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Monitoring surface deformation associated with geohazards is a prerequisite for geological disaster prevention.
Interferometric synthetic aperture radar (InSAR) has the ability to capture ground deformation of landslides with
high precision over a large area. However, in mountainous regions this capability is often limited by decorre
lation noise and atmospheric phase artifacts. Over Eldorado National Forest, California, where many landslides
need to be monitored and investigated, InSAR images are severely affected by atmospheric noise and the
coherence is highly variable throughout the year, challenging InSAR techniques to effectively detect movement
of active landslides. In order to obtain reliable measurements, we have designed an interferogram selection
method and an InSAR segment processing (SP) technique to improve the deformation measurement. Compared
with the traditional non-segment processing (NSP), the SP technique has demonstrated advantages in reducing
the impact of atmospheric noise. Our results from both the ascending and descending InSAR datasets based on SP
indicate that many landslides along the Highway 50 corridor were creeping at a rate of less than 10 cm/year
during the investigation period. We have found that landslide movements in the study region present obvious
seasonal patterns. The precipitation and pore-water measurements and our hydrogeological diffusion models
suggest that the seasonal movements of these landslides are primarily driven by the pore-water pressures, and the
peak deformation of the landslides may occur in the dry season (May to October) due to the time lag of pre
cipitation infiltration. In addition, we have observed subtle upward movement of the landslides after the pre
cipitation begins, which is likely caused by the swelling of clay-rich landslide body due to an increase in the pore
pressure. Furthermore, several other localized unstable regions which may contain potential landslide hazards
were also detected and mapped in the study area, and their dynamics need further investigation. We conclude
that InSAR is capable of detecting slow landslide motions over difficult terrains if associated artifacts in the
interferograms are suppressed. InSAR time-series measurements along with hydrogeological models enable us to
characterize the time delay between peaks of landslide motions and precipitation.
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1. Introduction
In recent years, InSAR has been widely used to map geohazards of
various scales, such as landslides (e.g. Hu et al., 2016; Hu et al., 2019;
Handwerger et al., 2019), sinkholes (e.g. Kim et al., 2019) and anthro
pogenic activities (e.g. Kim and Lu, 2018; Zheng et al., 2019). For these
geohazards, InSAR measurements could be used to provide key infor
mation to understand the mechanism of movement (e.g. Kang et al.,
2019; Zheng et al., 2019; Liu et al., 2020), and can also be used to invert
physical parameters (e.g. Hu et al., 2019; Hu and Bürgmann, 2020;
Nikolaeva et al., 2014). For many geohazards (such as a single

landslide), researchers only need to focus on localized deformations in
small areas (e.g. Hu et al., 2016; Kang et al., 2019), in which the longwavelength error has limited impact on the InSAR measurement (e.g.
Parizzi et al., 2020). However, when the scale of the study area becomes
larger, errors of various length scales should be considered and cor
rected. When the mapping is performed in a rural region with huge
elevation variations, due to the impact from the decorrelation and at
mospheric noise (especially the topography-correlated component), the
errors are more difficult to correct. Therefore, it is of great importance
for InSAR studies to effectively separate the deformation from errors in
data processing. At present, although many methods have been
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proposed to correct various errors, they should be selected and used
according to the actual situation in complex environments (e.g. Biggs
et al., 2007; Liang et al., 2018).
The study area, encompassing several water bodies and two high
ways, is located within the Eldorado National Forest, in central Cali
fornia (Fig. 1). The topography in this area varies by 2611 m with higher
elevations in the east side and lower elevations on the west side of the
block. As shown in the Fig. 1(b), the maximum and minimum elevations
of the study area are 3147 m and 536 m above mean sea level, respec
tively. Average monthly weather data of the Pacific House weather
station (the location of this station is shown in the Fig. 1) were collected
at and accessed from the Western Regional Climate Center (https://wrcc
.dri.edu/). Based on the record from 1941 to 2016, February has the
lowest average monthly temperature (− 2.2 ◦ C), and August has the
highest average monthly temperature (33.3 ◦ C) (see Supplementary
Fig. S1). Precipitation mainly occurs in winter and spring, and the
average monthly precipitation peaks in January. The cold winter storms
may bring snow (Reid et al., 2003). Based on the data from the National
Integrated Drought Information System (NIDIS) (https://www.drought.
gov/drought/), from 2000 to 2020, the longest duration of drought
(moderate to exceptional drought) in El Dorado County lasted 194
weeks beginning on April 23, 2013 and ending on January 3, 2017.

The area surrounding Highway 50 is a landslide-prone region
(Fig. 1), with more than 600 landslides mapped along the 24 km-long
highway corridor (Spittler and Wagner, 1998), and there have been
several large-scale landslides and runout events that caused temporary
closures of the highway, the most significant of which occurred in 1997
(Spittler and Wagner, 1998). These landslides are located at the steep
slopes of the canyon carved by the South Fork of the American River.
Along the corridor, there are large amounts of deeply weathered mate
rials, such as weathered quartz-mica schist and granitic material, which
have produced a deep layer of colluvium (Berube, 1999). When the
deposit along the corridor is comprised by the colluvium or weathered
materials, it becomes unstable under proper conditions (Berube, 1999;
Spittler and Wagner, 1998). In the west region of Twentynine Mile
Guard Station (the location of this guard station is shown in the Fig. 1),
the deposits usually contain a thick oxidized soil horizon (Spittler and
Wagner, 1998). In this region, some landslides have been monitored,
such as the Cleveland Corral landslide (Reid and Brien, 2019; Aryal
et al., 2012; Reid et al., 2003), since 1997. The Cleveland Corral land
slide is active in winter and spring of wet years. The material of the main
slide consists of colluvium and older landslide deposits and are
composed of cobble-sized of schist (10–15%), sand (27–61%), silt
(18–47%), and clay (14–33%) (Reid et al., 2003). And, some parts of the

Fig. 1. (a) The location and topography of the study area. The study area is located in the Eldorado National Forest, in northern California. The gray rectangle shows
the range of the study area. The black triangle represents the locations of the Pacific House and the Sugarloaf weather station. The landslide coverage depicted in
green was acquired from the California Geological Survey (CGS) (https://gis.conservation.ca.gov/server/rest/services); (b) The digital elevation model of the study
area. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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sliding material are clay rich (Reid et al., 2003).
Monitoring landslide deformation can help us better understand the
mass propagation in space, motion evolution in time, and the driving
factors (Hu et al., 2019). However, the spatial-temporal characteristics
of the creeping stage deformation for many of these landslides along
Highway 50 have not yet been determined. In addition, we do not know
the movements of many other unstable areas in the study region due to
the limited effort to capture those through remote sensing techniques or
in-situ observations. Therefore, in order to further understand the
development of potential disasters in this region, it is necessary to
detect, monitor and analyze these unstable regions. InSAR, as a powerful
remote sensing technology with a high-resolution and large area
coverage, was applied to map and characterize the local creeping
deformation for the study area.
In this paper, we begin by analyzing the coherence of all the in
terferograms. Since the interferograms could not keep enough coher
ence in winter and early spring, a new interferogram selection method
based on coherence is used to select the interferograms. Then, consid
ering the huge elevation variations of the study area, an InSAR pro
cessing method based on local estimation windows is designed to map
the local unstable regions. This has enabled the recovery of the creeping
deformation of the landslides along Highway 50. The cause of the
landslides’ seasonal deformation is discussed and analyzed with the
precipitation and pore-water pressure modeling. We finally present new
insights to the behaviors of the landslides along Highway 50 corridor.

precipitation of the Pacific House and the Sugarloaf weather station
were collected from the National Oceanic and Atmospheric Adminis
tration (https://www.noaa.gov/) and the Western Regional Climate
Center (https://wrcc.dri.edu/) respectively. The locations of these two
weather stations are shown in Fig. 1.
Located in El Dorado National Forest, our study area is covered by
dense vegetation, which causes most interferogram pixels to decorrelate
substantially with time (e.g. Lu et al., 2002; Hooper et al., 2007). In
addition, compared with the L-band data, the C-band Sentinel-1 in
terferograms are more easily to lose coherence due to the short wave
length (Zebker and Villasenor, 1992). The average coherence is
generally much lower in winter and spring than in summer, due to
precipitation (Fig. 2). In the rainy season, the coherence for many in
terferograms was too poor to acquire reliable monitoring points. This is
especially problematic for landslide identification and monitoring,
where dense monitoring points are often needed. Furthermore, the low
coherence region may cause unwrapping errors, which will further
worsen the monitoring accuracy (Lauknes et al., 2010).
In order to obtain reliable results, high quality interferograms can be
selected manually (Lee et al., 2010; Zhao et al., 2012; Lu and Dzurisin,
2014; Kang et al., 2019). However, with a large amount of SAR data,
manual selection requires a costly labor investment. We therefore pro
pose a concept of Effective Coherence Ratio (ECR) used to select the
interferograms in this study. The ECR is defined as the ratio of the area
with coherence higher than a threshold to the whole image area. We
assume that when the coherence of a region is lower than this threshold,
it is almost impossible to extract reliable signal from this region. The
coherence of regions covered by water was set as the threshold to esti
mate the ECR in this study. Repeat-pass InSAR cannot reliably acquire
deformation signals from water regions without other reflectors (e.g., Lu
and Kwoun, 2008). Since the calm water surface has the characteristics
of specular reflection, the theoretical coherence over calm water is zero.
However, completely calm water regions may not exist in nature due to
wind, tides, and human activities. In addition, the coherence estimation
is biased. Therefore, the coherence is generally not zero in the water. We
averaged the coherence maps of all the interferograms, and found the
average coherence of the water regions to be about 0.15. In this study,
the threshold of coherence was set as 0.15, and the interferograms with
ECR higher than 75% were selected for further processing. The config
urations of the selected interferograms based on ECR are shown in
Supplementary Fig. S2 (b) and S3 (b).
The interferograms selected by ECR were used to invert the timeseries deformation. However, we found that more than half of the
selected interferograms from the ascending track were from the year
2018. When the stacking method is used to invert the linear deformation

2. Data and Interferograms selection
Sentinel-1 A/B data were used to image the deformation. Two polarorbiting satellites (Sentinel-1A and Sentinel-1B) constitutes the Sentinel1 mission, which were launched by the European Space Agency (ESA) in
2014 and 2016, respectively. These two satellites have the same orbital
plane, which allows a 6-day revisit period of the constellation. In this
study, 119 Sentinel-1 A/B ascending track images and 108 Sentinel-1 A/
B descending track images were collected. The time span for ascending
track data was from January 2016 to September 2019, and from March
2015 to September 2019 for descending track data. Due to the avail
ability of the archived Sentinel-1A/B data over this area, the time spans
of these two datasets are different. Since the results from these two
datasets were processed and inverted individually, this inconsistency
will not affect the results and interpretation of the time series defor
mation. Time span inconsistency may have some influence on estimating
the linear deformation rates. However, the common time span of these
two datasets accounts for the main part of the monitoring period (i.e.,
Jan 2016 - Sept 2019). Hence, the inconsistency on the start times of the
datasets in our case has little effect on the linear deformation rate. In
addition, the linear deformation rate is only used to map/show the
unstable areas in this study. Therefore, the inconsistency of the time
spans has little impact on the interpretation. The 1-arc-second SRTM
DEM was used to remove the topographic phase, geocode the results and
segment the interferograms, and the precise orbit data were collected
and used in the processing. The threshold of the temporal and spatial
baselines was set to 90 days and 200 m, respectively. Then, 1098 in
terferograms in the ascending track and 611 interferograms in the
descending track can be obtained (the configurations of the baseline are
shown in Supplementary Fig. S2 and S3). The interferograms were
routinely processed and acquired by GAMMA software (Werner et al.,
2000). The satellite-derived precipitation can be useful in landslide
analysis (e.g. Hong et al., 2006). The Global Precipitation Measurement
(GPM) used in this study provides precipitation estimates at spatial
resolutions of 0.1◦ x0.1◦ and temporal resolution of 1 day (Huffman
et al., 2019). The GPM covering the whole study area was collected and
used to explore the relationship between the seasonal precipitation of
the study area and the coherence of the interferograms. Compared to the
single weather station, the GPM can reflect the precipitation changes of
the whole study area more comprehensively. In addition, the daily

Fig. 2. The average coherence of the interferograms. The horizontal bars
represent the time span of the interferograms. The black lines represent the
average daily precipitation of the study area, which is collected from the Global
Precipitation Measurement (GPM) (Huffman et al., 2019).
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rate, the estimated result will be closer to the deformation rate of 2018.
In order to avoid the bias of large concentration of data from one time
period, the non-redundant interferograms were selected through the
minimum spanning tree (MST) algorithm (Kruskal, 1956) and then used
for the linear deformation inversion. The configurations of the nonredundant interferograms are shown in Supplementary Fig. S2 (c) and
S3 (c).

2019).
]
[
δ(k) = E (φ(x) − φ(x + k) )2

(1)

In which φ(x) is the unwrapped phase at position x, δ(k) is the
variance with a distance k. Although, only the impact factor of the dis
tance k for the spatial noise is considered, the structure function has
some useful characteristics. This function has been used to describe the
spatial structure of the atmospheric noise in many previous studies
(Lohman and Simons, 2005; Murray et al., 2019; Cao et al., 2018). The
spatially correlated noise is evaluated by the structure function, and the
characteristics of the distance related variance for the selected in
terferograms are shown in Fig. 3.
For the original unwrapped interferograms, the variance of two
points was found to increase continuously with the increase in distance
between these two points. This indicates that the interferograms are
affected by the long-wavelength signal in the study area. Considering the

3. Segment processing
In many studies, the accuracy of InSAR is severely limited by at
mospheric noise (Bekaert et al., 2015b; Murray et al., 2019). Separating
the deformation and the atmospheric signal is challenging work (Hooper
et al., 2012; Bekaert et al., 2015b; Murray et al., 2019). The impact from
atmospheric noise on the interferograms can be evaluated by using
structure function in Eq. 1 (Lohman and Simons, 2005; Murray et al.,

Fig. 3. The variance versus distance for the interferograms. The red solid and dash lines show parametrized 1-D structure function with the average and median
√̅̅̅
values respectively. Insets show distribution of the standard deviation ( δ) between the two points at distance of 40 km. (Left) Interferograms from ascending
dataset; (Right) Interferograms from descending dataset; (Top) Original Interferograms; (Middle) Interferograms corrected by Generic Atmospheric Correction Online
Service for InSAR (GACOS); (Bottom) Interferograms corrected by removing the phase ramp and topography related tropospheric delay. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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trend of terrain in the study area, we suggest that the atmospheric noise
is a major contributor to the characteristics of the long-wavelength
signal. Since many previous studies have shown that the Generic At
mospheric Correction Online Service for InSAR (GACOS) performs well
on atmospheric delay correction (Murray et al., 2019; Albino et al.,
2019; Yu et al., 2018), we collected the GACOS data and used it to
remove the atmospheric phase screen (APS) of the interferograms. We
found that the spatially correlated signal of the interferograms can be
reduced by the GACOS to a certain extent (Fig. 3, middle row). Finally,
the phase-based atmospheric corrections were also tested against the
original interferograms (Fig. 3, bottom row). The topography related
tropospheric delay were first corrected by a linear phased-based model
(Murray et al., 2019). And then, considering the long spatial-scale
tropospheric component (Murray et al., 2019), a quadratic model was
used to separate the phase ramp (Wang et al., 2012). It can be found
that, for many interferograms, the distance related variances of the in
terferograms corrected by the phase-based methods are smaller than the
variance by the GACOS. It should be noted that the long-wavelength
non-atmospheric signal can also be filtered out by the phase-based
model. We need to be cautious in using polynomials to fit the atmo
spheric noise over areas possessing a long-wavelength deformation
signal. Since only the local deformations are focused by this study, the
phase-based corrections are used in the data processing.
After the phase-based correction, the variance stops increasing once
the distance reaches a certain value. For the phase-based corrected in
terferograms, the average standard deviations from both the ascending
and descending datasets reached about 1 cm when the distance excee
ded 20 km. Therefore, although these phase-based corrected interfero
grams were used to invert the deformation, the residual atmospheric
noise may have the same magnitude as the deformation of the creeping
stage landslides in regions far away from the reference point.
The tropospheric delay can be divided into three components: the
topography correlated delay (or the vertically stratified component), the
long spatial-scale component and the turbulent mixing component
(Murray et al., 2019). The interferograms are often strongly affected by
the vertically stratified component in the regions with high relief
(Murray et al., 2019). The linear or the power-law model can be used to
estimate the vertically stratified component (Bekaert et al., 2015a;
Bekaert et al., 2015b; Wang et al., 2012). However, over large spatial
scale and/or huge elevation variations, it is very difficult to use these
models with fixed parameters to accurately estimate the vertically
stratified component for the whole image (Bekaert et al., 2015a; Liang
et al., 2018). This is because the relationship between the vertically
stratified component and the topography varies spatially, and this
relationship cannot be simply regarded as linear or power law in the case
of huge elevation variations (Bekaert et al., 2015a; Liang et al., 2018).
To solve this problem, some local-window based methods have been
proposed (e.g. Liang et al., 2018; Bekaert et al., 2015a; Béjar-Pizarro
et al., 2013). The vertically stratified component can be estimated more
accurately based on small local windows (Liang et al., 2018). In addi
tion, due to some long wavelength errors (especially the atmospheric
noise), the phase variance of two points increases with the distance
between these two points (Murray et al., 2019; Biggs et al., 2007). This
phenomenon can also be found in Fig. 3. So, the monitoring accuracy of
the points closer to the reference point are often higher than that of
points further away from the reference point (Cao et al., 2018).
Considering the huge elevation variations of the study area and error
accumulation in spatial domain, a segment processing (SP) method was
designed for use in this study. First, in order to estimate the vertically
stratified tropospheric delay accurately, an interferograms segmentation
method based on quadtree was applied (Liang et al., 2018). Then, the
vertically stratified tropospheric component was corrected for each
segment individually. Next, in order to restrain the error accumulation
in spatial domain, both the reference point selection and deformation
inversion were performed within each segment directly. And finally, the
results for the segments were merged to form a single deformation map.

It should be noted that this study only focuses on localized deformation.
This SP method is not suitable for long-wavelength deformation, such as
faulting and large-scale ground subsidence.
3.1. Quadtree segmentation
In this study, all interferograms were divided into small segments
according to the height difference by quadtree (Liang et al., 2018). This
means that the window was divided into 4 small windows if the
maximum height difference in this window was larger than a threshold.
In addition, once the window size reached the minimum threshold, the
window would not be further divided. There is a 25% overlap between
adjacent windows. More details about the window segmentation can be
found in Liang et al. (2018).
The threshold of height difference was set at 1000 m. Since the
deformation is inverted in each segment separately in this study, the
minimum window size depends on the scale of the monitoring target.
Since the focus of this study was only on small-scale landslides, the
minimum window size was set at 10 km across. The schematic diagram
of the quadtree segmentation is shown in Fig. 4.
3.2. Tropospheric delay correction and deformation inversion
After the segmentation, the vertically stratified component and the
phase ramp can be estimated simultaneously by a quadratic model for
each segment in Eq. 2 (Xu et al., 2013; Kang et al., 2017).

μ(x, y) = b0 + b1 x + b2 y + b3 xy + b4 x2 + b5 y2 + b6 η(x, y)

(2)

where μ denotes the vertically stratified component and the long spatialscale component of the tropospheric delay, η is the elevation, bi repre
sents unknown coefficients. The deformation would cause biases into
the phase-based tropospheric delay correction (Dong et al., 2019).
Therefore, the processing flow of the tropospheric delay correction and
deformation inversion for each segment was designed as follows.
Step 1: the tropospheric delay is estimated and separated based on
the Eq. (2). The observations with a low coherence are masked to reduce
the influence from decorrelation noise in the phase-based tropospheric
delay estimation.
Step 2: the preliminary linear deformation rate is inverted through
stacking-InSAR based on the corrected observations from the previous
step 1. Then, the preliminary unstable points and the reference point for
each segment can be determined based on the linear deformation rate
and its standard deviation.
Step 3: the tropospheric delay is re-estimated and separated based on
the Eq. (2) for the original unwrapped phase, and the identified pre
liminary unstable regions are masked during this tropospheric delay
estimation.
Step 4: the linear and time-series deformation rate are inverted based
on the refined unwrapped phase from step 3 and the selected reference
point from step 2.
The detailed processing of the reference point selection and the
deformation inversion for each segment is described further in Sections
3.2.1 and 3.2.2.
3.2.1. Reference point and preliminary unstable points
The reference phase is critical for the deformation inversion and
mechanism explanation. However, inverting the deformation by setting
a single reference point (or the average phase around it) might be un
reliable (e.g. Finnegan et al., 2008; Wang et al., 2012). For the pre
liminary linear deformation rate inversion, the reference phase was set
as the average phase of the whole segment (Finnegan et al., 2008; Wang
et al., 2012). This is reasonable here because the focus is only on local
deformation, rather than the large-scale deformation (Wang et al.,
2012). After the preliminary linear deformation rate and its standard
deviation are acquired, we assume that the unstable region does not
5
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Fig. 4. The schematic diagram of quadtree segmentation. If the maximum height difference within a window exceeds the threshold (1000 m in this study), this
window will be divided into four small windows. Red rectangles represent the windows. The adjacent windows have an overlap of 25% window size. (For inter
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

exceed 50% of the segment. So, 50% of the pixels with relative larger
deformation are set as the preliminary unstable points that will be
masked during the second-time tropospheric delay estimation based on
Eq. (2). The other 50% of pixels are set as the preliminary stable points in
the following reference point selection. In the same scene, the standard
deviation of the linear deformation rate of the unstable regions may be
larger than that of the stable regions because the deformation may
include the linear and nonlinear deformation component. In addition to
noise, the nonlinear deformation component can also increase the
standard deviation of the linear deformation rate. So, in order to further
reduce the influence of the deformation on the reference phase, the
preliminary stable points with relative lower standard deviations are
selected as the reference points. Then, the average phase of a selected
reference points is set as the reference phase for the final deformation
inversion for each segment. In this study, 5% of the preliminary stable
points with relative lower standard deviations were selected as the
reference points.

monitoring points, for one location (one pixel), all the observations
(unwrapped interferogram phases) with a coherence higher than a
certain threshold were used to invert the time-series deformation rate
between the adjacent SAR data (Supplementary Fig. S4). The coherence
was used as the weight in the inversion to reduce the decorrelation
noise. The interferograms were separated into several subsets, with no
overlap between the subsets. Therefore, the cumulative time-series
deformation could not be recovered, but only the time-series deforma
tion rates during the coherent periods were inverted and analyzed.
3.3. Merging of results from segments
After the deformation inversion, the results from each segment can
be merged. The result in the overlapping areas are set as the average
value from the different segments. Then, the minimum standard devi
ation of the linear deformation rate for the water region was set as a
threshold to mask the unreliable linear deformation rate. It should be
noted that the turbulent mixing component cannot be corrected based
on the Eq. (2). The turbulent mixing component is generally considered
to be temporally random (Ferretti et al., 2001; Wang et al., 2012). So, for
the linear deformation rate, the turbulent mixing component can be
effectively reduced by Stacking-InSAR. However, the turbulent mixing
component still has a significant impact on the time-series deformation,
without further processing. Because the atmospheric noise occurs on
each SAR image, the turbulent mixing component cannot be separated
through SVD or the L-2 norm for the time-series deformation. The tur
bulent mixing components are spatially correlated and temporally
random (Ferretti et al., 2001). At last, the turbulent mixing component
was separated from the time-series deformation through use of a tem
poral high-pass filter and a spatial low-pass filter (one- and twodimensional Gaussian kernel in time and space, respectively) (Wang
et al., 2012; Morishita et al., 2020). The window size for the temporal
filter was set at 36 days, which is about three times the average temporal
sampling interval (Morishita et al., 2020). And the spatial filter window
size was set at 10 km, which is the minimum segment size. The flow
chart for the SP method is shown in Fig. 5.

3.2.2. Deformation inversion
The Stacking-InSAR method is used for linear deformation rate
inversion (e.g., Kwoun et al., 2006; Wang et al., 2012). In order to
further reduce the decorrelation noise, only the observations with a
coherence higher than a certain threshold (0.45 in this study) were used
to invert the linear deformation rate for each segment. The linear
deformation rate and DEM errors were estimated simultaneously, and
then the DEM errors were corrected in each interferogram for the
following time-series deformation inversion.
The Intermittent Small Baseline Subset (ISBAS) was used to invert
time-series deformation (Sowter et al., 2013). Unlike the traditional
Small Baseline Subset (SBAS) technique (Berardino et al., 2002), pixels
that are coherent only for parts of the stack of interferograms can also be
processed in ISBAS (Sowter et al., 2013). Therefore, the monitoring
points obtained by ISBAS is usually denser than that obtained by SBAS
(Sowter et al., 2013; Bateson et al., 2015; Cigna and Sowter, 2017). In
addition, the reliability of ISBAS measurements has been validated in
many applications (Sowter et al., 2016; Gee et al., 2016; Novellino et al.,
2017; Gee et al., 2020). In this study, in order to increase the available
6
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local window.
5. Results and discussion
5.1. Deformation rate and precision analysis
Based on the selected interferograms, the linear deformation rates
from the ascending and descending tracks can be obtained through SP,
NSP, NSPG and NSPW separately. The resulting linear deformation rates
using SP, NSPG and NSP are shown in the left columns, middle columns
and right columns of Figs. 6 and 7 respectively. In addition, the linear
deformation rate and the standard deviation from the NSPW and the
local estimation window are shown in the Supplementary Fig. S5.
The standard deviation can reflect the inner precision of the linear
deformation rate. Because many factors can increase the standard de
viation of linear deformation rate, such as the nonlinear deformation,
decorrelation noise and atmospheric noise, the standard deviation is
only used for relative comparison in each dataset. In addition, the
standard deviation can also be used to evaluate the uncertainty of the
measurements. It can be seen that both the standard deviation of NSP
and NSPG are relatively larger in the areas further away from the
reference point, particularly over the valleys with significant topo
graphic relief. The linear deformation rates from both NSP and NSPG
still have an obvious correlation with the topography in some regions.
For example, for certain valleys, the positive deformation always ap
pears (as shown in Figs. 6 and 7, middle and right columns). These
phenomena show that it is difficult to accurately estimate the
topography-related atmospheric delay using a phase-based correction
with a fixed parameter in a region with large elevation variations, and
the GACOS products are unable to completely remove the topography
related atmospheric delay in this study area. In addition, the precision of
the results is relatively lower with increasing distance from the reference
point. For the results from the NSPW, we found that the standard de
viation is relatively small in the local estimation window compared with
results from the NSP and NSPG (the results form NSPW are shown in the
Supplementary Fig. S5). This indicates that the phase-based atmospheric
correction is more suitable for a local region, rather than for the whole
image. Furthermore, in the landslide-rich region along Highway 50, the
magnitude and scale of the linear deformation rate obtained by NSPW
and SP are consistent in the local estimation window. This further
confirms the reliability of the results obtained by SP.
We found that the mean standard deviation obtained based on NSP
(1.3 cm/year ascending and 1.4 cm/year descending) is generally
smaller than that based on NSPG (2.6 cm/year ascending and 2 cm/year
descending) in this study. This is because GACOS is obtained from 6hourly High Resolution (0.125◦ × 0.125◦ horizontal resolution) Euro
pean Centre for Medium-Range Weather Forecasts (ECMWF) and GPS
data (Yu et al., 2018). The effect of GACOS is highly dependent on the
distribution of the GPS station, SAR acquisition time and the location of
the study area. Therefore, the corrective capability of GACOS differs by
region. In addition, some long-wavelength non-atmospheric signals can
also be fitted by polynomials. It can be seen that the GACOS based NSPG
method is not suitable for this study. So, in the following analysis, we
mainly compare the results of SP and NSP.
As shown in the Figs. 6 and 7, the standard deviation from SP (mean
of 0.84 cm/year ascending and 1 cm/year descending) is generally lower
than that from NSP (mean of 1.3 cm/year ascending and 1.4 cm/year
descending). That is, SP improves the average inner precision of the
linear deformation rate by about 30% over NSP. It also can be found that
the standard deviations of the results in this study are much higher than
that in some other studies (e.g. Wang et al., 2012; Cigna and Sowter,
2017). The larger standard deviations are caused by the environment
characteristics of the study area: interferograms are severely affected by
atmospheric artifacts and decorrelation noise.
The minimum standard deviation in the water area is set as the
threshold to mask the unreliable results (Supplementary Fig. S6). The

Fig. 5. The flow chart of the InSAR Segment Processing (SP).

4. Evaluation of InSAR segment processing
In order to evaluate the performance of the SP, three additional
processing strategies were also tested for comparison. The first one is
called non-segment processing (NSP), in which the phase-based methods
are used to correct the tropospheric delay. The whole interferogram is
used to fit the topography related tropospheric delay and the phase ramp
based on a linear phased-based model and a quadratic model respec
tively (Wang et al., 2012). A stable point with high coherence is
manually selected as the reference point for the whole image. The
deformation inversion of NSP is the same as the SP. Lastly, the residual
atmospheric delay from NSP are separated from the time-series defor
mation by a spatial-temporal filter. The interferograms and the param
eters used in the NSP are consistent with that used in the SP. The second
alternative strategy is called the non-segment processing with the
GACOS correction (NSPG). NSPG differs from NSP in that we didn’t use
phase-based methods to correct the interferograms, but instead cor
rected the atmospheric delay by GACOS. The third alternative method to
SP is called non-segment processing within a local estimation window
(NSPW). The only difference between NSPW and NSP is that we estimate
the topography-related tropospheric delay and the phase ramp within a
7
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Fig. 6. A comparison of ascending dataset results for linear deformation rate (top row), standard deviation of the deformation rate (second row) and histogram of the
standard deviation (bottom row) for three processing methodologies: SP, NSPG, and NSP. The left column shows segment processing (SP) results; the center column
shows non-segment processing with the GACOS correction (NSPG) results; the right column shows non-segment processing (NSP) results. The black star represents
the reference point used for NSPG and NSP.

final linear deformation rates from SP are shown in Fig. 8. It should be
noted that since the interferograms in winter and early spring are seldom
selected, the linear deformation rate of the unstable regions may be
biased.
Fig. 9 compares the histograms of the linear deformation rate dif
ference in the overlap area between the two different (ascending and
descending) tracks for both SP and NSP. In some unstable regions,
especially for landslides with significant horizontal displacement, the
acquired deformation patterns from these two tracks may look quite
different. This is because the radar-imaging geometries of these two
datasets are different. Therefore, we assume that landslides mainly
occur in those portions of the study area with a slope larger than 10◦ (e.
g., Zhao et al., 2012) and no obvious horizontal deformation in the flat
regions (the region with a slope angle smaller than 10◦ ). Given that the
incidence angles of the InSAR measurements from the ascending and

descending tracks are similar in the study area, the difference of linear
deformation rate in the flat regions were used to form the two histo
grams. As shown in the figure, both distributions of the deformation
difference from SP and NSP are similar to a normal distribution (mean of
zero). The standard deviation of the deformation difference from SP and
NSP is 1.2 cm/year and 1.7 cm/year, respectively. We should note that
even if the landslide prone areas were masked, the deformation differ
ence induced by the east-west deformation still cannot be ruled out
completely. Therefore, the standard deviation of the deformation dif
ference is only used as a relative comparison between the SP and NSP.
The standard deviation of the deformation difference from SP is about
29% lower than that from NSP.
The time-series deformation rates from the SP and NSP are finally
obtained. Although a spatial-temporal filter was used to separate the
residual atmospheric phase, some results from the NSP are still severely
8

Y. Kang et al.

Remote Sensing of Environment 258 (2021) 112400

Fig. 7. A comparison of descending dataset results for linear deformation rate (top row), standard deviation of the deformation rate (second row) and histogram of
the standard deviation (bottom row) for three processing methodologies: SP, NSPG, and NSP. The left column shows segment processing (SP) results; the center
column shows non-segment processing with the GACOS correction (NSPG) results; the right column shows non-segment processing (NSP) results. The black star
represents the reference point used for NSPG and NSP.

affected by atmospheric noise (as shown in the Supplementary Fig. S4).
The magnitude and correlation distance of the spatial noise in the time
series deformation from SP are obviously smaller than those of the NSP.
In order to further compare and evaluate the time-series results, for
simplicity, we assume that the structure of statistical properties of the
residual atmospheric delay is spatially stationary. The 1-D covariance
function (Wang et al., 2012), ε = σ2e− k/α, was used to model the spatial
noise on time-series deformation rate, where ε is the covariance for the
two pixels, σ2 is the variance that indicates the variability of the results
in spatial. This variance reflects the magnitude of spatial noise. α is the efolding wavelength which shows the spatial correlated distance of the
residual atmospheric delay. Regions with a linear deformation rate
larger than 1 cm/year obtained by SP were masked to reduce the impact
from the deformation signal of the unstable regions. Before covariance
estimation, we interpolated the holes of each time series deformation

rate spatially. As shown in Fig. 10, both the amplitude of the covariance
and the spatial correlated distance using SP are smaller than those from
NSP. For SP, the mean standard deviations (Fig. 10 insets, red σ ) from
ascending and descending track data are both about 0.11 mm/day. And
for NSP, the mean standard deviation of the results from ascending and
descending track are 0.15 mm/day and 0.13 mm/day, respectively
(Fig. 10 insets, blue σ ). In addition, the average e-folding wavelength
from the SP and NSP are about 1 km and 5 km, respectively. These re
sults show that, due to the individual processing in each segment, the
spatial correlation distance and the magnitude of the atmospheric noise
can be significantly reduced by SP compared with NSP.
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Fig. 8. Final linear deformation rate in line-of-sight (LOS) direction based on SP from the ascending track (left) and descending track (right).

Fig. 9. Deformation rate difference between ascending and descending Sentinel-1 data using NSP results (left) and SP results (right).

Fig. 10. Exponential covariance function of the time-series deformation rate from NSP (blue) and SP (red). Insets show distribution of the standard deviation and efolding wavelength of the 1-D covariance function for the ascending track (left) and the descending track (right). (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)
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5.2. Landslide along the Highway 50 corridor

the satellite. We found that those landslides within the region S (dashed
rectangle in Fig. 11a) show relatively larger deformation both in
magnitude and scale, with maximum creeping rates from the ascending
and descending track having reached about − 7 ± 1 cm/year and − 6 ±
1.1 cm/year in LOS directions, respectively. The uncertainty represents
one standard deviation of the maximum deformation, indicating the
variability of the results. Some traditional landslide identification
methods delineate the landslides according to various surface charac
teristics (such as cracks, scarp and faults). However, some creep-stage
landslides have no obvious surface characteristics, making them

5.2.1. Spatial deformation rate
As shown in Fig. 11, obvious deformation signals along Highway 50
can be detected from both the ascending and descending datasets.
Considering the corridor is a landslide-prone region (as shown in the
Fig. 1), we suggest that these deformation signals mainly come from the
creep of landslides. The acquired deformation is the projection of
landslides’ three-dimensional deformation on the line-of-sight direction
(LOS) of radar. Negative values indicate landslide movement away from

Fig. 11. (a) Terrain of the corridor along Highway 50. The yellow shading depicts documented landslides. The white ellipse shows the location of the Cleveland
Corral landside, and the blue triangles represents the location of two weather stations; (b) A Sentinel-2 optical image obtained on September 12, 2019 through
Copernicus open access hub provided by the European Space Agency (ESA)’s Copernicus Programme; (c) Linear deformation rate in LOS direction from ascending
track, and the points P1-P6 are the selected locations for time-series analysis. The black lines outline the boundaries of the documented landslides; (d) Linear
deformation rate in LOS direction from descending track. The black lines outline the boundaries of the documented landslides. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
11

Y. Kang et al.

Remote Sensing of Environment 258 (2021) 112400

difficult to identify with traditional methods. Results obtained by this
study may therefore provide new information for landslide inventory in
this region. We also found that many results on the south side of High
way 50 were masked by setting the standard deviation threshold. We
suggest that this is due to the interferogram decorrelation caused by
vegetation. As shown in the Fig. 11, the regions where the deformation
are masked are usually covered by dense vegetation.
Multi-track InSAR measurements can be used to derive the east-west
and vertical components of deformation of landslides measured (e.g. Liu
et al., 2020; Béjar-Pizarro et al., 2017). Since the SAR satellite orbits
close to a north-south orientation, InSAR is more sensitive to the
deformation in the vertical and the east-west directions than in the
north-south direction (e.g. Wright et al., 2004; Samsonov and d’Oreye,
2012). Based on the SAR track angles and incidence angles at the center
of our study site, the relationship between the three-dimensional ground
deformation components and the InSAR measurements vlos acquired by
our study can be expressed as follows,
⎡ ⎤
[
] [
] v
valos
sinθa sinβa − sinθa cosβa cosθa ⎣ N ⎦
=
(3)
vE
sinθd sinβd − sinθd cosβd cosθd
vdlos
vU

in a 90 m wide square window) around the monitoring points were used
for analysis. The standard deviations of the deformation rates around the
monitoring points were set as an indicator of motion heterogeneity. As
shown in Fig. 12, the time-series deformation rates from the ascending
dataset (red) and the descending dataset (blue) agree quite well with
each other. This phenomenon shows the reliability of the inverted timeseries deformation.
All of these six points exhibit obvious seasonal deformation. For
landslides, seasonal deformation is usually caused by seasonal precipi
tation, which can increase the pore-water pressure and reduce the
Coulomb frictional strength of the landslide (Hu et al., 2019; Hand
werger et al., 2016). The impact of pore-water pressure on a given
landslide is related to precipitation, depth of the basal plane, hydraulic
conductivity and diffusivity (Xu et al., 2019; Hu et al., 2019). So,
different landslides always have different responses to precipitation (e.g.
Zhao et al., 2012; Kang et al., 2019; Hu et al., 2018; Iverson, 2000; Hilley
et al., 2004; Zhao et al., 2018).
Since the results are discontinuous in winter and early spring due to
the low coherence, we assume that the creeping behaviors of these
landslides continue during the periods of no InSAR measurements. From
Fig. 12, it can be derived that these six landslides usually begin to
accelerate from January to April of each year and peak in the dry season
(May to October). The lag time between the peak of the deformation rate
and the peak of precipitation (generally from January to April) are
different, and at some monitoring points these lag times can be as long as
several months. In addition, we have found that some landslides are
more sensitive to cumulative precipitation in the rainy season rather
than one heavy precipitation event. For example, the deformation rate of
points P1, P2 and P3 are larger in 2017 and 2019 than in 2018, and the
total precipitation of the rainy season from 2017 to 2018 was relatively
lower than that of the adjacent rainy seasons.
The Cleveland Corral landside (location shown in Fig. 11a) is active
in some wet years and has produced decimeter-level or meter-level
movements in just a few months. The movements of this landslide are
driven by pore-water pressure (Reid et al., 2003). However, in this
study, the size of the Cleveland Corral landslide (width of ~25–70 m) is
too small for InSAR to capture the deformation signal during the
monitoring period. On this landslide site, the main form of precipitation
is rainfall (Reid and Brien, 2019; Reid et al., 2003), and a cold weather
storm could bring modest snowfall that usually melts within several days
(Reid and Brien, 2019). The United States Geological Survey (USGS) has
carried out real-time monitoring on this landslide since 1997, including
precipitation, pore-water pressure and displacement. The thickness of
this landslide ranges from 5 to 10 m (Reid et al., 2003; Aryal et al.,
2015). According to the balanced cross-section method and the elastic
dislocation model, the estimated maximum and average depth of the toe
area of this landslide is about 6 m and 2.8 m respectively, similar to the
observed slip depths of 2.37 m and 3.18 m (Aryal et al., 2015). The USGS
released the monitoring report of the Cleveland Corral landslide from
1997 to 2013 (https://www.usgs.gov/natural-hazards/). We selected a
period when this landslide was relative active, from October 2002 to
October 2006, to analyze the dynamics of this landslide. From the yearly
monitoring report of this landslide (the digitized results of which are
shown in Fig. 13), we found that the pore-water pressure also exhibits a
periodic fluctuation and that there is a time delay between pore-water
pressure and precipitation. Although the precipitation usually in
creases beginning in November, the pore-water pressure, as measured
from the deep sensor located about 3.69 m underground, often does not
increase until January or February. In general, during the period of
March to June, the pore-water pressure from the deep sensor can reach
and maintain relatively high values for a period of time before the porewater pressure decreases. During particularly wet years, rapid move
ment may occur after the pore pressure peaked in the late winter and
early spring, as recorded by the deep sensor (Fig. 13).

where the superscripts a and d correspond to the ascending and
descending track respectively, θ and β represent the incidence angle and
the track angle respectively, and the vN, vE and vU represent the north,
east and vertical deformation components respectively.
For our datasets, the incidence angles (ascending: 39◦ , descending:
36◦ ) and the track angles (ascending: − 10◦ , descending: − 167◦ ) are
introduced, the above equation becomes,
⎡ ⎤
[
] [
] v
valos
− 0.14 − 0.61 0.78 ⎣ N ⎦
(4)
=
vE
− 0.13 0.57 0.81
vdlos
vU
We can see the sensitivity of the motion in north-south direction
much less than those in other directions. Therefore, in the 2-D defor
mation decomposition, the contribution in the north-south direction can
be ignored when the deformation in the north-south direction is not
significantly larger than that in the east-west and vertical directions
(Samsonov and d’Oreye, 2012; Liu et al., 2020). However, considering
the slope aspect of the corridor, the deformation of the landslides along
the Highway 50 corridor mainly occur in north-south direction. This
indicates that we cannot accurately decompose the vertical and eastwest deformations for these landslides based on the results with
ascending and descending tracks by ignoring the deformation in the
north-south direction. In addition, in many cases the InSAR measure
ments of landslides can be decomposed or projected into other di
rections, given some assumptions. Usually, some prior information is
needed for the assumptions. For example, some studies have decom
posed or projected the deformation into 3-D or downslope directions by
assuming that the landslide’s basal plane was parallel to the ground
surface (e.g. Ao et al., 2019; Hu et al., 2018; Kang et al., 2017; Zhao
et al., 2012), which is suitable for the translational landslide. However,
we don’t know the specific types of all these landslides in this region.
And the incidence angles from these descending and ascending obser
vations are similar in the study area, which can cause unreliable
decomposed deformation components of the landslides with north-south
aspect angles (e.g. Hu et al., 2018). Therefore, the movements of these
landslides were not decomposed or projected into other directions as
part of this study.
5.2.2. Time-series deformation rate
We selected six monitoring points from different landslides for timeseries analysis (Fig. 11c, points P1-P6). For each monitoring point, the
linear deformation rates in LOS direction obtained from the ascending
and descending datasets were similar. In order to further reduce the
decorrelation noise, the average of time-series deformation rates (within
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Fig. 12. The time-series deformation rates in LOS direction for the points P1 to P6, the location of these points is shown in Fig. 11 (c). The daily precipitation is
collected from the Sugarloaf weather station (as shown in Fig. 11 (a)). Compared with the Pacific House weather station, the average distance between the Sugarloaf
weather station and these six monitoring points is shorter.

Fig. 13. The precipitation and the pore-water pressure from the deep sensor (about 3.69 m) of the Cleveland Corral landside. The daily precipitation data were
collected from the Pacific House weather station, which is about 5 km from the Cleveland Corral landside. The location of the landslide and the station are shown in
Fig. 11a. The pore-water pressure and the cumulative displacement were digitized from the USGS monitoring website (https://www.usgs.gov/natural-hazards/landsl
ide-hazards/science). The red line represents the cumulative displacement, and its reference time is October 1st, 2002. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)
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5.2.3. Pore-water pressure modeling
Based on the monitoring data of the Cleveland Corral landslide, we
suggest that the periodic deformation of other landslides in this region
may be also driven by pore-water pressure. And the pore-water pressure
of the basal sliding surfaces needs some time to respond to the precipi
tation. In this study, a homogenous 1D diffusion model is used to
simulate the changes of pore-water pressure at the subsurface and to
explain the seasonal deformation of the landslide along the Highway 50
corridor (Hu et al., 2019; Handwerger et al., 2019).
dp
d2 p
=D 2
dt
dz

Corral landslide (Handwerger et al., 2016, in the supporting materials).
Therefore, using the average precipitation from 1997 to 2013, we
modeled the transient pore-water pressure within one calendar year.
Based on the observation of the pore-water pressure at the depth of 3.69
m, the optimal effective hydraulic diffusivity can be determined. Then,
the estimated effective hydraulic diffusivity was used to simulate the
pore-water pressure at the depth of 10 m, and all the pore-water pres
sures were normalized respectively. At this location, the estimated
effective hydraulic diffusivity is about 5 × 10− 6 m2/s, which is in the
range of the effective hydraulic diffusivities of some other landslides in
California (10− 6 m2/s to 10− 4 m2/s) (e.g., Iverson and Major, 1987;
Cohen-Waeber et al., 2018; Hu et al., 2019; Handwerger et al., 2019).
As shown in Fig. 14, the 1D diffusion model can reflect the change of
the pore-water pressure to some extent. Since the pore-water pressures
are normalized separately, the simulated results only show the changes
of pore-water pressure at different depths. At the depth of 3.69 m, the
pore-water pressure reaches its peak in May. Therefore, if nearby
landslides with a depth of 10 m have an effective hydraulic diffusivity
similar to the Cleveland Corral landslide, the peak of the transient porewater pressure of the basal plane will occur in July. While for the
Cleveland Coral landslide, modest snowfall usually melts within several
days (Reid and Brien, 2019), in winter and early spring, deep snowpack
may exist in some regions of the Highway 50 corridor, and the resulting
rapid snow melting in the spring is also considered a trigger for some
landslides (Spittler and Wagner, 1998; Wagner and Spittler, 1997). This
is because the water generated by snow melting will also infiltrate into
the landslide and increase pore-water pressure. Thus, we can deduce
that if the deep-seated landslides along Highway 50 have similar
composition materials (particularly, clay rich) to the Cleveland Corral
landslide, the deformation of these landslides in this region may peak in
the summer (dry season). This phenomenon has a good correspondence
with the InSAR observations under the assumption that the creep of
these landslides is a continuous physical process (as shown in Fig. 12).
Based on the above analysis, we suggest that the increase and decrease
of pore-water pressure of the basal plane drive the periodic deformation
of these landslides every year, and the peak deformation of the deepseated landslides may occur at the dry season (May to October) in this
region.
Finally, we have observed subtle upward movement of the landslides
during the peak of the precipitation season (Fig. 12). Even though the
deformation measurements during winter and early spring have large
uncertainties due to relatively lower InSAR coherence, a consistent up
lift signal can be found at most of the monitoring points in different
years (Fig. 12). The upward movement of the landslide after the pre
cipitation begins is likely due to an increase in the pore pressure of the
landslide. More specifically, when the seasonal precipitation begins, the
landslide becomes saturated due to infiltration and the pore-pressure

(5)

In which D represents the effective hydraulic diffusivity, p represents
the pore-water pressure, z represents the underground depth, and t
represents the time. The pore-water pressure at the ground surface is as
follows,
(6)

p(t, z = 0) = q⋅W(t)

where W(t) is the precipitation which can be collected from the weather
station, and q is a scaling factor, which controls the amplitude of porewater pressure changes. Then, the solution of Eq. (6) is given as
(Handwerger et al., 2019),
z
P(t, z) = √̅̅̅̅̅̅̅
2 πD

∫
0

t

− z2

e4D(t− m)
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ p(m, z = 0)dm
(t − m)3

(7)

in which m is a variable of integration, the Eq. (7) can be solved in the
Fourier domain, ℱ and ℱ − 1 denotes the Fourier transform and the in
verse Fourier transform respectively. The above equation in essence is a
convolution of two functions h(t) and p(t, z = 0):
z
− z2
h(t) = √̅̅̅̅̅̅̅̅̅̅e 4Dt
2 πDt3

(8)

H(f ) ∼ ℱ [h(t) ]

(9)

P(f , z = 0) ∼ ℱ [p(t, z = 0) ]

(10)

p(t, z) ∼ ℱ − 1 [H(f )⋅P(f , z = 0)]

(11)

Although this 1D diffusion model is relatively simple compared to
some more complex models (Leshchinsky et al., 2019; Krzeminska et al.,
2013), in landslide studies, this model has been widely applied to
characterize the changes of precipitation-induced pore-water pressure
(Iverson, 2000; Hu et al., 2019; Handwerger et al., 2019; Handwerger
et al., 2016; Reid, 1994). In addition, it has been found that this model
adequately describes the pore-water pressure changes for the Cleveland

Fig. 14. The normalized transient pore-water pressure over one cal
endar year, superimposed on the average daily precipitation (from
October 1997 to October 2013). The daily precipitation data were
collected from the Pacific House weather station, which is about 5 km
from the Cleveland Corral landside. The black circles represent the
median values of the observed pore-water pressure at a depth of about
3.69 m. The red and blue lines represent the simulated pore-water
pressures at 3.69 m and 10 m, respectively, based on the daily pre
cipitation. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
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becomes large, causing the landslide to move up toward the satellite.
The upward movement reaches a peak of 0.1 mm/day during the peak of
precipitation. When the seasonal precipitation ends, then the water in
the landslide drains away and the landslide subsides due to a reduction
in the pressure. With continuing infiltration of the water into the basal
plane, downslope movement of the landslide body is then superimposed
to the subsidence of the landslide body, resulting in a larger apparent
downward landslide movement. When the pore-water pressure reaches
the base plane of ~10 m deep, a peak downward movement of 0.2 mm/
day can be observed (Fig. 12). In other words, the downward defor
mation of the landslide is due to de-watering of the landslide body and
downslope movement of the landslide along the basal plane while the
upward deformation is due to increases in pore-pressures caused by
infiltration. The fact that the upward and downward movement of the
landslide are both very well correlated with the watering and dewatering that would occur in the landslide with seasonal precipitation
also suggests the landslides contain clay-rich materials (Reid et al.,
2003).

new insights for the landslides along the Highway 50 corridor. Besides
the known recorded landslides, some other local unstable regions were
also detected by this study. These unstable regions may contain some
potential landslide hazards that need further investigation and tracking.
The methods presented in this study can be extended to other similar
applications.
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5.3. Other unstable regions
In addition to the landslides along the Highway 50 corridor, many
other local unstable regions were also detected by radar satellites with
ascending and descending tracks in the southwestern portion of the
study area (Supplementary Fig. S7). Since the deformation is inverted in
each segment individually, the peak of the long wavelength deformation
signal may be left in the final result when the wavelength of the defor
mation signal is larger than the width of segment. However, from the
results of the NSP and NSPG, the reliable long-wavelength deformation
signal cannot be found in this area. The distribution of these local de
formations is discrete, and many of these deformations can be found
both in the ascending and descending datasets. So, we suggest that these
deformations are mainly caused by some local instability. These defor
mation regions may contain some potential hazards that need to be
further investigated and monitored.

Appendix A. Supplementary data

6. Conclusion

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.rse.2021.112400.

In general, InSAR has the ability to map landslides with high preci
sion and large coverage. However, in rural areas with large topographic
fluctuations, InSAR results are severely affected by decorrelation noise
and atmospheric artifacts. In order to reduce the impact of these errors,
an interferogram selection method and a new InSAR SP technique are
proposed and applied to the study area in the Eldorado National Forest.
In SP, quadtree is used to divide interferograms based on height dif
ference. Then, the phase-based APS correction, reference point selection
and deformation inversion are performed in each segment individually.
Finally, the results are merged and the residual atmospheric noise is
separated by spatial-temporal filtering. In this study, SP shows an
obvious advantage over NSP and NSPG for mapping local deformation;
SP improved the average inner precision of the linear deformation rate
by about 30% versus NSP. Moreover, the impact of the residual atmo
spheric noise on the time-series deformation from the SP was smaller
than that from the NSP. However, it should be noted that SP is not
suitable for regions with a long-wavelength deformation signal.
Possible spatial-temporal characteristics of the creeping deformation
of multiple landslides along the Highway 50 corridor are revealed by
this study. The 1D diffusion model was used to simulate the pore-water
pressure and estimated the effective hydraulic diffusivity of the Cleve
land Corral landslide. Based on the analysis of the precipitation, defor
mation and the pore-water pressure, we suggest that the seasonally timeseries deformations of these landslides are driven by the pore-water
pressure, and the peak of landslide movement can lag the peak of pre
cipitation by a few months. In addition, we have observed transient
upward deformation of the landslides due to expanding of the landslide
body caused by pore-water pressure increases. These results provide
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