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Article History:  Abstract. The Lembang Fault area has a high potential for landslides due to its location in an active 
structural zone that shifts annually. The fault movement causes ground displacement, making it im-
portant to study landslide potential. Unmanned Aerial Vehicle (UAV) technology can produce Digital 
Terrain Model (DTM) products with a spatial resolution of 6 cm. This study aims to compare DTM and 
DEMNAS products in landslide mapping within the Lembang Fault area, West Java Province, Indonesia. 
The method employed in this research is the Analytic Hierarchy Process (AHP) with variables including 
slope, aspect, curvature, lineament density, drainage density, Topographic Wetness Index (TWI), rainfall, 
and lithology. The analysis results show that the Root Mean Square Error (RMSE) of the DTM product is 
0.902, indicating that the UAV data acquisition provides better accuracy in landslide mapping compared 
to the DEMNAS product with an RMSE of 1.592. Although the landslide maps produced from DTM and 
DEMNAS share similar patterns, the area classifications differ due to their varying spatial resolutions. 
Both products are equally effective in mapping landslides in the Lembang Fault area, as they both ex-
hibit good RMSE values in the analysis. 
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The Lembang Fault is located about 10 km north of 
the city of Bandung and extends in a west – east direction 
through the city of Lembang. The level of activity of the 
Lembang Fault is not yet well known, so more integrated 
research is needed using several methods, including seis-
mic methods, gravity methods and deformation methods 
(Rasmid, 2014). This fault zone is distinctly recognizable 
as a prominent feature where the slope breaks between 
a series of east-west-aligned linear ridges. These ridges 
separate the elevated northern Bandung highlands from 
the broad, flat Lembang basin located further to the north 
(Daryono et al., 2019). 

The Lembang Fault, situated in West Java, Indonesia, 
is a prominent active fault zone, and mapping this fault is 
essential for assessing seismic risks in the area. The Lem-
bang Fault is considered an active fault, meaning it has 
experienced movement in recent geological time and has 
the potential to produce significant seismic events. Many 
studies have explored the fault to investigate its geologi-
cal characteristics, seismic activity, and potential to trigger 

1. Introduction

In geology, a fault refers to a fracture plane where there is 
relative movement between two rock blocks. Faults typi-
cally form when rocks are subjected to forces, such as com-
pression, tension, or a combination of both, which exceed 
the rock’s ability to resist, leading to displacement (Ricky 
& Basyid, 2021). Landslides commonly occur in mountain-
ous or elevated areas. With the use of modern Geographic 
Information System (GIS) and remote sensing technolo-
gies, it is possible to assess and map slope hazards across 
a given region. GIS is a computer-based tool designed for 
collecting, storing, capturing, analyzing, and displaying data 
(Ya’acob et al., 2024). Landslides are a frequent geological 
hazard in fault zones, where active faults can greatly impact 
land stability. These areas are often linked to seismic activ-
ity, ground shifts, and unstable terrain, all of which heighten 
the risk of landslides. Such landslides may result directly 
from earthquakes or from the gradual weakening of the 
landscape in regions prone to faults.
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earthquakes and landslides (Shao & Xu, 2022). A Digital 
Elevation Model (DEM) is a crucial tool for landslide map-
ping, providing detailed topographical information that 
helps in identifying areas prone to landslides (Saleem 
et al., 2019). DEMs represent the Earth’s surface in a 3D 
format by capturing elevation data, enabling the analysis 
of slope angles, terrain features, and watershed areas, all 
of which are important for assessing landslide suscepti-
bility (Qiu et al., 2022). By analyzing elevation variations, 
researchers can identify steep slopes, potential landslide 
paths, and areas where water accumulation might desta-
bilize the terrain.

DEM-based analysis can also be combined with other 
geospatial data, such as soil type, vegetation cover, and 
rainfall patterns, to create more accurate landslide hazard 
maps. Advanced techniques, like slope stability models 
and Geographic Information System (GIS) tools, often rely 
on DEMs to predict landslide risks (Zhao et al., 2017) and 
aid in disaster management planning. One available DEM 
dataset is the National Digital Elevation Model (DEMNAS) 
developed by the Geospatial Information Agency (BIG). 
DEMNAS is generated from multiple data sources, includ-
ing IFSAR, TERRASAR-X, and ALOS PALSAR, supplemented 
by mass point data from stereo-plotting. DEMNAS can be 
access through (https://tanahair.indonesia.go.id/portal-
web/unduh) freely. It has a spatial resolution of 0.27 arc-
seconds and utilizes the EGM2008 vertical datum (Tjahjadi 
et al., 2020).

Landslide mapping using UAVs or drones is an effective 
method for quickly and accurately identifying and map-
ping landslide-prone areas. With UAV technology, difficult-
to-access regions or steep terrains can be easily surveyed 
without posing safety risks to the survey team (Lindner 
et al., 2016). UAVs are equipped with high-resolution cam-
eras, enabling the capture of highly detailed imagery for 
landslide mapping (Eker et  al., 2018). These images are 
then processed using photogrammetry software to pro-
duce high-resolution orthophoto models of the ground 
surface (Sun et al., 2024). This process is highly beneficial 
for monitoring ground surface changes in landslide-prone 
areas and for more efficient disaster risk mitigation plan-
ning. 

UAV data can also be transformed into Digital Terrain 
Models (DTMs), which are crucial for landslide mapping 
analysis. DTMs provide a digital representation of the 
Earth’s surface by filtering out objects like vegetation and 
buildings, revealing only the natural terrain contours (Ar-
tese & Perrelli, 2018). By combining DTM products with 
UAV data, experts can precisely identify slope gradients, 
drainage patterns, and areas of ground displacement. This 
data is essential for slope stability analysis and predict-
ing future landslide risks (Conforti et al., 2020). The results 
of such mapping support informed mitigation strategies, 
such as identifying safe zones, constructing landslide bar-
riers, or reinforcing vegetation on vulnerable slopes.

Non-contact remote sensing techniques, such as Un-
manned Aerial Vehicle (UAV) photogrammetry, have been 
globally applied for landslide monitoring in high and steep 

mountainous areas. Mapping using UAV have advantages 
including: Inexpensive microdrones; On-site ground con-
trol points (GCPs) required; and Route flexibility (Zhou 
et  al., 2023). Based on the background that has been 
explained, this research aims to. Map the Lembang fault 
area using UAV, Analyze the potential for landslides on the 
Lembang Fault using spatial modeling, and compare the 
height of UAV data products with DEMNAS for landslide 
mapping. The novelty of this research lies in the spatial 
comparative evaluation between an ultra-high-resolution 
UAV-derived DTM and a national elevation dataset (DEM-
NAS) to map landslide hazards along the geologically 
complex Lembang Fault. Through this approach, the study 
establishes a critical scientific benchmark regarding the 
impact of spatial resolution on geological disaster model-
ing, providing essential guidance for data selection in local 
disaster mitigation strategies.

2. Methods

This research was conducted in the Lembang Fault corridor 
area, specifically in the central segment. The mapped fault 
spans 12.33 km in length, with the research area encom-
passing a 1 km buffer zone around the central segment 
of the Lembang Fault, covering a total area of 2,685.53 
hectares (Figure 1). This location is an active fault zone, 
making it prone to landslide disasters. Several locations 
within the area have residential land cover, which poses a 
high risk to these settlements in the event of a landslide. 
The study utilized a Digital Terrain Model (DTM) acquired 
from UAV data with a Ground Sampling Distance (GSD) of 
6 cm and the DEMNAS product, which has a spatial resolu-
tion of 0.47 arcseconds.

Figure 1. Research area

2.1. Lineament density
Lineaments density (distance from linear features such as 
faults, faults, or geological cracks) has a significant influ-
ence on landslide risk, because lineaments are areas of 
structural weakness in rocks or soil. Slopes that are close 
to lineaments tend to be more susceptible to landslides, 
due to the potential for ground movement or cracks that 
affect slope stability (Sadiq et  al., 2022). Active faults or 
faults can cause sudden ground movement (Hussin et al., 
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2022), while other cracks or lineaments can be pathways 
for water infiltration, which increases pore water pressure 
and weakens the strength of the surrounding soil (Abduh 
et al., 2021). The closer an area is to a lineament, the more 
likely the slope is to experience landslides, especially when 
heavy rainfall or tectonic activity occurs (Mathew et  al., 
2007). Lineament density was analyzed using GIS software, 
with the following equation:
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The above equation describes that the LD is, Li is the 
total length of lineament, whereas A is the width of the 
studied area. 

2.2. Drainage density
Drainage density is closely related to landslide risk, be-
cause it shows how intensive the water flow system is in an 
area. Areas with high drainage density have a dense water 
flow network, which means more water flows through the 
soil and slope surface (Pradhan & Kim, 2018). This can lead 
to increased soil erosion and erosion of materials on the 
slope, thereby reducing its stability (Chauhan et al., 2010). 
In addition, high drainage density increases infiltration and 
water saturation on the slope, which can increase pore 
water pressure and weaken the shear strength of the soil, 
making it more susceptible to landslides, especially during 
high rainfall (Rai et al., 2014). Conversely, areas with low 
drainage density tend to have a lower risk of landslides, 
because there is less water flow and the soil can absorb 
water better. Drainage density is an important indicator 
in landslide risk analysis and slope vulnerability mapping 
(Arrasyid et al., 2023). Drainage density can be calculated 
using the following equation Horton (1932):

( )
=

=∑ 2

1

/ km .
n

i

d Di A 	 (2)

The equation describes that d is the river density 
(km/km2), Di is the whole length of the river (km2), and 
the identification coverage.

2.3. Slope
Slope or slope gradient has a direct relationship with the 
potential for landslides, because steep slopes increase the 
risk of soil instability. Slopes with high slopes (steep) tend 
to have a greater gravitational force that pulls slope ma-
terial down, increasing the chances of landslides (Çellek, 
2020), especially if the soil composition is not dense or 
there is a high-water content due to heavy rain (Zou et al., 
2021). When the slope reaches a critical point where the 
frictional force and soil strength are no longer able to with-
stand the force of gravity, the slope can collapse, causing 
landslides (Intrieri et al., 2019). Therefore, slope monitoring 
and land management in areas with high slopes are very 
important to prevent landslide disasters (Li & Mo, 2019).

2.4. Curvature
Curvature plays an important role in determining the sus-
ceptibility of a slope to landslides, because it affects the 
pattern of water flow and the distribution of earth pres-
sure. Curvature is divided into two main types: concave 
curvature and convex curvature (Sun et al., 2020). Slopes 
with concave curvature tend to collect water and sediment, 
thereby increasing the pore water pressure in the soil and 
adding load to the slope, which can trigger landslides if 
the slope is unstable (Samia et al., 2017). Slopes with con-
vex curvature tend to be more stable because water flows 
more easily and is not retained, but these areas are still 
at risk of landslides if the material on the slope surface is 
eroded or dislodged (Neamat & Karimi, 2020).

2.5. Rainfall
Rain has a strong relationship with landslides, because 
high rainfall can affect soil conditions and slope stability. 
When it rains, water seeps into the soil, and if the amount 
of rainfall exceeds the infiltration capacity of the soil, satu-
rated conditions will be created (Segoni et al., 2018). In this 
state, the pore water pressure in the soil increases, reduc-
ing the cohesion and shear strength of the soil, which in 
turn increases the risk of landslides. In addition, intense 
rain can cause surface erosion, which erodes the soil layer 
that supports the slope, as well as triggering water flows 
that can damage the soil structure (Ran et al., 2018). The 
type of soil also has an influence, where clay (Roccati et al., 
2021), for example, can expand when wet and shrink when 
dry, causing instability (Meneses et al., 2019). 

2.6. Topographic Wetness Index (TWI)
Topographic Wetness Index (TWI) is closely related to 
landslide risk, because this index indicates the potential 
for water accumulation in an area based on topography. 
TWI measures how wet a location is by considering the 
slope gradient and the area of water flow contribution 
(Różycka et al., 2017). Areas with high TWI values tend to 
have greater water accumulation, which can increase pore 
water pressure in the soil. This condition can weaken the 
shear strength of the soil, making the slope more suscep-
tible to movement and landslides, especially during high 
rainfall (Jancewicz et al., 2019). Conversely, areas with low 
TWI tend to be drier and more stable, with a lower risk 
of landslides. TWI is an important indicator in landslide 
susceptibility analysis, because it provides information on 
the potential for water saturation and soil moisture that 
affect slope stability (Sujit, 2015). The TWI uses the follow-
ing calculation below:

TWI  α
=  β 

  .
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The equation describes that α is the area of the non-
slope contributing site and β is the slope angle. The study 
of TWI was analyzed using the SAGA GIS software.
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2.7. Aspect
Aspect (slope direction) affects the vulnerability of a slope 
to landslides because it determines the slope’s exposure to 
environmental factors such as sunlight, wind, and rain (He 
et al., 2024). Slopes facing a certain direction, for example 
towards the dominant wind or high rainfall, tend to expe-
rience erosion and water saturation more quickly, which 
can reduce soil strength and increase the risk of landslides 
(Capitani et al., 2013). In addition, aspect also affects soil 
temperature and humidity, where slopes facing the sun 
(usually slopes facing north in the southern hemisphere 
and south in the northern hemisphere) tend to be drier 
and less stable than shaded slopes (Gorokhovich & Vus-
tianiuk, 2021). Aspect is one of the important parameters 
in predicting and analyzing landslide potential, because it 
affects the physical conditions and humidity that deter-
mine slope stability (Pawłuszek et al., 2019).

2.8. Lithology
Lithology (the type and characteristics of rocks or soil in 
an area) greatly affects landslide susceptibility, because 
the physical and mechanical properties of each type of 
rock or soil differ in terms of strength and stability (Hen-
riques et  al., 2015). Soft rocks, such as clay or weath-
ered rocks, tend to be more susceptible to weathering, 
erosion, and softening when exposed to water, making 
them more susceptible to landslides. Meanwhile, hard 
and compact rocks, such as granite or dense sandstone, 
are usually more stable and have a lower risk of land-
slides, unless there are cracks or faults (Sulaiman et al., 
2019). In addition, soil types such as clay can absorb 
water quickly and expand, which increases pore water 
pressure and makes slopes more susceptible to land-
slides (Roda-Boluda et al., 2018).

2.9. Analytical Hierarchy Process (AHP)
This Research using Analytic Hierarchy Process (AHP) in 
the context of landslides aims to systematically identify 
and analyze various factors that contribute to landslides. 
Criteria such as slope, aspect, curvature, landuse, drain-
age density, lineament distance, Topographic Wetness 
Index, lithology, and rainfall are identified and arranged 
in a hierarchical structure. Through assessment and 
comparison between criteria using a numerical scale, 
relative weights are calculated for each criterion, reflect-
ing its contribution to landslides. The following is a ta-
ble of AHP calculations. The formula of the consistency 
index is the following:

λ −
=

−
max ;

1
nCI

n
 = .CICR

RI
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The equation describes CI as the consistency index, CR 
as the consistency ratio, and n as the number of variables. 
RI is the Random Consistency Index obtained from the 
matrix table (Table 1).

Table 1. AHP calculation

No Variable Score Weight

1 Slope (0.22), (0.44), (0.66), (0.88), (1) 0.888
2 Aspect (0.22), (0.44), (0.66), (0.88), (1) 0.333
3 Curvature (0.22), (0.44), (0.66), (0.88), (1) 0.222

5 Drainage 
Density (0.22), (0.44), (0.66), (0.88), (1) 0.555

6 Lineament 
density (0.22), (0.44), (0.66), (0.88), (1) 0.777

7 Topographic 
wetness index (0.22), (0.44), (0.66), (0.88), (1) 0.111

8 Lithology (0.22), (0.44), (0.66), (0.88), (1) 0.444
9 Rainfall (0.22), (0.44), (0.66), (0.88), (1) 0.666

The landslide results will be validated using the RMSE 
equation which will be compared with the results of land-
slide distribution in the field.
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where: RMSE – Root mean square error; STDEV – Standard 
deviation; N – The number of GCPs; xi – DEM elevation at 
the referenced point i; yi – DEM elevation at the point i; 
x  – DEM elevation at the referenced point I; y  – DEM 
elevation at the point i.

3. Results

3.1. Lineament density
Lineaments in the context of this study refer to linear 
features captured in elevation products, including both 
DTM and DEMNAS. The extracted lineaments may repre-
sent areas where valleys and ridges intersect, which could 
indicate the presence of local faults. The results of line-
ament density extraction from DTM and DEMNAS show 
slight differences in patterns, but these differences are not 
significant. The lineaments extracted from DTM are very 
detailed, resulting in shorter and more widely distributed 
features. In contrast, DEMNAS produces moderately sized 
lineaments that are concentrated in specific locations with 
clear linear indications.

The lineament density results from DTM reveal that 
the highest density values are located in the eastern and 
western areas of the Lembang Fault. On the other hand, 
DEMNAS shows that lineament density distribution tends 
to be concentrated in the western area, while the eastern 
area spreads toward the northeast. The extracted values 
for lineament density in DTM range from 0 to 13.06 ha 
(Figure 2), whereas DEMNAS shows density values ranging 
from 0 to 931.47 ha (Figure 3).
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Figure 2. Landslide parameters of the Digital Terrain Model (DTM) product
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3.2. Drainage density
The drainage density in DTM and DEMNAS products ex-
hibits a similar pattern, but DTM provides more detailed 
assessments of density compared to DEMNAS. This is re-
flected in the number of river orders extracted from the el-
evation data. The number of river orders in DTM products 
is higher than those in DEMNAS products, allowing for a 
more visible depiction of river branching, from the largest 
rivers to the smallest ones, including intermittent streams.

Visually, DTM products show a higher number of ar-
eas with dense drainage compared to DEMNAS, owing to 
the greater number of river orders or branches, making 
DTM highly suitable for drainage density analysis. The 
extracted drainage density values from DTM range from 
0 to 56.02 ha (Figure 2), whereas DEMNAS values range 
from 0 to 931.47 ha (Figure 3). The density values are dis-
tributed across nearly the entire Lembang Fault area, with 
the majority concentrated in the northern region. In the 
central part of the area, drainage density values change 
significantly, a condition likely caused by the presence of 
a structural feature extending through the central region. 

3.3. Slope
DEMNAS and DTM products have significantly different 
spatial resolutions based on their respective value units. 
The slope pattern exhibits similar spatial distribution, but 
the specific values differ. DTM illustrates slopes in greater 
detail for each pixel value, resulting in slope values that 
differ from those visualized by DEMNAS, which has a me-
dium spatial resolution.

The slope values in DTM products are categorized as 
follows: very low (0–11.21), low (11.22–24.52), medium 
(24.53–39.94), high (39.95–58.51), and very high (58.52–
89.34) (Figure  2). Meanwhile, DEMNAS products exhibit 
smaller slope value ranges: very low (0–7.54), low (7.55–
14.36), medium (14.37–21.54), high (21.55–30.11), and very 
high (30.12–59.06) (Figure 3).

Based on the results from both elevation products, very 
steep slopes are predominantly located in the eastern area 
of the Lembang Fault, which consists of mountainous and 
hilly regions. Very steep slopes are also observed along 
rivers with high-gradient banks, forming ridges. These 
areas are often associated with lahar (volcanic mudflow) 
paths. In the western segment of the Lembang Fault, steep 
slopes are also found and are relatively dominant in cer-
tain locations.

3.4. Curvature
The curvature values extracted from DTM and DEMNAS 
products show significant differences. The smaller the 
spatial resolution of a DEM product, the more varied the 
curvature values become, including both concave and 
convex curvatures. The curvature values in the DTM prod-
uct are very large, ranging from –100,561.46 to 99,619.97, 
whereas DEMNAS values are more normalized, ranging 
from –29.959 to 23.959 (Figure 2).

The spatial resolution of DTM is highly detailed, down 
to the centimeter scale, allowing the curvature algorithm 
to interpret even the smallest slopes comprehensively, 
which may result in identifying values that do not repre-
sent actual slope curvature. This condition is explained by 
the spatial distribution of curvature in DTM, where notice-
able values are limited to a medium range of  –1,252.71 
to 1,875.13. High-resolution curvature products require 
further correction or upscaling to normalize the curvature 
values. In contrast, the curvature values in DEMNAS tend 
to be normalized, and the spatial distribution clearly illus-
trates significant slope breaks (Figure 3).

3.5. Rainfall
Rainfall conditions in the Lembang Fault area tend to ex-
hibit high intensity. The Lembang Fault is located at eleva-
tions close to several mountains, making orographic rain 
highly likely in the region. Based on the analysis of average 
monthly rainfall, the values range from 160.41 mm/month 
to 192 mm/month (Figures 2–3).

The rainfall data is divided into five segments accord-
ing to the existing conditions of the area. The highest rain-
fall values are found in the eastern part of the Lembang 
Fault. This area features dense, pristine vegetation and 
is located near several mountains, such as Mount Bukit 
Tunggul, Mount Sanggara, and others, resulting in higher 
orographic rainfall compared to surrounding areas. In con-
trast, the lowest rainfall values in the Lembang Fault area 
are observed in the southwest, which consists of urban 
areas with relatively dense settlements.

3.6. Topographic Wetness Index (TWI)
The TWI (Topographic Wetness Index) analysis using DEM-
NAS data tends to show a well-distributed pattern. In this 
study, TWI values are based on the DEMNAS product. The 
DTM product exhibits a similar pattern to DEMNAS, dif-
fering only in pixel size for the extracted TWI values. The 
extracted TWI values range from 1.51 to 14.12, divided 
into five classifications according to the existing conditions 
in the study area.

The classifications are as follows: very low (1.51–6.52), 
low (6.53–8.19), medium (8.20–11.04), high (11.05–13.96), 
and very high (13.99–14.12) (Figure 2). Spatially, low TWI 
values are predominantly found in the eastern and south-
ern areas, characterized by variable hilly terrain. Mean-
while, high TWI values are mostly concentrated in the 
northern part of the Lembang Fault (Figure 3). The Lem-
bang Fault area is highly suitable for Topographic Wetness 
Index analysis due to its varied morphological conditions.

3.7. Aspect
The aspect values in both DTM and DEMNAS products 
are identical, ranging from  –1 to 359.99. Aspect values 
are generally universal and consistent regardless of the 
elevation product used for analysis. The aspect values from 
both products are classified into five categories (Figure 2):
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Figure 3. Landslide parameters of the DEMNAS product
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	■ Flat, North, Northeast, and part of East: –1 to 72.61
	■ Part of East, Southeast, and part of South: 72.62 to 
144.81

	■ Part of South and part of Southwest: 144.82 to 215.59
	■ West: 215.60 to 286.38
	■ Northwest and North: 286.39 to 359.99.

The aspect analysis results show a similar pattern be-
tween the two products, both DTM and DEMNAS (Fig-
ure 3). Both products tend to remain consistent according 
to their spatial resolutions, with DTM providing a clearer 
and sharper representation compared to DEMNAS.

3.8. Lithology
The geology of the Lembang Fault area dates back to the 
Pleistocene epoch, part of the Quaternary period approxi-
mately 2.5 million to 11,700 years ago. Generally, the Lem-
bang Fault area is volcanic due to its close proximity to the 
active volcano Mount Tangkuban Parahu. According to the 
geological map, the parent materials in the Lembang Fault 
area include sandy tuff, lava, old volcanic formations, and 
pumiceous tuff (Figure 3). 

Sandy tuff is the most widespread parent material, pre-
dominantly located in the central area of the Lembang 
Fault, spreading from east to west. Pumiceous tuff is scat-
tered in several locations, particularly in valleys, ridges, and 
hilly areas (Figure  2). Lava is found only in a few spots, 
mainly along lahar paths originating from Mount Tang-
kuban Parahu. Old volcanic formations are evenly dis-
tributed in the southeastern area. This parent material is 
presumed to be remnants of ancient eruptions from the 
prehistoric Sunda Volcano, which has evolved into the 
present-day Mount Tangkuban Parahu.

3.9. Landslide 
Based on the analysis of DTM and DEMNAS products, 
landslides in the Lembang Fault area are predominantly 
distributed in the western region, while the lowest occur-
rences are scattered in parts of the northern and western 
regions. Spatially, the landslide distribution patterns de-
rived from DTM and DEMNAS are similar; however, differ-
ences in spatial resolution result in varying representations 
for certain classifications (Figure 4).

Figure 4. Landslide DTM and DEMNAS product
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The landslide susceptibility is divided into five clas-
sifications: very high, high, medium, low, and very low. 
A comparison of area proportions shows that the “very 
high”, “high”, and “medium” classes have almost similar 
proportions. However, for the “low” and “very low” classes, 
the area proportions of DTM and DEMNAS products differ 
significantly (Table 2). 

In general, the Lembang Fault area is a landslide haz-
ard zone, as evidenced by the substantial area covered 
by the “very high”, “high”, and “medium” classifications. A 
comparison of RMSE (Root Mean Square Error) values be-
tween the two products indicates that DTM, with an RMSE 
of 0.902, is more accurate than DEMNAS, which has an 
RMSE of 1.592 (Table 3).

These findings suggest that DTM, derived from UAV 
data acquisition, provides better accuracy for landslide 
mapping compared to DEMNAS. This implies that the 
smaller the spatial resolution, the better the quality of 
landslide susceptibility mapping.

Table 2. Landslide area based on classification

No Landslide 
clasification DTM (ha) DEMNAS (ha)

1 Very high 471.36 427.17
2 High 687.28 649.44
3 Medium 894.36 731.71
4 Low 450.51 549.46
5 Very low 147.62 300.12

Table 3. RMSE value landslide

No DTM DEMNAS RMSE DTM RMSE 
DEMNAS

1 High High 0.8528029 1.3142575

2 Very high Very high 0.8366600 1.3416408

3 High High 0.8819171 1.4142136

4 Very high Very high 0.8660254 1.4577380

5 Very high Very high 0.9258201 1.5583874

6 High Medium 1.0000000 1.6832508

7 High Medium 1.0000000 1.6124515

8 Very high High 1.0000000 1.5000000

9 Very high Very high 1.1547005 1.6329932

10 Medium Medium 1.4142136 2.0000000

11 Very high Medium 0.0000000 2.0000000

Average 0.9029218 1.5922666

4. Conclusions

Elevation products such as DTM and DEMNAS effectively 
map landslides. Differences in spatial resolution between 
DTM and DEMNAS result in varying landslide area estima-
tions, although the landslide patterns are generally similar. 
Processed variables from DTM and DEMNAS, including as-
pect, curvature, slope, drainage density, lineament density, 

and topographic wetness index, yield distinct values.
Zones of very high landslide susceptibility are predom-

inantly located in the western and eastern areas, charac-
terized by very steep slopes, high drainage density, high 
lineament density, and several rock outcrops, which are 
indicative of fault lines. Landslide susceptibility is classi-
fied into five categories: very high, high, medium, low, and 
very low. While the overall area proportions are compa-
rable, significant differences are observed in the “very low,” 
“low,” and “medium” categories.

DTM provides more detailed results, producing more 
significant values, whereas DEMNAS offers more general-
ized data. The RMSE values indicate that the DTM product, 
with an RMSE of 0.902 (derived from UAV data acquisi-
tion), has better accuracy in landslide mapping compared 
to DEMNAS, which has an RMSE of 1.592. Both products 
are effective for mapping landslides in the Lembang Fault 
area, as they exhibit good RMSE values for analysis.

The comparative study effectively validates the superi-
ority of high-resolution UAV-derived DTMs over national-
scale DEMNAS for landslide mapping along the Lembang 
Fault, as evidenced by a strong RMSE of 0.902, while cor-
rectly leveraging relevant geomorphological proxies for fault 
lines. However, the noted discrepancies in the “very low” 
to “medium” susceptibility categories likely stem from the 
DTM capturing micro-topographic noise in gentler terrains, 
whereas DEMNAS heavily smooths these features out. 

To improve classification reliability in these lower-
risk zones, this research recommends applying low-pass 
smoothing filters to the DTM and using multi-directional 
flow algorithms for the Topographic Wetness Index (TWI) 
to reduce erratic, localized data. Furthermore, integrat-
ing non-topographic variables, such as land use, vegeta-
tion, and soil depth, alongside advanced Machine Learn-
ing algorithms like Random Forest can better handle the 
complex, non-linear data in moderate terrains, ultimately 
harmonizing the differing resolutions into a more accurate 
and unified susceptibility model.
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