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Ground deformation monitoring 
of landslides and 
precipitation-triggered 
mechanisms using GBInSAR

Di Yao1,2, Yingchao Dai2 and Ziwei Zhao2*
1Beijing Institute of Technology, Beijing, China, 2Innovative Equipment Research Institute of Beijing 
Institute of Technology in Sichuan Tianfu New Area, Chengdu, China

Landslides are common in mountainous, hilly, and steep-slope regions, 
posing serious threats to human life, infrastructure, and ecological systems. 
Precipitation is a major triggering factor that can rapidly destabilize slopes 
by increasing moisture content and reducing soil shear strength. This study 
proposes an integrated landslide monitoring framework that combines 
satellite-borne InSAR for regional-scale detection, GB-InSAR for high-
density dynamic monitoring, GNSS for precise three-dimensional ground 
deformation constraints, and rain-gauge observations for precipitation 
forcing characterization, with the aim of improving monitoring accuracy, 
spatiotemporal resolution, and early-warning capability. The results reveal 
a clear temporal correspondence between rainfall events and landslide 
displacement: during precipitation peaks (0.4 mm and 0.3 mm), displacement 
increased to approximately +25 mm and +35 mm, indicating direct rainfall-
driven deformation responses. GB-InSAR further captures pronounced 
spatial heterogeneity across the landslide body, with maximum cumulative 
displacement reaching +656.3 mm and minimum displacement −1098.17 mm. 
GNSS measurements corroborate these deformation patterns, particularly 
during the acceleration stage when the trends derived from GNSS and GB-
InSAR are highly consistent. Overall, multi-source evidence indicates that 
both short-duration intense rainfall and long-term precipitation accumulation 
contribute to landslide activity, with precipitation capable of inducing not 
only rapid displacement surges but also slower deformation under low-rainfall 
conditions. These findings provide a robust basis for landslide early warning and 
risk assessment in regions frequently affected by intense rainfall and sustained 
wet periods.
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 1 Introduction

Landslide disasters are one of the most common geological hazards globally, 
particularly in areas prone to such events, such as mountainous, hilly, and slope regions 
(Yang et al., 2020). Landslides pose significant threats to human life, property safety, 
and the ecological environment. Precipitation (Abgrami et al., 2025), as one of the key 
triggering factors of landslide disasters, can lead to slope instability in a short period by 
influencing the moisture content of the slope and weakening the soil’s shear strength.
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Studying the relationship between precipitation and landslide 
deformation, and exploring the mechanisms by which precipitation 
triggers landslides, is crucial for early warning and prevention of 
landslide disasters (Su et al., 2022).

Traditional landslide monitoring methods primarily rely 
on ground surveys, drilling tests, and optical remote sensing 
imagery. While these approaches provide useful information 
(Qiu et al., 2020), they are often constrained by limited spatial 
coverage, discontinuous observations, and insufficient real-time 
capability, especially for capturing early-stage deformation and 
rapid kinematic changes (Hamedi et al., 2025). With advances 
in SAR remote sensing, differential interferometric synthetic 
aperture radar (DInSAR) and ground-based InSAR (GB-InSAR) 
have become key tools for deformation monitoring. GB-InSAR, 
for example (Ferrigno et al., 2017), enables high-resolution 
deformation measurements by acquiring detailed radar images 
(Lingua et al., 2008), and can maintain monitoring performance 
under complex meteorological conditions, making it highly 
promising for landslide surveillance (Tian et al., 2019).

However, despite the strong capability of GB-InSAR for high-
precision deformation monitoring, achieving comprehensive 
landslide monitoring through effective integration with 
complementary techniques remains challenging. To address this 
gap, this study combines satellite-borne InSAR surveys with 
ground-based GB-InSAR observations: satellite-borne InSAR is 
used for large-scale landslide screening and hazard identification, 
and GB-InSAR is then deployed in the selected hotspots for 
high-density, dynamic deformation tracking. In addition, GNSS 
(Global Navigation Satellite System) comparative monitoring 
is incorporated to provide more reliable ground deformation 
constraints, and rainfall gauge data are integrated to examine 
precipitation-driven triggering processes by linking rainfall forcing 
with deformation evolution and the associated hydrological 
and strength-weakening mechanisms (Woods et al., 2021). 
The framework is demonstrated in the Longmenshan region, 
Sichuan Province, China, located at the transition between the 
western Sichuan Basin margin and the Longmenshan Mountains 
(Ebadati et al., 2025), where steep terrain and frequent rainfall-
related landslides and debris flows are well documented, particularly 
during heavy rainfall periods (Moretto et al., 2021). In this region, 
precipitation is widely considered a primary trigger, especially under 
continuous rainfall or short-duration intense storms (Birjandi and 
Derakhshani, 2025) NIDE.

Unlike existing research in landslide monitoring, this study 
addresses the limitations of traditional monitoring methods in 
spatial and temporal resolution by integrating multiple advanced 
technologies (Ahadi and Rosta, 2024). First, satellite-borne 
InSAR is used for large-scale surveys of landslide areas, quickly 
identifying potential landslide hazard zones and providing data 
support for subsequent high-precision on-site monitoring. Second, 
GB-InSAR equipment is deployed in landslide-prone areas 
and combined with GNSS for three-dimensional line-of-sight 
(LOS) comparative monitoring, enabling real-time tracking of 
dynamic changes in landslides and capturing the temporal and 
spatial relationship between precipitation events and landslide 
deformations. Finally, by integrating rainfall gauge data, the 
study analyzes the role of precipitation in landslide occurrences 
and elucidates the mechanism by which precipitation triggers 

deformation by altering slope hydrological characteristics and 
weakening soil strength (Schlögel et al., 2015; Yin et al., 2010; 
Zhang et al., 2020; Yeganeh et al., 2025).

In summary, a major limitation in precipitation-driven landslide 
studies is the difficulty of simultaneously achieving broad spatial 
coverage and continuous, high-density temporal monitoring. 
Satellite-borne InSAR is effective for regional screening but remains 
constrained by revisit intervals and viewing geometry, whereas 
GB-InSAR provides near-real-time, high-resolution deformation 
measurements but is typically limited to site-scale deployment; 
consequently, single-sensor approaches often fail to robustly 
characterize event-scale rainfall–deformation responses, including 
potential lag effects and stage-wise evolution. To address this gap, 
this study develops a space–ground integrated monitoring workflow 
that links regional satellite InSAR screening with targeted GB-
InSAR deployment, and further couples GB-InSAR displacement 
time series with independent GNSS constraints and rain-gauge 
observations to form a temporally consistent, event-oriented 
interpretation of rainfall-triggered deformation. By explicitly 
using GNSS as an external check on GB-InSAR observations 
and relating deformation accelerations to rainfall forcing under 
real monitoring conditions, the proposed framework provides a 
practical pathway to improve monitoring reliability and strengthen 
the early-warning relevance of precipitation-driven landslide
assessment. 

2 Background and features of 
landslide

The study area is located in the Longmenshan region of 
Sichuan Province, China, situated at the transition zone between 
the western edge of the Sichuan Basin and the Longmenshan 
Mountains, exhibiting typical mountainous geological features. This 
region is renowned for frequent landslides and debris flow disasters, 
especially during periods of heavy rainfall, when landslides and 
debris flows are particularly prominent. The Longmenshan area 
has a complex topography with steep slopes and loose soil, and 
the high precipitation levels make the slope prone to sliding and 
collapsing under the influence of water, resulting in severe natural
disasters.

As shown in Figure 1, the study area lies to the west of 
Chengdu, Sichuan Province, at an elevation of approximately 
2,000 m, within the middle and lower mountain ranges of 
the Longmenshan Mountains. The terrain is highly undulating, 
primarily consisting of hills and mountains. The rock formations 
of the mountains are complex, with loose rock and soil, making 
the area susceptible to natural factors that trigger landslides, 
debris flows, and other disasters. The geological background and 
topographical features of the study area make it highly prone to 
ground deformation, particularly due to the frequent occurrence of
debris flows.

The Longmenshan region is heavily influenced by strong 
precipitation throughout the year, particularly during the rainy 
season (usually in summer and autumn). The large amounts 
of rainfall often lead to the saturation of the slope’s moisture 
content, triggering debris flows and landslides. Debris flows are 
especially severe in this region and are one of the main types 
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FIGURE 1
Location of the study area.

of geological disasters. These flows predominantly occur on steep 
slopes, in valleys with significant gradients, and in the upper 
reaches of drainage basins. After heavy rainfall, water accumulation 
on the mountains rapidly infiltrates the soil layers, causing a 
sharp decrease in soil strength, which leads to the formation and 
movement of debris flows. These flows not only threaten the safety 
of local residents’ lives and property but also cause significant 
damage to transportation, infrastructure, and other assets. Historical 
records show that the region has experienced several severe debris 
flow disasters in recent years. For example, in 2011 and 2013, 
consecutive heavy rainfall events triggered large-scale debris flows, 
resulting in extensive damage to houses and roads and causing 
numerous casualties. The occurrence of debris flows is not only 
directly related to the amount of rainfall but also influenced by 
various factors such as regional slope, soil type, and vegetation
coverage.

Although landslides and debris flows are common natural 
disasters in this region, traditional monitoring methods often 
fail to capture the dynamic changes of these disasters in a 
timely manner. Conventional methods, such as manual surveys, 
localized monitoring, and geological exploration, are typically 
limited to small-scale or short-term data collection, making it 
difficult to conduct long-term, real-time monitoring over large 

areas. Therefore, the research and application of new remote 
sensing technologies, especially differential interferometry synthetic 
aperture radar (DInSAR) and the improved GB-InSAR technology, 
are of great significance for improving the accuracy of landslide and 
debris flow monitoring and achieving disaster early warning.

Figure 2 shows the locations of various monitoring devices 
deployed in the study area. It illustrates the distribution of GB-
InSAR radar monitoring regions, GNSS stations and sites, rain 
gauges, and other equipment, providing multi-level and multi-
dimensional data support for landslide and debris flow monitoring 
in this study. The radar monitoring area, located in the upper-right 
section of the figure, covers the primary landslide and debris flow 
monitoring regions within the study area. The radar system in this 
region, through high-resolution ground deformation monitoring, 
can capture real-time ground displacement changes before and 
after landslides, offering critical data for analyzing the mechanisms 
behind precipitation-triggered landslide disasters. Furthermore, the 
selection of the radar monitoring area is based on historical landslide 
data and topographical features, ensuring that the monitoring region 
covers areas with high landslide risk.

In the center of the figure, GNSS base stations are placed at the 
core location of the study area. Data transmission between this base 
station and several GNSS sites (GNSS Station 1, GNSS Station 2) 
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FIGURE 2
Equipment location deployment diagram.

allows for real-time collection of ground displacement information, 
assisting in the analysis of landslide dynamics. The layout of GNSS 
sites primarily focuses on high-risk landslide and debris flow areas, 
and the high-precision positioning data obtained are compared 
with GB-InSAR monitoring results, providing accurate references 
for the quantitative analysis of ground deformation. Additionally, 
rain gauges (Rain Gauge 1, Rain Gauge 2, Rain Gauge 3, and Rain 
Gauge 4) are installed at several key locations within the study 
area. These rain gauges are used to monitor precipitation in real 
time, especially in relation to the timing of landslide and debris 
flow events, revealing the temporal and spatial relationship between 
precipitation and ground deformation. Through the collection of 
precipitation data, the study can further explore how precipitation 
influences soil moisture, slope stability, and the occurrence of
landslides.

The landslide-prone areas indicated on the figure highlight 
regions where landslide disasters are likely to occur. The monitoring 
data from these regions are critical for this study. By integrating 
data from GB-InSAR, GNSS, and rain gauges, the study enables 
comprehensive monitoring of landslide and debris flow occurrence 
and evolution, providing reliable technological means for landslide 
disaster early warning. 

3 Methodology

This study primarily utilizes SBAS-InSAR technology, a time-
series InSAR method for processing multi-band satellite data, 
first proposed by the Berardino team in 2002 (Shi et al., 2021; 
Wentao et al., 2021; Yao et al., 2022). This technology, through the 
use of multiple master images and singular value decomposition 
(SVD), effectively captures the time-series deformation rates within 
the study area. Compared to traditional D-InSAR technology, this 
method demonstrates excellent performance in reducing spatial-
temporal decorrelation. The data processing includes several stages: 
first, the raw data is converted into SLC (Single Look Complex) 
format, followed by the setting of time and spatial baseline 
thresholds. Based on the connectivity relationships, interferograms 
are generated for each interferometric pair, followed by flattening, 
adaptive filtering, and phase unwrapping (Cai et al., 2022; Gorsevski 
and Jankowski, 2010; Lu and Zeng, 2020). Next, ground control 
point data is used to remove residual topographic phases, and 
further phase unwrapping and atmospheric phase correction 
are performed. Finally, through the geo-referencing process, 
deformation time-series data in a geographic coordinate system 
is obtained (Del Soldato et al., 2021).
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TABLE 1  Parameters of the employed radar system.

Parameters Value

Rail length 400 m

Band Ku

Central frequency 16.2 GHZ

Bandwidth 600 MHZ

Image acquisition time 5 min

Resolution 0.25 m∗5 mrad@1 km

Power 200 W

For ground-based InSAR monitoring, this study uses the 
R/HYB2000 MIMO slope radar system, produced by Suzhou 
Leko Sensor Technology Co., Ltd. The instrument, developed by 
Beijing Institute of Technology, operates in the Ku-band with a 
central frequency of 17.2 GHz. It offers high spatial resolution and 
strong anti-interference capabilities, making it suitable for landslide 
monitoring in complex terrains (Karunathilake et al., 2019). The 
radar system’s spatial resolution is 0.5 m × 0.5 m, enabling precise 
detection of minute deformations in the landslide mass (Mugnai 
and Tarchi, 2022). For the parameters of the employed radar 
system, see Table 1. It also provides rapid temporal resolution, 
acquiring four full-field interferograms per hour, with a swath 
width of 1.5 km × 1.0 km. The monitoring period is set from 
January to June 2025, with the radar system installed on stable 
bedrock on the opposite side of the landslide, approximately 
400 m away from the landslide mass (Liu et al., 2021), effectively 
avoiding the impact of the landslide’s instability on the radar 
system. The equipment operates based on MIMO (Multiple 
Input Multiple Output) technology, allowing multiple antenna 
arrays to simultaneously transmit and receive radar waves, thus 
improving data collection efficiency and enhancing the ability 
to process complex signals. After each scan, atmospheric phase 
screen (APS) compensation and phase unwrapping techniques 
are applied to improve deformation monitoring accuracy. 
Moreover, the system uses dynamic deformation extraction 
algorithms to monitor real-time deformation changes in the 
landslide mass, providing high temporal resolution, particularly 
for detecting rapid landslide changes and identifying acceleration 
characteristics.

In addition, this study adopts a combined approach using 
GNSS and GB-InSAR monitoring data to achieve precise analysis 
of ground deformation in the landslide area (Acar et al., 2008; 
Liao et al., 2022; Senogles et al., 2023). Since GNSS measurements 
provide three-dimensional deformation data in the eastward, 
northward, and vertical directions, while the radar system 
measures radial deformation, it is necessary to convert the three-
dimensional deformation data obtained from GNSS into the 
radial deformation components along the radar line of sight. The 
converted radial deformation components can then be compared 
with the radar monitoring data to further reveal the dynamic 

processes of the landslide disaster. The following outlines the specific 
analysis method.

Figures 3a–c illustrate the schematic diagrams for considering 
only the northward/eastward/vertical deformations. In these figures, 
the left image shows a plan view, while the right image provides 
a three-dimensional representation of the deformation. Point ‘a’ 
represents the radar, point ‘a’ is the projection of the radar on the 
monitoring point’s plane, point ‘b’ is the position of the monitoring 
point, and point c is the position of the monitoring point after 
deformation. x1 is the deformation in the northward direction as 
measured by GNSS, r is the projection of the radar line of sight on the 
plane, θ is the angle between the northward deformation direction 
at the monitoring point and the radar’s radial direction, and α is the 
angle between the deformation direction (north) at the monitoring 
point and the radar’s normal.

In triangle Δbcd, applying the cosine rule of the triangle 
it is known 

cos θ = bd2 + bc2‐cd2

2bd · bc
(1)

In Equation 1, bc = x1, bd = r·x1 cosα
r′

, cd = √(x1 sinα)2 + ( h·x1 cosα
r′
)

2
.

The northward deformation component in the radar line of sight 
direction is 

Δx1 =
x1

2 + ( (rx1 cos α)
r′
)

2
‐(x1 sin α)2‐( hx1 cos α

r′
)

2

2 rx1 cos α
r′

= x1 cosα · r
′

r
(2)

In Equation 2, r′ = √r2‐h2.
The deformation component of the GNSS-measured 

deformation in the radar-monitoring point radial direction 

Δx = Δx1 +Δx2 +Δx3 =
r′(x1 cos α+ x2 sin α) + hx3

r
(3)

In Equation 3, Δx2 is the eastward deformation component 
from GNSS, and Δx3 is the vertical deformation component
from GNSS. 

4 Result

4.1 Satellite-borne InSAR long-term 
time-series landslide displacement 
monitoring results

Figure 4 presents the long-term time-series displacement 
monitoring results of the landslide area from January 2024 to May 
2025, using the SBAS (Small Baseline Subset) method. The subplots 
from (a) to (f) show the cumulative displacement changes in the 
region over different time periods.

In the figure, the red areas represent regions moving away from 
the satellite (subsidence), while the blue areas represent regions 
moving towards the satellite (uplift). Specifically, in Figure 4a, the 
green areas indicate zones with little or no significant deformation, 
typically representing geologically stable areas with minimal 
displacement. Over time, from Figures 4b–f, the displacement range 
gradually increases. After December 2024, signs of collapse begin to 
appear in the lower-left section, with some specific areas showing 
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FIGURE 3
GNSS East-North-Up direction conversion to GBINSAR LOS direction illustration. (a) illustrates the schematic diagram of transforming the GNSS 
north-component displacement into the radar line-of-sight (LOS) direction; (b) illustrates the schematic diagram of transforming the GNSS 
east-component displacement into the radar LOS direction; and (c) illustrates the schematic diagram of transforming the GNSS vertical-component 
displacement into the radar LOS direction.

displacements reaching several tens of millimeters, indicating that 
landslide activity in these regions is gradually intensifying. The 
colors represent displacement, with the unit being millimeters 

(mm). The time periods for each subplot are indicated in the legend 
within the figure, such as Figures 4c,d, where 20240922 refers to 22 
September 2024.
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FIGURE 4
The SBAS InSAR monitoring results: (a–f) represent the accumulated deformation results for the monitoring period from January 2024 to May 2025.
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The geological mechanisms underlying these changes are 
generally closely related to factors such as precipitation, geological 
structure, and soil conditions. Heavy rainfall can cause groundwater 
levels to rise or soil to become saturated, activating sliding surfaces 
within the landslide mass and leading to more significant ground 
deformation. The progressively increasing displacement changes 
shown in the figure, especially the displacements along the landslide 
centerline, are likely to be closely associated with the influence of 
these natural factors. 

4.2 GBInSAR ground displacement 
monitoring results

Figure 5 presents the ground displacement monitoring 
results for the landslide area using GBInSAR technology. This 
technique, through high-resolution time-series interferometry, 
provides precise displacement data, capturing millimeter-
scale ground deformations, making it especially suitable for 
monitoring landslides and other disaster activities. The GB-
InSAR measures one-dimensional displacement along the radar 
line-of-sight (LOS), i.e., the projection of the true ground 
motion onto the viewing direction of the instrument. The system 
used in this study is a ground-based MIMO (multiple-input 
multiple-output) radar, which forms the interferometric phase 
by transmitting/receiving with multiple antenna channels and 
repeatedly imaging the same slope scene; consequently, the derived 
displacement represents LOS-projected motion rather than full 3-
D movement. The displacement data shown in the figure reveal 
significant spatial heterogeneity across the region, reflecting the 
deformation differences of various geological units in both time 
and space. Within the monitoring area, there is a considerable 
variation in displacement amplitude, and through analysis of 
the monitoring results, the area can be divided into two main 
sliding zones.

The first sliding zone is located in the catchment and river 
channel areas, where significant negative displacement is observed, 
particularly after precipitation, when the displacement increases 
notably. The accumulation of water triggered by rainfall, soil 
saturation, and rising groundwater levels may be the primary 
factors contributing to the intensified landslide activity in these 
areas. The wetting effect of precipitation on the soil reduces its 
strength, leading to displacement changes in the landslide mass. 
Given the instrument viewing geometry, the prevalent negative 
LOS displacement in this zone suggests that the dominant motion 
component is projected away from the radar, which is consistent 
with downslope movement whose vector has an outward LOS 
component for the monitored slope sector; conversely, localized 
positive LOS displacement indicates motion components projected 
toward the radar, reflecting either different slope-facing directions 
or locally varying kinematics within the channel deposits. The 
displacement amplitude in the river channel area is relatively large, 
showing a clear alternation of positive and negative displacements. 
This may be related to the erosional effects of river flow and 
fluctuations in groundwater, which further exacerbate the dynamic 
changes of the landslide. The significant displacement changes 
indicate that hydrological conditions play a dominant role in this 
sliding zone.

The second sliding zone is primarily distributed in the terrace 
areas. Although the displacement in this region is smaller and 
the overall geological characteristics appear stable, some localized 
areas still show slight displacement changes. The relative stability 
of the terrace area may be attributed to the presence of hard rock 
layers and less hydrological influence. However, the occurrence of 
local displacements suggests that groundwater infiltration or other 
geological activities may still play a role in this region. Although 
the terrace area shows relatively small ground deformation overall, 
attention should still be paid to the potential landslide risk, especially 
during periods of concentrated rainfall.

In summary, the displacement data from the monitoring area 
reveal two main sliding zones, located in the catchment area, river 
channel, and terrace areas. The displacement changes in these two 
sliding zones are closely related to the geological structure and 
topographical conditions, as well as hydrological factors, particularly 
precipitation and groundwater. Through high-precision monitoring 
with GBInSAR technology, critical data support can be provided for 
early warning, risk assessment, and the development of mitigation 
measures for landslide disasters. 

5 Discussion

5.1 Triggering effect of precipitation events 
on landslides

To further analyze the relationship between precipitation 
events and landslide displacement, Figure 6 compares precipitation 
monitoring results with GBInSAR monitoring data. The average 
values from four rain gauges over the same time period are selected. 
It is clearly evident from the figure that there is a significant temporal 
correlation between precipitation and landslide displacement. The 
rainfall refers to the 10-min rainfall amount (mm per 10 min), 
averaged from four gauges, while the orange curve indicates 
displacement in the landslide area (in mm). By comparing these two 
datasets, we can clearly observe the triggering effect of precipitation 
events on landslide displacement, particularly during periods of 
heavy rainfall, when displacement changes are more pronounced.

It should be noted that Figure 6 is presented as a representative 
example of a typical precipitation-induced deformation episode, 
rather than a summary of the full monitoring window. The 
long-term deformation evolution of the landslide from January 
2024 to May 2025 is provided in Figure 4, whereas Figure 6 
focuses on a short, well-defined rainfall sequence in February 
2025 to illustrate the event-scale coupling between rainfall forcing 
and deformation response. During this episode, two rainfall 
peaks occurred on 6 February 2025 and 10 February 2025. 
When precipitation rapidly increased to 0.4 mm on February 
6, the landslide displacement rose sharply to approximately 
+25 mm, suggesting an immediate deformation response to intense 
short-duration rainfall. A similar behavior was observed on 
10 February 2025, when precipitation reached ∼0.3 mm and 
displacement increased to ∼+35 mm, further supporting a strong 
rainfall–deformation linkage during concentrated precipitation. 
Note that the reported 25–35 mm refers to the cumulative GB-
InSAR displacement along the radar line-of-sight (LOS) over the 
event window, rather than an instantaneous step at a single epoch.
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FIGURE 5
GB-InSAR line-of-sight (LOS) displacement map of the monitored landslide. Positive values indicate motion toward the radar (range shortening), and 
negative values indicate motion away from the radar (range lengthening).

The monitored slope is located at the outlet of an old debris-
flow gully, where loose deposits and preferential flow pathways 
can facilitate rapid infiltration and localized pore-pressure rise. 
Under antecedent rainfall accumulation and/or a near-saturated 
slope condition, short-duration rainfall bursts can further reduce 
effective stress and shear strength, leading to accelerated cumulative 
motion. Beyond the temporal correspondence, the spatial pattern of 
LOS displacement in Figure 5 suggests a clear kinematic partitioning 
of the landslide body into hydrologically and structurally distinct 
domains, including the catchment, channel, and terrace sectors. 
The catchment zone tends to behave as an upslope recharge and 
water-convergence area, where runoff concentration and subsurface 
flow convergence can promote rapid wetting and transient pore-
pressure increases during rainfall episodes. In contrast, the channel 
zone is dominated by gully-confined deposits and repeated 
remobilization of loose materials, making it more sensitive to 
short-lived hydrological perturbations and local toe conditions. The 
terrace sector, characterized by comparatively gentler morphology 
and likely stronger or more intact material, generally shows a 
more buffered response, with deformation expressed as localized 
patches rather than a coherent, slope-wide acceleration. However, 

during periods of lower precipitation, such as 2 February 2025, 
and 4 February 2025, landslide displacement changes were small, 
typically between −5 mm and +5 mm, indicating that landslide 
activity remained stable and was not significantly triggered by 
precipitation. During these times, precipitation levels were generally 
below 0.2 mm, and the soil wetting effect was relatively slow, failing 
to trigger noticeable acceleration in displacement. This phenomenon 
suggests that while precipitation significantly influences landslides, 
its effect needs to reach a certain intensity and duration to trigger 
substantial displacement responses.

The blue box regions marked in the figure highlight periods 
of concentrated precipitation, where the acceleration of landslide 
displacement is closely related to precipitation peaks. Particularly 
after a sharp increase in precipitation, displacement changes are 
most pronounced. At the same time, the “Slow deformation” region 
marked in the figure shows that even under lower precipitation 
conditions, the landslide mass still experienced slow displacement 
changes. Even during periods of minimal rainfall, the continuous 
wetting effect of the soil and gradual rise in groundwater levels led to 
chronic deformation of the landslide mass, indicating that long-term 
moisture accumulation has a sustained impact on landslide activity.
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FIGURE 6
Comparison between rain gauge monitoring results and GBInSAR monitoring results.

By integrating GBInSAR technology with precipitation 
monitoring data, we can more precisely identify the spatiotemporal 
evolution patterns of landslide displacement triggered by precipitation 
events. Precipitation not only triggers rapid landslide displacement 
but also causes slow displacement changes during lower precipitation 
periods. The combined effects of short-duration intense rainfall and 
long-term accumulated precipitation serve as significant inducements 
for landslide activity. This finding provides a more scientific and 
quantitative basis for early warning and mitigation of landslide 
disasters, especially in the context of frequent extreme weather events. 
Monitoring the relationship between precipitation and landslide 
displacement is therefore of critical importance. 

5.2 Accuracy validation of GBInSAR and 
GNSS in landslide monitoring

In addition, this study adopts a combined approach using 
GNSS and GB-InSAR monitoring data to achieve precise analysis 
of ground deformation in the landslide area. Since GNSS 
measurements provide three-dimensional deformation data in 
the eastward, northward, and vertical directions, while the radar 
system measures line-of-sight deformation, it is necessary to convert 
the three-dimensional deformation data from GNSS into the 
deformation components along the radar line of sight. The converted 
line-of-sight deformation components can then be compared with 
the radar monitoring data, further revealing the dynamic processes 
of the landslide disaster.

Figure 7 illustrates the comparison of acceleration changes 
from GBInSAR and GNSS monitoring data, further validating 
the consistency of the two monitoring methods in landslide 
monitoring. The pink curve represents the acceleration measured 
by GNSS (in mm/h2), while the orange curve represents the 
acceleration from GBInSAR (in mm/h2). From the figure, it is 
evident that the acceleration trends from GNSS and GBInSAR are 
generally consistent, especially during stages where the landslide 
experiences deformation at different rates. The acceleration 
changes of both methods show similar trends in the “chronic 
deformation” and “accelerated deformation” phases, indicating that 
both monitoring methods can reflect the dynamic response of the
landslide mass.

However, despite the consistent trends, there are some 
differences in the specific magnitudes of acceleration. The primary 
cause of this difference is related to the working principles of the 
two monitoring methods. The GNSS system receives ground motion 
data via satellite signals and typically has high spatial resolution, but 
it is more susceptible to atmospheric delays, signal blockage, and 
other factors. Particularly in complex terrain, the accuracy of GNSS 
may decrease. In contrast, GBInSAR technology is based on the 
interferometric principle of radar beams, obtaining displacement 
data by receiving radar signals reflected from the ground. It allows 
for high-precision monitoring over large areas, especially in large-
scale landslide regions, where it holds distinct advantages. However, 
the line-of-sight measurement characteristic of the radar system 
means that the displacement measured by GBInSAR is typically 
related to the line of sight, which may lead to differences in the 
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FIGURE 7
GBInSAR and GNSS deformation verification).

magnitude of acceleration compared to GNSS, especially when 
there are changes in the terrain or the angle of the landslide mass.

Additionally, the interferometric images from GBInSAR are 
usually based on the relative changes in ground motion, while GNSS 
directly provides the absolute displacement values. This could also 
contribute to the difference in acceleration magnitudes between 
the two methods. GBInSAR is more dependent on displacement 
differences between adjacent time points, meaning its acceleration 
values may reflect relatively smaller variations, whereas GNSS can 
monitor absolute displacements in real time, especially during 
periods of significant displacement in the landslide area, when GNSS 
is often able to capture more noticeable acceleration changes.

Despite the differences in the specific magnitudes of 
acceleration, the acceleration curves from both methods show 
highly consistent trends during the accelerated deformation phase, 
indicating a synergistic effect between the two methods in landslide 
dynamic monitoring. This data comparison allows the conclusion 
that, although there are differences in the magnitude of acceleration 
between GNSS and GBInSAR, their acceleration change trends are 
consistent and mutually validating, providing reliable data support 
for precise landslide monitoring and early warning. 

5.3 Limitations and challenges of 
multi-source ground monitoring methods

Although this study shows that integrating satellite-borne 
InSAR, GB-InSAR, GNSS, and rain-gauge observations can 

strengthen landslide monitoring and early warning, the main 
contribution of the framework is not simply generating more 
data, but improving reliability through cross-validation and 
enhancing process interpretability for precipitation-driven 
deformation. The co-registered time series presented in Figure 8 
indicates that deformation accelerations and turning points are 
temporally aligned with concentrated rainfall episodes, while the 
agreement between GNSS and GB-InSAR during acceleration 
phases provides an independent constraint that helps avoid 
misinterpreting sensor-specific noise as true slope motion. This 
behavior aligns with the hydro-mechanical understanding described 
by Woods et al., 2021, in which rainfall infiltration modifies 
slope hydrological conditions and reduces material strength, 
thereby promoting deformation and instability. At the same 
time, the integrated observations help separate event-scale rapid 
responses from slower deformation under low rainfall, which 
has been discussed in the context of precipitation-controlled 
landslide evolution, including threshold and lag effects, by 
Schlögel et al. (2015), Yin et al. (2010), and Zhang et al. (2020).

Despite these advantages, several practical limitations remain. 
Satellite-borne InSAR is valuable for regional screening and hotspot 
identification, but its ability to capture short-lived accelerations is 
constrained by revisit interval, viewing geometry, and decorrelation 
in complex terrain. Consequently, it may not reflect precipitation-
driven changes at the event scale in a timely manner, particularly for 
small or localized displacements. GB-InSAR provides dense, near-
continuous measurements and is therefore well suited to capturing 
rainfall-triggered deformation dynamics, but it is a line-of-sight 
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FIGURE 8
Time series comparison of edge-radar displacement, GNSS displacement component dx, and rain-gauge precipitation.

technique with limited areal coverage per deployment and can be 
affected by atmospheric phase delays and adverse weather during 
heavy rainfall. These effects may introduce short-term noise and 
require careful quality control and correction. GNSS offers high-
precision three-dimensional deformation at discrete points and 
serves as a robust independent reference for validating radar-derived 
trends. However, its spatial representativeness is limited by sparse 
station distribution and potential signal obstruction in mountainous 
terrain, which can lead to data gaps or incomplete coverage of the 
moving body.

A further challenge lies in data fusion and interpretation. The 
four data streams differ in spatial support, temporal sampling, 
and reference frames, meaning that direct comparison requires 
strict time alignment, consistent referencing, and uncertainty-
aware interpretation. Moreover, rain gauges provide point rainfall 
measurements that may not fully represent spatially heterogeneous 
precipitation over complex topography, which can complicate 
rainfall–deformation attribution at fine scales. Future work 
should therefore emphasize uncertainty propagation and reference 
unification across sensors, atmospheric and meteorological 
correction strategies for GB-InSAR during severe weather, 
optimized GNSS network placement to improve representativeness 
and robustness, and the use of spatial rainfall products where 
available to better characterize precipitation forcing. Overall, while 
each technique has inherent limitations, the proposed multi-
source framework improves monitoring credibility by combining 
complementary strengths and providing cross-checked evidence for 
precipitation-driven landslide deformation. 

6 Conclusion

This study demonstrates the significant correlation between 
precipitation events and landslide displacement, highlighting the direct 
impact of precipitation on landslide triggering. The results show 
that both short-duration intense rainfall and long-term accumulated 

precipitation are key factors in landslide occurrence, with accelerated 
displacement observed during high precipitation peaks. GB-InSAR 
and GNSS monitoring provided precise, high-frequency data that 
captured dynamic changes in the landslide area, revealing significant 
ground deformation. The fusion of these multi-source data methods 
validated the spatiotemporal relationship between precipitation and 
landslide displacement, offering reliable insights into the role of soil 
moisture and groundwater in landslide activity. 

While multi-source data fusion proves valuable, limitations in 
spatial resolution, real-time capabilities, and monitoring coverage 
remain, particularly during the early stages of landslides. Future 
work should focus on optimizing data fusion techniques to enhance 
monitoring accuracy and mitigate the effects of meteorological and 
topographical influences on data quality.
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