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ABSTRACT: Frequent slope deformation areas induced by intense monsoonal rainfall in Nepal threaten trekking
routes and local infrastructure, especially in high-altitude regions like the Manaslu Circuit Trail. This study
evaluates the effectiveness of satellite-based landslide detection methods using both optical and synthetic aperture
radar (SAR) data. Two optical-based techniques (land cover change classification and Normalized Difference
Vegetation Index (NDVI)- Gray Size Index (GSI) differencing) and five SAR-based approaches (texture analysis,
Normalized Difference Polarization Index (NDPI) differencing, dual-polarization image interpretation, coherence
difference analysis, and interferogram interpretation) were applied to pre- and post-monsoon Sentinel-1 and
Sentinel-2 datasets. A field survey conducted in September 2024 provided ground-truth data for validating remote
sensing results. Among all methods, optical approaches produced more reliable detection results, with NDVI-GSI
differencing demonstrating the highest accuracy. SAR-based techniques faced challenges due to terrain-induced
distortions and coherence loss, though coherence difference analysis showed relative promise. Limitations in
optical imagery, such as misclassification caused by seasonal land use changes, suggest that SAR data can
complement optical analysis to improve reliability. This study concludes that a hybrid approach integrating optical
and SAR datasets enhances landslide detection in mountainous regions.
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1. INTRODUCTION depending on the focus and methodological
approach: (1) studies evaluating the structural
Nepal, a mountainous country in South Asia, characteristics of areas prone to landslides based on
attracts tourists from around the world for Himalayan subsurface geological conditions; (2) spatial
mountaineering and trekking in its foothills [1][2]. analytical methods using GIS to identify zones with
These activities provide a vital source of foreign high susceptibility; and (3) studies involving hazard
income and significantly contribute to local economic modeling and catchment-scale analyses of landslide
development [3]. The Himalayan region represents occurrence.
one of the country’s most important tourism assets [4]. Previous studies addressing the structural
However, Nepal experiences frequent natural characteristics of landslide-prone areas include
hazards such as floods, landslides, and debris flows investigations estimating subsurface structures in
triggered by heavy rainfall during the monsoon landslide regions of Indonesia [7] and studies
season [5]. Landslides often interrupt key focusing on precursor detection and monitoring
transportation routes, disrupting logistics networks techniques for slope failures [8]. In terms of GIS-
and causing considerable economic losses that have based spatial analyses, prior research has examined
become a major societal issue. the spatial distribution of landslide susceptibility in
Such slope disasters frequently occur in the newly constructed road areas in northern Bali,
Higher Himalaya region, located north of the Main Indonesia [9]. Furthermore, hazard modeling and
Central Thrust (MCT). Trekking trails traversing this catchment-scale analyses have been conducted in
area are also susceptible to landslides. Due to narrow Nepal and other regions to develop landslide
and rugged terrain and the absence of well-developed occurrence probability maps and watershed-scale
roads, these trails serve as the sole means of hazard maps [10].
transportation not only for trekkers but also for local Compared with landslides occurring in suburban
residents. When a landslide occurs along a trail, it or rural areas, landslides along trekking trails are
hinders mobility for both community members and generally smaller in scale and involve limited traffic
goods transportation. and transport volumes, as these routes are primarily
Identifying the locations of past landslides is used for the movement of people, livestock, and small
essential for predicting future landslide occurrences quantities of goods. As a result, such landslides have
and contributes to disaster mitigation measures such received relatively limited attention and remain
as early countermeasures and evacuation planning [6]. understudied.  Nevertheless, even small-scale
Research on landslide occurrence locations can landslides along trekking trails can cause serious
generally be classified into three categories, disruptions to supply transport and the mobility of
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both local residents and trekkers. Despite advances in
landslide research, most existing studies focus on
suburban or rural hilly areas, whereas mountainous
regions intensively used for trekking have been rarely
examined.

Accurately identifying the location and extent of
slope deformation along trails is essential for
sustainable trail maintenance and management.
Various satellite-based approaches have been shown
to be effective in detecting landslides adjacent to road
networks. Previous studies have applied optical
sensor imagery, such as Landsat, to identify landslide
sites [11] and used ensemble learning models on
aerial photographs [12]. However, these optical
systems are weather-dependent and often face
challenges acquiring high-quality data during
unfavorable conditions.

To address this issue, Synthetic Aperture Radar
(SAR) data, which can observe Earth’s surface
regardless of atmospheric conditions or time of day,
has emerged as a promising tool for disaster
monitoring. Especially since the 2015 major
earthquake in central Nepal, numerous studies—such
as that of Bekaert et al. [13]—have investigated slope
failure detection using SAR imagery. Nevertheless,
research specifically focusing on landslides occurring
along trekking trails remains limited. Thus,
identifying landslide occurrence locations along
trekking routes using satellite imagery and other
remote sensing data can contribute not only to
infrastructure  safety management for local
communities but also to ensuring the stable and
sustainable use of these areas by trekkers.

This study aims to evaluate the effectiveness of
existing landslide extraction methods for accurately
delineating slope deformation areas using optical and
SAR data, specifically along trekking routes in Nepal.

The remainder of this paper is structured as
follows. Section 2 discusses the significance of the
study. Section 3 describes the study area and the
methods used to extract landslide locations along the

trekking trail using Sentinel-1/2 optical and SAR data.

Section 4 presents and discusses the analytical results,
and Section 5 provides the conclusions and
implications of the findings.

2. RESEARCH SIGNIFICANCE

This study evaluates the effectiveness of existing
landslide extraction methods using optical and SAR
data along trekking routes in Nepal, with the aim of
accurately identifying slope deformation areas. For
the optical sensor data, two approaches were applied:
RGB-NDVI Color Composite for the Land Cover
Distribution Chart (LCDC) and NDVI-GSI
Differential Analysis. For the SAR data, five methods
were employed: texture analysis, NDPI differential
analysis, dual-polarization SAR image interpretation,
coherence difference analysis, and interferogram
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interpretation. A comparison of these methods
indicates that landslide detection along mountainous
trekking routes can be improved by primarily
utilizing optical sensor data while supplementing it
with SAR imagery. This combined approach enables
clearer differentiation between actual landslides and
land-use changes, resulting in more detailed and
accurate extraction. Such improvements contribute
not only to infrastructure safety management for local
communities but also to enhanced risk management
and more stable tourism use by trekkers.

3. METHODOLOGY
3.1 Study Area

The target area for this study is the Manaslu
Circuit Trail located in the Gorkha region,
approximately 200 km northwest of Kathmandu, the
capital of Nepal. This circular trekking route encircles
Mount Manaslu, which stands at an elevation of 8,156
meters. The high-altitude section of the trail is
designated as the Manaslu Conservation Area (Fig. 1).
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Fig.1 Study area map
3.2 Date Sources
To extract landslide-affected areas along the

Manaslu Circuit Trail, optical and SAR sensor data
were utilized. Specifically, Sentinel-2 optical
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imagery and Sentinel-1 SAR imagery were selected.
To capture slope deformation dynamics, one pre-
monsoon and one post-monsoon scene were selected
for each sensor. For Sentinel-2 imagery, cloud-free
scenes within the study area were preferentially
selected. The specifications of the datasets used in the
analysis are summarized in Table 1.

Table 1 Data Sources

Satellite Acquisition

Type name date Orbit  Polarization
SOaFt)etzll(I:ﬁtla Sentinel 2024429 o o
Imagery -2 2024.10.21 — —
2024.5.03 VV, VH
2024.5.27 Ascending VV, VH
SAR Sentinel 2024.10.06 VV, VH
Imagery -1 2024.4.17 VvV, VH
2024.5.11 Descending VV, VH
2024.9.20 VV, VH

3.3 Landslide Extraction Methods

In this study, following previous research [14][15],
multiple approaches were employed to extract
landslides. For optical sensor data, two methods were
applied: land cover change classification maps and
Normalized Difference Vegetation Index (NDVI)—
Gray Size Index (GSI) differential analysis. For SAR
data, five methods were implemented: texture
analysis, Normalized Difference Polarization Index
(NDPI) differential analysis, interpretation of dual-
polarization SAR images, coherence differential
analysis, and interferogram interpretation. To identify
landslides occurring along the trail, two spatial scopes
were defined: (1) catchment areas adjacent to the trail,
and (2) buffer zones of 50 meters from the trail route.

3.3.1 RGB-NDVI Color Composite for the Land
Cover Distribution Chart (LCDC)

This method identifies landslide areas by
detecting changes in vegetation between two periods.
NDVI values before and after the monsoon were
calculated from Sentinel-2 data. A color composite
image was created by assigning pre-monsoon NDVI
to red, post-monsoon NDVI to green, and pre-
monsoon blue band reflectance to blue [16][17]. The
resulting image was classified into five colors (red,
yellow, green, blue, black), with red regions
interpreted as landslide-affected areas. A supervised
classification using the Maximum Likelihood
Method was then applied using training areas
extracted from these color classes.

3.3.2 NDVI-GSI Differential Analysis
This method identifies landslide areas as regions
that transitioned from vegetated surfaces NDVI
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before the monsoon to bare surfaces GSI afterward
[18]. GSI was calculated using Equation (1):

_ (R—-B)
GSI'= (R+G+B) @

Where *R*, *G*, and *B* represent the
reflectance of red, green, and blue bands from
Sentinel-2 imagery. Thresholds for NDVI and GSI
were determined through visual inspection of false-
color satellite images (The NDVI thresholds were set
to 0.2 (pre-monsoon) and 0.3 (post-monsoon). The
GSI threshold pre- monsoon is 0.1, and post-monsoon
is 0.06).

3.3.3 SAR Intensity Texture Analysis

Texture analysis using SAR intensity data was
conducted to delineate sediment disaster zones, which
typically exhibit rough surface textures due to
disrupted land cover [19][20]. Pre-monsoon VV-
polarized SAR images were converted to backscatter
coefficients (c°) and filtered with a 5x5 Lee filter to
suppress speckle noise. Landslide-prone areas were
identified based on the standard deviation of ¢° as
such regions show significantly elevated SD values.

Thresholds were statistically defined using the
mean and standard deviation of the SD values, with
five levels set: p + 1.0c to p + 3.0c. Given the radar
illumination geometry, ascending scenes captured
west-facing slopes and descending scenes east-facing
slopes. To ensure comprehensive extraction, both
datasets were merged, and the same procedure was
applied throughout the analysis.

3.3.4 Normalized Difference Polarization Index
(NDPI) Differential Analysis

NDPI was applied to detect changes in surface
scattering characteristics using pre- and post-
monsoon VV and VH polarization backscatter data
[21]. NDPI is defined as (Equation2):

NDPI = (6°VV — o°VH) )
" (6%VV + 0%VH) @)

In this study, cOVV and oOVH represent the
backscatter coefficients (c0) of VV and VH
polarizations, respectively. The NDPI, ranging from
—1.0 to 1.0, was used to distinguish volume scattering
(e.g., vegetation) from surface scattering (e.g., bare
ground). NDPI was calculated from pre- and post-
monsoon SAR data, and the absolute difference
between the two was derived. Areas affected by
sediment-related disasters typically show a shift from
volume to surface scattering, resulting in high
absolute NDPI difference values. However,
contributions from snow and ice scattering
complicate threshold selection. Therefore, five
statistical thresholds were defined: p + 1.06 to p +
3.0c.
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3.3.5 Dual-Polarization SAR Image Interpretation

A color composite image was created using VV
and VH polarizations before the monsoon and VV
polarization after the monsoon. Bare landslides,
which exhibit increased VV reflectance over time,
were interpreted as purple regions [22][23].

3.3.6 Coherence Difference Analysis

Coherence Values (CV) are generated during the
interferometric SAR processing and represent the
correlation coefficient between intensity data
acquired at two different times, ranging from 0 to 1.0.
Low CV indicate weak temporal correlation in land
cover, suggesting that surface conditions have
changed between acquisitions [24][25].

In this study, coherence was calculated separately
from pre-monsoon and post-monsoon SAR image
pairs. The coherence derived from the post-monsoon
pair was subtracted from that of the pre-monsoon pair
on a pixel-by-pixel basis. Areas affected by sediment-
related disasters are typically characterized by a
transition to bare ground, resulting in low coherence
difference values relative to the overall distribution.

Therefore, five threshold levels were defined based

on the statistical distribution of the coherence
differences: p — 1.0c, p — 1.50, p — 2.0, p — 2.50,
and pu — 3.0c.

3.3.7 Interferogram Interpretation

An interferogram is an image represented by fringe
patterns in a color chart generated through
interferometric SAR (INSAR). INSAR is a technique
that interferes two SAR datasets acquired at different
times to measure elevation and ground deformation
from phase differences. The interferogram displays
phase differences within a range from —x to +m. A
phase difference of m indicates that the round-trip
distance of the microwave has changed by one
wavelength between the two observation periods.
Consequently, areas with gradual surface
deformation are represented by widely spaced fringes,
whereas areas with abrupt surface deformation are
represented by closely spaced fringes. Since
landslide-affected areas exhibit elevation changes
before and after the event, they were interpreted as
disaster sites based on the presence of closely spaced
fringes in the interferogram.

3.3.8 Ground-truth Survey

To validate the remote sensing-derived landslide
detection results, a field survey was conducted along
the Manaslu Circuit Trail between September 8-21,
2024. Landslide sites were verified visually and
recorded with photographs and GPS coordinates.
Interviews with local residents were also conducted
to gather temporal data on disaster occurrences.
These records served as ground-truth data for
evaluating the accuracy of satellite-based extraction
methods.
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4. RESULTS AND DISCUSSION

4.1 Landslide Extraction Using RGB-NDVI Color
Composite for the LCDC

The results of landslide extraction based on land
cover change classification using optical sensor data
are shown in Fig. 2. Within the trail buffer zone, a
total of 213 landslide sites were extracted, covering
an area of 40.7 hectares. Of the nine ground-truth sites,
two were correctly extracted. The remaining seven
sites were not detected, which suggests that no
landslide events occurred at those locations in 2024.
Subsequently, 141 random points were generated
within the extracted landslide areas. Using post-
monsoon Sentinel-2 imagery and satellite images
from Google Earth as reference data, the proportion
of correctly matched points (accuracy) was calculated
(Table3). The accuracy was 78.0%; however, due to
a high number of points being classified outside
actual landslide areas, both the F-measure and
Cohen’s kappa coefficient yielded relatively low
values. Misclassification primarily occurred in
farmland, livestock grazing areas, riverbanks, and
residential settlements. These errors are presumed to
have resulted from changes in NDVI values between
the two observation periods, leading to false positives
in the extraction process.

B ask
I andslide
o main settlement
o LandslidePoint
GroundTruth
Trail

10
kM

Fig. 2 Landslide Extraction Using RGB-NDVI Color
Composite for the LCDC

4.2 Landslide Extraction Using NDVI-GSI
Differential Analysis
The NDVI-GSI differential analysis results are
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Fig. 3 Landslide Extraction Using NDVI-GSI
Differential Analysis
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Fig. 4 Landslide Extraction Using SAR Intensity-
Based Texture Analysis

presented in Fig. 3. A total of 99 landslide-affected
sites were extracted within the trial buffer zone,
encompassing an area of 13.0 hectares. Of the nine
ground-truth sites, two were correctly identified. The
remaining seven sites were not detected, which
suggests that no landslide events occurred at those
locations in 2024.
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Fig. 5 Landslide Extraction Using NDPI Differential
Analysis
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Fig. 6 Landslide Extraction Using Dual-Polarization
SAR Composite Imagery

The accuracy was 81.3%, which was higher than
that obtained by any other method (Table3). However,
due to a large number of points being classified
outside actual landslide areas, both the F-measure and
Cohen’s kappa coefficient yielded relatively low
values. Misclassified areas were similar to those
observed in the land cover change classification map,
including farmland, livestock grazing zones,
riverbanks, and residential settlements. Compared to
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the land cover change classification map, the total
extracted area was smaller. This underestimation is
presumed to be a result of the threshold values set for
NDVI and GSI, which may have led to conservative
extraction of landslide-affected regions.

4.3 Landslide Extraction Using SAR Intensity-
Based Texture Analysis

Texture analysis and NDPI differential analysis
results, based on SAR backscatter coefficients, are
shown in Fig. 4 and Fig. 5, respectively. The texture
analysis tended to highlight ridge and valley regions
based on thresholding, while NDPI-based results
showed extensive and fragmented patterns that were

difficult to interpret as landslide zones [26].

These challenges are likely due to geometric
distortions in SAR imagery, such as layover and
shadowing. In comparison with ground-truth data,
texture analysis correctly identified four out of nine
sites, while NDPI analysis detected only two. The
accuracy was 68.0% for the texture-based analysis
method and 60.7% for the NDPI differential analysis
(Table 3).

4.4 Landslide Extraction Using Dual-Polarization
SAR Image Interpretation

Fig. 6 presents the results derived from dual-
polarization SAR imagery. Similar to other SAR-
based approaches, the image interpretation was
hindered by layover and radar shadow effects,
resulting in unreliable detection. Only one of the nine
ground-truth sites was correctly identified, indicating
the limitations of this method in mountainous terrain.
The accuracy was 74.0% (Table 3).

45 Landslide Extraction Using Coherence
Difference Analysis

Landslide extraction results from coherence
difference analysis are shown in Fig. 7. Although
spatial patterns were scattered, five of the nine
ground-truth sites were successfully matched. The
accuracy was 64.0% (Table 3). This suggests that
coherence-based methods may offer relatively better
results than SAR intensity analyses, although some
matches may have occurred coincidentally.

4.6 Landslide Extraction through Interferogram
Interpretation

The interferogram shown in Figure 8 displays
fringe patterns in certain areas, which are considered
indicative of crustal deformation. However, overall
coherence was insufficient for reliable fringe
interpretation. The interferometric processing was
conducted using data pairs acquired in April or May
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and in September or October. Due to the large
temporal baseline between these observations, the
coherence of the data was significantly reduced.
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Fig. 7 Landslide Extraction Using Coherence
Difference Analysis
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Fig. 8 Landslide Identification from Interferometric
SAR Imagery

4.7 Landslide Extraction Results Based on
Ground-truth Comparison

Table 2 presents a comparative evaluation of the
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Table 2 Comparison Between Ground Truth Locations and Landslide-Affected Areas Extracted by Each Method

No Texture NDPI Coherence
Photo of Landslide LCDC NDVI-GSI Difference DPSII Difference

Analysis Analysis Analysis

LS02 LS01

LS03

LS04

LS05

LS06

LS08 LS07

LS09
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Table 3 Results of Landslide Detection for Nine Ground-Truth Locations Across Multiple Analytical Methods

Optical Satellite Imagery SAR Imagery
LCDC NDVI-GSI X;’;‘;Zfs NDPI DA DPSII C(’hgf:nce
L (0] T L (0] T L O T L O T L O T L O T
Ground L 2 7 9 2 7 94 5 9 2 7 91 8 95 4 9
Truth (6] 0 0 0 0 0 0 O 0 0 0 0 0 0 0 0 0 0 0
L 3 25 28 2 26 2811 17 28 3 25 28 9 19 28 9 19 28
Validation
data (6] 8 114 122 2 120 122 31 91 122 34 88 122 20 102 122 35 87 122
T 11 139 150 4 146 150 42 108 150 37 113 150 29 121 150 44 106 150
Accurancy(%) 78.0 81.3 68.0 60.7 74.0 64.0
F-measure 0.154 0.125 0.314 0.092 0.316 0.250
Kappa Coefficiant 0.054 0.082 0.116 -0.153 0.155 0.028

Legend: L: Landslide, O: Others, T: Total

results obtained from various analytical methods

concerning nine ground-truth locations (LS01-LS09).

At LS01, no landslide area was detected by either
optical or SAR datasets, suggesting that no slope
deformation occurred at this site in 2024. LS02
yielded a small-scale landslide detection using optical
sensor analysis; SAR-based methods indicated partial
detection, but layover and radar shadow effects likely
reduced data reliability.

LS03 showed consistent detection across both
data sources, although slight spatial mismatches were
observed. Optical data did not detect LS04, but SAR-
based methods identified slope deformation areas to
some extent, again with limitations due to terrain-
induced distortion. LSO5 yielded similar results to
LS04,

LS06 was detected by both optical and SAR data
and corresponded to the most extensive landslide in
the study area, with an estimated width of
approximately 100 meters and a length of 400 meters.
This was the only site where interviews with nearby
residents were conducted, confirming that heavy
rainfall in August 2024 triggered the slope
deformation areas.

At LS07, no landslide was detected using either
data source, indicating the absence of deformation.
LS08 revealed a small-scale landslide using optical
data and partial detection through SAR, but terrain
distortions compromised accuracy. LS09 produced
similar results to LS08, and both sites are unlikely to
have experienced slope deformation areas in 2024.

These findings suggest that when slope
deformation is observed by both optical and SAR
datasets, the site can be reliably classified as a
landslide area. In contrast, SAR-only detection in
mountainous regions should be interpreted cautiously
due to layover and radar shadowing effects. Optical-
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only detections may reflect land use changes, such as
seasonal agricultural activity, and cannot be
unequivocally identified as landslides. Therefore, a
combined approach using both optical and SAR data
is essential for accurate landslide extraction in
complex mountain environments.

5. CONCLUSION

In this study, we applied two optical-based and four
SAR-based methods to extract landslide-affected
areas along the Manaslu Circuit Trail in Nepal. Each
method was evaluated in terms of its capacity to
delineate slope failure zones, and its effectiveness
was validated using ground-truth data.

Consistent with previous findings, the complex
topography of the Himalayan region poses significant
challenges for SAR-based landslide detection due to
layover, shadowing, and coherence loss. Among the
SAR approaches, coherence difference analysis
yielded comparatively better results, although its
accuracy remained limited.

On the other hand, the NDVI-GSI differential
analysis using optical sensor data demonstrated the
most promising performance, effectively identifying
landslide sites with fewer false positives. However,
its susceptibility to seasonal land cover changes,
particularly  agricultural  activities, highlights
limitations in discriminating between genuine
landslides and anthropogenic surface changes.

For landslide detection in mountainous regions,
optical sensor data remain the most effective primary
source while minimizing misclassification through
time-series analysis of NDVI fluctuations.
Furthermore, by incorporating SAR imagery to
differentiate between actual landslides and land use
changes, more detailed and accurate extraction of
landslide-affected areas can be achieved.

In this study, the SAR dataset was limited to C-
band Sentinel-1 imagery. To enhance the potential for
landslide detection, a key challenge lies in
incorporating SAR data acquired in the L-band,
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which, due to its longer wavelength, can penetrate
vegetated areas more effectively. This would allow
for improved observation of surface deformation and
facilitate the identification of optimal image pairs for
interferometric SAR (InSAR) analysis.

These  findings contribute to  improved
understanding of remote sensing-based disaster
monitoring in high-altitude regions, supporting more
effective trail management and community resilience
in Nepal’s mountainous landscapes.
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