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Abstract: The upper Jinsha River, located in a high-mountain gorge with complex geological features,
is highly prone to large-scale landslides, which could result in the formation of dammed lakes.
Analyzing the movement characteristics of the typical Xiaomojiu landslide in this area contributes
to a better understanding of the dynamics of landslides in the region, which is of great significance
for landslide risk prediction and analysis. True displacement data on the surface of landslides
are crucial for understanding the morphological changes in landslides, providing fundamental
parameters for dynamic analysis and risk assessment. This study proposes a method for calculating
the actual deformation of landslide bodies based on multi-track Interferometric Synthetic Aperture
Radar (InSAR) deformation data. It iteratively solves for the optimal true deformation vector of the
landslide on a per-pixel basis under a least-squares constraint based on the assumption of consistent
displacement direction among adjacent points on the landslide surface. Using multi-track Sentinel
data from 2017 to 2023, the line of sight (LOS) accumulative de-formation of the Xiaomojiu landslide
was obtained, with a maximum LOS deformation of −126 mm/year. The true surface displacement of
the Xiaomojiu landslide after activation was calculated using LOS deformation. The development of
two rotational sub-slipping zones on the landslide body is inferred based on the distribution of actual
displacements along the central profile line. Analysis of temporal changes in water body area data
revealed that the Xiaomojiu landslide was activated after a barrier lake event and continuously moved
due to the influence of higher water levels’ in the river channel. In conclusion, the proposed method
can be applied to calculate the true surface displacement of landslides with complex mechanisms for
analyzing the movement status of landslide bodies. Furthermore, the spatiotemporal analysis of the
Xiaomojiu landslide characteristics can support analyzing the mechanisms of similar landslides in
the Jinsha River Basin.

Keywords: Sentinel-1; Xiaomojiu landslide; 3D displacements; SBAS-InSAR; Multi-Track InSAR

1. Introduction

Landslides, a common geological hazard worldwide, cause billions of dollars in losses
and thousands of casualties annually [1,2]. The frequency of landslides has been increasing
annually due to human engineering activities and the increase in extreme rainfall caused by
global climate change [3]. In the Qinghai–Tibet Plateau region of China, where geological
conditions are complex, the significant uplift of the plateau crust and the rapid incision
of rivers have led to widespread instability on both sides of river valleys [4,5]. The Jinsha
River valley’s steep terrain and narrow channels make it prone to landslides that can easily
block the river, forming barrier lakes [6]. In 2018, the Baige landslide, a high-altitude,
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long-range event, occurred in the area, blocking the main channel of the upper reaches of
the Jinsha River and creating a barrier lake [7,8]. Consequently, the breach of the barrier
lake dam led to a flood disaster, resulting in a direct economic loss of USD 960 million [9,10].
Moreover, the abrupt fluctuations in the river channel’s water level following the dam break
stimulated the reactivation of the Xiaomojiu ancient landslide situated 5 km upstream [11].
Therefore, continuous monitoring of the Xiaomojiu landslide is crucial to prevent similar
disasters [12].

In landslide-prone areas, various remote sensing technologies are currently being
utilized for comprehensive surface deformation monitoring [13–16]. Among these tech-
nologies, InSAR is widely used due to its broad coverage and high accuracy [17,18]. For
instance, InSAR technology has been utilized to capture the pre-failure deformation of
the Baige landslide, confirming the adherence of the landslide deformation history to the
three-stage creep theory [19]. Particularly during the initial phase of landslide deformation,
InSAR technology can track the surface displacement of the landslide mass, which, in turn,
facilitates the deduction of geometric characteristics of the landslide surface [20]. These
results help analyze the structure of landslides and serve as an essential technical tool for
assisting landslide motion analysis.

InSAR technology has proven to be a valuable tool for monitoring surface deformation;
however, it is not without limitations. In particular, the polar orbit side-looking mode
of InSAR satellites means that a single synthetic aperture radar SAR platform typically
only captures one-dimensional deformation along the radar line of sight (LOS) [21]. This
limitation is compounded by topographic shadowing, vegetation coverage, and surface
deformation gradients, which can significantly impact monitoring results. The challenge
arises when the LOS displacement, which is the projection of the surface displacement
vector onto the LOS, is perpendicular to the surface displacement [22], making it challenging
to detect surface deformation accurately. To overcome the limitations of InSAR technology
and capture a broader range of surface deformation scenarios, obtaining measurements
in three different directions or having equivalent prior information is essential [23]. By
restoring the true surface deformation through multiple measurements, researchers can
enhance the accuracy and reliability of InSAR monitoring results.

In estimating true three-dimensional deformation from one-dimensional observations,
the rank deficiency caused by insufficient observations can be improved by imposing addi-
tional constraints or including unrelated observations. Therefore, landslide deformation
inversion based on InSAR technology can be categorized into two main approaches. The
first method involves increasing constraints by incorporating true observations, which
can be further categorized into homogeneous and heterogeneous subclasses. In the ho-
mogeneous subclass, it is defined as utilizing Spaceborne SAR data to obtain horizontal
deformation in the north-south direction through alternative processing methods [23] (e.g.,
Pixel Offset Tracking (POT) [24], Multi-Aperture Interferometry (MAI) [25], and various
combinations of satellite observations). However, the accuracy of POT technology is influ-
enced by data spatial resolution. In contrast, MAI technology is constrained by coherence,
resulting in lower accuracy than LOS deformation obtained through time-series InSAR. In
the heterogeneous subclass utilizing non-spaceborne SAR data, such as Global Navigation
Satellite Systems (GNSS) [26], unmanned aerial vehicles [27], and ground-based SAR [28,29].
Nonetheless, obtaining diverse multi-source observational data is often challenging due to
factors like the spatial distribution of landslides and data acquisition costs.

The second method, which involves adding constraints through prior information to
reduce the required true observations [30], has become a standard technique for landslide
deformation inversion. For example, in east-west landslides, the north-south horizontal
deformation is often neglected [20], or models like the Surface Parallel Flow Model (SPFM)
are used [31–33]. SPFM is frequently applied to translational landslides [34] but is unsuit-
able for rotational landslides with arcuate sliding surfaces [35,36]. However, assumptions
made in advance regarding the sliding direction of the landslide mass may significantly
differ from the true complex movements of the landslide. Therefore, in some studies [37],
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based on the local parallel flow assumption, landslides are assumed to be composed of mul-
tiple landslide sub-blocks, where each sub-block shares a uniform sliding surface motion
direction. The partitioning of landslide sub-blocks plays a significant role in the reliability
of this approach’s deformation inversion.

Therefore, this study does not initially divide landslide blocks but infers the real 3D
(three-dimensional) displacements on the landslide surface by assuming that adjacent
points on the surface are in the same direction. We apply this approach to the Xiaomojiu
landslide in the Jinsha River Basin. The true motion displacements and directions on the
landslide surface were inferred using multi-track Sentinel data. Compared to conventional
methods, this approach does not require prior knowledge of the landslide block boundaries
and better reproduces the true motion characteristics of the landslide body. The method
calculates the actual deformation of landslides, which can be used to analyze the spatiotem-
poral attributes of other landslides in the area. Additionally, calculating the actual landslide
deformation can help deduce the sliding surface and thickness of the landslide body during
the slow deformation stages [31,38,39], providing data support for assessing the extent
of damage caused by landslide failure in subsequent simulations. Based on the actual
deformation results and water area data, this study discusses the spatiotemporal variations
and driving factors of the Xiaomojiu landslide.

2. Study Area

The Jinsha River Basin, situated in the eastern part of the Qinghai-Tibet Plateau, is
characterized by intense crustal movement and frequent seismic activity [40]. This basin
exhibits complex geological and geomorphological conditions, forming numerous large-
scale, deep-seated creeping landslides [41]. One such significant landslide, the Xiaomojiu
landslide, is situated in the V-shaped valley of the upper Jinsha River. The main steep
slope of this landslide has a peak elevation of approximately 3655 m, while the toe of
the landslide sits at around 2895 m, resulting in a relative height difference of 760 m
between the two points. The overall slope inclination ranges between 30~35◦ (Figure 1).
Due to lateral erosion from the Jinsha River, the landslide is typical of a high-steep valley-
shaped fragmented loose body [42]. The geological lithology in the area mainly comprises
metamorphic ultramafic rocks (including chlorite schist and serpentinite), metamorphic
clastic rocks (such as quartz-sericite schist, biotite-muscovite quartz schist, hornfels, and
slate), as well as marble [43]. The structural context of the region is primarily influenced
by the Jinsha River fault zone, with the main fault trending NW-SE located approximately
1 km from the Xiaomojiu landslide. The presence of this fault significantly impacts the
development of the landslide [11,44]. Historical records document destructive events
associated with this landslide [45]. Previous exploration studies have revealed that the
primary components of the landslide body consist of gravel and clay, with no bedrock
detected even at a drilling depth of 60 m, highlighting the thick accumulation characteristics
of the landslide body [42].

The Baige landslide event had a significant impact on the water level in the region.
Before the Baige landslide, the average elevation of the riverbed in that section was 2870 m.
However, after the secondary dam breach, the elevation at the bottom of the spillway rose
to 2903 m [46]. This event resulted in an overall increase in the water level upstream of
the Baige landslide, significantly affecting the surrounding geological environment. As of
21 April 2023, optical images show that the remaining dam debris still blocks the Jinsha
River channel (Figure 1d). The dam breach event directly triggered the activation of the
Xiaomojiu landslide [11], leading it into the uniform deformation stage [47]. In the long
term, the continued higher water level may have a lasting adverse effect on the stability of
the Xiaomojiu landslide mass.
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Figure 1. (a) Optical image of the Xiaomojiu landslide, (b) geological map of the study area at 

1:2,500,000 scale, (c) map showing the location of the Xiaomojiu landslide, (d) schematic image 

showing the remaining debris blocking the river channel after the breach of the Baige landslide 

barrier lake. 
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Figure 1. (a) Optical image of the Xiaomojiu landslide, (b) geological map of the study area at
1:2,500,000 scale, (c) map showing the location of the Xiaomojiu landslide, (d) schematic image
showing the remaining debris blocking the river channel after the breach of the Baige landslide
barrier lake.

3. Data and Methods
3.1. Data

This study to obtain the long-term deformation of the Xiaomojiu landslide, collected
Sentinel-1A/B images from October 2017 to September 2023, including 139 ascending
orbit images from path 99 (A99), 153 descending orbit images from path 33 (D33), and
168 descending orbit images from path 106 (D106). The detailed information on the
Sentinel-1 SAR data is shown in Table 1. We sequentially processed the data from each
direction to obtain time-series deformation data. The ALOS World 3D-30m (AW3D30)
Digital Elevation Model (DEM) was obtained from the JAXA Earth Observation Research
Center [48], and precise orbit determination (POD) products were acquired from the
Copernicus Sentinels POD Data Hub. Additionally, monthly total precipitation data from
2017 to 2022, with a spatial resolution of 1 km, were obtained from the Institute of Tibetan
Plateau Research, Chinese Academy of Sciences [49]. Optical image data from GF-2 and
GF-7 were obtained from the China Aero Geophysical Survey and Remote Sensing Center
for Land and Resources (AGRS).
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Table 1. Detailed information on Sentinel-1 data.

Period Orbit Incidence
Angle (◦) Heading Angle (◦) Path Frame Number of

Scenes

8 October 2017~
19 September 2023 Ascending 35.76 347.22 99 1280 139

15 October 2017~
20 October 2023 Descending 43.92 192.77 33 487 153

8 October 2017~
7 September 2023 Descending 31.92 192.80 106 486 168

3.2. Methods

This section focuses on the operations performed to obtain the true displacement of
the landslide surface. We can split the proposed approach into two processing steps: First,
SBAS-InSAR obtains three LOS cumulative deformations. Second, adjacent orientation
consistency is used to invert the landslide to true displacement. The workflow diagram
illustrating the InSAR data processing, and the method proposed in this paper is detailed
in Figure 2.
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3.2.1. InSAR Processing

This study employs the Small Baseline Subset InSAR (SBAS-InSAR) [50] processing
method to obtain a long-term displacement time series of surface movement in the land-
slide area along three orbital LOS directions. Firstly, the ascending and descending images
covering the study area are individually geocoded and registered. Subsequently, the regis-
tered data are geocoded, and corresponding mask files are generated to remove geometric
distortions and shadow regions. A multi-look ratio of 4 (range) and 1 (azimuth) was
employed on SAR images to enhance the signal-to-noise ratio and image consistency while
balancing the density of landslide monitoring points. This ratio was chosen to match the
spatial resolution of the imagery, with DEM resolution interpolated to the same level. Next,
differential interferograms are generated from the registered images, with the temporal
and spatial baselines of interferograms illustrated in Figure 3. A Goldstein filter with a
window size of 32 × 32 pixels is applied to the interferogram to remove the topographic
and flat-earth phase components to enhance the signal-to-noise ratio. The phase unwrap-
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ping is then performed using the Minimum Cost Flow algorithm (MCF) [51]. At this
stage, we can examine the primary components of the unwrapped phase interferograms
in detail in Equation (1). Linear regression is applied to remove the terrain residual phase
components φres from the unwrapped phase. Using empirical linear elevation models and
spatiotemporal filtering eliminates atmospheric phase components φatm [52]. Finally, the
deformation phase components φdisp are estimated using Singular Value Decomposition
(SVD), cumulative deformation is calculated, and the results are re-encoded into the WGS84
coordinate system for further assessment of landslide 3D movement.

φunw = φres + φatm + φdisp + φnoise (1)
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3.2.2. Landslide True Ground Displacement and LOS Conversion Coefficients

The LOS deformation obtained from time-series InSAR represents the projection of
true surface displacement in that direction, as depicted in Figure 4. Unit vectors of LOS
direction in the north, earth, and up (NEU) directions [sin θ sin φ − sin θ cos φ cos θ]

T

represent the satellite’s incidence angle and denote the satellite’s azimuth angle. The
unit vectors of true ground deformation in the NEU directions can be represented as[
cos α cos β cos α sin β sin α

]T , where α is the angle between the true displacement vector
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and the horizontal plane α ∈ [−π/2, π/2] and α < 0 when the vertical component of the
true deformation vector is downward. The β represent the azimuth angles of the true
displacement vector [53].
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The geometric transformation relationship between the observed LOS displacement
Llos and the true surface deformation Dtrue can be expressed by the Equation (2).

Llos + ∆l = C· Dtrue (2)

where Llos takes negative values when far from the satellite and positive values when
close to the satellite; ∆l represents the observation error, and C represents the projection
coefficient of the LOS observation direction onto the unit vector of the true deformation
direction [53]. Its calculation formula is shown in the Equation (3).

C = sin θ sin φ· cos α cos β − sin θ cos φ· cos α sin β + cos θ· sin α
= sin θ· cos α· sin(φ − β) + cos θ· sin α

(3)

The true surface displacement vector consists of Dtrue, α, and β, representing the magni-
tude and direction of the true displacement vector. When the assumption of surface parallel
flow is employed, α = −∠Slope, β = ∠Aspect. In this case, the conversion coefficients are
called C-index [54–56], commonly used to evaluate the sensitivity of detecting landslide
deformations in the LOS direction or to assist in landslide identification [2,55]. The C-index
is equivalent to the projection coefficient of surface deformation in the LOS direction for
translational landslides, where the movement direction aligns with the slope gradient.

To preliminarily analyze the movement characteristics of the Xiaomojiu landslide, we
computed the C-index results for the Xiaomojiu landslide area on three orbits based on
the slope and aspect derived from the AW3D DEM (see Figure 5), following Equation (3).
The C-index distribution reveals that, under the assumption of surface parallel flow, the
sensitivity to deformations associated with movement along the slope gradient is in the
order of A99 > D33 > D106. Specifically, deformations projected onto A99 are predominantly
negative, while those on the descending orbits D33 and D106 are primarily positive. Due
to differences in the incidence angles, the absolute values of the C-index on the D106 orbit
are smaller than those on the D33 orbit. Under the assumption of surface parallel flow,
the distribution of positive and negative LOS deformations theoretically aligns with the
C-index distribution when the landslide body moves along the slope gradient.
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and (c) orbit D106. The black arrow represents the direction of the river flow. Positive values indicate
proximity to the satellite, while negative values indicate distance from the satellite. When |C| = 1,
the LOS direction is parallel to the direction of the steepest slope, and when C = 0, the LOS direction
is perpendicular to the direction of the steepest slope.

In cases of non-translational landslide movement, the C-index may fail to accurately
reflect the relationship between the actual deformation of the landslide and the LOS de-
formation. For a point on the landslide body, the observations in different LOS directions
represent the projection of the true deformation vector onto those LOS directions. The
detectability and sensitivity of landslide deformation measurements are determined by
factors such as the ground deformation gradient, InSAR imaging geometry, and coher-
ence [57]. When the landslide deformation is not affected by geometric distortions and is
detectable, the geometric relationship between the LOS direction determined by InSAR
imaging geometry and the true deformation vector is crucial for estimating the true defor-
mation. Therefore, this study computed the projection coefficients of true deformation in
arbitrary directions onto the three LOS directions (see Figure 6). The azimuth look direction
(ALD) is the clockwise angle between the LOS projection on the horizontal plane and the
north direction [58]. Given the possibility of landslide expansion and toe bulging, the
deformation of the landslide body may include a vertical component. Thus, two scenarios
were considered: corresponding to Figure 6a–c, while corresponding to Figure 6d–f. In
observable regions on the ground, when the LOS deformation vector is nearly perpendic-
ular to the actual deformation vector, the projection of actual deformation onto the LOS
direction approaches zero, indicating low sensitivity of the LOS direction to the actual
deformation at that location. Figure 6 shows that data from different orbits can complement
each other, except for horizontal deformations in the north–south direction.
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3.2.3. Adjacent Orientation Consistency Constrained Inversion of True Displacement

In addition to determining the direction of true displacement in advance using the
SPFM to solve for the true deformation vector, other methods, such as prior information,
can be employed to partition the landslide body into regions. This approach assumes
that the sliding direction within individual landslide blocks is consistent, enabling the
solution of the true deformation direction within each landslide sub-block by combining
observations from different directions [37,59]. Alternatively, fixed motion directions can
be assumed to solve for the true deformation displacement, as demonstrated by models
such as the Aspect Parallel Flow Model (APFM) and the Steepest Terrain Following Model
(STFM) [60–62]. Considering the similarity in the motion direction of adjacent points in
space, this study assumes that the true displacement direction of neighboring points in
the landslide space is consistent, facilitating the solution of the true deformation of the
landslide body.

Assuming there are m different orbits or types of data observations for n spatially
adjacent points within the same sliding unit on the landslide body, it can be assumed
that they share a consistent displacement direction

[
α β

]T . However, given that the

true displacement
[
x1 x2 · · · xn

]T of the n points may vary, a total of m·n observation
equations can be constructed. For the jth point in the ith orbit observation, the projection
of the true deformation in its observation direction can be represented by the following
nonlinear function:

L̃k = [sin θi· cos α· sin(φi − β) + cos θi· sin α]·xj
i ∈ [1, m], j ∈ [1, n]

(4)

where L̃k represents the corresponding function for this observation and k = (i−1)n+ j denotes
the observation sequence number in the observation equation set. Letting fk

(
α, β, xj

)
=
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[sin θi· cos α· sin(φi − β) + cos θi· sin α]·xj, a system of the following nonlinear equations
can be constructed for all points in the point set.

F
mn×1

(X) =
[

f1 f2 · · · fk · · · fmn
]T

X
n+2

=
[
α β x1 x2 · · · xn

]T (5)

Based on the equation set above, the observation function can be constructed, and the
specific form of the error model is as follows:

L
mn×1

= F
mn×1

(X)− ∆
mn×1

DL = σ2
0 P−1

(6)

where L
mn×1

represents the matrix of observed values, F
mn×1

(X) is the corresponding matrix

of nonlinear functions, and ∆
mn×1

is the error matrix. The angles represent the direction of the

true deformation vector α and β are bounded α ∈ [−π
2 , π

2 ], β ∈ [0, 2π]. The true deformation
vector can be estimated using nonlinear least squares constrained optimization [63].

X̂ = argmin||G(•)||2 (7)

where the function G represents the loss function, which can be chosen based on the specific
circumstances, when employing nonlinear least squares optimization, it is as follows:

V = F
(
X̂
)
− L

G = VTPV
(8)

where V is the error vector, and X̂ represents the estimated values of the true deformation.
Based on the above method, the true surface deformation can be calculated according to
the LOS deformations obtained from different orbits.

4. Results: Xiaomojiu Landslides Displacement between October 2017 to
September 2023
4.1. InSAR LOS Deformation Results

Based on the Sentinel-1A Ascending and Descending Orbit Data spanning from Octo-
ber 2017 to September 2023, annual average deformation velocities for three orbits were
computed, revealing distinctive patterns illustrated in Figure 7a,b,d. Negative values de-
note deformation moving away from the satellite, while positive values signify deformation
towards the satellite. The deformation velocity for orbit A99 is predominantly negative,
with deformation mainly concentrated in the middle part of the landslide, reaching a
maximum deformation of −126 mm/year. In contrast, the results for orbit D33 show
predominantly positive deformation in the middle and lower parts of the landslide, with a
maximum deformation of 62 mm/year, while the upper part exhibits negative deformation,
reaching a maximum of −53 mm/year. For orbit D106, except for the toe of the landslide
where the deformation is positive with a maximum of 26 mm/year, the rest of the areas
show negative values, with a maximum deformation of −86 mm/year. The differing
distribution of positive and negative deformation rates between the two descending orbits
can primarily be attributed to variations in their incident angles. Upon analysis of the
three velocity maps, it is evident that the magnitude of deformation rates in the ascending
orbit significantly surpasses those in the descending orbits. The variation in deformation
rates between the two descending orbit datasets is influenced mainly by the disparity in
their incident angles. The discrepancy in the allocation of positive and negative values in
the descending orbit data, as depicted in Figure 5, indicates a discrepancy between the
deformation direction of the landslide and the slope’s direction.
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Figure 7. LOS Annual Average Displacement Velocity and Velocity Profile Maps. (a,b,d) Depict the
velocity maps for ascending path 99, descending path 33, and descending path 106, respectively. In
(e), AA’, BB’, and CC’ represent three profiles along the downslope direction, while DD’ and EE’
denote two cross profiles. (c,f–i) Correspond to the velocity distribution maps of the three orbits for
profiles AA’, BB’, CC’, DD’, and EE’, respectively.

To further analyze the discrepancies, five cross-sectional profiles were set within the
landslide area: three profiles along the downslope direction, AA’, BB’, and CC’, and two
transverse profiles, DD’ and EE’. From Figure 7g,h, it can be observed that along the central
profile line DD’, the projection of the true motion velocity of the landslide body on the D33
orbit is minimal, followed by D106, with all three orbit results being negative. These results
indicate that at DD’, the predominant true deformation of the landslide occurs vertically
and is approximately perpendicular to the LOS direction of the D33 orbit. However, in the
middle-lower part of the landslide along profile line EE’, the direction of true deformation
is approximately perpendicular to the LOS direction of the D106 orbit, with positive values
observed on the D33 orbit and negative values projected on the D106 orbit. At EE’, the
horizontal deformation of the landslide predominates over the vertical deformation. These
conditions arise because the local incidence angle of the D33 orbit is greater than that of
D106, resulting in differences in the measured true deformation between the two orbits.
Moreover, the distribution of positive and negative projection coefficients in the D106 orbit
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in Figure 5 does not match the distribution of positive and negative deformation velocities
corresponding to this orbit in Figure 7d. These discrepancies further illustrate that the
direction of true displacement does not align with the slope direction, indicating that the
surface parallel flow model cannot accurately reproduce the true deformation results of the
Xiaomojiu landslide.

In the existing drilling data for the Xiaomojiu landslide [42], the maximum depth
of the three boreholes is 60 m, none of which reached the bedrock. Based on the drilling
results and other geological and topographical data, the landslide mass is a typical high-
steep valley-shaped fragmented and loose structure. From the profiles along the steepest
downhill direction shown in Figure 7c,f,i, it can be observed that the landslide deformation
exhibits distinct segments. Two main deformation zones within the landslide are located in
the upper-middle and lower-middle parts of the slope.

4.2. Temporal Deformation of the Xiaomojiu Landslide

In the simulation study of the Xiaomojiu landslide [42], it was suggested that the
Xiaomojiu landslide might block the river and create the risk of forming a barrier lake after
its collapse. To further analyze the development characteristics of the landslide, we selected
the time-series deformation results of four points at different heights in the center of the
landslide for temporal analysis.

From Figure 8a,c,e, it can be observed that before the occurrence of the Baige landslide
damming event, the overall deformation of the landslide was relatively small. However,
after the disaster, the Xiaomojiu landslide began to accelerate. Notably, the maximum
temporal deformation was observed at point P2 in the upper-middle part of the landslide.
Specifically, for point P2, the cumulative deformation from October 2017 to July 2023 was
−56 cm for the A99 orbit, −10 cm for the D33 orbit, and −33 cm for the D106 orbit. The
differences in deformation magnitudes reflect variations in the projection coefficients of true
deformation in different observation directions. Analysis of the cumulative deformation
results for the four points indicates that the D33 orbit is less sensitive to deformations in
the middle part of the landslide.

In contrast, the D106 orbit is less sensitive to deformations in the lower part. As
depicted in Figure 8b, after the Baige landslide damming event, the deformation at points
P4 and P3 in the lower-middle part of the landslide initially increased before decreasing.
This phenomenon may be attributed to the immersion of the landslide toe in the dammed
lake water, resulting in initial deformation at the toe followed by displacement in the
middle and lower parts. The transfer of displacement from lower to higher areas exhibits
significant lag.

Remote Sens. 2024, 16, x FOR PEER REVIEW 13 of 26 
 

 

deformation results for the four points indicates that the D33 orbit is less sensitive to de-

formations in the middle part of the landslide. 

 

Figure 8. (a) P1 to P4 cumulative ascending orbit path 99 temporal cumulative strain map, (c) P1 to 

P4 cumulative descending orbit path 33 temporal cumulative deformation map, (d) distribution 

map of four points P1 to P4, (e) P1 to P4 cumulative ascending orbit path 106 temporal cumulative 

strain map. (b) This sub-figure is a magnified view of (a), where solid black lines represent the dates 

of the two failures of the Baige landslide, and black dashed lines represent the dates of the debris 

flow events from the barrier lake outburst. In all sub-figures, the light red EVENT represents the 

barrier lake events formed by the two failures of the Baige landslide. PRECIP represents the monthly 

total precipitation in the region from 2017 to 2022 [49]. 

  

Figure 8. Cont.



Remote Sens. 2024, 16, 1940 13 of 24

Remote Sens. 2024, 16, x FOR PEER REVIEW 13 of 26 
 

 

deformation results for the four points indicates that the D33 orbit is less sensitive to de-

formations in the middle part of the landslide. 

 

Figure 8. (a) P1 to P4 cumulative ascending orbit path 99 temporal cumulative strain map, (c) P1 to 

P4 cumulative descending orbit path 33 temporal cumulative deformation map, (d) distribution 

map of four points P1 to P4, (e) P1 to P4 cumulative ascending orbit path 106 temporal cumulative 

strain map. (b) This sub-figure is a magnified view of (a), where solid black lines represent the dates 

of the two failures of the Baige landslide, and black dashed lines represent the dates of the debris 

flow events from the barrier lake outburst. In all sub-figures, the light red EVENT represents the 

barrier lake events formed by the two failures of the Baige landslide. PRECIP represents the monthly 

total precipitation in the region from 2017 to 2022 [49]. 

  

Figure 8. (a) P1 to P4 cumulative ascending orbit path 99 temporal cumulative strain map, (c) P1 to
P4 cumulative descending orbit path 33 temporal cumulative deformation map, (d) distribution map
of four points P1 to P4, (e) P1 to P4 cumulative ascending orbit path 106 temporal cumulative strain
map. (b) This sub-figure is a magnified view of (a), where solid black lines represent the dates of
the two failures of the Baige landslide, and black dashed lines represent the dates of the debris flow
events from the barrier lake outburst. In all sub-figures, the light red EVENT represents the barrier
lake events formed by the two failures of the Baige landslide. PRECIP represents the monthly total
precipitation in the region from 2017 to 2022 [49].

5. Analysis and Discussion
5.1. The 3D Deformation Characteristics of the Xiaomojiu Landslide

The actual spatial deformation characteristics of the Xiaomojiu landslide were com-
puted using the methods mentioned in this paper. Considering the relatively long data gap
in the ascending orbit data after May 2021, cumulative deformations were calculated from
October 2018 to May 2021 using data from three orbits. These results were then compared
with those obtained from other methods, such as the SPFM [32], SPFM coupled with the
least-squares method (SPF-LSM) [60], and the APFM [62]. The Adjacent Orientation Con-
sistency Model (AOCM) mentioned in this paper does not utilize slope and aspect as the
displacement direction for surface deformation. Instead, it solves for the unknown true
deformation direction and decomposes the true deformation into the NEU directions, as
illustrated in Figure 9.

From the results in Figure 9, it can be observed that the east-west and vertical defor-
mations obtained by various methods exhibit relatively consistent spatial distributions, but
there are differences in numerical values. The north-south deformation obtained using
AOCM differs significantly from the results obtained by the previous three methods, in-
dicating the presence of some degree of lateral horizontal movement in the middle part
of the landslide. These results suggest a disparity between the movement direction of
landslide sub-blocks on the landslide body and the overall steepest movement direction.
Overall, there is a significant spatial distribution difference in the vertical deformation of
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the landslide body, with eastward movement predominating horizontally. In conclusion,
optimizing the true deformation displacement using multi-track LOS data can provide
more accurate vertical deformation of the landslide body, thereby offering more precise
data support for analyzing the profile characteristics of the landslide. To further analyze
the landslide structure, we extracted the actual deformation results corresponding to the
BB’ profile, including the actual deformation values on the BB’ profile calculated by AOCM
and the corresponding angles with the horizontal plane (Figure 10).
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Figure 9. Different methods yield 3D deformation maps of the Xiaomojiu landslide. The first
row displays the NEU direction deformation maps computed using the SPFM method: (a–c). The
second row showcases the NEU direction deformation maps computed using the SPF-LSM method:
(d–f). The third row exhibits the NEU direction deformation maps obtained from the APFM method:
(g–i). Finally, the fourth row presents the NEU direction deformation maps calculated using the
AOCM method: (j–l).
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Figure 10. (a) Accumulated true deformation along profile BB’ (from October 2018 to May 2021),
(b) angle between the true deformation direction along profile BB’ and the horizontal plane,
(c) deviation between the corresponding inclination angle along profile BB’ and the negative slope
angle, (d) the distribution of displacement vectors along profile BB’ is illustrated, with vertical dashed
lines employed to delineate variations in angles. The dashed line (slip surface*) indicates the inferred
sliding surface derived from prior research and computational outcomes.
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The displacement on the landslide profile reflects the main movement characteristics
of the landslide body. Figure 10a shows that the landslide body exhibits three deformation
peaks concentrated in the middle-lower part of the landslide. The maximum deformation
peak is located in the middle part of the landslide, with a cumulative deformation of 0.47 m.
In contrast, the upper part primarily experiences vertical movement, with a cumulative
deformation of approximately 0.2 m. Figure 10b indicates that the middle-lower part is
subjected to compression from the upper part, resulting in the most significant degree
of deformation. Figure 10b,c depict changes in the direction of surface movement of
the landslide body. The average angle α of the upper part is approximately 70◦, with
deformation primarily manifested as subsidence, resulting in compression in the middle
part. The angle α gradually approaches horizontal from the middle to the toe, while
deformation gradually decreases, indicating a change in stress state and increased frictional
resistance. These angular changes suggest the presence of an arc-shaped sliding zone
within the landslide body. Additionally, at least two main landslide sub-blocks correspond
to two arc-shaped sliding surfaces in the middle-lower part of the landslide, resulting in
the superposition of landslide subzones and a pronounced toe extrusion phenomenon.

For further analysis of the landslide area, the real deformation direction, magnitude,
and spatial information of each point obtained using the methods mentioned in this study
were utilized as features. The K-means method [64] was employed for cluster analysis,
and based on the elbow method, the landslide was divided into 12 sub-blocks, as shown
in Figure 11b. For the five landslide sub-block regions located along the central axis (C12,
C9, C8, C5, C2), each region’s pixel points correspond to two angles, alpha and beta,
representing the actual deformation directions. The magnitudes of these angles exhibit a
relatively concentrated distribution. This result indicates that within each sub-block region,
the actual displacement directions of each pixel are closely aligned (Figure 12a,b). When
the deformation within the sub-block was relatively small, such as in the case of the C11
and C3 sub-blocks, the estimated real displacement direction within the sub-block was
more dispersed, and the standard deviation of the actual deformation obtained was also
more prominent.

Additionally, the overall direction of the slope in the C4 area was close to the north
direction, consistent with the actual terrain distribution. The horizontal directions in the
remaining areas were relatively similar except for the C3, C4, and C11. From the results
of the average temporal cumulative deformation, it can be observed that among the C2,
C5, and C8 sub-blocks arranged from low to high elevation, after the occurrence of the
damming event, the bottom C2 sub-block began accelerating movement first, followed
by a certain lag in the C5 sub-block at a higher elevation, with the C8 sub-block showing
even longer lag time. This distribution indicates that the damming event progressively
influenced the landslide activation from low to high elevations in a chain reaction along
the altitude.

Considering the calculated 3D features of the landslide sub-blocks, it can be observed
that the lower-middle parts of the landslide, represented by sub-blocks C8 and C5, exhibit
characteristics of rotational sliding surfaces, consistent with the two rotational sliding
sub-zones mentioned earlier. This phenomenon corresponds to the thick accumulation
layers within the landslide body. In addition to the overall movement of the Xiaomojiu
landslide, the presence of these two sliding sub-zones adds complexity to the landslide
morphology and diversifies the sliding patterns. Consequently, during the subsequent
continuous deformation of the landslide, the instability of the landslide body is increased.
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Figure 11. K-means clustering results of landslide blocks and typical multi-track average temporal
results; trends of average cumulative deformation for landslide blocks across three orbits, (a) Block
C12, (c) Block C2, (d) Block C9, (e) Block C8, (f) Block C5. The temporal data’s light-colored
upper and lower bounds represent the standard deviation range. (b) Spatial distribution map of
clustering results.
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Figure 12. Box plots of the actual deformation characteristics within sub-blocks obtained from
K-means clustering, (a) comparative distribution of angle α in different sub-block regions, (b) com-
parative distribution of angle β in different sub-block regions, (c) comparative distribution of angle
Dtrue in different sub-block regions, (d) comparative distribution of standard deviation Dtrue in
different sub-block regions, (e) comparative distribution of the number of ground points in different
sub-block regions.

5.2. The Driving Factors of the Xiaomijiu Landslide Movement

To analyze the impact of changes in river water level caused by the damming lake
event on the landslide movement process, intensity images of D33 descending orbit VH
and VV polarization were used as the data source. The Block Matching 3D algorithm
(BM3D) filtering method [65] was employed to filter the selected intensity image data,
removing speckle noise. Time-series charts of water area extraction from the beginning
of the Xiaomojiu landslide to the upstream river were generated to indirectly represent
changes in river water level. Considering the significant surface undulations in the area
and the presence of many shadow regions in the intensity images, masking was applied
to avoid the influence of shadow areas on the delineation of water bodies. Additionally,
river buffer zones were delineated based on elevation information, and the threshold
segmentation method [66] was utilized to delineate water bodies within the buffer zones.
Comparing Figure 13b,c, it is evident that the water area increased after the damming lake
event. As shown in Figure 13c, the acquisition time of the D33 orbit data was UTC 23:21
on 10 October 2018, approximately 9 h after the Baige landslide had dammed the lake,
resulting in a significant rise in water level.

The temporal results of the water body area (Figure 13e) reflect the following points.
Firstly, following the formation of the landslide dam, the water area upstream of the Baige
landslide rapidly increased, indicating a swift rise in the upstream water level due to
the damming event. During the landslide dam occurrence, the water area underwent
two cycles of increase followed by a decrease, corresponding to the two damming events
and consistent with the cumulative deformation results in Figure 8b. Secondly, in the
aftermath of the damming events, the water area upstream did not return to its pre-event
level, indicating that the remaining debris from the landslide blocked the river channel,
causing a certain degree of elevation in the water level upstream. Additionally, erosion and
immersion of the upstream river channel might have occurred during the damming events,
leading to the widening of the river channel. Thirdly, after the release of the landslide dam,
the elevated water level in the upstream river channel was in an overall slow declining
state. Therefore, the overall movement characteristics of the Xiaomojiu landslide are closely
related to changes in the water level of the Jinsha River after being activated.

Furthermore, upon further comparison with optical data in Figure 14, it can be ob-
served that due to immersion from the damming lake and erosion by the river water, the
exposed area of the Xiaomojiu landslide toe gradually increased. Figure 14a,c,h demon-
strate the comparison of river channels during the same season. After the Baige landslide
event, the width of the river channel noticeably increased, consistent with the temporal
results representing the pixel count of the river channel in Figure 13e.
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Figure 13. (a) Overlay image of D33 orbit VV and VH backscatter images (in dB), with the light
purple area representing the river buffer zone generated based on elevation. (b) Partial VV+VH
image before the first occurrence of the Baige landslide damming lake on 28 September 2018.
(c) Partial VV+VH image two hours after the first occurrence of the Baige landslide damming lake on
10 October 2018. (d) Distribution map of pixel values within the river buffer zone, where the first peak
represents water bodies, and the second peak represents land. (e) The time series plot of the total
pixel count within the river buffer zone was calculated using the threshold segmentation method.

According to the time-series results of the water area shown in Figure 13e, the follow-
ing conclusions can be drawn: Firstly, after the barrier lake event, the water area in the
upstream region of the Baige landslide expanded rapidly, indicating a swift rise in water
level upstream due to the impact of the barrier lake. During the barrier lake event, the
quantity of water area experienced two increases followed by decreases, corresponding to
the two occurrences of the barrier lake. The changes in water level are consistent with the
cumulative deformation results shown in Figure 8b. Secondly, following the damming lake
event, the water area in the upstream area did not return to the pre-event level, indicating
that the remaining debris from the Baige landslide blocked the river channel to some extent,
raising the water level in the upstream area. Additionally, channel widening may have
been due to erosion and immersion during the damming lake event. Thirdly, after the
damming lake was discharged, the elevated water level in the upstream channel of the
Baige landslide gradually decreased overall. Therefore, after being activated, the overall



Remote Sens. 2024, 16, 1940 20 of 24

movement characteristics of the Xiaomojiu landslide are closely related to the changes in
the Jinsha River water level.
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Figure 14. Shows optical remote sensing images from the GF-2 satellite on 28 February 2018 (a),
1 February 2019 (c), 16 November 2020 (d), 21 April 2022 (e), 4 July 2022 (f), 14 November 2022 (g),
27 January 2023 (h), and 21 April 2023 (i). Another optical remote sensing image was taken from a
GF-7 satellite on 1 November 2018 (b).

Due to the influence of the residual accumulation of the Baige landslide on the water
level in the upstream channel, the moisture content within the landslide has changed.
Prolonged higher water levels can cause a redistribution of water within the landslide,
increasing the soil moisture content and reducing its shear strength, thereby accelerating
the deformation process of the landslide. Results obtained through InSAR technology
reveal that the upper part of the Xiaomojiu landslide is undergoing subsidence, while the
bottom part is experiencing extrusion and uplift. This deformation pattern indicates a
redistribution of internal stresses within the landslide when subjected to external forces.
Furthermore, the presence of two sub-blocks in the lower part of the landslide exhibiting
characteristics similar to soil-rotational landslides further complicates the movement char-
acteristics of the landslide mass. These sub-blocks may play a critical role in the overall
stability of the landslide during its movement process, influencing its overall stability. In
conclusion, the Xiaomojiu landslide is a deep-seated accumulation creep-type landslide
formed under complex geological conditions and external influences. Reactivated and
continuously deforming due to the rise in river water levels, the landslide remains in a
phase of sustained deformation.
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6. Conclusions

In this study, we propose a method based on the consistency constraint of neighboring
directions to invert the true deformation displacement. Utilizing three-track cumulative
deformation data calculated by SBAS-InSAR, we invert the true deformation of the landslide
body. Compared to methods that pre-determine the direction of landslide movement, the
proposed method in this study more accurately reflects the true movement characteristics
of the landslide body. Based on this, we draw the following conclusions when analyzing
the Xiaomojiu landslide movement.

(1) This study presents the results of SBAS-InSAR technology to obtain multi-track
LOS velocity data of the Xiaomojiu landslide. From 2017 to 2023, the maximum LOS
displacement rate of the Xiaomojiu landslide was found to be −126 mm/yr. Variations
in the C-index values and the distribution of LOS velocity signs differ among the orbits,
suggesting that the motion pattern of the Xiaomojiu landslide does not fit the translation-
type landslide model. This difference indicates a significant discrepancy between the true
displacement direction of the Xiaomojiu landslide body’s surface and the deformation
direction calculated based on the surface slope. The vertical deformation is further con-
strained by utilizing the LOS observations from three orbits. The proposed method in this
study provides a more accurate real displacement vector of the landslide motion compared
to several surface parallel flow methods.

(2) Large landslides typically exhibit complex movement characteristics. By analyzing
the angle distribution along the profile line, it is evident that the upper part of the Xiaomojiu
landslide is mainly dominated by downward movement. The sinking in the upper part
compresses the middle part of the landslide, resulting in the most significant deformation
in the middle, while the bottom part shows extrusion phenomena. Additionally, two
rotational sliding zones are present in the lower part of the landslide. The landslide area is
partitioned using the K-means classification method based on the 3D deformation features.
The two rotational sliding zones correspond to the C8 and C5 blocks obtained from the
classification, indicating the complexity of the Xiaomojiu landslide structure.

(3) In analyzing driving factors for the movement of the Xiaomojiu landslide, we
extracted the water area of certain rivers in the study area using Sentinel-1 intensity
information. Changes in water areas can reflect changes in water levels to some extent.
The activation of the landslide body due to the debris dam event occurs gradually from
low to high elevations, with a phenomenon of deformation lag. Following the event,
the upstream water level remains consistently high for an extended period, gradually
decreasing. This state has profound implications for the landslide body, maintaining it in
continuous deformation.

In this study, the proposed method is a practical approach for accurately measuring
surface deformation in landslides characterized by intricate sliding surfaces without as-
suming the direction of movement. However, a fundamental limitation of this method is
its reliance on a minimum of three observation tracks, which constrains its applicability.
Moreover, the method’s utility is further compromised by the inherent constraints of InSAR
technology, particularly in managing substantial displacement and rapid accelerations dur-
ing landslide events. By integrating the Xiaomojiu calculation outcomes with the specific
topographic and geological features of the landslide area, it is deduced that the Xiaomojiu
landslide exhibits characteristics of a deep-seated accumulation-type creep landslide with
a complex movement pattern. The continuous water-driven influence poses a considerable
destabilization risk to the landslide area, underscoring the critical necessity for intensified
deformation monitoring and comprehensive ground surveys.
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