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Abstract Twenty‐eight ALOS/PALSAR‐1 and ALOS/PALSAR‐2 images acquired from January 2007 to
August 2018 were exploited to characterize the deformation history and temporal evolution of the Baige
landslide, China, which successively occurred on 11 October and 3 November 2018. To mitigate the errors
caused by the topographic relief and to conduct offset estimates between the SAR images from different
platforms, a novel offset‐tracking method is proposed. The SAR images were ortho‐rectiﬁed ﬁrstly. Then
two‐dimensional deformations were retrieved successfully from SAR images acquired at an identical
platform and different platforms. Our results indicate that the maximum cumulative deformation in the
line‐of‐sight direction of the Baige landslide reached about −60 m between January 2007 and August 2018.
Furthermore, correlation between time series deformation and monthly precipitation and soil moisture
derived from SAR intensity images suggests that the failure of the Baige landslide was closely related to the
heavy rainfall in the summer of 2018.

1. Introduction
The Jinsha River, as the upper reaches of the Yangtze River, ﬂows through four provinces including Qinghai,
Tibet, Sichuan, and Yunnan in western China. On 11 October 2018, a high‐speed bedrock landslide occurred
on the left bank of Jinsha River near Baige village, Jiangda County in the eastern Tibet, China (Fan et al.,
2019). The failed material of approximate 24 × 106 m3 rushed into Jinsha River and formed a barrier lake,
which started draining naturally one day later. Unfortunately, on 3 November, the unstable mass of the ﬁrst
landslide collapsed again, producing another volume of 9.13 × 106 m3 (Ouyang et al., 2019). A new barrier
lake with a storage capacity of more than 500 × 106 m3 was formed, and blocked the Jinsha River once again.
These two landslide events have seriously threatened the safety of people's lives and properties on both sides
of the Jinsha River and raised widespread concern in society. A total of 67,449 inhabitants were affected and
relocated after the occurrence of the Baige landslide (Liang et al., 2019).
It is of great signiﬁcance to investigate the preevent deformation and its evolution and to capture any
possible precursory signals for the prevention and management of landslide disasters. SAR interferometry
has proved to be able to retrieve the preevent deformation and determine the acceleration stage prior to
the runout. For instance, Kang et al. (2019) detected the acceleration date of the deformation for the
24 June 2017 Maoxian landslide in Sichuan province of China using C‐band Sentinel‐1 SAR images. Zhao
et al. (2019) identiﬁed the deformation acceleration dates before the occurrence of two slopes in
Heifangtai loess terrace, Gansu province of China using Sentinel‐1 SAR images, which were well veriﬁed
by in‐situ measurements. Currently, two main categories of SAR techniques, that is, the phase‐based SAR
interferometry and the amplitude‐based offset‐tracking, are well applied in the investigation of landslide
for different purposes, including potential landslide detection and mapping over a wide region (Liu et al.,
2018), landslide monitoring and modeling (Carlà et al., 2016), landslide mechanism analysis (Zhao et al.,
2018), and landslide hazard and risk assessment (Lu et al., 2014).
Phase‐based SAR interferometry methods including conventional differential interferometric SAR and multiple aperture interferometry, have the potential to measure deformation with centimeter or subcentimeter
precision. However, the prerequisite of these methods is the high coherence between different SAR acquisitions, which makes it a challenge to map landslides in mountain areas with dense vegetation. Moreover, it is
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difﬁcult to monitor large gradient deformation due to the saturation of phase fringes and the associated
coherence loess (Li et al., 2019). On the other hand, amplitude‐based SAR offset‐tracking technique can
potentially detect and monitor large‐gradient deformation, which estimates the azimuth and range offsets
using a cross‐correlation technique between two amplitude images (Rott et al., 1998). This method has been
successfully applied to investigate mining‐induced collapse (Yang et al., 2018), volcano eruption (Schaefer
et al., 2019), coseismic deformation (Vajedian et al., 2018), and landslide movements (Darvishi et al.,
2018; Singleton et al., 2014).
Previous studies showed that the preevent deformation rate of the Baige landslide reached several meters per
year (Fan et al., 2019; Ouyang et al., 2019), which makes it impossible to monitor the movement of the
landslide using the phase‐based SAR interferometry. On the other hand, mapping the landslide motion
using the amplitude‐based method requires the removal of artifacts caused by great topographic relief for
the long perpendicular baseline pairs. Furthermore, the offset estimates between the SAR images from
different platforms have not been attempted, which potentially can provide uninterrupted time series
deformation for landslide monitoring.
In this study, an improved time series offset‐tracking method is presented. Firstly, the pixel misalignments in
SAR images caused by topographic relief and incidence angle difference are effectively eliminated using an
ortho‐rectiﬁcation method. Secondly, the preevent time series deformation of the Baige landslide in the past
11 years are successfully retrieved using SAR images that are not interferometrically compatible. Lastly, the
evolution stages and triggering factors of the Baige landslide are analyzed.

2. Study Area and Data Sets
2.1. Geological Settings
The Baige landslide indicated by the red rectangle in Figure S1a is located at the junction of Baiyu county of
Sichuan province and Jiangda county of Tibet (Ouyang et al., 2019). It belongs to the freeze‐thaw plateau
area in southern Sichuan and Tibet, with a temperature and annual precipitation of about 8.0 °C and
627 mm/year, respectively (Fan et al., 2019). The elevation of the study area is more than 3,000 m in general,
and even more than 4,500 m in some local area (Figure S1a). The height difference from the top to the
bottom of the landslide is about 828 m, formed the slopes ranging from 35° to 55°. The geological setting
of the study area is conditioned by several NW trending faults and folds (Figure S1b). The strata outcropping
in the study area includes Xiongsong (Xi2), Shengpa (Sh), Xianisongduo (Xi1), and Jingu (Ji) formations of
Upper Carboniferous, Upper Triassic, and Upper Ordovician periods (Figure S1b). They mainly composed
of limestone (T3jn), gneiss (Ptxna), serpentinite (ϕω4), and granite (γδ25 ). The landslide is located at the edge
of the Boluo‐Muxie fault (Figure S1b), formed a band of crushed rock composed of gneiss and serpentinite
with a width of about 300 m, which makes it prone to sliding (Fan et al., 2019).
2.2. Data Sets
In order to quantitatively monitor the long‐term time series deformation of the Baige landslide, a total of 28
SAR images acquired by L‐band ALOS/PALSAR‐1 and ALOS/PALSAR‐2 satellites from January 2007 to
March 2011 and from October 2014 to August 2018 were collected. The basic parameters of the SAR data
are presented in Table S1, while their spatial coverages are shown in Figure S1a. Besides, an external digital
elevation model with a spatial resolution of 30 m, generated from the Shuttle Radar Topography Mission,
was used to assist in ortho‐rectiﬁcation of the SAR images.
In order to make full use of SAR images available and to reduce the error propagation, a new offset pair
combination strategy is proposed. That is, we only set the lower bound of temporal baseline regardless of
the perpendicular baseline. In this study, the lower bounds of temporal baseline for ALOS/PALSAR‐1 and
ALOS/PALSAR‐2 SAR data sets were 300 and 70 days, respectively, with the consideration of surface
deformation velocity. To bridge the gap between ALOS/PALSAR‐1 and ALOS/PALSAR‐2 SAR data sets,
three adjacent images for each platform were chosen to shorten the temporal baseline and give certain
redundancy. Finally, a total of 83 offset pairs were kept in this study, including 31 ALOS/PALSAR‐1 pairs,
44 ALOS/PALSAR‐2 pairs, and 8 pairs between ALOS/PALSAR‐1 and ALOS/PALSAR‐2 images. The
spatial‐temporal baseline distributions of the selected offset pairs are shown in Figure S2.
LIU ET AL.
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3. Methodology
In order to retrieve the preevent deformation and the temporal evolution of the Baige landslide, an improved
SAR amplitude offset‐tracking method is proposed (Figure S3), which can estimate the two‐dimensional
(2‐D) offsets between SAR images not only from an identical platform (e.g., ALOS/PALSAR‐1 and
ALOS/PALSAR‐1 images or ALOS/PALSAR‐2 and ALOS/PALSAR‐2 images) but also from different platforms (e.g., ALOS/PALSAR‐1 and ALOS/PALSAR‐2 images). Firstly, for the SAR images from an identical
platform, the master images within ALOS/PALSAR‐1 and ALOS/PALSAR‐2 data sets were determined,
respectively, by considering the temporal baseline, perpendicular baseline, and Doppler central frequency
variations. To link the SAR images from ALOS/PALSAR‐1 and ALOS/PALSAR‐2 SAR satellites, the master
image of ALOS/PALSAR‐2 SAR data was set arbitrarily as the ﬁnal master image. Secondly, all the slave
images were ortho‐rectiﬁed and co‐registered with respect to their corresponding master image. Thirdly,
the offset pairs were generated by setting the lower bounds of temporal baseline for SAR data sets regardless
of the perpendicular baseline. Fourthly, 2‐D offsets in line‐of‐sight (LOS) and azimuth directions of all offset
pairs were calculated using the pixel offset‐tracking method (Strozzi et al., 2002). Finally, 2‐D deformation
results of each offset pair were geocoded into the given geographic coordinate system, and combined to
invert 2‐D deformation rate and time series using singular value decomposition.
The procedure of SAR images ortho‐rectiﬁcation is shown as follows (Chen, 2004; Li et al., 2014; Lu &
Dzurisin, 2010; Werner et al., 2000):
i An external digital elevation model is accurately co‐registered to the master image. The initial transformation relationship between the master and slave images is built according to their imaging geometries
based on the Range‐Doppler equations (Curlander, 1982).
ii The initial transformation relationship might contain errors due to the uncertainties in the digital
elevation model and the orbital state vectors, and hence, it needs to be improved. The improvement is
based on the resampling of the master SAR intensity image to the geometry of the slave intensity image,
then the offsets between the two images are estimated and then used to improve the initial transformation relationship.
iii The rectiﬁed SAR image is obtained by resampling the slave SAR images to the master SAR image
geometry using the improved transformation relationship. The offset estimation is conducted again to
remove some residual offsets to obtain the accurately rectiﬁed SAR images.
As for the rectiﬁed SAR images, the pixel misalignments caused by topographic relief and incidence angle
difference are effectively eliminated, which can be employed for offset estimation. Amplitude cross‐
correlation method was used to estimate the offsets; at each pixel location, a varying window size of 64 to
128 pixels rather than a ﬁxed window was employed to avoid the discontinuous offsets to some extent
(Zhao et al., 2013). At each location, the offset estimation with the highest signal‐to‐noise ratio was retained
as the ﬁnal results. As the topographic relief and incidence angle difference effects have been rectiﬁed before,
the 2‐D offsets can be directly transferred into the 2‐D deformation of the landslide.

4. Results and Analyses
4.1. The 2‐D Deformation Retrieved From Cross‐Platform SAR Images
In order to reveal the deformation characteristics and temporal evolution of the Baige landslide in the past
11 years, we conducted offset estimation between the ALOS/PALSAR‐1 and ALOS/PALSAR‐2 images. For
the traditional offset‐tracking methods (Casu et al., 2011; Li et al., 2019; Sun et al., 2017), the strategies of
small spatial and temporal baselines and/or small spatial baselines and large temporal baselines are used
to generate offset pairs. Then, the SAR images are initially co‐registered based on the amplitude information,
and the initial offsets between two images are estimated using precise orbit information. Next, the precise co‐
registration is conducted for the given patch number (e.g., 100 by 100) with a certain window size (e.g., 256
by 256). The two‐dimensional offsets for each patch are estimated with the normalized cross‐correlation
method between two amplitude images (Sun et al., 2017). Finally, the offset tracking is conducted by estimating two‐dimensional offsets for each pixel with normalized cross‐correlation method, where pixels with
normalized cross‐correlation coefﬁcients and signal‐to‐noise ratio values larger than a given threshold are
accepted. Figure 1 shows 2‐D deformation results between an ALOS/PALSAR‐1 and ALOS/PALSAR‐2
LIU ET AL.
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Figure 1. Two‐dimensional deformation maps between ALOS/PALSAR‐1 image acquired on 25 February 2010 and ALOS/PALSAR‐2 image acquired on
27 July 2015 derived by the traditional and the improved offset‐tracking methods. (a) LOS deformation derived by the traditional method. (b) Azimuth deformation
derived by the traditional method. (c) LOS deformation derived by the improved method. (d) Azimuth deformation derived by the improved method.

pair calculated with the traditional (Figures 1a and 1b) and the improved (Figures 1c and 1d) offset‐tracking
methods, respectively, where the temporal and perpendicular baselines are 1,978 days and 27,972 m,
respectively. The original and the ortho‐rectiﬁed intensity images of the ALOS/PALSAR‐1 and
ALOS/PALSAR‐2 pair are presented in Figure S5. It can be seen from Figures 1a and 1b that 2‐D
deformation ﬁelds of the landslide are completely contaminated by the artifacts resulted from the great
topographic relief and incidence angle difference. Owing to the ortho‐rectiﬁcation of SAR images before
SAR co‐registration, 2‐D deformation ﬁelds shown in Figures 1c and 1d are successfully retrieved, where
the maximum cumulative deformation of the landslide in the LOS and azimuth directions reached −22
and 6 m from 25 February 2010 to 27 July 2015, respectively.
4.2. Long‐Term Preevent Deformation of the Baige Landslide
The preevent deformation rate and time series of the Baige landslide from January 2007 to August 2018 are
retrieved using the improved offset‐tracking method. The annual deformation rates in both LOS and azimuth directions are shown in Figure 2, where Figures 2a and 2b are the LOS and azimuth deformation
LIU ET AL.

4 of 8

Geophysical Research Letters

10.1029/2019GL086142

Figure 2. Preevent deformation rate maps of the Baige landslide. The red solid lines indicate the boundary of the landslide. (a) Deformation rate map in the LOS
direction retrieved by ALOS/PALSAR‐1 images from January 2007 to March 2011. (b) Deformation rate map in the azimuth direction retrieved by ALOS/PALSAR‐1
images from January 2007 to March 2011. (c) Deformation rate map in the LOS direction retrieved by ALOS/PALSAR‐2 images from October 2014 to
August 2018. (d) Deformation rate map in the azimuth direction retrieved by ALOS/PALSAR‐2 images from October 2014 to August 2018.

rates calculated with ALOS/PALSAR‐1 images from January 2007 to March 2011, respectively, and
Figures 2c and 2d are the deformation rates calculated with ALOS/PALSAR‐2 images from October 2014
to August 2018, respectively. Note that negative values in Figures 2a and 2c indicate that the landslide are
moving away from the sensors, and positive values in Figures 2b and 2d represent the movement opposite
to the ﬂight direction. It can be seen from Figure 2 that the boundary of unstable landslide is clearly
depicted by the deformation rate maps. It is evident that the landslide not only has the vertical and east‐
west deformation components (see Figures 2a and 2c) but also has a north‐south deformation (see
Figures 2b and 2d). The deformation rates in the LOS and azimuth directions from January 2007 to
March 2011 reached −2.7 and 0.6 m/year, respectively, which increased to −9.3 and 1.9 m/year from
October 2014 to August 2018, respectively. In addition, it can be inferred from Figures 1c and 1d that the
deformation rates in the LOS and azimuth directions were −4.3 and 1.2 m/year from February 2010 to
LIU ET AL.
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Figure 3. Two‐dimensional time series deformations of the Baige landslide for Points (a) P1, (b) P2, (c) P3, and (d) P4 from January 2007 to August 2018. The
locations of Points P1–P4 are marked in Figure 2c with white solid rectangles.

July 2015, respectively. That is, the deformation of the Baige landslide increased continuously in three
directions, and the landslide is dominated by the vertical and east‐west deformation.
Four feature points located at the different areas of the landslide were selected to analyze the temporal
deformation history. Two‐dimensional time series deformations of four selected points from January 2007
to August 2018 are shown in Figure 3. The maximum cumulative deformation was observed at P2 (the
middle part of the landslide), and the cumulative deformations in the LOS and azimuth directions reached
−60.2 and 12.6 m, respectively. The minimum cumulative deformation occurred at P4 (the lower part of the
landslide), and the cumulative deformations in the LOS and azimuth directions were −38.8 and 2.5 m,
respectively. The nonlinear deformation trend was observed at all four points from January 2007 to
August 2018. After 27 July 2015, an obvious acceleration trend was observed, which will be analyzed and
discussed in detail in section 5.1.

5. Discussion
5.1. Deformation Stages of the Baige Landslide
According to the theory of creep deformation (Saito, 1969), the approaching failures of landslides usually
experience three consecutive stages (Figure S7a), that is, initial deformation stage (primary creep), constant
deformation stage (secondary creep), and accelerative deformation stage. We redraw the time series deformation curve of Point P2 in Figure 2c as shown in Figure S7b. It can be seen that the deformation evolution
of the Baige landslide obeys the creep deformation theory. Accordingly, we can infer that the landslide suffered the initial deformation stage before 10 January 2010 with the deformation rate of 6 mm/day.
Unfortunately, no appropriate SAR images could be used before January 2007. Subsequently, the landslide
entered the constant deformation stage with the deformation rate of 10 mm/day, and ﬁnally, it turned to the
accelerative deformation stage on 27 July 2015. During the last stage, we can also roughly subdivide it into
three stages, that is, initial acceleration stage from 27 July 2015 to 3 October 2016 with the deformation rate
of 17 mm/day, medium‐term acceleration stage with the deformation rate of 35 mm/day, and sliding stage
after 28 May 2018 with the deformation rate as large as 92 mm/day. Eventually, the landslide occurred on
LIU ET AL.
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11 October 2018. It would be possible to make an early warning of the landslide if such an acceleration
process was captured in advance.
5.2. Triggering Factors of the Baige Landslide
The landslide deformation is typically determined by internal geological conditions and external triggering
factors such as seasonal precipitation, reservoir water‐level ﬂuctuations, tectonic movement, agricultural
irrigation, and deforestation among others (Li et al., 2019; Liu et al., 2018; Singleton et al., 2014; Sun
et al., 2017; Zhao et al., 2018). Heavy rainfall can trigger the slope failure and inﬂuence the mobility and
eventual runout of the landslide by increasing the basal pore water pressure. As one of the key factors to
understanding the landslide events at regional and global scales, the increase of soil moisture after precipitation often reduce the stability of landslide by decreasing frictional resistance and the strength of materials.
The soil moisture can be depicted using the proximity of SAR intensity backscattering coefﬁcient (Zhao
et al., 2018); that is, the radar backscattering coefﬁcients increase with soil moisture. Accordingly, the
changes in the backscattering coefﬁcients of SAR intensity can reﬂect the changes in soil moisture. In order
to analyze the triggering factors of the Baige landslide, we conduct a correlation analysis between the
deformation rate, time series deformation, soil moisture derived from SAR intensity images, and monthly
precipitation, as shown in Figure S8, where some conclusions can be drawn as follows:
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i The precipitation in the study area is mainly concentrated in summer, from June to September. In the
past 11 years, the maximum precipitation took place in August 2018. The high correlation between
the landslide deformation rate and the monthly precipitation can be clearly seen. However, the deformation acceleration lagged the precipitation around one to two months. It is difﬁcult to determine the exact
lag time due to the low temporal sampling and uneven SAR acquisitions.
ii The backscattering coefﬁcients of SAR intensity image are closely correlated with the precipitation, and
the backscattering coefﬁcients in dry seasons are obviously lower than those in rainy seasons, which
suggests that the radar backscattering can reﬂect the soil moisture changes to a certain extent. We can
see that there is also a certain correlation between the deformation rate and the soil moisture.
iii It can be concluded that the failure of the Baige landslide was jointly affected by internal geological
conditions and external triggering factors (i.e., heavy precipitation in summer and the increase in soil
moisture). The landslide is located at the band of crushed rock composed of gneiss and serpentinite,
which makes it prone to sliding. The heavy precipitation in August 2018 decreased the frictional
resistance and the strength of materials, eventually led to the failure.

6. Conclusions
To overcome the effects of topographic relief on the offset‐tracking derived deformation measurements,
especially from cross‐platform SAR images, an improved offset‐tracking method has been demonstrated.
This new method enables us to derive large gradient deformation from cross‐platform SAR observations
and recover historic deformation. Then, the preevent deformation characteristics and temporal evolution
of the Baige landslide was investigated by using the improved method. The results illustrate that the Baige
landslide exhibited dramatic deformation from January 2007 to August 2018 with the maximum cumulative
deformation of about −60 m in the LOS direction. The temporal evolution of the landslide deformation is
highly consistent with the standard creep curve of landsides. Speciﬁcally, the time node of the landslide
deformation acceleration was clearly captured by integrating long‐term ALOS/PALSAR‐1 and
ALOS/PALSAR‐2 images. Such promising results suggest that SAR technique can be applied for long‐term
and midterm landslide warning, which can provide practical guideline to the ﬁeld measurement. In
addition, the correlation analysis between monthly precipitation and landslide deformation revealed the
triggering factor of this landslide, which provides an important reference for the prevention and management of landslide disasters in other areas of Jinsha River catchment.
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