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Abstract A fundamental understanding of landslide evolution
requires characterizing how deformation localizes within the slid-
ing mass, as these non-homogeneous zones provide crucial insights
into how destabilization initiates, failure surfaces develop, and the
overall kinematic behavior evolves. While traditional analysis often
assumes uniform movement, this study presents a methodology to
quantify intricate patterns of surface deformation at a fine scale,
allowing for the direct analysis of localization behavior. By apply-
ing strain tensor analysis to high-resolution displacement fields
derived from multi-temporal Uncrewed Aerial Vehicle-Light Detec-
tion and Ranging (UAV-lidar) and Structure from Motion (SfM)
surveys, we compute the divergence, gradient, and curl fields for
two distinct landslides: one translational and one rotational. This
approach quantifies volumetric changes, translational strain, and
rotational components, revealing unique kinematic signatures
for each landslide type. The translational slide is characterized
by alternating expansion-contraction patterns along its dip-line,
whereas the rotational slide exhibits clear, separate bands of head
subsidence and toe expansion, coupled with non-uniform rotation
along the strike. This detailed characterization of strain localization
provides direct observational evidence of the fundamental mech-
anisms governing landslide behavior. It offers a more nuanced,
mechanistic understanding that advances the interpretation of
slope instability, providing a stronger physical basis for hazard
assessment and risk management.

Keywords Landslide kinematics - Strain localization - UAV-lidar -
Hazard assessment - Strain tensor - Surface deformation

Introduction

Landslides, among the most destructive geological hazards glob-
ally, account for thousands of casualties, severe infrastructure
damage, and enormous economic losses every year worldwide
(Kirschbaum et al. 2010; Froude and Petley 2018). In the USA,
landslides occur in all states and inhabited US territories, causing
billions of dollars in damage and averaging 25-50 fatalities each
year (Crawford et al. 2021; Khabiri et al. 2023). Understanding land-
slide’s kinematics and failure mechanisms is paramount for effec-
tive hazard assessment, mitigation, and early warning (Crawford
et al. 2022). Traditionally, the study of a landslide’s evolution has
often relied on constitutive studies that assume a homogeneous
body of media, where instability occurs when shear forces globally
exceed the material’s frictional and cohesive resistance (Fredlund
and Krahn 1977; Cooper et al. 1998). This approach typically models
soil or rock as a continuum, which permits a constitutive descrip-
tion that averages material responses over a representative volume
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(Zienkiewicz 1971; Cascini et al. 20105 Cuomo et al. 2012). How-
ever, this macroscopic view faces challenges when considering the
geomechanics of granular materials at finer scales. At the meso- or
micro-scale, the evolution of landslides is intrinsically linked to the
development and progression of strain localizations, encompass-
ing phenomena such as localized translation, rotation, shearing,
and volumetric changes within the deforming mass (Borja et al.
2013; Zhu and Medina-Cetina 2022; Medina-Cetina et al. 2022). We
will show in this study that investigating localization phenomena is
crucial as they can directly govern the fundamental failure mecha-
nisms from initiation to catastrophic failure (Morcioni et al. 2022;
Marmoni et al. 2023).

The analysis of strain fields, derived from observed displace-
ments, historically has been primarily applied in crustal deforma-
tion research. For instance, Frank (1966) deduced shear strain com-
ponents associated with earthquakes from repeated triangulation
surveys. Bibby (1975) analyzed shear strain under the assumption
that strain changes linearly with time, using triangulation data
from a series of surveys around the Wairau Fault in the Marlbor-
ough District of New Zealand. Cohen and Cook (1978) described
analytical and numerical methods to determine crustal strain rate
based on measurements from the spaceborne geodynamics rang-
ing system, and Dermanis and Livieratos (1983) presented strain
tensors in various spatial contexts relevant to Earth deformations.
Shen et al. (1996) introduced a modified least-squares method to
interpolate strain rates using discretized geodetic measurements,
and Pietrantonio and Riguzzi (2004) provided three-dimensional
strain tensor estimation from Global Positioning System (GPS)
observations.

More recently, the principles of strain analysis have been
increasingly applied to characterize the kinematics of landslides,
making use of advancements in remote sensing technologies capa-
ble of providing detailed surface displacement data (Baum et al.
1988; Baum and Fleming 1991; Keaton and Gailing 2004; Delacourt
et al. 2007; Mazza et al. 2023). For example, Teza et al. (2008) com-
puted strain fields from multi-temporal displacement data acquired
via Terrestrial Laser Scanning (TLS) for landslides in the Italian
Alps, which demonstrated the potential to recognize different
kinematic behaviors and reveal discontinuities. Baron et al. (2017)
applied paleostress analysis of fault-slip data to reconstruct the
stress field of an active mudslide in Pechgraben, Austria. The results
were compared with airborne laser scanning digital terrain models
that revealed the dynamics and superficial displacements of the
moving mass before and after the survey. Guerriero et al. (2017)
employed an integrated approach combining surface mapping,
GPS monitoring, lidar surveys, and geophysical investigations to

Landslides |


http://crossmark.crossref.org/dialog/?doi=10.1007/s10346-026-02724-x&domain=pdf
http://orcid.org/0000-0002-8080-1988

| Original Paper

analyze sediment discharge variability and kinematic behavior of
the Mount Pizzuto earth flow in southern Italy. While such studies
explore the utility of strain analysis in landslide characterization, a
critical gap persists in developing robust methodologies to directly
process dense, raw surface displacement data into comprehensive,
high-fidelity strain localization fields. There is a pressing need not
only for improved techniques to derive these detailed strain locali-
zation fields but, more importantly, to systematically utilize these
fields as direct observational evidence to illuminate the fundamen-
tal failure mechanisms of landslides. This involves moving beyond
simply identifying localized features and instead using the spatially
and temporally resolved strain patterns to understand how insta-
bilities initiate at the material scale, how shear zones develop and
propagate, and how these localized processes coalesce and interact
to drive the progressive failure and ultimate collapse of the slope.
Such mechanistic understanding is essential for improving hazard
assessment models and designing more effective mitigation strat-
egies. By directly linking observable strain patterns to underly-
ing failure processes, practitioners can better predict the extent of
slope failures, identify critical zones requiring intervention, and
optimize the placement of monitoring instrumentation and stabi-
lization measures.

Here, we present a methodology for deriving and interpreting
detailed strain localization fields from high-resolution, multi-tem-
poral lidar survey data that advances the understanding of land-
slide evolution. Specifically, this work seeks to (1) compute and
analyze strain localization fields from these displacement data to
quantify volumetric changes, translational and extensional/com-
pressional behavior, and rotational components within active land-
slides; (2) characterize and compare the distinct non-homogeneous
deformational patterns and kinematic signatures associated with
both translational (Taylor Mill) and rotational (Highland Pike)
landslide types; and (3) utilize the observed spatio-temporal evo-
lution of these strain localization fields as direct evidence to infer
the fundamental processes driving landslide development, such as
the initiation and propagation of internal deformation zones and
the development of complex failure kinematics. By focusing on the
detailed spatial and temporal evolution of strain, this work seeks
to provide new insights into the complex mechanics governing the
behavior of different landslide types.

Study location

The Cincinnati, Ohio, and Northern Kentucky region (Fig. 1) is
home to numerous slow-moving landslides that threaten infra-
structure (Mirus et al. 2020; Johnson et al. 2023). For example, in
2019, several landslides along a major road cost over $17 million
USD and took 2 years to remediate (City of Cincinnati Transporta-
tion and Engineering 2019). Landslides in the region include slow-
moving translational debris slides that form in the colluvium that
mantles the steep slopes along the Ohio River and tributary valleys
(Varnes 1978; Fleming and Johnson 1994), and deeper, slow-moving
rotational slides that occur in thick colluvium, glacial deposits,
or anthropogenic fill (Baum and Johnson 1996). The colluvium
involved in many landslides is derived from weathered shale and
limestone of the Ordovician Kope Formation (Fig. 1) which is com-
posed of weak illitic shale that readily slakes when exposed to water
(Koralegedara and Maynard 2017). Translational debris slides in the
region are typically <2 m thick, while rotational slides may exceed
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15 m in depth. Both may be active for decades, moving at rates rang-
ing from a few mm per year to a meter or more per year, typically
moving during the wetter spring months (Fleming and Johnson
1994). The Taylor Mill landslide (39.034234, —84.512587) is a trans-
lational debris slide that has been active since at least 2003 and has
repeatedly damaged a roadway leading to an apartment complex
(Fig. 1) (Johnson et al. 2023). Attempts to mitigate the slide have
included regrading the slope, rebuilding part of the roadway, and
excavating the toe of the slide. The rotational slide along Highland
Pike (39.044714, —84.540806) formed in colluvium and anthropo-
genic fill that was placed on the slope between 1994 and 2000 as
part of a road rerouting project. The slide has been active since at
least 2004 and has damaged a sewer line and the park and walking
trail. The landslide is approximately 310 m wide and has had verti-
cal displacements of more than 6 m.

Methods

Acquisition of multi-temporal landslide displacement fields

To analyze the deformation processes of the two slow-moving land-
slides, we used multi-temporal digital elevation models (DEMs)
capturing elevation changes between 2019 and 2022 (Table 1). These
DEMs were derived from a combination of Uncrewed Aerial Vehicle
(UAV) Structure from Motion (SfM) surveys and UAV-lidar surveys.
These datasets were employed to compute displacement patterns,
which formed the basis for subsequent strain analysis.

Digital aerial photographs for the SfM surveys were acquired
in 2019, 2020, and 2022 during leaf-off conditions using DJI Mavic
Phantom 2 and Mavic Pro UAVs. Both landslides have low vegeta-
tion and uncut grass, and we assumed that vegetation differences
between years were negligible (Haneberg 2008). Flight planning
was performed ensuring 75% forward overlap and 70% side overlap
between images, and the same flight plan was repeated for each
survey. The photographs were processed into point clouds using
Agisoft Metashape (Agisoft 2025). Georeferencing was achieved
using 19 readily identifiable ground control points (GCPs) located
in stable areas outside the landslide boundaries. These GCPs, such
as sewer grates and the base of light poles, were selected due to
their visibility in the KYAPED 2012 aerial photographs, and corre-
sponding elevations were obtained from the 2012 state-wide lidar-
derived DEM. The total residual error for the GCPs was less than
0.02 m (Johnson et al. 2023). Ground point classification within
Metashape was performed using the “Classify Ground Points” tool,
with parameters set to a maximum angle of 15°, a maximum dis-
tance of 0.5 m. The resulting SfM point clouds exhibited an average
ground return density of 3.6 1.9 points per 0.1 m* bin.

The UAV-lidar data were acquired in December 2020 using a
Matrice 600 Pro UAV equipped with a Yellowscan Surveyor lidar
system. The Yellowscan Surveyor uses a Velodyne VLP-16 lidar
scanner with a 903 nm wavelength and has an accuracy of 5 cm.
Post-processing of the UAV-lidar data involved referencing to local
Continuously Operating Reference Station (CORS) data to enhance
positional accuracy. Point elevations were further refined through
strip adjustment, and points were classified into ground and non-
ground returns using Yellowscan CloudStation software. The UAV-
lidar ground point cloud had an average density of 3.3+ 2.4 points
per 0.1 m? bin.
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Fig. 1 Geological map of Northern Kentucky showing the locations of the Taylor Mill translational debris slide (39.034234, —84.512587) and
the Highland Pike rotational landslide (39.044714°, —84.540806°), and oblique photo of the Taylor Mill translational landslide and the Highland
Pike rotational landslide

Table 1 Methods and dates of data acquisition Point clouds were processed in ArcGIS (ESRI 2025) to generate
Refer- 0.1 m cell size DEMs. The natural neighbor interpolation method
enced in was employed to fill any voids in the data. A consistent area of inter-
paper as est (AOI) was used to define the processing extent for all DEMs,

ensuring grid alignment. This step was crucial to prevent slight

Taylor Mill March 11,2019 UAV-SfM 2019 variations in grid origin that would otherwise occur if each DEM

Taylor Mill March 3, 2020 UAV-SfM 2020 was based solely on the southeasternmost point of its respective

point cloud. All datasets were projected in UTM Zone 16N, EPSG
Taylor Mill December 15,2020  UAV-lidar 2021 26916. Errors due to elevation bias and tilt between surveys were
Taylor Mill March 29, 2022 UAV-SfM 2022 corrected using an analysis of elevation difference errors in areas
- . of no change outside of the landslides, which is described fully
Highland Pike  March 11, 2019 UAV-SfM 2019 in Johnson et al. (2023). While geomorphological change can be
Highland Pike  March 3, 2020 UAV-SfM 2020 quantified via grid-based (DEM) or point cloud comparisons,
we used gridded DEMs as calculating DEM differences is easily
accomplished using map algebra within GIS software and has a
long history of successful application in change detection stud-
ies (e.g., Qin et al. 2016; Okyay et al. 2019). Differentiation, as is
required to compute the tensor elements, amplifies noise, and the
minor smoothing required to produce a gridded DEM may produce

Highland Pike  December 15,2020  UAV-lidar 2021
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cleaner and more easily interpretable vector fields. Furthermore,
it is inherent to the point cloud classification process that some
details of the ground surface will be lost, or if filtering is not aggres-
sive enough, be obscured by non-ground points. This is another
reason to prefer a slightly smoothed interpolated and regularly
gridded surface as the basis for subsequent differentiation to obtain
the tensor components.

Horizontal displacement for each combination of DEMs was
estimated using COSI-Corr image correlation software (Leprince
et al. 2007; Ayoub et al. 2009, 2017). COSI-Corr works by first gen-
erating accurate ground control points for each image, which are
then used to build an orthorectification model. This model allows
an accurate orthorectification and co-registration of the two images
and provides the horizontal ground displacement vectors between
them. The frequency correlator engine, with an initial window size
of 32 by 32 pixels (3.2 m on the ground), a final window size of 8 by
8 pixels (0.8 m on the ground), and a step size of 4 pixels, was used
to produce a vector field map with a grid spacing of 2 m. There are
between 712 and 944 horizontal displacement values on the land-
slide itself for the Taylor Mill landslide, and 4584 on the Highland
Pike landslide. To produce the vector field, elevations correspond-
ing to the initial points were derived from the earlier DEM (ex.
2019), and the elevations of the displaced points were derived from
a later DEM (ex. 2020).

Coordinate transformation

Haneberg (2007) introduced a workflow to produce directional
rock surface profiles from three-dimensional photogrammetric or
laser scanner point clouds. The dip-line, strike-line, and normal
to the joint plane form an orthogonal coordinate system that sim-
plifies the calculation of profile roughness. We adopted the same
approach in this work, enabling us to obtain the directional gradi-
ent and strain fields of the slope being studied. Assuming a point
cloud p = (x;,7;,z)" is defined in Cartesian coordinate system, the
best-fit plane passing through the centroid of the point cloud is
the eigenvector corresponding to the smallest eigenvalue of the
covariance matrix.

N N N
2 (x; = X)? Z (x; =) =) Z (x; = %)(z; — 2)
=1 i=1 i=1
N
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= Z(xi_@(yi_;) Z()’i_;)z
1;’1 N i=1 N
; (x; — B(yi - ?) zl - ?)(Zi -7) Zl (z, — z)?

In which the x, y, and z are the arithmetic mean of point cloud p
along each axis direction, and together, they represent the centroid
of the point cloud. The eigenvectors n = {n,,n,,n,} of covariance
matrix X correspond to the new orthogonal basis that maximizes
the variance of the data, defining the best-fit plane of p when
viewed in vector space.

To apply the transformation, we can compute the dot prod-
uct between the normalized coordinates of point cloud p and the

\ Landslides

eigenvectors n = {n,,n,,n,}. The center of the fitting plane is East-
ing=715,330.5, Northing = 432,348.3, and Elevation =178.5. Figure 2
presents the best-fit plane of the points cloud along with transformed
orientation axes that expand (x” and y’) and perpendicular (z’) to the
best-fit plane for the Taylor Mill landslide.

Gradient tensor

We used strain tensors in Euclidean space to quantify the evolu-
tion of the two landslides at the site scale. Similar methodology has
been successfully applied to investigate the localization effects that
occurred in a series of triaxial sand specimens in laboratory studies
(Zhu and Medina-Cetina 2022; Zhu et al. 2022, 2026). In the three-
dimensional space, the gradient of a vector field V is a second-order
tensor F = V ® V composed of nine strain components representing
the translational or rotational deformation tendencies of the local
area affected by the vector field V.

v, Wy v,
F11 F12 F13 0{1}6 & 00‘:;
— — = &x 2y 2
gradV=VQ®V=|F, F, F, |[= o o o (2)
F; Fy, F v, OV oV,
0z Jz Jz

The sum of diagonal terms in Eq. 2 is the divergence indicating
the total magnitude of volumetric contraction or expansion of a local
area. That is,

ov. oV

divv=v.v="a, o OV
Y= T ox dy 0z (3)

Figure 3 illustrates the application of gradient, divergence, and curl
to landslide behavior. Where the flow of material slows or converges,
the divergence is negative and represents a volumetric contraction of
the local area. Areas such as a landslide scarp, the head of a rotational
slide, or where excavation has occurred would be expected to have
a negative divergence (Fig. 3a and b). Where material in a landslide
expands or the flow increases, the divergence is positive and is an
area of gain. Areas such as landslide toes would be expected to have
positive divergence values (Fig.3a and b). The curl field shows where
there is a rotation about an axis. While this can be calculated for any
axis, for a landslide, the rotation would be expected around the Y
axis which is analogous to the strike of the slope. A positive curl is a
clockwise rotation about Y, as viewed looking to the North, while a
negative curl is a counterclockwise rotation about Y (Fig. 3¢). Within
a landslide, alternating regions of positive and negative curl might
be expected where there are smaller-scale slumps and deformation
within the landslide. The gradient field shows strain parallel to the dip
of the slope (the X direction) and normal to the slope (the Z direction)
(Fig. 3d). A positive gradient in the Z direction might be expected for
a landslide toe, while a negative gradient in the Z direction would
be expected at the head of a rotational slide or landslide scarp. The
gradient field in the X direction might be expected to show areas of
shortening and lengthening within the body of the landslide.

The difference between every two off-diagonal terms in Eq.1 gives
each component of curl representing local rotational behavior with
respect to each axis of (x, y, z), as shown in Eq. 4.
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where i, j, and k are the unit vectors for the x, y, and z axes.
Results

Displacement fields

Figure 4 presents the displacement field of the Taylor Mill land-
slide observed between 2021 and 2022. Significant movements are
identified behind the head of the lower slump and around its toe
area. This pattern suggests that, at the current stage, the landslide is
primarily driven by the movement of the lower slump. This activity
also induces translational behavior at the base of the upper slump.
Figure 5 shows the displacement field of the Highland Pike land-
slide between 2020 and 2021. In clear distinction to the Taylor Mill
landslide, the slump movement at Highland Pike exhibits a distinct
rotational pattern. This is characterized by subsidence in the upper
slump and uplift in the lower slump. Movement in the transitional

zone between the upper and lower slump blocks is less significant
compared to the head and toe areas.

Translational landslide—Taylor Mill case
Divergence fields div V

To calculate the gradient fields for the Taylor Mill landslide, multi-
temporal DEMs from consecutive years (2019 to 2020, 2020 to 2021,
and 2021 to 2022) were used to compute the corresponding dis-
placement fields. Subsequently, the divergence of the kinematic
field, denoted as div V, was computed for each processed displace-
ment dataset. The divergence represents the net magnitude of
volumetric change, indicating areas of material sink (volumetric
compaction) or source (volumetric expansion) within a local area.

Figure 6 illustrates the divergence field div V for the Taylor Mill
landslide across each annual window. The area presented for analy-
sis is relatively small compared to the entire landslide surface due to
the exclusion of regions affected by construction activities and tall
vegetation (Johnson et al. 2023, Fig. 6). The results consistently show
that significant volumetric behavior across all observed year win-
dows was concentrated in the lower slump of the landslide, divided
by a scarp feature appearing in the middle of the slope.
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Fig.3 aVectors that represent positive and negative divergence. b The resulting divergence map for the Taylor Mill landslide. ¢ An example
of the curl field for the Taylor Mill landslide and d an example of the gradient field in the Z direction

During the 2019 to 2020 period, the volumetric behavior around
the toe was complex, as the landslide toe was partially excavated
in 2019 to clear the roadway. From 2020 to 2021, the toe area pre-
dominantly exhibited volumetric expansion, suggesting volumetric
expansion in this zone following the excavation. In the 2021 to 2022
period, the volumetric change displayed an alternating pattern of
expansion and compaction along the dip-line of the slope. This
observation suggests that the translational movement of the land-
slide induced a localized, alternating volumetric expansion-com-
paction behavior, which contrasts with conventional, simplified
assumptions of homogeneous deformational patterns (Fredlund
& Krahn 1977; Zienkiewicz 1971).

Gradient fields F;;and F,
Figure 7 presents the gradient field component F,, along the X’ axis,
which is aligned with the dip-line direction of the slope, indicating
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translational behavior. These results corroborate the findings illus-
trated by the volumetric behaviors shown in Fig. 6. The partial
excavation of the landslide toe, as described in the previous sec-
tion, resulted in complex slope movement, which is reflected as a
relatively variable pattern in the F,, gradient field for the timeframe
between 2019 and 2020. For the 2021 to 2022 window, an alternating
expanding-contracting pattern is observed along the dip-line of the
slope, clearly exhibiting the essential translational characteristics
of the landslide. Figure 8 presents the gradient field component F;,
along the Z’ direction (normal to the slope plane), indicating sub-
sidence or uplift behavior. The patterns of F,; are closely related to
the volumetric behaviors presented in Fig. 6. Moreover, the gradient
field F,, shows greater magnitudes in the lower slump compared to
the upper slump, indicating that the lower portion was more active
during this deformation stage (2019-2022)—a finding that is cor-
roborated by the displacement vector map in Fig. 4.
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Fig.5 The displacement field of Highland Pike landslide between the years 2020 and 2021

Curl fields (Curl),,

Figure 9 presents the curl fields along the Y' direction, (Curl),,
which indicates rotational behavior about an axis aligned with the
strike-line for the Taylor Mill landslide. Due to significant subsid-
ence occurring along the scarp zone in the middle of the slope,
a general clockwise rotation is observed in this local area across
all annual monitoring periods. Furthermore, relatively significant
rotation is also evident in the upper half of the slope during the
2021 to 2022 period. This latter rotation may be attributed to the
subsidence of the lower half of the landslide (as indicated by the
divergence field in Fig. 6¢), which creates accommodation space for
the translational movement along the dip-line, as shown in Fig. 4.

Rotational landslide—Highland Pike case
Divergence fields div V

A similar set of gradient field analyses was conducted for the High-
land Pike landslide, which is characterized as a rotational type.
Figure 10 presents the divergence fields derived from the sampled
displacement fields for the 2019 to 2020 and 2020 to 2021 periods.
The results indicate that the rotational behavior of the slump block
may have been initiated by toe movement between 2019 and 2020.
During this period, the toe movement exhibited wider coverage
and greater magnitude compared to the subsidence observed at
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windows 2019 to 2020 (a), 2020 to 2021 (b), and 2021 to 2022 (c)

the head of the slope. From 2020 to 2021, the localized divergence
behavior, previously more concentrated (Fig. 10a), bifurcated into
two distinct banding areas: one characterized by compaction at
the top of the slump and another by expansion at the bottom. The
magnitude of these changes also suggests an acceleration in strain-
ing, which may warrant concern regarding potential failure in the
near future.

Gradient fields F,;and F;

Figures 11 and 12 illustrate the gradient field components F,, (along
the dip-line direction) and F; (normal to the slope plane), respec-
tively, for the Highland Pike landslide. Figure 11 reveals a clear alter-
nating pattern of expansion and contraction along the dip direction
of the slump. During the 2019 to 2020 period, significant movement
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was concentrated on the northern part of the slope. However, from
2020 to 2021, this localization pattern spread across all active land-
slide zones.

Regarding the gradient fields F;; along the normal-to-plane
direction (Fig. 12), a tendency for downward movement (subsid-
ence) in the upper half of the slope and upward movement (uplift)
in the lower half is apparent, consistent with the rotational behavior
of the slope. A notable observation is that the gradient fields along
Z' are localized between 2019 and 2020 but exhibit a more uniform
distribution between 2020 and 2021.

Curl fields (Curl),,
The curl fields (Curl)y, along the strike-line direction (Y’ axis)
describe a general clockwise rotation about an axis aligned with
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the northerly direction for the Highland Pike landslide (Fig. 13).
When compared to the (Curl),, for the Taylor Mill landslide (Fig. 9),
the rotational behavior in the Highland Pike case is more uniform
and extends over a larger area.

Kinematic signatures in landslide evolution

Figure 14 presents the kinematic signatures interpreted as evolving
force chains (i.e., load-bearing networks within the slope material)
within the scarp zone of the Taylor Mill landslide. Figure 14e defines
the spatial domain for the kinematic plots illustrated in Fig. 14a-d.
These subplots (Fig. 14a-d) reveal a distinct spatial sequence of
localization patterns. The initial significant localization observed

is local expansion along the dip-line direction. This is followed
by rotation about the strike-line axis. Subsequently, compaction
along the normal-to-plane direction occurs, coupled with overall
volumetric compaction. Further down-slope, a counter-clockwise
rotation about the strike-line axis is observed. This phase is accom-
panied by slight or negligible expansion along the normal-to-plane
direction, and a similar trend is noted in the overall volumetric
behavior.

Figure 14f and g offers a hypothetical illustration of this inter-
preted process. The down-slope movement along the dip-line is
thought to cause force chain buckling behind the head of the slump,
inducing a clockwise rotation in the local area. Subsequent com-
pression along the normal-to-plane direction leads to local volu-
metric compaction. The point of maximum volumetric compaction
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appears to be associated with an area of neutral rotation, where the
formation of strong force chains is inferred. Following this zone of
maximum compaction, a “snow plowing” effect is hypothesized to
cause the local area to rotate counter-clockwise. In this distal area,
compaction is observed along the dip-line direction, while expan-
sion occurs along the normal-to-plane direction, resulting in a net
volumetric change that is slight to negligible expansion.
Non-homogeneous deformation is also evident in rotational
landslides, as exemplified by the Highland Pike case in this study.
Figure 15a displays a swath profile analysis of the Highland Pike
landslide, focusing on the divergence field. The analysis utilized
the PyOSP intelligent swath profile tool (Zhu et al. 2021), which
automatically truncates swath lines along the irregular bounda-
ries of the slope under investigation. The study region was clas-
sified into three zones (A, B, and C) based on the variability of
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interquartile ranges (IQR) of divergence, as depicted in Fig. 15a.
Zone B exhibits a clearly more significant IQR variability com-
pared to zones A and C. This suggests that zone B was more
kinematically active, reflected by more substantial volumetric
changes. Further evaluation involved analyzing the cross-swath
profiles for each zone. Figure 15c—e presents density scatter plots
(where color intensity indicates spatial density, with red repre-
senting high density and blue representing low density) of diver-
gence values within each swath produced by PyOSP, overlain by
the mean divergence for each profile. Between 2019 and 2020,
significant toe movement was observed in zone C. Conversely,
from 2020 to 2021, zone C showed minimal toe movement but sig-
nificant subsidence at the head, indicating a new area of energy
mobilization. Zone B exhibited a general whole-slope rotational
pattern, characterized by uplift at its upper part and subsidence
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at its head. Zone A displayed uplift in its upper region with no
significant movement at its head. This pattern indicates that the
rotational behavior is not uniformly distributed along the strike-
line of the slope. Instead, an alternating sequence of dominant
head movement, then general slope rotation, and then dominant
toe movement is observed across different zones of the landslide.

Discussion

We used SfM- and lidar-enabled landslide monitoring data to
understand the effects of strain localization on landslide devel-
opment. While a significant body of research has addressed the
constitutive behavior, travel characteristics, or general descriptive

analyses of landslides (e.g., review articles such as Delacourt et al.
2007; Hungr et al. 2005; and Varnes 1978), there is not much lit-
erature focused on comprehensive understanding of fundamental,
quantitative, and fine-scale landslide development mechanisms.
We have demonstrated that the application of UAV-lidar surveys
coupled with engineering strain tensor analysis can detail non-
homogeneous deformational patterns and elucidate their influence
on different types of landslides at various stages of deformation.
This understanding of localized strain provides crucial insights into
how destabilization initiates and accumulates, how failure surfaces
develop, and how the overall kinematic behavior of a landslide
evolves, moving beyond simplified homogeneous assumptions.
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A truly fundamental understanding of landslide development
necessitates monitoring data that spans the entire lifespan of a
landslide: from initiation at the meso- or micro-scale, through
stages of strain localization and bifurcation, to eventual cata-
strophic failure. Current monitoring techniques each possess
distinct advantages and limitations (Delacourt et al. 2007; Mazza
et al. 2023). For instance, traditional geodetic methods like GPS
or in situ instrumentation can provide accurate, often continu-
ous, monitoring data for specific points on a landslide, but their
spatial resolution is typically coarse, potentially missing local-
ized phenomena (Malet et al. 2002; Pietrantonio and Riguzzi
2004). Interferometric Synthetic Aperture Radar (InSAR) tech-
niques offer wide spatial coverage and potentially short revisit
times (Schulz et al. 2017) but can be limited by decorrelation
in vegetated areas, geometric distortions in steep terrain, and
atmospheric effects, particularly for moderate to small or rapidly
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moving slides. Image-based methods (e.g., optical image cor-
relation, SfM photogrammetry) and point cloud analyses (e.g.,
from TLS or lidar) can provide high-resolution data; however,
individual surveys may have limited spatial coverage or temporal
frequency, potentially overlooking intermittent strain signatures
critical to understanding landslide phase transitions. Ideally, an
integrated monitoring strategy could offer a more robust solution
for landslide hazard assessment and management. For example,
combining landslide inventories, imagery, and InSAR techniques
can help identify landslide-prone areas. Constitutive or machine
learning models could then be employed for landslide forecast-
ing and early warning, while terrestrial or UAV-lidar surveys can
capture high-resolution landslide movement series for detailed
health monitoring and methodology validation. Such an inte-
grated approach could generate synergies, taking advantage of
the strengths of each individual technique.
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It is also emphasized that observed surface deformation may
only be a manifestation of prior or ongoing internal deformation
processes. Factors such as internal deformation, pore water pres-
sure fluctuations, and spatio-temporal variability in geotechnical
properties all exert significant influence on landslide development
(Haneberg and Gokce 1994). Traditional geotechnical and hydrolog-
ical instrumentation (e.g., inclinometers, piezometers, rain gauges)
and geophysical methods remain irreplaceable for capturing these
subsurface conditions and triggers. Their importance is particu-
larly acute in heavily populated areas or where landslides threaten
critical infrastructure, such as hospitals, emergency services, and
energy facilities.

The strain localization characterization presented here can
potentially contribute to landslide hazard assessment in several
fundamental ways. The derived strain tensor fields, including diver-
gence, gradient, and curl components, can serve as quantitative
indicators of landslide evolutionary phases, revealing the initiation
and propagation of deformation zones that precede catastrophic
failure. The distinct kinematic signatures we identify for transla-
tional versus rotational landslides (alternating expansion-contrac-
tion patterns versus separated bands of subsidence and expansion)
establish mechanistic relationships between strain localization pat-
terns and failure modes. With additional temporal sensing data, this
approach could potentially reveal more localization patterns and
inform early warning systems by providing signature kinematic
elements that indicate critical phase transitions. By demonstrating

how strain accumulates and localizes both temporally and spatially,
our methodology addresses a critical gap in current risk assess-
ment approaches, which predominantly rely on static susceptibility
models that neither incorporate time-dependent strain evolution
nor integrate real-time monitoring data.

On the site scale, our methodology can provide applications
for slope engineering and mitigation design. The detailed strain
localization fields can guide optimal placement of monitoring
instrumentation by identifying zones where deformation concen-
trates and where failure initiation is most likely. The established
relationships between surface strain patterns and basal slip surface
geometry can inform targeted subsurface investigation strategies,
reducing costs while improving characterization. Furthermore, the
identification of extension versus compression zones enables stra-
tegic positioning of mitigation measures: drainage systems can be
prioritized in extensional areas where enhanced permeability facili-
tates water infiltration, while reinforcement elements can be con-
centrated in compressional zones experiencing stress accumulation.
Our future research aims to deepen the study of strain localization
phenomena by fusing data from diverse sampling methods and
integrating these observations at a system level. The rapid advance-
ments in Artificial Intelligence (AI) frameworks, including explain-
able AI (XAI), generative AI, and multi-modal Al offer promising
avenues for integrating this fundamental knowledge of strain local-
ization with other geo-environmental variables. This could lead to
the development of new Al paradigms for more robust landslide
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hazard assessment (Al-Najjar et al. 2023; Alqadhi et al. 2024; Akosah
etal. 2024). The overarching goal is to transform landslide analysis
from a predominantly static, susceptibility-focused practice into
a dynamic, process-oriented science. This may foster a symbiotic
relationship where machine learning predictions refine physical
models, while physical laws and process understanding constrain
generative Al scenarios. The ultimate objective, to quantify “why,”
“when,” and “where” landslides occur, complete with uncertainty-
aware confidence intervals, will redefine landslide risk assessment
and management, catalyzing a paradigm shift from reactive to pro-
active landslide science.

Conclusion

This study demonstrates the significant capability of employing
high-resolution, multi-temporal lidar data, in conjunction with
engineering strain tensor analysis, to investigate and character-
ize complex strain localization phenomena integral to landslide
development. Through case studies of both translational (Taylor
Mill) and rotational (Highland Pike) landslides, we have shown
that this methodological approach allows for the quantification
of non-homogeneous deformational patterns at a fine spatial and
temporal scale.

For the Taylor Mill translational landslide, the analysis revealed
that significant volumetric changes and associated strains were
concentrated in the lower slump, with distinct alternating expan-
sion-compaction patterns along the dip-line indicative of its trans-
lational nature, contrasting with simplified homogeneous deforma-
tion models. The study also highlighted how localized subsidence
and uplift (gradient normal to the slope) dominated the net volu-
metric behavior and how rotational components (curl) near the
scarp zone and upper slope were linked to the overall translational
movement and accommodation of material. In the case of the High-
land Pike rotational landslide, the strain analysis clearly depicted
the characteristic head subsidence and toe uplift, with divergence
fields showing an evolution from toe-initiated movement to dis-
tinct bands of compaction (head) and expansion (toe) that suggest
accelerating strain. The non-uniform rotational behavior along the
strike, with alternating zones of dominant head, general slope, and
toe movement, was effectively captured by swath profile analysis of
the divergence field, correlating with observed geomorphic features
like scarp formation.

These findings underscore the critical importance of moving
beyond displacement measurements alone to characterize local-
ized strain for a more fundamental understanding of how damage
initiates and accumulates, how internal shear zones and failure
surfaces develop and propagate, and how the overall kinematic
behavior of different landslide types evolves over time. While
acknowledging the inherent limitations of current individual
monitoring techniques and the ideal of capturing the entire land-
slide lifecycle from initiation to failure, this work demonstrates
that detailed strain localization analysis can effectively differenti-
ate failure mechanisms and reveal non-homogeneous deformation
patterns that are obscured by displacement measurements alone.
Ultimately, this research contributes to the broader scientific goal
of transforming landslide hazard assessment from a reactive, often
descriptive, practice into a proactive, predictive, and mechanistic
science, thereby significantly enhancing future risk management
capabilities.
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