainous terrains, we first
developed a block-based linear model to efficiently correct tropospheric delays and generate high-accuracy
displacement maps. We then developed a semi-automatic approach to map and classify different types of
landslides. The approach developed in this study can be extended to other high mountainous terrains. For
example, the loss of human lives and infrastructure is frequently caused by catastrophic landslides in the
Himalayan region owing to tectonic activity, extreme precipitation, steep topography, high altitude, and intense
human activity. However, a comprehensive inventory map of catastrophic landslides in this region is lacking
because of the complicated geomorphology and environmental conditions. The proposed refined INSAR method
can generate high-accuracy ground deformation rate and time series for the Himalayas. The proposed semi-

automatic approach allows for fast and efficient large-area landslide inventory mapping based on INSAR-
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derived deformation maps, thereby contributing to a comprehensive assessment of the risks associated with
landslide events. The advantages of the proposed atmospheric correction method are highlighted in Section 5.1
by comparing two extensively used atmospheric correction methods. Compared with the GACOS products, the
proposed approach does not require any external weather model and thus can avoid the uncertainties caused by
the low spatiotemporal resolution of external weather models (Figs. 14 and S6). Unlike the classical phase-
based linear model, the proposed approach considers the spatial and seasonal variations of tropospheric
properties and overcomes the influences of unwrapping error and ground deformation on parameter estimation.
However, the proposed approach still suffers from two drawbacks: (1) It is suitable for correcting the
atmospheric delay of localized deformation signals, such as those caused by landslides and land subsidence,
and is inapplicable to scenarios with long-wavelength deformation signals, such as those caused by tectonic
activities; and (2) the estimated tropospheric delays can be affected by the quality of phase unwrapping, that is,
the numerous unwrapping errors in extremely low-coherence scenarios can lead to uncertainties in the estimated
delay. The second drawback can be addressed to some extent by employing more robust phase-unwrapping
algorithms (e.g., 3D phase-unwrapping) in low-coherence scenarios. The proposed BLM approach can be
further improved by adaptively selecting an appropriate block size.

In most previous studies (Shi et al., 2019), only the INSAR-derived displacement rate has been used to
identify landslides over wide regions. The average displacement rate presents an important clue for identifying
landslides with linear movement patterns; however, this may omit landslides with nonlinear or cyclic patterns
of motion. The proposed approach overcomes this issue by simultaneously employing InSAR-derived
displacement rates and time-series data. Furthermore, to ensure the high reliability and accuracy of the detected
landslides, mistaken and isolated pixels were automatically removed from the estimated deformation maps
through a preprocessing procedure. Although our proposed approach does its best to improve the accuracy and
reliability of landslide detection, some active landslides may have been omitted because of the limited resolution
of Sentinel-1 images, the influence of SAR geometrical distortions, and the decorrelations caused by vegetation,
ice, and snow cover, as well as rapid deformation. These drawbacks can be eliminated by employing multi-
wavelength SAR datasets and multiple types of SAR and InNSAR methods for landslide mapping in high-
mountain terrain. For example, high-resolution SAR images such as TerraSAR-X have a strong ability to detect
small-scale landslides. The decorrelation caused by covers of vegetation and ice and snow can be solved using

long-wavelength SAR images such as ALOS/PALSAR-2 and LuTan-1, and the phase decorrelation caused by
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rapid landslide movement can be solved using the SAR offset-tracking method (Liu et al., 2020). In addition,
the detected landslides are generally divided into categories of falls, slides, and flows according to the type of
movement. Detailed categorization was not performed owing to the lack of fine-scale geological information,
such as the slope material and mechanical characteristics of the slide zone. The inventory map for the three

landslide types could be updated using fine-scale geological information in conjunction with field investigations.

6 Conclusion

The occurrence of catastrophic landslide hazards is of great concern to natural hazards and
geomorphological sciences, particularly in high-mountain regions. Generally, INSAR can accurately measure
landslide displacements across wide regions. However, its accuracy is significantly reduced in high mountain
environments with extremely rugged terrain, dense vegetation, and snow, such as in our study area. This is due
to the coupling effects of severe atmospheric artifacts and decorrelation noise. To address these limitations and
broaden the application of INSAR in landslide investigations, in this study, we propose a refined INSAR method
that was applied in Deqgin County to map and classify the displacements of different landslide types. First, a
block-based linear model (BLM) was used to estimate and correct atmospheric delays by considering the spatial
variability of tropospheric properties, allowing us to compute high-precision INSAR displacement maps. Based
on INSAR-derived displacements and DEM-derived C-index maps, a semi-automatic procedure for the mapping
and classification of different types of landslides was developed. The outcomes of this analysis provide
important data for the risk assessment of geohazards in Degin County. The primary findings are summarized as
follows:

(1) The proposed BLM method efficiently corrects tropospheric delays in INSAR interferograms without
using auxiliary data. Comparisons of the BLM approach with the GLM and GACOS approaches illustrate its
superiority for individual interferograms and estimated displacements. The inner precision of the displacement
rate was improved by more than 27% after the BLM correction.

(2) The displacement maps retrieved from ascending and descending Sentinel-1 images revealed that there
is a total of 317 landslide hazards in the study area, including 34 slides, 25 falls, and 258 flows. The reliability
of the active landslides detected by INSAR was qualitatively evaluated using an a priori inventory map derived

from the visual interpretation of satellite and UAV images and field geological surveys. Some previously
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unknown landslides were identified in this study, and the active boundaries of some landslides were accurately

delimited using INSAR.
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List of Figure Captions

Fig. 1. (a) Location of the study area and spatial coverage of the Sentinel-1 SAR images, where the white
polygon indicates Degin County; (b) overview of the study area; and (c) overview of Degin County town (red
polygon in (b)). The UAV measurement acquired the background image in September 2020, and the polygons

with different colors are the a priori landslide hazards.

Fig. 2. Spatial and temporal baseline plots of the used interferograms for ascending (a) and descending (b)

Sentinel-1 images.

Fig. 3. Technical scheme of refined INSAR method for mapping and classifying active landslides in high
mountain regions where ADASs indicate active displacement areas.
Fig. 4. Rationale of the block-based linear model for atmospheric correction. Overl. represents the overlapping

region between two adjacent blocks and Wind. Size is the size of each block.
Fig. 5. (a) and (b) are the C-index maps of the study area for the ascending and descending Sentinel-1 images,
respectively; (c) is the C-index map of region A (marked in (a)) for the ascending Sentinel-1 image; and (d) is

the displacement rate of region A calculated using the ascending Sentinel-1 images.

Fig. 6. Knowledge mapping of landslide types, modified from Varnes (1978).
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Fig. 7. (a) and (c) show the annual displacement rate and cumulative displacement of the study area derived
from the ascending Sentinel-1 images from April 2017 to May 2021, respectively, and (b) and (d) show the
annual displacement rate and cumulative displacement derived from the descending Sentinel-1 images from

March 2017 to June 2021, respectively.

Fig. 8. Inventory map of active landslides detected by ascending and descending Sentinel-1 images. Note that

the detected landslides were classified according to the classification system of Varnes (1978).

Fig. 9. Spatial distribution and qualitative comparison of landslides detected by InNSAR (a) and optical images

(b). The black line indicates the national highway and the blue lines are the rivers.

Fig. 10. Optical image and displacement map of the Meili primary school landslide. (a) UAV image acquired
in September 2020; (b) LOS displacement rate obtained with descending Sentinel-1 images from March 2017
to June 2021; (c) InSAR displacement time series of point P1 marked in (b); and (d) INSAR displacement time

series of point P2 marked in (b).

Fig. 11. Zhixi River debris flow, labeled as No. 7 in Fig. 8 and Table 1. (a) UAV image showing full view and
landform features of the debris flow; (b) Enlarged UAV image of the active displacement area derived from

INSAR measurements; and (¢) LOS cumulative displacement from April 2017 to May 2021.

Fig. 12. Power spectra of cross wavelet transform (XWT) of slope seasonal displacement and monthly
precipitation at points P3—P5 labeled in Fig. 11 (c). (a), (c), and (e) are the seasonal displacement time series
for points P3, P4, and P5, respectively; and (b), (d), and (f) are the XWT power spectra of slope displacement

and precipitation at points P3, P4, and P5, respectively.
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Fig. 13. Optical image and displacements map of the Xidang earth-fall group, labeled as No. 8 in Fig. 8. (a)
Google Earth image, the red dotted lines indicate the boundary of earth fall; (b) LOS displacement rate estimated
with ascending Sentinel-1 images from April 2017 to May 2021; (c) InSAR displacement time series of point

P6 marked in (b); and (d) InSAR displacement time series of point P7 marked in (b).

Fig. 14. The standard deviations (STDs) of the original unwrapped interferogram and those corrected by the
GLM approach, GACOS products, and the BLM approach. (a) Ascending interferograms, and (b) descending

interferograms.

Fig. 15. Comparison of the standard deviation (STD) of the displacement rates derived from atmospheric
corrections with three different methods. (a), (b) and (c) are the STDs of the ascending displacement rate
calculated with GLM, GACOS, and BLM corrections, respectively; and (d), (e), and (f) are the STDs of the

descending displacement rate calculated with GLM, GACOS and BLM corrections, respectively

Fig. 16. Comparison of the global standard deviation (GSTD) of the displacement time series calculated with
the GACQOS, GLM, and BLM corrections. (a) and (b) are the GSTDs of the ascending and descending
displacement time series, respectively, and (c) and (d) are the GSTD reduction percentages of the proposed

method relative to the other two methods for the ascending and descending tracks, respectively

Fig. 17. Displacement time series for the points PA1-PA2 and PD1-PD2 (marked in Fig. 15(a) and (d))
calculated with the GACOS, GLM, and BLM corrections. (a) and (c) are points PA1 and PA2 from the
ascending Sentinel-1 images, respectively; and (b) and (d) are points PD1 and PD2 from the descending

Sentinel-1 images, respectively.



