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Abstract: Multi-temporal unmanned aerial vehicle (UAV) imagery and topographic data were
used to characterize and evaluate the geomorphic changes of two active landslides (Nara and
Nokot) in Pakistan. Ortho-mosaic images and field-based investigations were utilized to assess
the geomorphological changes, including the Topographic Wetness Index, slope, and displacement.
Volumetric changes in specific areas of the landslides were measured using the Geomorphic Change
Detection (GCD) tool. The depletion zone of the Nara landslide was characterized by failures of the
main scarps, resulting in landslides causing erosional displacements exceeding 201.6 m. In contrast,
for the Nokot landslide, the erosional displacement ranged from −201.05 m to −64.98 m. The
transition zone of the slide experienced many slow earth flows that re-mobilized displaced material
from the middle portion of the landslide, ultimately reaching the accumulation zone. Volumetric
analysis of the Nara landslide indicated overall erosion of landslide material with a volume of
approximately 4,565,274.96 m3, while the accumulated and surface-raising material volume was
approximately 185,544.53 m3. Similarly, for the Nokot landslide, the overall erosion of landslide
material was estimated to be 6,486,121.30 m3, with an accumulated volume and surface-raising
material of 117.98 m3. This study has demonstrated the efficacy of the GCD tool as a robust and
repeatable method for mapping and monitoring landslide dynamics with UAVs over a relatively
long time series.

Keywords: unmanned aerial vehicle (UAV); GCD; surface movement; point cloud; orthomosaic;
DSM; landslide

1. Introduction

Landslides with increasing frequency and impact have caused significant economic
losses and human fatalities in mountainous regions [1]. Physical and environmental settings
largely influence their spatial distribution and intensity, and they are widely triggered
by earthquakes and precipitation [2]. Anthropogenic activities, including road cutting,
excavation, and mining, contribute to slope destabilization and landslides [3,4]. For the
characterization, displacement monitoring, volume estimation, and hazard assessment of
landslides, unmanned aerial vehicles (UAVs) that derive very high-resolution (VHR) images
and topographic data with their intrinsic capabilities and control have gained momentum
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in the recent past [5]. UAV-based landslide monitoring is instrumental in understanding
the triggering mechanism, early warning, risk assessment, and management.

Landslides are monitored by assessing their extent, displacement rate, surface topog-
raphy, and fissure structures. Measuring vertical and horizontal displacements assists in
understanding the triggering mechanism of landslides. Three-dimensional (3D) data, such
as digital surface models (DSMs), enable the evaluation of surface displacement in space
and time domains. Since the early 2000s, technological advances in the availability of a
range of topographic data with varying resolutions have transformed DSM data collection,
analysis, and applications. Key technologies used include differential GPS, robotic total
stations, airborne LiDAR, and terrestrial laser scanners. However, ground surveys are time
consuming and have limited spatial coverage, leaving out fine-scale terrain structures. TLS
has line-of-sight limitations, while airborne LiDAR is generally too expensive for individual
research. Landslide studies at a regional scale focusing on landslide inventory, monitoring,
hazard, and risk assessment have effectively utilized a range of space-borne remote sens-
ing platforms, i.e., MODIS [6], Landsat [7,8], Worldview [9], ASTER [10], SPOT [11], and
Sentinel [12]. However, their coarse spatial resolution, extended temporal resolution, and
dependency on weather conditions limit their application for monitoring and characteriz-
ing a specific landslide [13,14]. Fine-resolution remote sensing data, including IKONOS,
Digitial Globe, Quickbird, and Pleiades, are effective for local-scale mapping. However,
their limited coverage and high costs limit their application for regional-scale landslide
mapping and monitoring.

In contrast to spaceborne and airborne remote sensing, UAVs, with their expanding
capabilities, provide a wide range of effective applications for landslide mapping and
monitoring [5]. UAVs are effective remote sensing platforms capable of producing high-
resolution aerial photographs [15]. UAV-derived VHR ortho-mosaic and topographic data
are frequently and effectively utilized for the detailed displacement of landslides and moni-
toring through the analysis of multi-temporal topographic data [16]. To evaluate ground
displacement, a variety of tools, i.e., COSI Corr [17], Mic Mac [18], and the differential DSM
method [19], have widely been used on satellite images. Geomorphic change detection
(GCD) provides a topographic data analysis tool to monitor and measure surface changes
using multi-temporal topographic data [20,21]. By generating spatially explicit metrics, in-
cluding elevation change rates, sediment budgets, and morphological indices, it is effective
in identifying and quantifying geomorphic processes, such as erosion, deposition, channel
migration, and landform evolution [22–24].

Balakot, located in the Himalayan Mountains of Pakistan, has a rugged topography,
fragile geology, active tectonics, and climatic conditions and is exposed to a high density of
landslides. Climate change-induced erratic rainfall patterns, increasing temperatures in the
area, and human intervention, including deforestation, excavation, and land use changes,
have increased the frequency of landslides and pose a significant risk to the communities
and infrastructure [25]. A comprehensive understanding of the underlying slope failure
mechanism is required to characterize large-scale landslide deformation and potential
triggers [4]. Besides the region being highly susceptible to landslide hazards, existing
studies have focused mainly on regional-scale landslide susceptibility in the Balakot and
Muzaffarabad regions [3,26–28]. In contrast, studies on the UAV-based assessment of land-
slide deformation are rarely implemented in northern Pakistan and ignored in the Balakot
region [16]. This complexity has resulted in the need to integrate UAVs’ high-resolution
data and advanced analytical techniques, i.e., GCD, to study temporal and spatial vari-
ability and understand the complex interactions between triggering factors, deformation
patterns, and the cascading effects on communities, infrastructure, and landscapes [29,30].

This study aims to employ UAVs’ technological capabilities in conjunction with in-
novative analytical methodologies, such as GCD, and conduct a thorough morphometric
analysis encompassing the geomorphological changes in various parts of the landslides.
The GCD Tool_v8.0 is an innovative software program that provides topographic data
analysis and scientifically rigorous terrain morphology change detection for researchers
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and practitioners [21]. Using a variety of sophisticated algorithms and analytical methods,
the GCD Tool makes it possible to compare digital elevation models (DEMs) that were
methodically obtained at different times [22]. By generating spatially explicit metrics,
including elevation change rates, sediment budgets, and morphological indices, it is eas-
ier to identify and quantify geomorphic processes, such as erosion, deposition, channel
migration, and landform evolution [19]. The GCD tool is employed in various geoscience
disciplines, especially landslide dynamics, using high-resolution UAV-based DEMs [23].
This in-depth analysis, which primarily focuses on the Nara and Nokot landslides in the
Balakot region, tries to understand the complex dynamics of large-scale landslides within
northern Pakistan’s unique geological and geomorphological environment. By bridging
the knowledge gap, this study aims to understand the dynamics of the Nara and Nokot
landslides and their impact on the community. It will provide detailed high-resolution
UAV and field-based data analysis to mitigate the hazard properly by policymakers.

Study Area

The selected landslides for the study, comprising the Nara and Nokot landslides, are
situated east of the Kunhar River in Balakot Valley in the district of Mansehra (Figure 1).
The elevation of the Nara and Nokot landslides ranges from 905 to 1320 m above the
mean sea level. The temperature of the area ranges from 3.2 ◦C to 15.9 ◦C in winter and
20 ◦C–37.6 ◦C in summer, with annual 1588 mm precipitation [28]. The Nara and Nokot
landslides, initially triggered by the 2005 Kashmir earthquake, remained active afterward
and posed a significant hazard to the surrounding settlements and infrastructure. The
settlements on the Nara landslide’s scarp region are particularly at high risk (Figure 1).
Similarly, the consistent displacement on the Nokot landslide threatens the surrounding
houses, population, schools, and hospitals. Debris from the landslide was deposited into
nearby rivers, elevating the channel level. The lithology of the area is largely composed
of sedimentary rocks, including shale, limestone, and fractured sandstone, contributing
to the instability of the slopes. The study area is seismically active, comprising the Main
Boundary Thrust (MBT), Kashmir Boundary Thrust (KBT), and the Balakot–Bagh Fault [29].
The brittle nature of shale and fractured sandstone are susceptible to erosion and slope
failures due to rainfall [31]. Moreover, the anthropogenically induced excavation of the
landslides for construction materials is destabilizing the landslide.
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Figure 1. Location map of the Nara and Nokot landslides: (a) Pakistan boundary with the KP
administrative boundary, (b) Mansehra and Balakot, and (c) the Nara and Nokot landslides along
with other landslide events in the study area.

2. Materials and Methods
2.1. Data Acquisition

A remotely controlled Quadcopter, i.e., DJI Inspire II and Mavic II Dual Enterprise
(Figure 2a) by Da-Jiang Innovations Science and Technology Co., Ltd. (DJI), Nanshan
District, Shenzhen, China, was used for mapping the Nara and Nokot landslides. The
UAV has a take-off weight of 1.28 kg (camera and battery included for increased stability
in the air) with a Xemuse X4 gimbal having a 120◦ tilt range. The DJI Mavic II Dual
Enterprise, Nanshan District, Shenzhen, China, has a take-off weight of 905 g (camera and
battery included for increased stability in the air), with a gimbal having a 135 ± 45 tilt
range. The gimbal holds the UAV’s camera and harmonizes with the movement of the
UAV for image acquisition. Besides this, the Inspire II and Mavic II Dual Enterprise are
mounted with ordinary GPS/GLONASS [28], which positions the grid path and takeoff
and landing accurately [4]. The visual positioning system (VPS) attached below the UAVs
consists of ultrasonic sensors and a monocular camera, which enhances the XYZ accuracies
up to 0.1 to 0.5 cm [4]. For this study, we utilized DGPS (Figure 2b) to collect the GCPs
(Figure 2c) to enhance the precision of data obtained from the UAV. The wooden tiles of
18 × 18 Inches with black and white painting and the centroid visible in black were used
as GCPs. PPS (precise positioning service) mode was used to conduct a geodetic survey to
collect GCPs [29–32]. PPS achieved high accuracy in UAV-based landslide mapping and
geodetic surveys for gathering GCPs. First, GPS devices were positioned at selected survey
markers and GCP locations, remaining static for an extended period to obtain stable satellite
signal data. This initial phase was critical in gathering the raw positional data required for
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post-processing. The gathered GPS data were then retrieved and analyzed for corrections
for various problems, such as air delays and satellite clock discrepancies, by comparing
the recorded signals to data from a network of reference stations. The post-processed
data had a high level of accuracy, which was critical for the orthorectification of the UAVs
orthomosaic and DSMs and ensuring the precision of the landslide displacement analysis.
For the UAV survey, the single and double grid missions (waypoint mode) were used in the
DJI Go 4 application (Figure 2d). The frontal and side overlap of 85% is used for SfM-based
mapping techniques [17,33–35]. The ISO was fixed at 100 for noise reduction [36]. The UAV
was set to 2 s to capture all images at a 4.6 m/s speed. The data were acquired in April
2019, August 2019, and July 2022.
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Figure 2. Figure showing (a) the gridded mission for the UAV aerial survey, (b) the ground control
points, (c) the DPGS for geodetic surveying, and (d) the DJI Mavic II dual enterprise.

2.2. Method
2.2.1. Data Pre-Processing

Pix4D Mapper 4.8.0, an advanced form of photogrammetric software specifically
developed to process large datasets, was utilized to compute the DSM and ortho-mosaic
images. The procedure commences by automatically identifying shared features among
photos and creating a dense three-dimensional point cloud to develop a DSM and ortho-
mosaic (Figure 3). The computed DSM was subsequently analyzed with the DGPS GCPs’
data (Figure 3a,b) to enhance the accuracy of the DSM. The DGPS data were also utilized
as reference data for the accuracy assessment of the derived DSM. The integration rectifies
any possible geometric distortions that arise during the first image-stitching process, such
as variations in scale, rotational impacts, or errors in elevation. The pre-and post-DSMs and
ortho-mosaics, i.e., April 2019, August 2019, and July 2022 for the three temporal periods
generated (Table 1), were resampled to the exact resolution to map the surface displacement
accurately. These time points were chosen due to the availability of resources and favorable
weather conditions and to understand the low and high temporal changes in the landslides.
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Figure 3. The 3D point cloud with AA’s cross-section along the Nara (a) and Nokot (b) landslides
and the GCPs used for the orthorectification of the UAV images.

Table 1. Acquisition date and spatial and temporal resolution with weather conditions.

S. No Landslide Date of Acquisition Spatial Resolution (cm)

1 Nara 04-04-19 8
2 Nara 15-08-19 7
3 Nara 28-07-22 8
4 Nokot 04-04-19 7
5 Nokot 15-08-19 8
6 Nokot 27-07-22 8

To compute the root mean square error (RMSE), DSM elevation values were ex-
tracted at the precise locations of the validation points, calculating the elevation differences,
squaring these differences, summing them, dividing by the number of points, and tak-
ing the square root of the results. The RMSE for the landslides was calculated using
Equation (1) [32,33], i.e.,

RMSE =

√
∑(GNSS − DSM)

2

N
(1)

where GNSS represents the GCPs’ true position during the geodetic survey. The DSM
represents the predicted values of the DSM. N represents the total number of points taken.

This formula calculated the vertical accuracy (Z) for the Nara and Nokot landslides.
For this, the GCPs used to co-register the ortho-mosaic and DSM in the SfM algorithm were
plotted over the ortho-mosaic and were located correctly [37]. The RMSE is a statistical
measure used to quantify the accuracy of a model by calculating the average magnitude of
the errors between predicted and observed values [38,39]. In the context of UAV-derived
DSMs, the RMSE assesses the difference between the elevation values from the DSM and
the corresponding ground truth elevations obtained from [5]. The RMSE is computed by
taking the square root of the average squared differences between these sets of values. A
lower RMSE indicates higher accuracy, signifying that the DSM closely matches the precise
measurements [40]. After this positional verification, the points were plotted on the DSMs
of the Nara and Nokot landslides. The elevation values were extracted to the GCP file. The
Nara landslide has 4.58 cm of RMSE aided with 17 GCPs, and the Nokot landslide has
13 GCPs plotted with an RMSE of 4.24 cm.
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In situ observations, field photographs, and high-resolution ortho-mosaics generated
by the UAV aerial survey were used to assess the morphometric analysis of the landslides.
This resulted in the generation of the landslide inventory map of the Nara and Nokot
landslides, indicating the active, dormant, and suspended areas of the Nara and Nokot
landslides. The Nara and Nokot slope maps were also generated to study the changing
topographic conditions of the landslides using the high-resolution DSMs generated from
the Nara and Nokot aerial survey data. To assess the water content in the landslides,
a Topographic Wetness Index (TWI) map was created using high-resolution DSMs in
ArcGIS 10.7, with flow accumulation and slope data from the Nara and Nokot landslides.
To compute the TWI from a DSM, it is necessary to first estimate the specific catchment
area (SCA) by calculating flow accumulation with flow direction algorithms. The slope
angle was then estimated from the DSM using the gradient method [41–43]. Finally, the
ratio of the specified catchment area to the tangent of the slope angle was utilized to
calculate the TWI values for each cell. The precipitation data were acquired from the
Pakistan Meteorological Department (PMD) meteorological observatory at Peshawar, and
the data are represented graphically to evaluate their correlation with the TWI and UAVs’
data-based landslide deformation information [44,45].

2.2.2. Geomorphic Change Detection Model

The multi-temporal DEMs were analyzed using Geomorphic Change Detection
(GCD) 7.0 software to evaluate the landslide deformation (Figure 4). The vertical differ-
ences between two temporally distinct DEMs indicate the potential areas of geomorphic
changes. Given the inherent uncertainties in DEMs’ surface representation—stemming from
possible errors over space and time—it was crucial to quantify these volumetric changes
accurately. To address this, a non-parametric signed-rank test was incorporated into the
workflow, offering a probabilistic evaluation of the difference of DEMs (DoD) [46,47]. This
statistical approach helped to affirm the significance of observed changes by assessing the
probability that observed differences in elevation were due to actual geomorphic activity
rather than random variation or noise [48]. Furthermore, the analysis involved extracting
geomorphological surface features to study variations within each DEM grid cell. The GCD
analysis recognized two scenarios in the variability of the DoD: basic and complex. For basic
DoD scenarios, where uncertainty is less pronounced, a minimum detection level (minLoD)
was employed to filter out minor changes within the noise threshold. In contrast, complex
scenarios required a more nuanced approach where spatial variability of DoD uncertainty
was considered [49–52]. This involved determining spatial variability and applying a spa-
tially consistent elevation uncertainty to each DEM, ensuring that these uncertainties were
accurately propagated into the DoD calculation. A fuzzy inference system (FIS) generated
an elevation uncertainty estimate if the spatial variability was significant. To mitigate any
potential geometric errors in the data, the DSMs were resampled to 1 m resolution [53,54]. The
final step in GCD-based change detection involved setting a minimum detection threshold of
0.20 m for the three temporal DSMs. This threshold was strategically chosen to ensure that
only significant geomorphic changes were considered, thereby avoiding the inclusion of minor
alterations that might not be relevant to the broader geomorphological analysis, including
areal, volumetric, vertical averages, and percentages (by volume). The inter-comparison
between the two change-detected surfaces generated from the temporal DSMs resulted in the
cross-comparison of the changes.
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Figure 4. The methodology flow chart for assessing landslide displacement using the geomorphic
change detection model.

3. Results
3.1. Accuracy Assessment

The Nara landslide has 4.58 m of RMSE aided with 17 GCPs, and the Nokot landslide
has 13 GCPs plotted with an RMSE of 4.24 m.

3.2. Morpho Dynamics of Nara and Nokot Landslides

Based on the observed geomorphic features, a landslide is categorized into three
distinct zones: depletion, transition, and accumulation. The delineation of these zones
involves a combination of quantitative methods, such as topographic and movement
data, and qualitative assessments based on field observations of geomorphological and
depositional characteristics. In the case of the Nara landslide (Figure 5a), the depletion zone
corresponds to the scarp region where the landslide originated during the 2005 earthquake,
resulting in material detachment [54–56]. Continuous erosion characterizes the transition
zone, with the northwestern part experiencing the highest erosion rates. The accumulation
zone of the Nara landslide is where the eroded material from the depletion and transition
zones is deposited. For the Nokot landslide (Figure 5b), the depletion zone consists of two
elongated source areas with a disorganized distribution of surface irregularities, indicating
ongoing sliding affecting the slopes. Within the depletion zone of the Nokot landslide,
the main and secondary scarps exhibit an accurate form, and the ground surface is tilted
backward, suggesting rotational or roto-translational slides that evolve into earth flows
downslope. Detailed field investigations revealed the presence of extensional cracks and
trenches often filled with collapsed material. Moreover, tension cracks and lateral fissures
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were observed at the top of the slope, highlighting the retrogressive evolution of the main
scarps in the Nokot landslide.
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Figure 5. The (a) Nara and (b) Nokot landslides are divided into depletion, transition, and
accumulation zones.

3.3. Nara and Nokot Landslide Geomorphological Changes

The geomorphological investigation of the Nara landslide in Balakot shows consid-
erable changes between 2019 (Figure 6a) and 2022 (Figure 6b). The data are divided into
three categories, active, dormant, and suspended zones, with each demonstrating signif-
icant fluctuations over the study period. In 2019, the active area of the Nara landslide
was 69,428.04 m2 (Figure 6), which decreased to 55,700.63 m2 in 2022. The dormant area
representing temporarily inactive zones has the potential for future activity to increase from
9621.22 m2 in 2019 to 19,480.58 m2 in 2022. This growth shows that some previously active
areas have fallen inactive and may reactivate. The suspended area, including transit mate-
rials, has also significantly increased. The suspended area has increased from 12,306.27 m2

in 2019 to 35,433.36 m2 in 2022. The rise in suspended material indicates increased move-
ment of debris and materials, which contributes to the overall dynamic changes inside the
landslide. The observed variations in the Nara landslide’s active, dormant, and suspended
zones between 2019 and 2022 highlight the landslide’s dynamic nature. The change of
sections from active to dormant and suspended phases emphasizes the need for ongoing
monitoring and analysis (Table 2).
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Figure 6. Figure showing the geomorphological changes in the Nara Landslide for the temporal
period (a) 2019 and (b) 2022, showing the overview of the reduction in the active and dormant zones
and the expansion of the suspended zone.

Table 2. The landslide geomorphological changes in the Nara and Nokot landslides (2019–2022).

Nara Landslide Geomorphological Change Analysis

Conversion Area (m2) Changes in the Landslide Zones

Active to Dormant 2222.11 Vegetated area along the transition zone
Dormant to Suspended 7570.20 The area along the main scarp and its surrounding
Dormant to Active 585.55 Secondary scarp and transition area
Suspended to Active 2367.43 Secondary scarp and transition area
Suspended to Dormant 727.06 The area along the secondary scarp
Intact Active 10,132.88 The main and secondary scarp region
Intact Dormant 51,210.01 Stabilizing region over the main scarp and transition zone
Intact Suspended 451.47 The vegetated portion of the landslide

Nokot Landslide Geomorphological Change Analysis

Active to Dormant 3371.20 Around the transition zone
Dormant to Suspended 710.65 Near the accumulation and toe
Active to Suspended 649.99 Near the accumulation and WE scarp region
Dormant to Active 1482.07 In the NW and SW scarp region
Suspended to Active 2372.65 NS scarp
Suspended to Dormant 861.30 Accumulation and transition zone
Intact Active 41,265.65 Along the scarp
Intact Dormant 861.30 Along the transition zone
Intact Suspended 1566.95 Along the accumulation zone, specifically the NE part
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The ortho-mosaic-based geomorphological map of the Nokot landslide in Balakot was
created to divide the landslide mass into active, dormant, and suspended zones between
2019 (Figure 7a) and 2022 (Figure 7b). The research yielded significant and intriguing
results. In 2019, the active component of the landslide, representing the actively moving
and unstable area, measured roughly 47,252.21 m2 (see Figure 7). By 2022, the active
component increased to 48,260 m2. The dormant portion, which includes sections that
are temporarily inactive but have the potential to revive, grew significantly between 2019
and 2022. In 2019, the dormant area covered 7744.30 m2, indicating stable areas of the
landslide. However, in 2022, the dormant section reached 13,263.83 m2. This expansion
suggests the potential for future activity and highlights the need for continued monitoring
and assessment to understand the triggers and dynamics of the landslide in Balakot.
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Figure 7. Figure showing the changes in the geomorphology of the Nokot Landslide over the period
of (a) 2019 and (b) 2022.

On the other hand, the suspended area, representing material in transit and suspended
in the gravitational mass movement, displayed an exciting trend. In 2019, the suspended
portion was estimated to be approximately 5782.35 m2, indicating a significant volume of
unstable material transported within the landslide. However, in 2022, the suspended area
shrank to 2927.78 m2, indicating that some active areas are dormant or have been halted.

3.4. Slope Analysis of the Nara and Nokot Landslides

The Nara landslide has been excavated for raw construction materials, and there has
been a volume loss in different regions over the landslides. This excavation has made the
particular zone highly dynamic (Figure 8a) at the area (a) of the Nara landslide. The area
has a significantly displaced depression (Figure 8a–c) at area (b) identified above the toe
at area (a). The July 2022 slope (Figure 8c) at area (b) shows the lowest slope due to the
unmapped above-scarp area in the field for DSM generation during the aerial survey and
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processing in the SfM algorithm. It can be observed that there are also other significant
changes in the slope map across the main scarp, secondary scarp, and the toe region. The
scarp portion (Figure 8a) at location (a) is stable with movement in the material, but there
are very few slope changes of less than 1 degree. The secondary scarp to the NW side to the
point (Figure 8a–c) at area (b), which is highly active, shows stability and lesser changes in
the slope, although it is also upright-faced and covered with loose debris. The leading toe
at the area (c) has only been excavated, reducing the slope to 15 degrees. Based on these
dynamics, the lateral leading to the (c) portion may surge again shortly.
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The Nokot landslide slope map (Figure 8d–f) shows a surge in the NS scarp (a) with
white ranging from 3 to 4 degrees. These changes in the slope indicate the possibility
of a surge in the NS scarp (a). The lower portion, i.e., the valley floor and the toe (b) of
the landslide, resembles small changes. These variations represent the changing slope
scenario in the valley floor of the Nokot landslide. There has been a 2–3-degree change in
the landslide’s lower regions (b) and (c).

3.5. Cross-Sectional Investigation of DSM-Based Landslide Slope Changes

The slope measurements in the Nara landslide in April 2019, August 2019, and July
2022 show significant variations (Figure 9). Slope values fluctuate throughout the measured
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periods, suggesting that landmass movement is active and that the land is prone to a
landslide. A noticeable change in the slope values between April 2019 and July 2022, with
some regions exhibiting considerable rises and declines, as encircled in blue, confirms
severe erosional activity; these variations indicate the terrain’s susceptibility to landslides
and imply ongoing geological processes. The deviation in the slope over the temporal
period identifies the Nara landslide’s active nature.

Land 2024, 13, x FOR PEER REVIEW  14  of  28 
 

 

Figure 9. The cross‐section AA’s slope changes: Change for the temporal period of April 2019, Au‐

gust 2019, and July 2022 of the Nara landslide, where the Y‐axis shows the changing slope values 

and the x‐axis shows the number of points taken along the AA profile used for extracting the slope 

values from the DSM derived slope data. 

The examination of Nokot landslide slope data from April 2019, August 2019, and 

July 2022 (Figure 10) reveals significant variations in slope values over time, indicating 

the active landslide erosional activity. The mean slope numbers exhibit a noticeable in‐

crease from July 2022 (mean slope: 36.15°) to April 2019 (mean slope: 35.62°), suggesting 

a progressive rise in the steepness of the terrain. The mean slope numbers, for example, 

exhibit a noticeable increase from July 2022 (mean slope: 36.15°) to April 2019 (mean slope: 

35.62°), suggesting a progressive rise in the steepness of the terrain. Specific data points, 

such as the slope values for places, which show varying patterns during the studied pe‐

riod,  further confirm  this  trend. For  instance, between April 2019 and  July 2022, slope 

values  at  several  sites  changed  significantly, with noticeable  increases or decreases  in 

slope angle. These variations  in slope values demonstrate  the dynamic nature of  land‐

slides in Nokot and emphasize the necessity of ongoing observation and thorough risk 

assessment to reduce potential dangers successfully. The deviation in the slope over the 

temporal period identifies the active nature of the Nokot landslide. 

 

Figure 10. The cross‐section AA’s slope changes: Change for the temporal period of April 2019, Au‐

gust 2019, and July 2022 of the Nokot landslide, where the Y‐axis shows the changing slope values 

and the x‐axis shows the number of points taken along the AA profile used for extracting the slope 

values from the DSM derived slope data. 

3.6. Topographic Wetness Index Map 

The TWI derived from the DSM for the Nara landslide (Figure 11a) varies between 

−1 and 1.09. Positive TWI readings indicate that the area is more humid. The TWI number 

increases the likelihood of water buildup or absorption in the terrain. As a result, this area 

may have a greater likelihood of soil moisture. The TWI values for a point at area (b) and 

its surroundings range from 1.93 to 7.47. This suggests that the moisture conditions are 

Figure 9. The cross-section AA’s slope changes: Change for the temporal period of April 2019,
August 2019, and July 2022 of the Nara landslide, where the Y-axis shows the changing slope values
and the x-axis shows the number of points taken along the AA profile used for extracting the slope
values from the DSM derived slope data.

The examination of Nokot landslide slope data from April 2019, August 2019, and
July 2022 (Figure 10) reveals significant variations in slope values over time, indicating the
active landslide erosional activity. The mean slope numbers exhibit a noticeable increase
from July 2022 (mean slope: 36.15◦) to April 2019 (mean slope: 35.62◦), suggesting a
progressive rise in the steepness of the terrain. The mean slope numbers, for example,
exhibit a noticeable increase from July 2022 (mean slope: 36.15◦) to April 2019 (mean slope:
35.62◦), suggesting a progressive rise in the steepness of the terrain. Specific data points,
such as the slope values for places, which show varying patterns during the studied period,
further confirm this trend. For instance, between April 2019 and July 2022, slope values at
several sites changed significantly, with noticeable increases or decreases in slope angle.
These variations in slope values demonstrate the dynamic nature of landslides in Nokot
and emphasize the necessity of ongoing observation and thorough risk assessment to
reduce potential dangers successfully. The deviation in the slope over the temporal period
identifies the active nature of the Nokot landslide.
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3.6. Topographic Wetness Index Map

The TWI derived from the DSM for the Nara landslide (Figure 11a) varies between −1
and 1.09. Positive TWI readings indicate that the area is more humid. The TWI number
increases the likelihood of water buildup or absorption in the terrain. As a result, this area
may have a greater likelihood of soil moisture. The TWI values for a point at area (b) and
its surroundings range from 1.93 to 7.47. This suggests that the moisture conditions are
similar to point (a). The TWI values at point (c) and the surrounding areas range from 1.93
to 4.01. Point (d) and its surrounding areas possess TWI values varying from 1.08 to −1.08.
The point (e) is from 1.09 to 1.93. The existence of positive and negative numbers can show
a change from wetter to drier circumstances. The positive TWI values (e.g., 1.93), though
less strongly than in points (a), (b), and (c), still allude to some degree of potential water
accumulation. The negative TWI values indicate the lower soil moisture content or drier
circumstances, i.e., −1.08 in the Nara landslide.
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The TWI values range from 4.74 to 11.87 for the Nokot landslide at sites shown
(Figure 11b) at points (a), (b), and (c), as well as the areas surrounding areas, indicating
wetter conditions for soil moisture content. Points (d) and (e), on the other hand, and the
area around them, have TWI values ranging from 2.66 to −1.31, indicating a change to
drier circumstances with less water retention or the amount of moisture in the soil. The
variations in wetness inside the Nokot landslide location and its near surroundings are
widely understood due to the TWI values.

The Balakot area experienced varying levels of rainfall from 2019 to 2022, providing
valuable insights into precipitation and its correlation with the TWI results. In 2019, the
rainfall measured 2430.79 cm (Figure 11c), followed by 2075.45 cm in 2020, 2250.03 cm in
2021, and 1208.06 cm in 2022. These rainfall measurements offer important information
on the moisture patterns in the region during those years. The interaction between these
rainfall values and the TWI (landslide topographic wetness index) values can significantly
influence the moisture conditions and potential landslide hazards in both the Nara and
Nokot landslide areas.

3.7. The Areal and Volume Changes in the Nara and Nokot Landslides

The areal changes for the temporal period August–April 2019 for the Nara landslide
show a total area of about 2613.73 m2 of surface lowering with a total of 35,124.83 m2

of surface raising with the total area of interest as 3778.5 m2 (Table 3). The DSM areal
changes for the temporal period July 2022–August 2019 show the total surface lowering
as 37,726.63 m2 with a total surface raising m2 of 9.59 m2. The total area of interest was
37,736.22 m2. The DSM areal changes for the temporal period July 2022–April 2019 DSM
changes have 37,739.64 m2 of surface lowering areas with 4.53 m2 of total surface raising.
The total area of interest recorded is 37,744.1 m2.

Table 3. The Areal changes in the Nara and Nokot landslide.

DEM of Difference Total Area of Surface
Lowering (m2)

Total Area of Surface
Raising (m2)

Total Area of Detectable
Change (m2) Total Area of Interest (m2)

Nara Landslide

August–April 2019 2613.71 35,124.83 NA 37,738.55
July 22–August 2019 37,726.63 9.59 NA 37,736.22
July 22–April 2019 37,739.64 4.53 NA 37,744.1

Nokot Landslide

August–April 2019 56,904 61 NA 56,965
July 22–August 2019 56,978 0 NA 56,978
July 22–April 2019 57,005 0 NA 57,005

The DSM areal changes for the temporal period of August–April 2019 show that the
Nokot landslide has a total surface lowering of 56,904 m2 with a total area of surface raising
acquired 61 m2. The total area of interest for the August–April 2019 temporal period
landslide is 56,965 m2. The DSM areal changes for the temporal period of July 2022–August
2019 DSM changes show the total area of surface lowering as 56,978 m2 with no surface
raising. The total area of interest recorded is 56,978 m2. The July 2022–April 2019 DSM
changes show the total area of surface lowering as 57,005 with no area surface raising.

The volumetric changes for the Nara landslide in the August–April 2019 temporal
period DSM changes show a total volume of surface lowering of 17,392.22 m3 with the total
volume of surface raising of 184,432.99 m3 (Table 4). The July 2022–August 2019 temporal
period DSM changes shows a total volume of surface lowering of 2,357,482.13 m3 with a
total volume of surface raising of 812.71 m3. The July 2022–April 2019 temporal period
DSM changes show a total volume of surface raising of 219,000.37 m3 with the total volume
of surface raising of 298.82 m3.
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Table 4. The volume changes in the Nara and Nokot landslides.

DEM of Difference Total Volume of Surface Lowering (m3) Total Volume of Surface Raising (m3)

Nara Landslide

August–April 2019 17,392.44 184,432.99
July 22–August 2019 2,357,482.13 812.71
July 22–April 2019 2,190,400.37 298.82

Nokot Landslide

August–April 2019 651,471.13 117.98
July 22–August 2019 2,590,821.21 0
July 22–April 2019 3,243,829 0

The Nokot landslide DSM changes for August–April 2019 show a total volume of sur-
face lowering of 651,471.13 m3 with a volume surface raising of 117.98 m3.
The July 2022–August 2019 DSM changes show the total volume of surface lowering
of 2,590,821.21 m3 with no volume surface raising. Similarly, the July 2022–April 2019
temporal period DSM changes show a total volume of surface lowering of 3,243,829 m3

with no surface raising.

3.8. Plano-Altimetric Changes of the Nara and Nokot Landslides

The Nara landslide geomorphic change detection for the temporal period August–
April 2019 (Figure 12) shows the elevation changes in the NW part of the landslides
where there is a certain level of erosion detected with displacement ranging from −1
to 68.41 m. The NE part of the landslide along the secondary scarp also shows some
erosion with displacement ranging from 1.98 to 25.45 m (Figure 12). The main scarp is
channelized toward the accumulation zone in the NW direction (Figure 12), and some
surface deposition occurs where the material detached from the NE part of the scarp is
deposited (Figure 12a–c). The NE part of the main scarp (a) shows some erosion with
displacement ranging from −11.62−1.91 m with some deposition ranging from 1.911 m to
7.20 m (a). The accumulation zone of the main landslide body (b) and the accumulation
and deposition zone of the secondary landslide body show some deposition with surface
deposition ranging from 1 to 68.41 m (c).

The NW part (Figure 12b) at point (b) of the Nara landslide shows the highest erosion,
with displacement ranging from −174 to −68.88 m. The lower NS part, i.e., the toe (c),
shows erosion, with displacement ranging from −68 m to −17.74 m. The primary scarp (a)
shows high erosion, with displacement ranging from −77.78 to −94.92 m. The secondary
scarp accumulation and toe (c) region show high deposition values ranging from 0 to
600 m.

The DSM changes of the Nara landslides for the temporal period of June 2022–April 2019
show high erosion values in the primary scarp region (Figure 12c) at point (a), ranging from
−65.39 to −96.28 m. The toe region also shows high erosion with displacement ranging from
−18.21 to −74.86 m. The accumulation region of the landslide body (b) shows the highest
erosion with displacement ranging from −83.61 to −201.60 m. The accumulation and toe
region of the secondary part of the landslide shows high deposition values ranging from
−18.18 to −81.67 m.

The Nokot landslide DSM changes for the temporal period August–April 2019
(Figure 13a) at point (a) show that the Northern part of the scarp shows high deposi-
tion values ranging from 1 to 5 m. The NW scarp (b) also shows a high deposition level
ranging from 0 to 6 m. The valley’s lateral part (c) and NE scarp (a) show high erosion
values with displacement ranging from 6.93 to −21 m.
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Figure 12. The temporal DSM changes using the GCD for the temporal periods of (a) August
2019–April 2019, (b) July 2022–August 2019, and (c) July 2022–April 2019 of the Nara landslide.
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Figure 13. The temporal DSM changes using the GCD for the temporal periods of (a) August
2019–April 2019, (b) July 2022–August 2019, and (c) July 2022–April 2019 of the Nokot landslide.

The Nokot landslide DSM changes for the temporal period of July 2022–August 2019
show high erosion (Figure 13b) at point (a) with displacement ranging from 0 to −58 m.
The NW scarp (b) also shows high erosion with displacement ranging from −28 to −58 m.
The NE scarp (b) and the lateral valley floor until the lower toe show high levels of erosion
with displacement ranging from −14 to −58 m.

The Nokot landslide DSM changes for the temporal period of July 2022–April 2019
also show high erosion values (Figure 13c). The landslides’ northern and NE scarp areas
show high erosion with displacement ranging from −1 to −67 m. The lateral part of the
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valley and valley floor shows significant material loss with displacement ranging from −2
to 50 m. The NE scarp, however, shows some erosion with displacement ranging from −51
to −68 m.

3.9. Inter-Comparison of the Temporal DSMs Generated

The inter-comparison analysis between all of the temporal datasets for the Nara
landslide DSM changes shows that a total of all compared 78,079.99 m2 of the area have
surface lowering and a total of 35,138.96 m2 of the area have surface raising m2 in the Nara
landslide (Table 5).

Table 5. The areal changes inter-comparison of the different temporal DSM changes of the Nara and
Nokot landslides.

DEM of Difference Total Area of Surface Lowering (m2) Total Area of Surface Raising (m2)

Nara Landslide

August–April 2019 37,739.64 4.53
July 22–August 2019 37,726.63 9.59
July 22–April 2019 2613.71 35,124.83
Total of All Compared 78,079.99 35,138.96

Nokot Landslide

August–April 2019 56,904.00 61.00
July 22–August 2019 57,005.00 0.00
July 22–April 2019 56,978.00 0.00
Total of All Compared 170,887.00 61.00

The Nokot landslide, however, shows that of the entire total area, there has been
significant surface lowering over an area of 7807.99 m2 over the three temporal DSMs
changes analysis. However, the total surface raising area is 61 m2 for all of the temporal
periods of the Nokot landslide.

Similarly, the total volume loss for the Nara landslide over three temporal periods
recorded is 4,565,274.96 m3 (Table 6), with a total surface raising of 185,544.53 m3. Similarly,
the Nokot landslide has a total volume loss of 6,486,121.30 m3 with a total volume raising
of 117.98 m3.

Table 6. The volumetric changes inter-comparison of the different temporal DSM changes of the Nara
and Nokot landslides.

DEM of Difference Total Volume of Surface Lowering (m3) Total Volume of Surface Raising (m3)

Nara Landslide
August–April 2019 2,190,400.37 298.82
July 22–August 2019 2,357,482.13 812.71
July 22–April 2019 17,392.44 184,432.99
Total of All Compared 4,565,274.96 185,544.53

Nokot Landslide

August–April 2019 651,471.13 117.98
July 22–August 2019 3,243,828.95 0.00
July 22–April 2019 2,590,821.21 0.00
Total of All Compared 6,486,121.30 117.98

4. Discussion

Recently developed and widely accessible UAV equipment with high-resolution cam-
eras has been effectively used for the characterization and monitoring of landslides and
offers a useful tool for assessing the risk of landslides. To assess and characterize the
displacement of the Nara and Nokot landslides in Balakot, northern Pakistan, the current
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study used multi-temporal UAV surveys. Overall elevation (Z) error between the DSMs
generated using the DGPS GCPs was obtained (RMSE 85% and 86%, respectively) during
the processing of each set of photos, confirming the high accuracy of 3D models. These
RMSE values are also comparable to those found in other studies, e.g., [57–59]. Eker et al. [4]
used a geodetic survey and acquired an accuracy of XYZ 5–10 cm. Ma et al. [35] acquired
an XYZ 2–4 cm accuracy using 24 BBA and 39 independent GCPs. Eker et al. [4], acquired
an XYZ accuracy of 6–10 cm. To acquire information about the landslides’ topographic
changes, we needed large displacement values relative to the computed errors; lesser values
were inconclusive [60–64].

The 3D models created permitted the production of ortho-mosaics and DSMs with
high spatial resolution. They proved suitable for multi-temporal landslide displacement
studies, as demonstrated by several research studies [5,34,35,37,38]. Many researchers
have focused on using the DSMs to assess landslide displacement using DoD analysis
techniques, e.g., [5,35,38–40]. Using the structure from motion (SfM) technique, the DSMs
were produced. As a result, the DoD analysis was completed using the DSMs, allowing for
more accurate assessments of the landslides’ displacements and volumes. It was possible
to obtain specific information about morphological changes, deformation, and vertical
displacements within the Nara and Nokot landslides between April 2019, August 2019,
and July 2022 by analyzing multi-temporal ortho-mosaics and DSMs. By conducting field
surveys, the gathered data were validated and enhanced.

Through the study of multi-temporal ortho-mosaics and DSMs, the acquisition of
detailed information about morphological changes and vertical displacements that occurred
within the Nara and Nokot landslide area between April 2019, August 2019, and July 2022
was possible. Field investigations and multiple aerial surveys were used to validate and
enhance the acquired data.

The combination of ortho mosaic interpretation and frequent field surveys revealed
geomorphological evidence of the ongoing activities in the Nara and Nokot landslides.
Mass movements of various sizes and levels of activity, therefore, affected the landslides,
resulting in swift changes in morphology, particularly in the depletion and transition zones
of the landslide. The upper part of the source area is said to have chaotic dynamics, with
numerous landslide scarps, tension cracks, trenches, and counter slopes. Additionally,
the multi-temporal study showed that different parts of the landslide region were active
at various points, which is typical behavior of massive landslides. The Nara and Nokot
landslides demonstrate a complex morphodynamic and composite organization of activity,
as evidenced by the information gathered.

An extensive multi-temporal morphometric analysis of the aerial surveys conducted
in April 2019, August 2019, and July 2022 revealed that the active area of the Nara landslide
had gradually decreased from 69,428.04 m3 to 5,570,063 m3 and that of the Nokot landslide
increased from 47,252.21 m3 to 48,260 m3 due to active tectonics, rainfall patterns, and
excavation of the material anthropogenically. The dormant area of the Nara landslide,
however, increased from 9621.22 m3 to 19,480.58 m3, and for the Nokot landslide, the
dormant area increased from 7744.30 m3 to 13,263.83 m3. This expansion was determined
to result from the Nara and Nokot landslide scarps gradually moving uphill, causing
a progressive change in the landscape. Notably, sliding occurred repeatedly in the top
part of the transition zone of the Nara landslide and in the depletion zone of the Nokot
landslide, which helped to continuously lower the elevation of the landslide. Additionally,
the forward movement of the landslide’s mass from the degraded depletion zone to the
transitional and, eventually, accumulation zones justified the minimal elevation rise in
particular designated points due to rainfall events washing out the loose material to the
water channel and the river. The accumulation zone of the Nara and Nokot landslides’
DSMs revealed substantial and apparent variations in the topographic characteristics. This
detailed analysis revealed the dynamic and constantly changing nature of the Nara and
Nokot landslides.
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Huntley’s findings [34], including two sets of DEMs and orthophoto mosaics, taken
on 16 July 2011, and 10 November 2011, were compared to analyze landslide dynamics.
The COSI-Corr image correlation technique was employed to measure and map terrain dis-
placements. The results indicated that the technique effectively mapped the displacement
vectors of the landslide’s toes, soil chunks, and vegetation patches but was unsuccessful
in mapping the main scarp’s retreat. Similarly, Ahmad et al. [23] explored the applica-
tion of DTA on loess landslides in China using high-resolution terrain data from low-cost
UAVs. Focusing on a high-speed, long-runout landslide on the Bailu Loess Tableland,
the research examined the landslide’s fundamental characteristics and spatial patterns
through hydrology analysis, geomorphic change detection, hypsometric integral (HI) and
stability analysis, morphology analysis, and structure analysis. The results demonstrated
that DTA enhances the understanding of landslide geomorphology and structure, detects
geomorphic changes, reveals landform evolution principles, and offers advantages in pre-
dicting landslide stability. Mao et al. [22] investigated the reactivation of the Jiangdingya
landslide near the Bailong River in Nanyu Township, Zhouqu County, Gansu Province,
China. Approximately 10,000 m3 of material slid into the river, causing flooding and
destruction of infrastructure [36,41,42]. Using GCD, researchers used field investigations,
UAV photography, InSAR traces, historical records, and remote sensing images to analyze
the landslide’s geometry and geomorphic parameters. High-resolution topographic data
helped assess geomorphological changes, stability, and precursory motion [43–47].

The Google Earth-based temporal analysis (2010, 2014, and 2022) of the visual records
for the Nara landslide revealed a serious issue as communities grow dangerously above
the landslide scarp (Figure 14) [48–51]. This circumstance causes a great deal of concern
regarding landslide hazards [52–55]. The images emphasize the changing terrain over time
and the progressive expansion of these towns. The need for a detailed risk assessment
and the creation of practical mitigation methods in this area is made more urgent by the
settlements’ closeness to the scarp [56–61].
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Figure 14. Progression of Nara Landslide Impact and Community Expansion; (A) Houses at risk (red
circle) and landslide scarp (red squares), (B) Landslide above scarp living community, (C) Landslide
extent(encircled in blue) in 2010, (D) Rapid community expansion by 2014, (E) Increased risk: to
community and landslide expansion (encircled in blue) by 2022.

Turning to the Nokot landslide, our examination of 2010, 2012, 2016, and 2022 suggests
a clear cause for concern. Settlements below the landslide-prone area are at increased risk
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in this situation. This risk is increased by the undeniable proof of the landslide’s elevation
of the flow channel and the continual deposition of debris into the adjoining Kunhar River
and, therefore, there is an urgent need for thorough land-use planning and efficient risk
mitigation strategies in these susceptible areas. Given these changing landslide dynamics,
ongoing monitoring is crucial for making informed decisions [62–64]. The community
living above the scarp and below the landslides, as evidenced by Figures 14 and 15 is on
the verge of the impending landslide risk [65,66]. The timely mitigation and stabilization
of the landslide through engineering and bioengineering is needed for the Nara and Nokot
landslides [67].
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Figure 15. Progression of Nokot Landslide Impact and Community Expansion Visual records of
landslide risk to settlements and displacement of the Nokot landslide using Google Earth data for the
temporal years; (A) Houses at risk and landslide scarp in 2010, (B) Community expansion and scarp
growth in 2014, (C) Continued expansion and scarp growth in 2016, (D) Further expansion, scarp
growth, and rising water channel (red line) posing increased risk to Nokot village by 2022.

Figures 14 and 15 detail the progression of landslide impacts and community expan-
sion in the Nara and Nokot regions, respectively. Figure 14A depicts the community at
risk from the Nara landslide, with a red circle indicating houses above the landslide scarp,
which are shown as red squares in Figure 14B. Figure 14C illustrates the Nara landslide’s
extent in 2010, while Figure 14D highlights the rapid expansion of community houses
by 2014. By 2022, Figure 14E shows further expansion of both the community and the
landslide body, emphasizing the increased risk.

Similarly, Figure 15A presents the community at risk from the Nokot landslides in
2010. Figure 15B–D show the community’s expansion in 2014, 2016, and 2022, respec-
tively, with red circles marking the scarp region’s growth. Additionally, a red line in
the toe region indicates the rising water channel draining into the Kunhar River, posing
multiple hazards and increased risks to the Nokot village. These figures collectively under-
score the growing vulnerability of the communities due to ongoing landslide activity and
residential expansion.

The detailed analysis and field-based interpretations revealed that the compaction of
the landslide mass and deep erosive processes, primarily gullies that work along the flanks
of the accumulation zone, can both be credited with contributing to a portion of the volume
losses in the Nara and Nokot landslides.
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The results of this study confirm previous findings by [36,41,42] and highlight the
effectiveness and practicality of using UAVs as a robust and near real-time platform for
mapping significant landslide events [68,69]. The quick on-demand repeatability capability
of UAVs, providing them with an edge over other surveying and remote sensing platforms,
i.e., terrestrial laser scanners, satellite imagery, etc., boasting high-resolution results while
preserving cost-efficiency, stands out as a major benefit [38,70,71]. Additionally, choosing
the 90◦ angle of UAV flights over ground-level photography (capturing images at a nearly
horizontal angle) makes it easier to acquire high-resolution imagery quickly and uniformly
over vast areas, minimizing shadow-induced gaps in the resulting 3D models. These
research results support using multi-temporal UAV photography in conjunction with
field data. The way forward of this research is that all landslides should be continuously
monitored to study the movement pattern. Multi-temporal UAV-based monitoring is a very
useful and cost-effective technique for mapping landslide activities. Aerial photographs
and high-resolution satellite imagery are also helpful for the monitoring of landslide
displacement due to their high temporal resolution.

5. Conclusions

UAV systems have emerged as a simple, effective, and repeatable method for monitor-
ing and surveying landslide areas, facilitating the identification, mapping, and monitoring
of their spatial and temporal evolution, thus enhancing landslide risk management prac-
tices. The study integrated data from three drone flights and field surveys conducted
between April 2019 and July 2022 to detect the short-term evolution of a slow-moving
earth flow. We effectively delineated geomorphological changes, identified landslide types
and activity states, and conducted detailed spatial and volumetric analysis using GCD,
showcasing the approach’s efficacy. Specifically, during the study period, the depletion
zone exhibited signs of activity due to multiple slides evolving into earth flows, resulting in
localized collapses of the main scarps of the Nara and lower edges of the Nokot with retro-
gressive fail upslope exceeding 100 m. The transition zone was affected by numerous slow
earth flows that re-mobilized displaced material from the middle portion of the landslide,
subsequently reaching the accumulation zone. The accumulation zone predominantly
appeared active. Volumetric analysis of the Nara landslide indicated overall erosion of
landslide material with a volume of approximately 4,565,274.96 m3, while the accumulated
and surface-raising material volume was approximately 185,544.53 m3. Similarly, for the
Nokot landslide, the overall erosion of landslide material was estimated at 6,486,121.30 m3,
with an accumulated volume and surface-raising material of 117.98 m3. The high-resolution
topographic data derived from UAVs, coupled with field surveys, contribute to an enhanced
understanding of landslide dynamics and enable quantification of displacement distribu-
tion within the landslide area, which is crucial for comprehending the response of landslide
activity to climatic conditions. Future research might focus more on optimizing UAV flying
parameters, developing sophisticated algorithms that can overcome the performance of
GCD and provide better results for automated landslide change detection, and looking
at integrating data from many sources for improved landslide monitoring and mitigation
techniques. Considering these factors, we can improve the viability and practicality of
UAV technology for landslide displacement detection, ultimately leading to more efficient
planning for hazard mitigation and disaster relief operations.
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