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Abstract

Identification of reactivation zones in thick volcanic soils is critical for understanding landslide mechanisms.
Volcanic soils are clay-rich, making slopes highly susceptible to water saturation and renewed movement.
However, scientific understanding of the relationship between surface indicators and subsurface structure
remains limited, particularly in thick and well-developed volcanic terrains. Few studies have combined
vegetation-based deformation with subsurface resistivity structure within a single framework. This study
integrates unmanned aerial vehicle (UAV)-based LiDAR and electrical resistivity tomography (ERT) to
characterize an active landslide in Kalisari, Central Java, Indonesia. ERT serves as a non-invasive method to
map subsurface moisture and weak zones. UAV-LiDAR data were processed to generate a detailed terrain
representation of the landslide. The UAV-LiDAR point cloud was used to extract surface morphology and
vegetation-based deformation metrics, including tree stem-lean angle and azimuth. ERT surveys were
conducted along multiple profiles across the landslide to delineate low-resistivity zones interpreted as
saturated clay-rich materials. Results indicate that reactivation areas are clearly expressed by surface
morphology and coherent stem-lean patterns. Although the overall morphology is rotational, recent movement
is dominated by coherent lateral displacement. Stem-lean orientations align with the inferred movement
direction (azimuth 45—-100°). LiDAR-derived stem-lean estimates show good agreement with field
measurements (R?> = 0.87 for lean angle and p? = 0.85 for azimuth). ERT results also show that reactivation
areas correspond to low-resistivity zones (3—30 Q-m) that spatially coincide with surface cracks, flow-
accumulation features, and stem-lean anomalies. This indicates that water infiltration through surface
discontinuities recharges the weak saturated clay layer and makes the slope more prone to instability. Overall,
integrating UAV-LiDAR and ERT provides a strong basis for linking surface deformation with subsurface
structure and identifying landslide reactivation zones in volcanic landscapes.
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1. Introduction

Landslides on thick volcanic soils are among the
most destructive geomorphic processes in tropical
mountain regions. Their impacts are far-reaching,
including damage to settlements and infrastructure,
disruption of river systems, and an increase in long-
term sediment supply [1] and [2]. In volcanic areas,
these landslides are favored where intense
weathering of pyroclastic deposits and andesitic
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breccias produce a very thick regolith [3] and [4].
This regolith has a high clay content, becomes easily
saturated, and is mechanically weak [5]. Deep-seated
landslides frequently undergo phases of reactivation
and do not terminate in a single event. They may
evolve through headward retreat, block translation,
and bulging at the slope toe [6] and [7]. Therefore,
the identification of landslide reactivation zones is
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critical for mitigation planning [8]. Landslide
reactivation refers to the renewed movement of a
previously failed slope mass, often characterized by
distinct patterns of movement that differ from the
initial failure phase [9].

High-resolution remote sensing offers new
opportunities to characterize landslide reactivation.
Light detection and ranging (LiDAR) data acquired
from unmanned aerial vehicles (UAVs) can now
provide  very  high-resolution  topographic
information [10] and [11]. Numerous studies have
used LiDAR to map landslide morphology in detail,
derive morphometric parameters, and monitor
surface deformation [12] and [13]. Surface
deformation on densely vegetated slopes is difficult
to detect because tree canopies often obscure the
ground surface. As a result, vegetation-based
approaches have emerged as additional indicators for
detecting slope movement [8].
Dendrogeomorphological studies show that the
magnitude and direction of stem lean record
information about slope movement mechanisms and
can even help distinguish between landslide types
[14][15] and [16].

Field measurements of stem lean still face several
challenges. Their spatial coverage is limited, and it is
difficult to represent deformation patterns over the
entire landslide body. Terrestrial LIDAR has recently
been used to systematically map leaning stems [17].
However, the full potential of extracting vegetation
metrics from UAV-LiDAR point clouds for landslide
diagnostics has not yet been explored in depth [18].
Another approach to diagnose landslide reactivation
zones is the geophysical method of electrical
resistivity tomography (ERT). Numerous studies
have shown that ERT is effective in estimating the
position of the slip surface, delineating water-
saturated clay layers, and assessing the role of
hydrological conditions in slope instability [19][20]
and [21]. However, the spatial relationships between
resistivity anomalies, surface morphology, and stem-
lean patterns have not been widely explored [22].
Addressing this gap requires an approach that
captures surface deformation and subsurface
structure together. The Kalisari landslide in Central
Java is a representative case. It lies in the Sumbing
volcanic region, where recurrent landslides on thick
clay-rich soils threaten settlements and farmland [3].
Dense vegetation and deep regolith there limit direct
observation of surface and subsurface conditions
[23]. UAV-LiDAR addresses the surface limitation
and ERT the subsurface limitation. Applying both
methods together is therefore well suited to
characterizing reactivation at this site.

This study integrates UAV-LiDAR and ERT to
characterize reactivation zones in an active landslide.
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Two hypotheses are tested in this study. First,
detailed morphology and stem-lean metrics derived
from LiDAR can serve as indicators of slope
deformation. Second, the integration of surface and
subsurface information can delineate the parts of the
landslide body that are most susceptible to
reactivation. The objectives of this study are to
develop and validate LiDAR-based stem-lean
extraction, to map saturated zones and weak layers
using ERT, and to combine both datasets to diagnose
the spatial structure and hydromechanical controls of
reactivation.

2. Materials and Methods

2.1 Study Area and Instruments

The study was conducted at the active Kalisari
landslide in Magelang Regency, Central Java,
Indonesia (7°33'48.32" S, 110°03'57.37" E) from 1
February 2024 to 31 August 2024 (Figure 1(a) and
1(d)). The survey period was selected to span the
transition from the wet to dry season. This timing
allowed capture of fresh deformation signals from
the preceding rainy season, since slope movement is
typically most pronounced shortly after periods of
intense rainfall. The ERT survey was carried out
under drier conditions, as excessive soil moisture can
compromise electrode contact and reduce the
reliability of resistivity measurements. The site lies
within the Bompon sub-watershed (Figure 1(c)), a
transition zone between the Quaternary Sumbing
volcano and the Neogene Menoreh Mountains [24],
see (Figure 1(b)). The area is underlain by thick
volcanic soils overlying altered andesitic breccia
bedrock that is mechanically weak and easily
saturated [23]. Land use is dominated by mixed
gardens on steep slopes. This setting provides a
sufficient number of leaning trees to test stem lean as
an indicator of slope deformation. Aerial imagery
was acquired using a DJI Mavic 3 Enterprise and
processed photogrammetrically to produce a high-
resolution orthophoto. LiDAR point clouds were
collected using a DJI Matrice 300 equipped with a
Zenmuse L1 sensor. Subsurface resistivity was
measured using an OYO McOHM ERT system with
stainless-steel electrodes. The ERT system injects a
low-frequency square-wave current. This minimizes
electrode polarization and self-potential effects and
provides a stable measurement of resistivity.

The current frequency is fixed by the instrument and
was not varied during the survey. A geodetic Global
Navigation Satellite System (GNSS) receiver (Emlid
Reach RS2) was used to measure ground control
points (GCPs) and to record precise elevations at
each ERT electrode location.
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Figure 1: Study area: (a) Java Island, the red rectangle shows the area between Sumbing volcano and the
Menoreh mountains, (b) Digital Elevation Model (DEM) of the area between Sumbing volcano and the
Menoreh mountains, (¢) Bompon sub-watershed, and (d) Kalisari landslide

All spatial data, including LiDAR point clouds,
GNSS measurements, and ERT electrode positions,
were referenced to the Universal Transverse
Mercator (UTM) coordinate system, Zone 498,
WGS84 datum. A standard compass and clinometer
were used for manual measurements of tree stem-
lean angles and azimuths as validation data.

2.2 Methods

The methodology of this study integrates three
complementary  datasets, comprising GNSS
positioning, ERT, and UAV-LiDAR, into a

comprehensive workflow (Figure 2). GNSS provided
a common georeferencing framework for both the
geophysical and the remote-sensing data. The ERT
pipeline produced two-dimensional resistivity
sections to characterize the subsurface and infer the
slip surface. The UAV-LiDAR pipeline derived
surface morphology from ground points and stem-
lean metrics from non-ground points. The outputs of
all three streams were then co-registered in a GIS.
The UAV-LiDAR products, the stem-lean vectors,
and the inverted ERT sections were georeferenced to
a common projected coordinate system (UTM Zone

49S, WGSS84). This shared reference allowed
anomalies from each dataset to be compared at
identical georeferenced locations. The cross-
comparison is therefore spatial in nature, supported
by direct field observation of surface cracks.

2.2.1 Surface morphology analysis and stem lean
estimation

The UAV-LiDAR survey covered the entire
landslide body, including the source, transport, and
accumulation zones. LiDAR point cloud data were
classified into ground and non-ground points using
CloudCompare [25]. Ground points were
interpolated into a high-resolution digital terrain
model (DTM), from which hillshade and
morphometric parameters were derived [26]. Non-
ground points were used for stem-lean analysis, a
dendrogeomorphological technique that uses the
angle and direction of tree-trunk inclination as a
proxy for ground deformation [14][15] and [16]. As
slopes move, trees respond through compensatory
growth and tilting, which records cumulative
deformation over time. This technique was used here
to identify the most active zones within the landslide.
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Individual tree detection and height measurement
were prerequisite steps for stem-lean estimation, not
primary objectives of this study. Detecting individual
trees avoided ambiguity from multi-stemmed trees
and overlapping canopies in identifying the true stem
axis [27] and [28]. The stem-lean extraction followed
four main steps. First, individual trees were manually
segmented from the non-ground points using
CloudCompare, producing 175 trees. Only trees with
a single, clearly defined stem were kept, and shrubs
were excluded (Figure 3(a) and (b)). All further
processing was carried out in Python (NumPy,
pandas, SciPy, GeoPandas) in Google Colab. The
complete source code used in this study is available
at  https://github.com/Rafijuliasgeoinfo/stem-lean-
uav-lidar. Second, the height above ground (HAG)
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was computed for each point and rescaled to a 0—1
range, called the normalized height (HN). This step
separated the lower, middle, and upper parts of each
stem. Third, the stem axis was estimated for each
tree. The stem axis is the three-dimensional line that
represents the orientation of the trunk. Two
complementary algorithms were used to fit this line.
The TRUNK algorithm fits a line through the lower
stem points using Random Sample Consensus
(RANSAC) and refines it with principal component
analysis (PCA) to follow the main trunk direction
[27][28] and [29]. The EXTREME algorithm instead
draws the line between the base and the top of the
stem, then filters it with PCA to reduce noise [30].
Finally, the lean angle and lean azimuth were
computed from the fitted stem axis.
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Figure 2: Integrated UAV-LiDAR and ERT workflow for the Kalisari landslide, with GNSS providing
georeferencing for both pipelines
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The resulting stem axis vector v = (Vy, 1, V) was
normalized and constrained to point upward (v, >
0). The stem lean angle was defined as the deviation
from the vertical [29] and [31] using Equation 1:

6 = arccos(

)

vy |
vl
Equation 1
Where:
6 = stem lean angle (°)
v, = vertical component of the stem axis
vector
[l v II = magnitude of the stem axis vector,
calculated as Il v lI= \/vZ + v + v}
v = stem axis vector (v, vy, V)
v, = x-component of the stem axis vector
v, = y-component of the stem axis vector

The lean azimuth was calculated from the horizontal
projection (v, v,) using the four-quadrant atan2
function [32] as shown in Equation 2:

a” = atan2(vy, vy)
Equation 2

Where:
a* = preliminary lean azimuth angle
a = final stem lean azimuth angle (0—360°)
v, = x-component of the stem axis vector
v, = y-component of the stem axis vector
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The preliminary azimuth a* was converted from
radians to degrees. The resulting angle was then
normalized to the range 0-360° to obtain the final
stem lean azimuth (o), representing the dominant
lean direction in the horizontal plane. Both
algorithms were applied to each tree, and the final
solution was selected through visual quality control
(QC). The consistency between vectors and stems
was checked in the three-dimensional point cloud
view (Figure 3(a) and (b)).

The reliability of the method was assessed by
comparing LiDAR-derived stem-lean estimates with
field measurements. The validation sample consisted
of 52 trees distributed across the entire landslide
body, representing the main elements of the landslide
anatomy. Performance was evaluated using R?, bias,
and RMSE, three metrics that are widely used for the
evaluation of environmental models [33]. We also
report p? the square of the Jammalamadaka—
Sengupta circular correlation coefficient. This
statistic is a circular analogue of R? and measures the
directional agreement between LiDAR-derived and
field-measured stem-lean azimuths [34]. All derived
morphology products, flow-accumulation paths, and
stem-lean vectors were georeferenced and analyzed
spatially in a geographic information system (GIS).
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2.2.2 ERT data analysis

Electrical resistivity tomography is particularly
suited to volcanic soil contexts. Saturated, clay-rich
material has markedly lower resistivity than drier,
coarser material. This contrast allows clear
identification of zones prone to failure. ERT can
therefore detect the saturated and structurally weak
zones that often drive landslide activity in volcanic
terrain [20] and [21]. Two-dimensional ERT surveys
were carried out along two profiles (A and B) that
cross the head and main body of the landslide (Figure
4). Two-dimensional ERT was selected for several
reasons. It provides sufficient resolution to
characterize subsurface structure along strategically
oriented profiles. It also requires substantially less
field time, equipment, and computational resources
than three-dimensional surveys. This approach is
consistent with established practice in landslide
investigation [19][20] and [21]. A dipole—dipole
configuration was used with two electrode spacing
sets on each profile. The combination of the two sets
was chosen to obtain detailed lateral resolution and
sufficient penetration depth. The first set used a base
spacing of a = 1 m with separation factor n = 1-8,
whereas the second set used a =4 m with n = 26 to
reduce sensitivity overlap and extend the depth range
(pseudo depth).

ERT data were corrected for position and
topography, and then processed and inverted using
ResIPy [35]. The inversion used an Occam type
smoothness constrained least squares scheme [36].
The goal was to obtain a two-dimensional log
resistivity model that reproduces the apparent
resistivity data within the limits of measurement
uncertainty. The quality of the inversion results was
evaluated using the normalized root mean square

(RMS) misfit and the stability of model changes
between iterations [37]. The final model was selected
when the RMS was in a low and stable range (1-2)
and the resistivity pattern was consistent with field
observations [38]. The inversion results were then
interpreted qualitatively and spatially. Vertical and
lateral patterns of resistivity contrast were compared
with slope morphology and the distribution of stem
lean to identify actively reactivating landslide zones.

3. Results

3.1 Surface Characteristics of the Landslide
High-resolution surface morphology analysis reveals
that the Kalisari landslide is a complex rotational
failure. It is characterized by heterogeneous
retrogressive movements. Along the western and
southwestern flanks, a concave and arcuate main
scarp is well developed. In the northern sector, a
series of discontinuous minor scarps indicates active
headward retrogression. The central landslide body
is dominated by rotated soil blocks and hummocky
topography. The landslide toe shows signs of active
compression and bulging directed toward the nearby
river (Figure 7(a)). A network of erosional gullies
also incises the failed mass. These gullies mark
preferential surface water flow paths that route runoff
toward the interior of the landslide.

3.2 Validation and Analysis of Vegetation
Deformation Patterns

3.2.1 Validation of stem lean

The extraction method was validated against 52
field-measured trees. These trees were distributed
across the main anatomical elements of the landslide.
For stem-lean angle, the coefficient of determination
reaches R? = 0.87. This indicates that the model
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explains most of the variance in field measurements.
The bias is 1.4° and the RMSE is 3.9° (Figure 5(a)).
Validation of lean azimuth also shows strong
directional agreement. The circular correlation
coefficient reaches p? = 0.85, with a bias of 7.7° and
an RMSE of 19.7° (Figure 5(b)). These results
confirm that LiDAR-derived stem-lean metrics are
an accurate and reliable proxy for mapping active
slope deformation.

3.2.2 Spatial pattern of vegetation deformation

The spatial distribution of the 175 analyzed trees
reveals highly ordered, non-random patterns of slope
movement. The highest frequency occurs in the
gentle lean class of 5 to 10 degrees, with over 50
trees. The lowest frequency is found in the extreme
lean class exceeding 60 degrees (Figure 6(a)).
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Trees with stem-lean angles above 20 degrees are
tightly clustered along active deformation zones.
These zones include main scarps, sharp slope breaks,
and the compressive landslide toe (Figure 7(b)). The
lean azimuth analysis shows a well-organized
directional distribution. The dominant pattern is
unimodal, oriented toward the northeast and east
between 45 and 100 degrees (Figure 6(b)). This
matches the primary downslope mass movement
vector. The highest concentration falls in the east to
southeast sector between 70 and 100 degrees,
accounting for 10 to 12 percent of all trees. A
secondary contribution from the northeast to east
sector between 45 and 70 degrees accounts for
approximately 6 to 9 percent. Western to
northwestern directions are almost absent at less than
5 percent.

60
~ Bias = 1.4° (@) .
o 30 1 RMSE =3.9° -
= R*>=0.87
340 - .
=] ¢ .
2 '
$30 - .
=Y -‘.‘
g e
% 20 - -‘_g..' L .
] ..‘a-
2]

5 10 “ .".J .
3] .

.'-”.?

0 20 40 60

Stem lean angle from field observation (°)

350 o*
— b a-
L Bias =7.7° ®) 3
& 300 1 RMSE = 19.7°
2 — F

E 250 p*=0.85

£ o .

£ 200 N

= - o

= _'

2150 o

E . "

= 100 - I

= o W't

£ 50 . g¥°

7] _.-Oh'.

o sk ‘
0 100 200 300

Stem lean azimuth from field observation (%)

Figure 5: Scatter plots of: (a) stem lean angle from LiDAR versus field observations and
(b) stem lean azimuth from LiDAR versus field observations

(a) (c) 0°
3150 450
501 20%
2 40/ 15%
».E 10% \
E 30 2700 5% 900
R |
Z 10
R 20 40 60 80 AN Y " ;
Stem lean angle (%) 2250 135° 2250 135
180°
(d) 0° (H 0°
319? . ~ _\\450 3152 25%, 450
0% 15%
/ 15%
/ 10% /
270° & 90° 2707 90°
2259 A3se 2255 350 2252 A35°
180° 180° 180°

Figure 6: (a) Histogram of the distribution of mean stem lean angle on the Kalisari landslide. Rose plots of
stem lean azimuth (b) all trees analyzed and, for each part of the landslide anatomy, (c) landslide crown,
(d) landslide head, (e) landslide body, and (f) landslide toe. A value of 0° indicates north

International Journal of Geoinformatics, Vol. 22, No. 7, July, 2026
ISSN: 1686-6576 (Printed) | ISSN 2673-0014 (Online) | © Geoinformatics International



147

397020

396950

396880 396960 397040

9163890 9163980

9163800

¥

UTM projection; Zone 49S

[
396810 396880

777w Smootly concave break of slope
i Smootly concave change of slope
s Smootly convex change of slope

Morphology Flow accumulation
- Angular convex break of slope Very Low
vvvv Cliffs . tiow
~—— Convex and concave break of slope in

very close association Moderate
———— Convex and concave change of slope High

in very close association 2 2

24 Very High

N o 15 30 60 (b)

— —Mcters
-

9163940

9163870

......

UTM projection, Zone 49S T 7

396880 396960 397040

Landslide anatomy Stem lean angle

Body (°from vertical) / Slope (°)
I Erosion 0-5
Trees
Head >5-10
B Main scarp mm Stream
. - >10-20
Minor scarp
Semicircular > >20
landslide
Toe

Figure 7: (a) Landslide anatomy and morphology,
(b) map of tree stem lean over the Kalisari landslide morphology

Zone-by-zone analysis clarifies localized movement
dynamics. The landslide crown shows a highly
dispersed lean pattern between 0 and 180 degrees
(Figure 6(c)). At the landslide head, localized
upslope back-tilting is observed in several trees. The
dominant direction, however, remains eastward
between 90 and 100 degrees (Figure 6(d)). The
landslide toe shows a clear directional shift. Lean
vectors fan out toward the south at 180 degrees and
southeast at 135 degrees. This pattern indicates
compression and material spreading at the slope base
(Figure 6(f)). The landslide body displays the most
coherent pattern. Most trees lean consistently toward
the northeast to southeast sector between 45 and 135
degrees. This confirms unified translational block
movement (Figure 6(¢)).

3.3 Subsurface Characteristics

3.3.1 Two-dimensional resistivity sections

The two-dimensional inversion models achieved low
normalized RMS misfit values. Profile A recorded
1.04 and Profile B recorded 1.20. These values
confirm that the resistivity models are stable and
reliable for geological interpretation. The inverted
sections reveal a highly heterogeneous subsurface
structure. Resistivity values range from 3 to 1000
Q-m (Figure 8(b) and 8(c)).

Profile A is dominated by very low resistivity zones
between 3 and 30 Q-m. These appear as distinct blue
pockets in the central and lower sectors of the
section. They indicate moist to water-saturated clay-
rich material. Near the surface, high-resistivity zones
between 90 and 1000 Q-m are also present. These
represent drier soils or open fissures. Profile B shows
a similar subsurface pattern. It is characterized by a
higher proportion of intermediate resistivity values
between 30 and 90 Q-m. Discrete low-resistivity
pockets between 3 and 30 Q'm remain present. A
very high resistivity anomaly exceeding 1000 Q-m
occurs in the deeper lower slope sector. This is
interpreted as competent altered breccia bedrock
(Table 1). Two primary resistivity zones are
identified consistently across both profiles. The first
is the seepage fissure zone (SF). It corresponds to
blue-colored areas between 3 and 30 Q-m forming
continuous layers in the central to lower sections. SF
is interpreted as saturated throughflow pathways and
potential slip surfaces. The second is the dry fissure
zone (DF). It corresponds to near-surface values
greater than 600 Q-m, shown in orange and red. DF
zones frequently overlie the weaker SF zones (Figure

8(c)).

International Journal of Geoinformatics, Vol. 22, No. 7, July, 2026
ISSN: 1686-6576 (Printed) | ISSN 2673-0014 (Online) | © Geoinformatics International



148

Elevation [m]

30 40 50

10 20 30

Distance [m]

40 50

Resistivity (Q-m)

3 30 >1000
N
0 : \
Meters Stem-lean a.nglc ~ = : Inferred slip surface
T (°from vertical)

0-5 DF  : Dry fissure
>5-10 MH : Material heterogeneity

= >10-20 SF  : Seepage fissure / saturated clay

- >20 AB  :Altered breccia

Figure 8: (a) Landslide anatomy, morphology, and stem-lean. (b) two-dimensional resistivity section along
profile A. (c) two-dimensional resistivity section along profile B

Table 1: Resistivity values and lithological interpretation of the Kalisari landslide

( 5§$§1V1ty Dominant soil characteristics  Interpretation for thick-soil landslide
Potential slip-surface zone. When excessively saturated, it
Saturated clay, locally with can become the slip surface in very thick soils. At the
3-30 . X . .
fractures filled with water surface it appears as seepage lines. In the subsurface it
corresponds to throughflow pathways.
Material more resistant than
the 3—30 Q-m class, .
30-90 transitional around the Boundary between layers, heterogeneous material.
saturated clay
. . . Thin lateral variations influenced by vegetation/roots and
Relatively drier / coarser soil, . :
fractures. Not the main weak zone, but it can act as an entry
90-1000 many roots, locally fractures . . . .
filled with air point for water. Relatively resistant material or fractures
that often hang above the saturated zone.
>1000 Altered breccias Altered breccias located below the soil surface.

3.4 Spatial Integration of Surface and Subsurface
Features

Spatial integration of surface morphology and
subsurface anomalies reveals strong coherence
across all datasets (Figure 8(a) and (c)). The SF zone
is not randomly distributed across the slope. It occurs
directly beneath surface tension cracks linked to DF
zones. It also occurs along the primary axes of
surface flow accumulation (Figure 9(a) and (b)).
Along Profile A, the SF zone closely coincides with
structural surface cracks (Figure 9(a)). Along Profile

B, it aligns with surface drainage accumulation
pathways (Figure 9(b)). Field observations validate
these patterns. Ground discontinuities and active
water seepage are present in the central and toe
sectors, downstream of the mapped accumulation
lines. This spatial correspondence indicates that
preferential water infiltration through surface
discontinuities recharges the weak saturated clay
layer. This is likely the primary mechanism driving
rapid slope destabilization.
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Figure 9: (a) Saturated zone (SF) located beneath surface cracks (DF) and
(b) saturated zone (SF) located beneath surface flow accumulation paths

4. Discussion

4.1 LiDAR-Derived Stem Lean as a Deformation
Proxy

The integration of UAV-LiDAR and ERT provides a
deeper understanding of the mechanisms of the
active landslide in Kalisari. This combined approach
goes beyond what each method can achieve on its
own. Together, LIDAR and ERT reveal critical
relationships between surface conditions and the
main controlling factors at depth. Within this
integrated framework, vegetation anomalies serve as
a highly responsive surface expression of the
underlying geomechanical changes.

A key contribution of this study is the validation
and application of stem-lean analysis as a biosensor.
The validation shows high statistical performance.
Stem-lean metrics extracted from LiDAR are a
reliable proxy for tree deformation and for actual
field conditions. This is important because it shifts
the use of stem lean from a qualitative observation to
a quantitative metric. Our data show that stem-lean
patterns are not random. Stems predominantly lean
toward the east, in line with the direction of
downslope mass movement. This supports the view
that slope deformation is a directed and coherent
process rather than a random motion [39]. As
highlighted in dendrogeomorphological studies,
trees act as natural long-term recorders of slope
deformation [40] and [41].

Our work extends this understanding by showing that
the spatial pattern of stem lean can be used to
diagnose specific movement mechanisms in different
parts of the landslide anatomy. In most sectors of the
landslide, stems lean downslope, while the toe shows
a fanning pattern that clearly indicates a zone of
compression and material accumulation [42] and
[43]. Stem-lean analysis therefore not only
demonstrates that the slope is still deforming, but
also provides information on the dominant direction
and mechanisms of mass movement [15][16] and
[44].

The accuracy of the stem-lean results can be
explained by the data geometry. The lean angle was
resolved more accurately than the lean azimuth. This
contrast reflects how each metric is measured, not a
flaw in the method. The angle depends on the vertical
contrast between the stem and the ground, which
dense LiDAR point clouds capture well. The azimuth
is less stable when the lean angle is small, because a
nearly vertical stem has no well-defined horizontal
direction [29] and [34]. Even so, the strong circular
correlation of the azimuth confirms that the dominant
lean directions remain reliable for diagnosing
movement. The reliability of vegetation-based
indicators in this study is supported by the internal
consistency of the data. If non-landslide factors had
dominated the stem-lean signal, the lean directions
would be expected to scatter. Instead, the azimuth
distribution is highly organized and unimodal (p* =
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0.85), and it aligns closely with the independent
downslope movement direction inferred from
morphology and ERT. This agreement indicates that
the stem-lean signal at Kalisari is governed mainly
by ground deformation. Even so, vegetation responds
to ground movement indirectly.

4.2 Landslide Kinematics

Previous research established the rotational character
of the Kalisari landslide [20]. However, our findings
indicate that the current deformation cycle is
dominated by translational components and
downslope creep, even though the slope morphology
still exhibits rotational features. Similar patterns have
been reported on many mountain slopes, where older
rotational scarps remain visible at the surface. These
scarps are overlain by younger translational blocks
that repeatedly move along the same slip surface [45]
and [46]. This dominant lateral movement refers to
the direction and pattern of the present deformation,
not to a measured displacement rate. The
interpretation rests on the coherent stem-lean
azimuths (Figure 6(b)) and the sub-horizontal, slope-
parallel slip surface geometry delineated in the ERT
profiles (Figure 8(b) and (c)), rather than on direct
measurement of displacement magnitude. The rate of
movement was not quantified, as the survey
represents a single point in time. Stem-lean data
show that the present movement is a slow, directed
block slide rather than the large-scale rotation that
occurred during the initial failure phase [9]. The
motion is now predominantly translational. This
explains why the landslide head is no longer
dominated by trees that lean upslope (back-tilting).
Instead, it shows a relatively uniform eastward lean
that follows the average movement vector of the
landslide body.

4.3 Interpretation of Subsurface Resistivity
Structures
The ERT results can be explained by the physical
properties of the subsurface materials. The low-
resistivity zone (3—30 Q-m) coincides with saturated,
clay-rich material. Saturated clay is both
mechanically weak and electrically conductive. It
therefore appears as a low-resistivity anomaly and, at
the same time, acts as a potential slip surface [20] and
[47]. This dual role explains why the low-resistivity
zone is a primary control on reactivation. Its spatial
agreement with surface cracks and flow-
accumulation paths further indicates that infiltrating
water recharges this weak layer [48][49] and [50].
The main strength of this integrated methodology
is its ability to link surface controlling factors with
subsurface response. We find strong evidence that
zones of surface flow accumulation, slope breaks,
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and surface cracks act as primary conduits that route
rainfall into the ground [48]. This water then
infiltrates directly into the saturated clay layer
identified by ERT [49] and [50]. This mechanism
explains why the slope can become highly unstable
within a short time after intense rainfall [51]. The
interpretation of the low-resistivity zone (3—30 Q-m)
as saturated, clay-rich material is well supported. It is
consistent with prior geoelectrical and geological
investigations in the same and geologically similar
thick-soil landslides of the region [20] [21] and [47].
This regional grounding reduces interpretive
ambiguity. Even so, resistivity values can still vary
with porosity, mineralogy, and moisture content.

The subsurface characterization used two-
dimensional ERT profiles rather than a three-
dimensional survey. This choice reflects both
methodological suitability and field conditions. A 3D
survey depends on dense interpolation and prediction
between profiles. In heterogeneous thick-soil terrain,
this process can introduce artefacts and spatial
distortion. Such distortion complicates the
interpretation. The target of this study is a slip
surface. A slip surface is more complex and discrete
than a continuous groundwater body. It is therefore
better resolved by high-resolution 2D cross-sections.
This approach is also consistent with previous
landslide investigations in similar thick-soil settings.
In addition, the Kalisari landslide has an elongated
form along its main movement direction. 2D profiles
capture this form effectively. The steep and densely
vegetated slope also limits the electrode array length
and the survey time that are practical in the field. The
two profiles were therefore positioned across the
head and main body, where reactivation is most
active.

ERT resolution decreases with depth, so deeper
features are imaged less sharply than shallow ones.
This constraint does not weaken the present
conclusions. As described above, the active
movement at Kalisari is concentrated along a
shallow, near-surface slip zone. The ERT
interpretation therefore focuses on the shallow to
intermediate depths, where resolution is highest and
where the active weak layer is located. Greater
depths, which carry higher uncertainty, fall outside
the scope of this interpretation. Two measures keep
the shallow interpretation reliable. Each profile
combined two electrode spacings to balance lateral
detail with penetration depth. The resistivity patterns
were also compared with field observations of cracks
and seepage.

4.4 Limitations and Future Perspectives
This study has several limitations that also define
clear directions for future work. The stem-lean
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metric would benefit from field ground-checking of
individual trees, for example by relating root
orientation and anchoring to the observed lean
direction. The ERT interpretation was not verified by
boreholes, and direct drilling would confirm the
saturated weak layer inferred from the resistivity
sections. Both datasets would also benefit from
multi-temporal monitoring. Repeated UAV-LiDAR
and ERT surveys would add a temporal dimension,
allowing the rate of reactivation to be quantified and
the rainfall-driven mechanism to be tested directly.
These directions build on the present results and
would extend the approach toward continuous,
transferable landslide monitoring in volcanic
terrains. Understanding this hydromechanical
mechanism has direct implications for landslide
mitigation. We recommend upstream hydrological
control through surface water management. This
includes constructing drainage channels along
LiDAR-mapped flow-accumulation paths to
intercept rainfall before it infiltrates into the weak
layer [52], and actively sealing ground cracks. This
approach can be complemented by shallow
subsurface drainage to intercept throughflow [53].
Such data-driven mitigation strategies provide an
effective and sustainable way to maintain long-term
stability in landscapes underlain by thick volcanic
soils.

5. Conclusions
This study provides detailed insight into reactivation
mechanisms at the Kalisari active landslide.
Although the overall morphology is rotational, the
landslide behavior varies across the landslide
anatomy. UAV-LiDAR analysis indicates coherent
lateral displacement in the head and body, whereas
the toe is characterized by compressional
deformation and material accumulation. These
surface-based inferences are supported by ERT
results, which delineate low-resistivity zones
interpreted as saturated weak materials. The low-
resistivity zones spatially coincide with surface
cracks, flow-accumulation pathways, and clusters of
trees exhibiting high stem-lean angles. Overall, the
combined UAV-LiDAR and ERT approach offers an
effective framework for mapping reactivation zones
and linking surface deformation signals with
subsurface structure in volcanic terrains. This
integration further highlights the potential of
vegetation-derived  deformation  metrics  as
quantitative indicators of landslide instability and
provides a stronger basis for targeted mitigation
planning.

Several directions remain for future research to
build upon the integrated framework established in
this study. The vegetation-based signal could be
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strengthened by relating stem-lean directions to in-
situ root orientation, and the geophysical weak layer
could be confirmed by subsurface drilling. The
analysis is also based on a single observation in time,
so time-series measurements are required to capture
how fast the movement progresses. Once validated,
the integrated workflow could be applied to other
landslides in similar volcanic terrains. This study
also supports several Sustainable Development
Goals. It contributes to disaster risk reduction and
resilient communities (SDG 11) and to the protection
of mountain ecosystems (SDG 15). The approach
further shows that meaningful landslide diagnostics
can be achieved with accessible UAV and
vegetation-based methods. We hope this encourages
younger researchers to develop low-cost monitoring
tools for hazard-prone regions.
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