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Highlights

What are the main findings?

e Partial overlap, large outliers, and density heterogeneity in TLS-UAV data were
revealed.

e A Transformer-based fusion method was introduced for high-steep slope recon-
struction.

What are the implications of the main findings?

e  Accurate digital modeling of complex mountainous terrains was enabled.
e  Reliable data support for disaster warning and risk mitigation was provided.

Abstract

Accurate and comprehensive characterization of high-steep slopes is crucial for real-
time risk prediction, disaster assessment, and damage evolution monitoring. The study
focused on a high-steep rocky slope along the Yanjiang Expressway in Sichuan Province,
China. A novel digital reconstruction method was introduced, which integrates terrestrial
laser scanning (TLS) and unmanned aerial vehicle (UAV) photogrammetry through a
Transformer-based method combining GeoTransformer with the Maximal Cliques (MAC)
algorithm. The results indicated that TLS excels in capturing fine-scale features, whereas
UAYV demonstrates superior performance in large-scale terrain reconstruction. However,
multi-sensor data exhibit heterogeneity in terms of partial overlap, large outliers, and
density differences. To address these challenges, the GeoTransformer-MAC framework
extracts geometrically invariant features from cross-source point cloud (CSPC) to establish
initial correspondences, followed by rigorous screening of high-quality locally consistent
correspondences to optimize transformation parameters. This method achieves accurate
digital reconstruction of the high-steep rock slope. Global and local error analyses verify
the model’s superiority in both overall slope characterization and fine-scale feature
representation. Compared with the TLS-only model and the conventional method, the
Transformer-based method improves the slope model integrity by 85.58%, increases
the data density by 9.71%, and improves the accuracy by nearly threefold. This study
provides a novel approach for the digital modeling of complex terrains, which serves
the refined identification and modeling of geohazards for high-steep slopes in complex
mountainous regions.
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1. Introduction

Throughout the lifecycle of transportation corridor projects in the complex mountain-
ous region, the instability of high-steep rock slopes along the corridor frequently triggers
hazards such as rockfalls and landslides [1-3]. As a typical disaster mode, sudden kinetic
energy release from rock fractures not only damages linear engineering structures but also
threatens the safety of entire transportation system [4-6]. Furthermore, high-steep rock
slopes, characterized by complex topography, highly fractured rock masses, and severe
spatial occlusion, pose substantial challenges for conventional monitoring and surveying
techniques [7,8]. In response to these challenges, constructing high-precision, realistic 3D
digital models of slopes is essential. Such models enhance the safety and reliability of moun-
tainous transportation corridors while providing a foundation for scientific investigation,
engineering optimization, and disaster monitoring.

In recent years, the application of remote sensing in geotechnical engineering and
engineering geology provides a new way to realize comprehensive, accurate and efficient
target model construction [9-11]. Remote sensing technologies such as terrestrial laser
scanning, close-range photogrammetry, and UAV photogrammetry have been increasingly
adopted for slope monitoring and topographic mapping due to their high precision, opera-
tional efficiency, and safety [12-14]. TLS, for instance, is widely recognized for generating
high-resolution datasets that capture detailed slope morphology and provide reliable spa-
tial information [15]. Its robustness to lighting variations and vegetation occlusion further
improves its utility in practical scenarios. However, TLS has inherent drawbacks in rugged
terrains, where line-of-sight restrictions often cause data gaps [16]. Furthermore, difficul-
ties in positioning scanning stations on steep slopes constrain its practical deployment.
Conversely, UAVs excel in maneuverability and coverage, enabling rapid topographic data
collection in remote or inaccessible areas [17]. Integrating UAVs with real-time kinematic
(RTK) positioning systems further enhances their suitability for continuous monitoring [18].
Nevertheless, the quality of UAV-collected data is highly sensitive to external factors,
including meteorological conditions and vegetation interference. Its accuracy heavily de-
pends on the placement and density of ground control points, which are labor-intensive
and time-consuming to establish in challenging terrains [14]. While TLS and UAV-based
methods each offer unique advantages for slope monitoring in mountainous and canyon
environments, neither alone fully addresses the complexities of such terrains. Integrating
these complementary remote sensing technologies can overcome individual limitations,
improve data completeness and accuracy, and establish a robust foundation for digital
modeling and hazard assessment of high-steep slopes.

Regarding the limitations of standalone techniques, researchers have increasingly
focused on multi-sensor data fusion, emphasizing accuracy, coverage, and adaptability in
complex environmental conditions. For example, ref. [19] combined UAV and TLS data to
generate high-resolution digital terrain models under complicated geomorphological and
surface-cover conditions. Similarly, ref. [13] reconstructed a high-precision 3D dam model
using fused UAV-TLS point clouds. Point cloud clustering was employed to extract regional
features and build models, successfully aligning high-precision TLS and UAV point clouds
in the complex mountainous terrain [20]. These studies reveal the potential of integrated
TLS and UAV to enhance data completeness and modeling accuracy in challenging terrain
conditions. In particular, UAV photogrammetry, coupled with structure-from-motion (SfM)
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three-dimensional reconstruction, plays a crucial role in this integration by generating
dense point clouds that complement TLS data [21]. These datasets are spatially aligned
with TLS point cloud via cross-source registration, a process centered on estimating rigid
transformation parameters for overlapping regions [22]. However, CSPC registration faces
several challenges, such as a high proportion of outliers, significant differences in point
cloud density, limited overlapping areas, large spatial rotations, and inconsistent scales [23].
Developing robust and efficient registration methods is essential for integrating CSPC data
and building high-precision 3D models.

To address challenges of CSPC registration, researchers focus on exploring how to effec-
tively complement data discrepancies and improve alignment accuracy and efficiency. The
Iterative Closest Point (ICP) algorithm, together with its variants such as Generalized ICP and
Point-to-Plane ICP, remain popular used due to their simplicity and scalability [24,25]. Such
methods perform iterative optimization of rigid transformations to reduce the Euclidean
distance between corresponding points. However, their performance is highly sensitive
to initial alignment and frequently leading to local optima [26]. Additionally, repetitive
or similar structures in large-scale scenes may induce mismatches [27]. These limitations
are exacerbated in CSPC scenarios with significant density variations and sparse overlaps,
rendering traditional methods inadequate for complex environments. Deep learning advance-
ments offer viable alternatives for CSPC registration. Learning-based frameworks enhance
registration efficiency and accuracy by learning feature extraction, correspondence inference,
and global optimization [28-30]. For example, PointNetLK model integrates traditional regis-
tration algorithms with the neural network, converting point clouds into feature vectors and
iteratively estimating rigid transformations, thereby reducing dependence on initial align-
ment [31]. Lu et al. [32] developed the Sparse-to-Dense Matching Network (SDMNet), which
achieves both efficiency and accuracy in registering large-scale outdoor 3D scenes. Deep
Closest Point approach enhances global feature correspondence awareness by incorporating
self-attention mechanisms and dynamic graph convolutional networks, effectively mitigating
the impact of point cloud density variations on registration accuracy [33]. Nevertheless,
inherent disparities in sensor acquisition mechanisms and point cloud density distributions
hinder endpoint matching precision and model generalization ability [34]. In contrast, the
maximal cliques (MAC) algorithm based on geometric optimization achieves stable matching
results in high-outlier rate and low-overlap scenarios without requiring training data [35,36].
The MAC method operates both as a standalone registration tool and as a hybrid module
within deep learning pipelines, where it refines correspondence selection and transformation
optimization [36]. Integrating geometric optimization with deep learning effectively reduces
injtialization sensitivity, enhances adaptability to heterogeneous data fusion, and provides
methodological support for constructing high-precision 3D models.

Aiming at the complex terrain of high-steep slopes in the complex mountainous
region and the challenges faced by traditional modeling technologies, this study proposes
a novel digital modeling method integrating TLS-UAV fusion with GeoTransformer-MAC
algorithms. The method extracts geometric feature points from CSPC using deep learning
and improves the robustness and accuracy of feature extraction and registration. This
study provides novel insights into the application of multi-sensors data in the complex
mountainous region and offers critical technical support and practical references for high-
precision slope modeling in transportation corridor engineering projects.

2. Study Sites

The study area is located in Liangshan Prefecture, Sichuan Province, China (Figure 1a).
The terrain exhibits a general trend of higher elevation in the northwest and lower elevation
in the southeast, characterized by a tectonic-denudation alpine landform. The intense



Remote Sens. 2025, 17, 3555

40f19

downcutting by the Jinsha River system has formed a typical deep canyon (Figure 1b).
Currently, a transportation corridor project is under construction in this area. The research
focuses on a rock slope near the Xixi River Bridge, which serves as a critical geological
unit of the transportation corridor. The studied slope has a height of approximately 400 m,
with a predominant southeast orientation and a maximum gradient of 80° (Figure 1b).
Geological investigation data indicate that the slope is primarily composed of Upper
Ordovician dolomitic limestone, exhibiting slight surface weathering with a reddish hue
and localized vegetation cover. Three dominant sets of joints are developed within the
rock mass, intersecting to form unstable rock blocks that frequently undergo instability
and collapse. Given the proximity of the slope to the transportation corridor, its potential
instability could pose a serious threat to construction workers and infrastructure.

100°E 101°E 102°E 103°E 104°E b
(b)

29°N

28°N
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Figure 1. Overview of the study area and the studied rocky slope. (a) map showing the location of
the study area in Liangshan Prefecture; (b) the studied rock slope along the complex mountainous
region. Referred from Liu et al. [6].

As depicted in Figure 1b, the rock slope is characterized by complex surrounding
terrain, steep surfaces, and variable vegetation coverage. These conditions make tra-
ditional contact-based measurement methods difficult to implement, time-consuming,
labor-intensive, and pose significant safety risks. Remote sensing technologies, such as TLS
and UAVs, offer new approaches for acquiring topographic data. However, these methods
also entail specific limitations and challenges when applied in practice. Specifically, TLS
excels in high-precision data collection at close range but is susceptible to terrain occlusion,
which can result in data gaps [16]. On the other hand, UAVs can rapidly capture large-scale
data of complex terrains, yet the accuracy and data density are relatively lower, with limited
capability to capture detailed features [14]. It is evident that a single technique cannot
fully meet the multifaceted requirements of high-precision modeling for high-steep slopes,
particularly in terms of data collection perspective, spatial resolution, and field of view.

3. Materials and Methods

To comprehensively acquire spatial information of high-steep slopes in the complex
mountainous region, it is essential to integrate multi-source remote sensing technologies.
TLS and UAVs operate under different data acquisition and processing mechanisms, re-
sulting in TLS point clouds and UAV images belonging to cross-source point cloud. The
registration of such heterogeneous datasets is considerably more complex than that of
homogeneous data. Furthermore, the final accuracy of the model largely depends on the
quality of CSPC registration. Traditional registration methods, constrained by their specific
applicability conditions, often produce deviations when applied directly to cross-source
data. Therefore, there is a critical need to develop a TLS-UAV fusion method that combines
strong adaptability with high precision, thereby providing foundational data support for
constructing digital models of high-steep slopes in the complex mountainous region.
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To overcome the challenges described above, this study introduces a high-precision
digital modeling method for high-steep rock slopes using the multi-sensor data fusion
and the optimization of Transformer-based method. The proposed methodology com-
prises three principal steps: data acquisition and processing, cross-source data fusion, and
model error evaluation. The whole workflow is illustrated in Figure 2. (1) Field data
collection for the high-steep slope is conducted using TLS and UAV. The TLS-scanned
point cloud is generated through station-based measurement and stitching, while the UAV-
imaged point cloud is derived using the Structure from Motion and Multi-View Stereo
(SfM-MVS) algorithm applied to the image data. (2) The CSPC is precisely registered
using the GeoTransformer-MAC algorithms, generating the slope’s digital model. (3) The
accuracy of CSPC model is assessed based on global and local error evaluation methods, i.e.,
parametric testing and multi-scale model-to-model cloud comparison (M3C2) method [37].
The computational processing was performed on a workstation configured with 192 GB
of RAM and an Intel Core i9-14900K @ 3.20 GHz CPU. Point cloud data were processed
using CloudCompare V2.12 [38] and Python 3.8 environment [39], with the deep learning
module implemented in PyTorch V2.1.

-+ — -
TLs —— VAV e’
SouthLidar Pro -y
Data collection TLS locations UAV flight mission
processing Multi-station matching SfM-MVS algorithm
@ Metashape TLS-sanned point clouds
UAV-imaged point clouds
Cross-source Superpomnt Match Compatibility graph Transformation matrix
data fusion GeoTransformer Maximal cliques [Reo-te0 |
Python
@ Cross-source datamodel
Model error Global error Local error
evaluation RMSE M3C2 algorithm
CloudCompare

High precision 3D reality model

Figure 2. The method of accurate digital modeling for the high-steep rock slope based on TLS-UAV
technologies fusion and Transformer-based method.

3.1. Data Collection and Processing
3.1.1. Terrestrial Laser Scanning

The SOUTH SPL-1500 pulsed TLS is employed in this study (Figure 3a), which is based
on the time of flight ranging principle. The TLS is capable of rapidly acquiring high-density
spatial coordinate points on target surfaces, generating high-resolution point clouds with
an accuracy of 3 mm @ 100 m. The working principle of the TLS is as illustrated in Figure 3b.
The laser pulse emitter transmits beam pulse signals at specific angles (horizontal angle «
and elevation angle ). These signals are reflected by a target surface point P (x, y, z) and
captured by the receiver. By measuring the round-trip time ¢ of the pulse at the speed of
light C, the three-dimensional coordinates can be calculated using Equation (1). Table 1
presents the key technical parameters of the SOUTH SPL-1500 TLS system. This system
features a maximum measurement range of 1500 m. A built-in 20-megapixel panoramic
camera that automatically captures true-color images after each station scan, enabling RGB
coloring of the point cloud. This TLS can effectively characterize the spatial distribution
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features and local structural details of high-steep slopes, thereby facilitating the construction
of a corresponding digital surface model.

g — Cxt
2
x = Scosfcosu 1)
y = Scosfsina
z = Ssin6

where S represents the distance from the target object’s surface to the laser scanner, x, y,
and z denote the coordinates of the point cloud, and 6 and « are the horizontal and vertical
angles, respectively.

(b) Laser pulse emitter
and sensor

(@ o

Laser,beam

i x (North)

Scan prism

TLS

Target object

Figure 3. Terrestrial 3D laser scanner used in this study and its ranging principle: (a) SOUTH
SPL-1500 TLS; (b) ranging principle of TLS and the coordinate diagram of its internal system.

Table 1. Technical parameters for SOUTH SPL-1500 terrestrial laser scanning.

Critical Parameters Values

Max service time 4h

Ranging method Pulse-type

Max scanning distance 1500 m

Distance resolution 3mm @ 100 m

Maximum field of view angle horizontal 360° / vertical 300°
Angular resolution 0.001°

Post-processing SouthLidar Pro2.0

3.1.2. Unmanned Aerial Vehicle Photogrammetry

UAVs photogrammetry is a technique based on the principle of aerial photogrammetry,
which generates 3D models of targets by processing and analyzing high-precision images
captured by integrated cameras mounted on UAVs. UAV photogrammetry data were
collected using a DJI Phantom 4 RTK in this study (Figure 4a). The UAV system was
equipped with a high-precision Global Navigation Satellite System (GNSS) and a RTK
module, providing real-time positional data with an accuracy reaching the sub-centimeter
level. The technical parameters of the DJI Phantom 4 RTK are listed in Table 2. In order to
represent the intricate geometry of the slope and achieve comprehensive spatial coverage,
the UAV was operated manually to conduct multi-angle photography, which maintains a
certain overlap rate in both horizontal and vertical directions. Additionally, for areas with
steep and complex terrain or areas requiring focused attention, supplementary flights were
conducted to enhance data collection. Each high-resolution photograph was synchronized
with corresponding position and orientation data, facilitating subsequent data processing.
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Figure 4. (a) Unmanned aerial vehicle (DJI Phantom 4 RTK), and (b) the flow of generating dense
matching point clouds using SIM-MVS algorithm.

Table 2. Technical parameters for DJI Phantom4 RTK unmanned aerial vehicle.

Parameter Value
Weight 1391 ¢
Maximum flight height 500 m
Max flight time 30 min
GNSS mode GPS/BDS/Galileo
Image dimensions 5472 x 3648 pixels
Focal length 8.8-24 mm
Post-processing Agisoft Metashape V2.0.2

Based on 3D reconstruction techniques from photogrammetry and computer vision,
the SfM algorithm can transform overlapping multi-view UAV images into 3D models [40].
Currently, various SfM-based software, such as Agisoft Metashape V2.0.2, Pix4D V4.4.12, and
ContextCapture V10.2, have been developed for generating point cloud data. The generating
dense matching point clouds generally follows these steps, as shown in Figure 4b. (1) adding
photos to the software and importing relevant shooting information; (2) identifying and
matching key image features using the Scale-Invariant Feature Transform (SIFT) algorithm;
(3) generating a sparse point cloud via the SfM algorithm, which is subsequently created a
denser point cloud with metric values using the MVS algorithm; (4) exporting point cloud
data in standard formats (e.g., ASC or LAS) for further processing. Additionally, the dense
point cloud can be transformed into a textured mesh, and digital surface models and digital
elevation models can be extracted from orthophoto maps.

3.2. Multi-Sensor Data Fusion Method
3.2.1. Problems and Objectives of Multi-Sensor Data Registration

Point cloud derived from UAV images serves as a critical foundation for spatial
registration between TLS and UAV. However, TLS-scanned point cloud and UAV-imaged
point cloud constitute cross-source heterogeneous datasets, and their registration process
may encounter issues such as outlier interference, density disparities, and low overlap in
certain regions. These challenges can lead to incorrect point correspondences, significantly
increasing the complexity of searching for the global optimal solution [23]. These limitations
not only increase computational complexity but may also compromise transformation
accuracy, propagating errors into subsequent modeling stages. For example, interference of
local geometric features by noisy points can trigger feature extraction bias [41].

The TLS-scanned point cloud serves as the geospatial reference dataset, providing
support for the positional calibration for the UAV-imaged point cloud. Specifically, the
TLS-scanned point cloud is treated as the target, whereas the UAV-imaged point cloud
acts as the source. The CSPC registration process spatially aligns these datasets by solving
for the optimal rigid transformation parameters (R and ¢), which minimizes discrepancies
in their overlapping regions [23]. Let P = {p; € R3}il\i1 and Q = {q; € R }]Ail denote
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the overlapping region point cloud datasets obtained from TLS and UAV techniques,
respectively, where p; and g; represent corresponding points. The registration objective is
formalized as Equation (2).

Arg min | P~ (RQ+1) | @

3.2.2. Transformer-Based Method of CSPC Registration

A Transformer-based method of CSPC registration is introduced in this study, which
mainly consists of GeoTransformer and MAC algorithms [36,42]. It aims to realize accurate
registration of TLS-scanned point cloud with UAV-imaged point cloud. GeoTransformer is
a keypoint-free method, which is used to establish a CSPC association through superpoint
matching. And MAC algorithm improves the registration accuracy by constructing a
compatibility graph and searching for maximal cliques to filter a stable set of interior points.
The network architecture of the Transformer-based method is illustrated in Figure 5.

TLS UAV

0 Pointwise
P Correspondence & o 5
} Superpoint o Gt :
7 — Matching —## c Q C s v Rty
—_ . ., Module t S &8 .
et [ 7] [04] (P4,) RN 7
: > CJ{ c R, 1)

G g o
L. oo o Ryt
¢ Bron-Kerbosch

[2:F] [o:7¢]

Hypotheses Generation
and Evaluation

Feature Extraction Superpoint Matching Graph Construction Search Maximal Cliques

Figure 5. Network architecture of the Transformer-based method of cross-source point cloud registration.

To reduce computational complexity, multi-level features from TLS-scanned point
cloud P and UAV-imaged point cloud Q are hierarchically extracted using a KPConv-
FPN algorithm. Superpoint sets P = {p1, pa, ..., pu} and Q = {41,492, .., m } are obtained
through downsampling, where each superpoint represents the characteristics of a local
region. The corresponding learned features are denoted as F¥ € R'?!*4 and FQ € R! Qlxd,
The first-level downsampled points are expressed as P and Q, with their associated feature
embeddings F¥ and FQ. The geometric self-attention module and the cross-attention
module within GeoTransformer are utilized to extract features from P and Q, respectively.

The geometric self-attention module is employed to learn intrinsic features and
global geometric correlations within P and Q. This process generates feature descriptors
that exhibit geometric invariance. The input and output feature matrices are denoted as
X € R'P1xdi and 7 € RIPIxd: (Equation (3)), respectively, while the weight coefficients 4; ;
are computed based on the attention scores ¢; ; as follows.

|P|
Zi = '21 a;,i(xjW")
]:

(xiWQ) (x; WK + 7, WRYT
= NG

where rij represents the geometric structure embedding, while WY, W, WK, and

(3)

WR € Ré>d: correspond to the projection matrices for the value, query, key, and geo-
metric structure embedding, respectively.

Furthermore, the feature-based cross-attention module is implemented to learn the
relationships between TLS and UAV point clouds, enhancing their consistency through
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interactive feature fusion. Given self-attention matrices X* and X9 for P and Q, the

cross-attention matrix Z” for P is derived through features of Q, as defined in Equation (4).
p el QuVv

Zi :]; a;j(x; W) (4)

where 4;; represents the cross-attention weight, which quantifies the feature correlation
between the TLS and UAV point clouds.

The Gaussian correlation matrix S for superpoint matching is computed and subjected
to bidirectional normalization (Equation (5)). A Top-k selection strategy is subsequently
adopted to extract high-confidence initial superpoint matching pairs (Equation (6)).

s .

o ©
Lin Sik L1 5kj

¢ = {(pi,9))|(i,)) € top —k(5)} 6)

The initial correspondence set is modeled as a compatibility graph G = (V, E), where
the nodes represent matching pairs ¢® = (p, ‘7;7 ). Edges e encode the geometric compat-
ibility between two matching pairs ¢® and ¢!, quantified through a first-order geometric
(FOG) metric derived from rigid-distance constraints. The compatibility score Scpp(c®, ')
for edge creation is computed as Equation (7).

Wps=pl =l —qt 1)
Scmp(cs,ct):exp — ¥ ] (7)

cmp

where dcmp represents the distance parameter. If the compatibility score exceeds the
threshold femp, an edge e is established to connect the corresponding nodes and assigned
a corresponding weight; otherwise, the weight is set to 0. This process results in the
symmetric weighted matrix Wrog.

The weight matrix of the second-order compatibility graph Wsog is derived from
Wrog (Equation (8)). Specifically, this is achieved through the element-wise multiplication
of matrix components, further enhancing the global compatibility of adjacent nodes. Com-
pared to FOG, SOG exhibits greater sparsity and geometric consistency, ensuring that the
retained matching point pairs are more reliable.

Wsoc = Wroc © (Wrog X Wrog) (8)

where © represents the element-wise matrix multiplication.

To mine the local consistency sets within the compatibility graph, a modified Bron-
Kerbosch algorithm was employed to search for maximal cliques, i.e., subgraphs where all
points are mutually connected. The lower bound for clique size is set to 3 in the process
of searching. A multi-stage filtering strategy, including node-guided clique selection,
normal vector consistency constraints, and clique sorting, is then applied to optimize
the candidate set [36], with the goal of retaining locally optimal cliques while reducing
redundant computations.

Each filtered maximal clique represents a locally consistent matching set, and trans-
formation parameters are computed via weighted singular value decomposition (SVD).
The principal eigenvalues of the Wsog are used to assign weights to the matching pairs,
enhancing the contribution of pairs with strong geometric consistency. Since multiple
maximal cliques may exist, mean squared error (MSE) is used as the filtering criterion to
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select the transformation parameters with the highest inlier support as the final registration
result (Equation (9)).

N
koK) S
(R*,t%) —argrgl{,atxizzls(c ) )

where ¢ € Cjitiar, N indicates the number of initial matching pairs, s(c®) is the scoring
function for matching pairs.

3.3. Accuracy Analysis Method for Multi-Sensor Data Model

The global and local error analyses were used in this study, which rigorously evaluated
the accuracy of the CSPC registration method. Global accuracy is assessed through the root
mean square error (RMSE), which measures the Euclidean deviation between the registered
TLS and UAV point clouds [43]. The RMSE is calculated as shown in Equation (10).

n 42
— i=1"
RMSE =/ ==! 10)

di = \/(xp - xq)z + (yp — yq)z +(zp — Zq)Z

where 1 denotes the total number of corresponding point pairs after registration; d; repre-
sents the Euclidean distance between the i-th nearest neighbor pair p; from the target point
cloud P and g; from the registered source point cloud Q.

The M3C2 algorithm was further employed to analyze local geometric errors in the reg-
istered point clouds. This method quantifies spatial discrepancies between 3D datasets by
computing point-to-cloud distances within locally oriented cylindrical neighborhoods [37].
The algorithm comprises four fundamental steps, with the corresponding workflow illus-
trated in Figure 6a—d.

Data core point Point cloud M3C2 distance Roughness analyzing
sampling normal vector fitting calculating and calculating
@ TLS point cloud © Neighborhood points Core point M3C2 distance Normal
® UAV point cloud @ Projected points ~ ——— Best fitting plane ===== Cylindrical axis | direction

Figure 6. The schematic workflow of the M3C2 algorithm: (a) data core point sampling; (b) point
cloud normal vector fitting; (c) M3C2 distance calculation; (d) roughness analysis and calculation.
The distribution and distances of the point clouds in the figure are intended to demonstrate the
algorithmic principles. Modified from Lague et al. [37].

(1) Data core point sampling: A uniformly distributed and low-density core point set,
which is a subset of the original point cloud data, is obtained through downsampling,
as illustrated in Figure 6a. This process effectively reduces the complexity of data
processing and enhances the computational efficiency of subsequent operations.

(2) Point cloud normal vector fitting: For each core point p in Figure 6a, a neighborhood
dataset is constructed from the original point cloud within a specified radius D/2.
As shown in Figure 6b, a local normal vector N is derived by fitting a plane to the
neighborhood data using the least squares method. The direction of N determines the
reference for distance calculation. Additionally, the standard deviation of the neigh-
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borhood points from the fitted plane is defined as the roughness ¢(D) (Equation (11)),
which characterizes the local surface properties.

—\2
(D) =1/ Loy (o =) (;; L) (1)

where g; denotes the distance from the i-th point to the fitted plane within a radius of
D/2; a represents the average distance from all points to the fitted plane within the
same radius D/2; N is the total number of points located within the radius D/2.

(3) MB3C2 distance Calculating: Along the direction of the normal vector N of the core
point p, a cylinder with a radius of 4/2 is constructed centered at p. This cylinder
intersects the CSPC, forming two sets of intersection points, #; and #; (represented by
green points in Figure 6¢). The points in each intersection set are projected onto the
cylinder axis, and the mean positions of the projected points, p; and p,, are calculated.
The Euclidean distance Lyj3c2 between p; and p, represents the variation distance of
the CSPC at the core point p. By iterating through all core points, the distribution of
point cloud variation distances across the entire target region can be obtained, which
is then used to evaluate registration errors.

(4) Roughness analyzing and calculating: To mitigate the influence of random errors, a
confidence interval is established to determine the Least Significant Change Distance
(LoD). Assuming that the errors follow an independent Gaussian distribution, the
following formula can be applied for testing when the number of intersection points
n1 and n, is greater than or equal to 30 (Equation (12)):

2 2
LoDesy, (d) = il.%(\/ ald)”  oald) o (12)
n 13
where LOD (d) represents the least significant change distance under the projection
radius d/2; o1 and o denote the roughness of the TLS and UAV point clouds, respec-
tively, under the projection radius d/2; n; and n; are the numbers of core points in
the respective point clouds; reg represents the error of point cloud registration.

4. Results and Analysis
4.1. Analysis on TLS-UAV Heterogeneous Data

Point cloud data from the target slope were acquired using TLS and UAV technologies.
Given the complex terrain and accessibility constraints of the rock slope in the mountainous
region, three TLS stations were strategically positioned opposite the slope face. Each station
utilized a scanning field of view of 360° x 300°, with a sampling rate of 2 x 10° pts/s and
an angular resolution of 0.03° to capture 3D point cloud. The entire measurement process
took approximately 20 min. The point cloud datasets from each station contained 11 to
16 million points, with overlapping point clouds between adjacent stations. The station-
based measurement module in SouthLidar Pro2.0 was employed to optimize point cloud
stitching, resulting in a unified TLS model (Figure 7a). Meanwhile, UAV photogrammetry
was conducted under the same environmental conditions, capturing 437 high-resolution
images. Image acquisition maintained >70% overlap ratios in both along-track and cross-
track directions. The SfM-MVS algorithm in Agisoft Metashape V2.0.2 was used to generate
UAV-imaged point clouds (Figure 7d), which were spatially referenced in the WGS84
coordinate system and assigned RGB color values.
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Figure 7. Characteristic differences in 3D point cloud models between TLS and UAV: (a) TLS-scanned
point cloud and (b) its volumetric density distribution; (c) local features of TLS-scanned point cloud
(corresponding to red rectangular areas in (a); (d) UAV-imaged point cloud and (e) its volumetric
density distribution, (f) local features of UAV-imaged point cloud (corresponding to red rectangular
areas in (d).

Comparative analysis of the TLS-scanned and UAV-imaged point clouds demonstrates
both datasets effectively capture surface characteristics and positional-spectral information
of the high-steep slope. However, inherent sensor and acquisition differences induce
significant heterogeneity in data completeness, density distribution, and quality attributes.
The high-density point cloud model generated by TLS contains 3.612 x 107 points, with a
maximum point density of 72,089 points/m? and a millimeter-level resolution. However,
affected by occlusion effects from the complex terrain, the TLS data exhibits progressive
density attenuation or even gaps in the middle and upper parts of the slope, such as
typical scanning blind zones in Figure 7a. In contrast, the UAV-imaged point cloud with
5.741 x 107 points demonstrates superior spatial continuity and complete coverage across
the entire slope. Its point density ranges from 4844 to 12,411 points/m? and is distributed
more uniformly. However, due to limitations in the placement of GCPs, the model may
introduce localized positional errors. Notably, water surface reflections at the slope base
induce geometric distortions in the bottom-right region of the model. Additionally, a
localized sampling analysis (Figure 7c,d) further highlights their differences. The TLS
data has a significantly higher density but exhibits a somewhat chaotic distribution in the
selected area. Conversely, the UAV-imaged point cloud demonstrates a more uniform,
linear arrangement, with similar point spacings along each line.

In summary, TLS excels in capturing micro-scale features of the target, while UAV is
more suitable for large-scale terrain reconstruction. However, the comparative analysis also
highlights several challenges, including data gaps in different areas, partial data overlap,
large outliers, and density difference between the two datasets.

4.2. Fusion Effect of Multi-Sensor Data Model

The TLS and UAV point clouds underwent standardized preprocessing and were
uniformly converted to the ASC format. Following the Transformer-based method outlined
in Section 3.2.2, initial correspondence pairs were identified (Figure 8a), and the rotation
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and translation matrices were computed during registration. This process yielded the regis-
tration results between TLS-scanned point cloud and UAV-imaged point cloud (Figure 8b).
The integrated TLS-UAV dataset forms a comprehensive 3D model spanning 48,472 m?
of the high-steep slope, comprising 9.35 x 107 discrete points with full spatial coverage
(Figure 8c). In addition, the density distribution of slope is shown in Figure 8d.

Figure 8. (a) Corresponding points within the TLS-scanned point cloud and the UAV-imaged point
cloud, (b) high-steep slope model after point cloud registration, (c) 3D reality model of high-steep
slope, and (d) the corresponding volumetric density distribution, the dash line box represents the
rectangular sampling zone.

The registered TLS-UAV point clouds exhibited substantial spatial congruence, with
clearly delineated rock mass structures on the slope surface and significant improvements
in model planarity and textural resolution. Comparative evaluation between the fused
dataset and TLS-only data (Figures 7 and 8) quantified an 85.58% improvement in spatial
coverage and 9.71% increase in volumetric point density, substantially reducing data voids
and blind zones. For instance, the blind zone area decreased by approximately 42% within
a rectangular sampling zone on the slope flank, accompanied by a more homogeneous
density distribution. These results not only underscore the method’s efficacy in outlier
suppression but also highlight its capacity to refine matching precision and optimize
spatial layout.

In summary, the CSPC fusion method proposed in this study, integrating TLS and UAV
techniques, effectively enhances the quality of digital modeling for high-steep slopes. The
CSPC model demonstrates superior scene completeness and geometric accuracy compared
to models constructed using a single technique, confirming the synergistic effects of tech-
nological integration. The high precision of TLS-scanned point cloud provides a reliable
spatial reference for UAV-imaged point cloud, while the extensive coverage capability of
UAV data effectively compensates for TLS blind zones, forming a complementary system
of technical advantages.
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4.3. Accuracy Evaluation of Multi-Sensor Data Model

In addition to visual comparisons, the accuracy of the TLS-UAV model was quanti-
tatively evaluated using corresponding point pairs. The RMSE of the distances between
corresponding points was calculated, yielding a result of 0.08 m. This error falls within the
acceptable range and meets the precision requirements for the relevant parameters [8,14].
The error of CSPC registration was analyzed using the M3C2 algorithm, where smaller cal-
culated deviations indicate better alignment and higher registration quality. The results are
visually represented by a scalar field map showing the spatial error distribution (Figure 9a)
and a frequency histogram revealing the statistical characteristics of the errors (Figure 9b).
The frequency histograms of registration errors in the X, Y, and Z directions exhibit ap-
proximately normal distributions, with most errors consistently constrained within 4-0.1 m.
The mean errors are 0.06 m, —0.05 m, and —0.05 m, respectively. The model’s registration
accuracy meets the error requirement for large-scale modeling, with an exact registration
error below 0.2 m [14]. Notably, spatially clustered errors observed in mid-slope and
vegetated lower-right regions, which may result from the differing penetration abilities
of TLS and UAV imaging in vegetation-covered areas. TLS can capture point cloud data
beneath vegetation with laser beams, while UAV photogrammetry primarily acquires the
object surface morphology based on stereo matching [29,44].
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Figure 9. Scalar fields of registration errors for the TLS-UAV cross-source heterogeneous data model
in (a) X, (b) Y, and (c) Z directions, along with the corresponding error statistics in the (d) X, (e) Y,
and (f) Z directions.

For the point cloud registration, the classical ICP method is usually performed [6,25].
To compare the accuracy differences between different methods, this study uses the same
error assessment method to analyze the registration performance of the ICP-based method
within the TLS-UAV fusion model [6]. As shown in Figure 10a,b, the registration result
of the ICP presents local layering phenomenon in the complex terrain region, while the
registration result of this study’s method shows better consistency in this location, and
the performance of local detail registration is better. The efficiency and error calculation
results of the two methods are listed in Table 3. Compared with the ICP-based method, the
Transformer-based method proposed in this paper improves the computational efficiency
by more than 2 times and the accuracy by nearly 3 times.

Opverall, the model constructed using the proposed fusion method demonstrates high
registration accuracy, achieving centimeter-level precision in all three orthogonal spatial
dimensions. This validates the reliability of the Transformer-based method for achieving
collaborative multi-sensors data fusion, particularly in complex geological environments.
The proposed workflow is equally applicable to other contexts such as moderate rocky
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slopes, archaeological sites, and cultural heritage structures, where multi-sensor data fusion
is also required for detailed geometric documentation.

(a) (b)

Figure 10. Local details of the CSPC registration effect between (a) the ICP-based method and (b) the
Transformer-based method. The yellow and blue respectively represent the TLS-scanned point cloud
and the UAV-imaged point cloud, and the red arrows represent the stratification distances of the
TLS-UAV point cloud.

Table 3. Comparison registration results of different methods.

Global Error Local Error .
Method RMSE (m) M3C2 (m) Times (s)
ICP-based method 0.23 0.19 154
Transformer-based method 0.08 0.06 68

5. Discussion
5.1. Advantages and Limitations of Methodology

High-steep slopes along transportation corridors are typically located in areas with
complex terrain and rugged topography, such as high mountains and deep valleys. These
slopes are characterized by steep gradients, dramatic undulations, and highly variable
geological conditions, often accompanied by potential hazards such as landslides and
rockfalls [45,46]. The integration of TLS and UAV technologies provides an effective
solution to these challenges. The high-resolution TLS-scanned point cloud can serve as a
benchmark for data fusion, enabling the correction of precision deficiencies in UAV-imaged
point cloud [14]. Meanwhile, the aerial surveying capabilities of UAVs compensate for
the limited coverage of TLS, enhancing the completeness of the model [6]. The synergy
between these two techniques achieves a balance between accuracy and efficiency, offering
a reliable technical foundation for precise modeling and hazard monitoring of high-steep
slopes in the complex mountainous region.

TLS and UAV point clouds exhibit distinct resolution, density, and precision char-
acteristics, necessitating precise coordinate system alignment and data fusion during
registration [13]. Furthermore, the inherent complexity and computational intensity of
CSPC registration algorithms often escalate post-processing time costs, demanding ad-
vanced algorithmic optimization [23]. To overcome these difficulties, a hybrid point cloud
registration framework is proposed in this work, which combines deep learning tech-
niques with graph-theoretical principles. Specifically, GeoTransformer employs geometric
self-attention and cross-attention mechanisms to extract geometric features and generate
high-quality initial correspondences. Concurrently, the MAC algorithm generates high-
precision transformation assumptions via maximal clique constraints to effectively deal
with the outlier problem in the initial correspondence. This synergistic framework achieves
high precision while maintaining superior computational efficiency, rendering it applicable
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to complex registration scenarios. The TLS-scanned point cloud obtained by the fusion
method matches well with the UAV-imaged point cloud, which optimizes the data quality,
and also improves the accuracy and efficiency of modeling. In principle, the method can
also be extended to other types of CSPC, such as mobile laser scanning, airborne LiDAR, or
close-range photogrammetry, as long as adequate overlap and geometric correspondences
are present.

It should be noted that the registration process and error analysis are constrained by
the incomplete coverage of TLS-scanned point cloud, and the proposed method is difficult
to realize the accurate alignment of each local part of the TLS-UAV datasets. Consequently,
the final registration results represent only a global optimal solution. Additionally, the
MB3C2 algorithm calculates errors exclusively within the overlapping regions of UAV and
TLS point clouds, which may limit the representativeness of the error analysis. Therefore,
future research also needs to collect point cloud data from TLS-UAVs with different terrains
and data quality and perform self-supervised fine-tuning and experimental validation
to enhance the generalization and adaptation ability of the Transformer-based method
in different scenarios. Meanwhile, multiple evaluation metrics are used to compare and
analyze different algorithms to further improve the alignment accuracy and ensure the
robustness of the algorithm.

5.2. Potential of High-Precision Digital Model

The high-precision digital model, constructed based on the TLS-UAYV fusion and CSPC
registration method, provides multi-dimensional and high-efficiency data support for
geological hazard mechanism analysis and engineering prevention in high-steep slopes.
Its potential in target detection, 3D reconstruction, and risk localization is demonstrated
as follows.

(1) Interpretation of rock mass structural information: In the high-precision model
of rock slopes, intelligent algorithms such as clustering and segmentation can rapidly
identify and accurately extract rock mass structural information, including the spatial
distribution, orientation, spacing, persistence, and roughness of discontinuities [40]. These
structural features are critical factors influencing slope stability, particularly in steep and
inaccessible areas [6]. The high-resolution characteristics of the model significantly enhance
the accuracy and reliability of identification, providing essential data support for in-depth
analysis of rock mass mechanics. (2) Optimization of slope stability assessment: By utilizing
the geometric accuracy and completeness of the fused model, slope stability analysis can
more effectively incorporate the irregularity and complexity of the rock mass. Using precise
geometric data to construct realistic numerical models, combined with finite element
method or discrete element method, enables the evaluation of potential risk zones, failure
modes of unstable rock masses, and possible collapse scales [47]. Additionally, the model
supports disaster scenario reconstruction and serves as a reliable input for runout modeling
and kinematic analyses of potential instability events [48]. (3) Long-term and multi-phase
dynamic monitoring capability: It should be emphasized that the precision of TLS-UAV data
limits its ability to detect sub-centimeter deformations critical for real-time early warning.
However, through the registration and comparison of multi-phase models, the workflow
is highly effective in capturing larger-scale geometric changes and evolution trends. This
includes monitoring progressive erosion, episodic rockfall events, and the accumulation
of deformation over longer time scales [49]. While not suitable for precursor detection,
this capability is invaluable for understanding the long-term geomorphic evolution of
slopes under influences such as rainfall and earthquakes [50]. In this context, it can serve
as a complementary tool to higher-precision monitoring systems like synthetic aperture
radar (SAR).
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The high-precision digital model significantly improves the refinement and intelligence
of rock slope research, demonstrating broad application potential. Future studies will
continue to improve the registration algorithm, optimize the data processing flow, and
explore its adaptability for real-time monitoring and complex environments, to further
expand its application scope and scientific value.

6. Conclusions

To address the limitation of traditional measurement techniques in complex mountain-
ous terrains and the challenge of multi-sensor data fusion, this study introduces a novel
Transformer-based framework integrating TLS and UAV techniques for digital modeling.
TLS exhibits significant advantages in capturing microscale slope features, while UAV pho-
togrammetry exhibits superior applicability for large-scale terrain reconstruction. The study
reveals heterogeneous characteristics between these data sources, mainly characterized by
partial overlap, large outliers, and density differences. CSPC registration and matching
are achieved through the optimized GeoTransformer-MAC algorithms. This method ex-
tracts geometric invariant features from CSPC to establish initial correspondences, screens
high-quality locally consistent correspondences, and optimizes transformation parameters,
thereby improving the robustness, accuracy, and efficiency of CSPC registration.

The GeoTransformer-MAC algorithms compensate for occluded missing portions in
TLS-scanned point cloud and improve the accuracy of UAV-imaged point cloud. For the
investigated slope, the integrated TLS-UAV model increases spatial coverage by 85.58%
and enhances data density by 9.71% compared with the TLS-only model. It demonstrates
global and local registration accuracies are 0.08 m and 0.06 m, respectively, realizing the
3D fine modeling of high steep rock slopes. The high-precision 3D model establishes
multi-dimensional, time-sensitive data support for disaster early warning and engineering
mitigation of high-steep slopes in complex mountainous regions, highlighting its extensive
application potential. This approach will improve the accuracy of rock mass parameter
identification, enable more precise analysis of rock instability modes and collapse scales,
and support the quantitative evaluation of long-term, large-scale geometric evolution
of slopes.
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