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Highlights

What are the main findings?

e A UAV-TLS fusion framework was developed to convert mining-induced sur-
face cracks from flat image-based detections into measurable three-dimensional
spatial objects.

e  Semantic crack point clouds were constructed by linking DRA-UNet-derived crack
semantics with TLS geometry through skeleton vectorization and KDTree-based
spatial matching.

What are the implications of the main findings?

e  The framework bridges the gap between crack recognition and true 3D geometric
characterization under real topographic conditions.

e The proposed workflow enables more reliable crack measurement and provides
a practical tool for mining-induced ground damage monitoring and ecological
restoration assessment.

Abstract

Mining-induced surface cracks are direct indicators of ground damage caused by under-
ground coal extraction, yet their accurate three-dimensional (3D) characterization remains
challenging because most unmanned aerial vehicle (UAV)-based studies are limited to
two-dimensional (2D) detection and planar parameter extraction. This study proposes a
UAV—terrestrial laser scanning (TLS) fusion framework for measurable 3D characterization
of mining-induced surface cracks under real topographic conditions. High-resolution
UAV orthomosaics were used to extract crack semantics with a dual residual-attention
U-Net (DRA-UNet). The resulting crack masks were skeletonized and vectorized, and a
k-dimensional tree (KDTree)-based spatial matching strategy was applied to link crack
centerlines with TLS point clouds, thereby constructing semantic crack point clouds. The
framework was evaluated at the Huojitu Mine, Shenmu City, China, using approximately
5000 crack samples. DRA-UNet achieved precision, recall, F1-score, and mean intersection
over union values of 85.13%, 77.84%, 81.32%, and 70.26%, respectively. Compared with
conventional 2D length measurements, the proposed 3D estimation reduced the mean
relative error from 4.49% to 2.64%. Width validation at 24 field points yielded a mean rela-
tive error of 4.47%. These results show that UAV-TLS fusion can bridge the gap between
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planar crack detection and true 3D geometric characterization, providing a practical tool
for mining-induced ground damage monitoring.

Keywords: mining-induced surface cracks; UAV remote sensing; TLS; DRA-UNet; 3D
characterization; point cloud fusion

1. Introduction

Mining-induced surface cracks are among the most direct manifestations of ground
damage caused by underground coal extraction [1-5]. Their development can disrupt
surface continuity and land structural stability and may further trigger secondary envi-
ronmental problems, including soil erosion, vegetation degradation, and localized ground
instability. Accurate identification of mining-induced surface cracks and quantitative char-
acterization of their geometric properties are therefore essential for hazard monitoring,
ecological restoration, and surface stability assessment in mining areas [1,2].

Conventional crack investigation mainly relies on field surveys, tape measurements,
total station observations, Global Navigation Satellite System (GNSS) measurements, and
visual interpretation of remote sensing imagery. Although these methods can provide
reliable crack information at local scales, they are generally labor-intensive, spatially dis-
continuous, and strongly dependent on human interpretation. In mining-affected areas
with extensive crack networks and complex terrain, conventional approaches are often
insufficient for large-scale, high-precision, and high-frequency monitoring [2,5].

Recent advances in UAV remote sensing and deep learning have substantially im-
proved the automatic detection of mining-induced surface cracks [6-9]. Semantic seg-
mentation methods based on high-resolution UAV orthomosaics enable pixel-level crack
extraction and support the derivation of 2D geometric parameters, including crack length,
width, area, density, and spatial distribution. However, most existing studies still treat
cracks as 2D image objects, with results mainly represented by crack masks, skeletons, or
planar geometric descriptors. In mining areas, surface deformation is commonly accompa-
nied by subsidence basins, terrain undulations, and localized collapses. As a result, the
actual propagation path of a crack may deviate from its planar projection. Measurements
derived solely from UAV orthomosaics therefore cannot fully represent crack geometry
under real topographic conditions, which limits further analysis of the relationship between
crack development and mining-induced surface deformation.

Point-cloud data provide new opportunities for 3D crack characterization [10-13].
TLS and photogrammetric point clouds can capture detailed 3D coordinates and elevation
information, enabling the representation of surface structures, terrain undulations, and
micro-topographic variations. Nevertheless, direct extraction of mining-induced surface
cracks from point clouds remains challenging [12,13]. Vegetation cover, shadows, loose
surface materials, surface roughness, point-density variations, occlusions, and noise may
lead to unstable representations of fine crack boundaries. Therefore, rather than replacing
image-based crack detection with point-cloud-based extraction, a more feasible strategy
is to integrate crack semantic information derived from UAV imagery with the geometric
information provided by TLS point clouds. Such integration can extend crack representation
from 2D image objects to 3D spatial objects [10,11].

Although multi-source remote sensing data fusion has received increasing attention,
studies on mining-induced surface cracks have predominantly focused on 2D detection
and planar parameter extraction. Research on constructing semantic 3D crack objects
and quantifying crack geometric parameters under real topographic conditions remains
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limited [11,12]. Establishing a spatial linkage between crack semantic information and 3D
terrain information is therefore critical for transforming crack analysis from 2D detection to
3D quantitative characterization.

To address these limitations, this study proposes a UAV-TLS fusion framework for 3D
characterization of mining-induced surface cracks [13,14]. First, crack semantic information
is extracted from UAV orthomosaics using DRA-UNet [11,12,15-17]. Crack centerlines are
then generated through connected-component analysis, skeleton extraction, and vector-
ization [18]. Subsequently, KDTree-based neighborhood matching is employed to map
2D crack objects into 3D point cloud space, thereby constructing semantic crack point
clouds [19,20]. Finally, 3D geometric parameters, including crack length and width, are
estimated by integrating planar crack information with TLS-derived elevation information.

Different from previous studies that mainly focused on 2D crack detection, planar
geometric parameter extraction, or direct crack extraction from point clouds, this study
emphasizes the transformation of image-derived crack semantics into measurable 3D spa-
tial objects. Specifically, UAV orthomosaics are used to provide reliable crack semantic
boundaries and centerlines, while TLS point clouds provide elevation and terrain mor-
phology information. By linking these two data sources through skeleton vectorization
and KDTree-based spatial matching, the proposed framework enables the construction of
semantic crack point clouds and the calculation of 3D crack geometric parameters under
real topographic conditions.

The main contributions of this study are threefold. First, a UAV-TLS fusion framework
is developed to extend the representation of mining-induced surface cracks from 2D image
objects to 3D spatial objects. Second, a spatial association strategy between crack centerlines
and TLS point clouds is established to construct semantic crack point clouds. Third, an
automated workflow for estimating 3D crack length and width is developed to support
quantitative geometric characterization under real topographic conditions.

2. Study Area and Data
2.1. Study Area Overview

The study area is located in the mining-affected region of the Huojitu Coalfield, Daliuta
Town, Shenmu City, Shaanxi Province, China. It lies in the transitional zone between the
loess plateau hills and gullies and the Mu Us Desert. The region has a semi-arid to
arid continental climate, with annual precipitation of approximately 250-440 mm, mainly
concentrated from July to September, and annual potential evaporation of 1800-2500 mm.
The terrain is dominated by loess-covered hills and is widely covered by mobile and
semi-fixed sand. Loose surface materials, low erosion resistance, and fragile ecological
conditions make the area sensitive to mining-induced disturbance [21].

Affected by underground coal extraction, the study area exhibits surface subsidence,
tensile cracks, and localized deformation. The cracks show considerable variability in
length, width, continuity, and spatial distribution, providing representative surface damage
features for method validation. In addition, the open terrain and well-developed crack mor-
phology allow the acquisition of high-resolution UAV orthomosaics and TLS point clouds
over the same area. Therefore, this site is suitable for evaluating 2D crack identification and
3D crack characterization methods. The location of the study area is shown in Figure 1.

2.2. UAV Imagery and TLS Point-Cloud Data

High-resolution UAV orthomosaics and TLS point clouds were used as the primary
data sources in this study. UAV orthomosaics provide centimeter-level spatial resolution
and rich texture information, allowing surface features such as cracks, bare soil, roads,
and vegetation to be clearly distinguished. They were therefore used as the basis for crack
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semantic segmentation, boundary extraction, and skeleton analysis. In contrast, TLS point
clouds record the 3D morphology of the ground surface and can represent local subsidence,
terrain undulations, and micro-topographic variations around surface cracks [22]. These
data provide essential elevation information for 3D crack representation and geometric
parameter estimation.

(b) Shaanxi Province

Figure 1. Location of the study area. (a) Location of Shaanxi Province within China; (b) location of
the study area in Shaanxi Province; (c) mining panel and local orthomosaic image.

To ensure spatial consistency among the crack objects extracted from UAV orthomo-
saics, crack centerline vectors, and TLS point clouds, all datasets were transformed into
the CGCS2000/3-degree Gauss—Kruger CM 111E projected coordinate system (EPSG:4546;
units: m). This coordinate system is based on the CGCS2000 datum and uses a 3-degree
Gauss-Kruger projection with a central meridian of 111°E, a false easting of 500,000 m, a
false northing of 0 m, a scale factor of 1.0, and a latitude of origin of 0°. The spatial co-
registration accuracy between the UAV orthomosaic and TLS point clouds was evaluated
using common check points distributed across the study area. The horizontal root mean
square error (RMSE) of the UAV-TLS co-registration was 0.03 m, indicating that the two
datasets had sufficient planimetric consistency for subsequent crack centerline-to-point-
cloud matching and 3D geometric parameter calculation. In the proposed framework,
UAV orthomosaics provide crack semantic boundaries and planar spatial distributions,
whereas TLS point clouds supply the corresponding 3D geometric information at crack
locations. The complementary characteristics of these two data sources form the basis for
semantic crack point-cloud construction and subsequent 3D geometric characterization.
The acquisition parameters of the UAV orthomosaics and TLS point clouds are summarized
in Tables 1 and 2, respectively.

It should be noted that the flight altitude of approximately 1190 m refers to the
absolute UAV flight elevation above mean sea level rather than the relative flight height
above the ground surface. Therefore, this value should not be directly used to interpret the
ground sampling distance. The generated orthomosaic had a ground sampling distance of
2.76 cm/ pixel after photogrammetric processing.
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Table 1. Acquisition parameters of the UAV imagery.

Item Description
Data type UAV orthomosaic imagery
UAV platform DJI Matrice 300 RTK
Image type True-color visible imagery
Image size 4056 x 3040 pixels
Flight altitude Approximately 1190 m above mean sea level
Focal length 40-60 mm
Exposure time 1/640s
Ground sampling distance 2.76 cm/ pixel

Data processing
Main application

Image matching, aerial triangulation, orthorectification, and image mosaicking
Crack extraction, binary mask generation, and skeleton extraction

Table 2. Acquisition parameters of the TLS point clouds.

Item Description
Data type TLS point clouds
Scanner RIEGL VZ-1000 terrestrial laser scanner

Maximum range 1400 m
Minimum range 25m
Range accuracy 8 mm
Range repeatability 5mm
Scanning field of view 360°

Angular resolution 0.0005°

Data processing

Main application

Point cloud registration, denoising, cropping, and spatial reference verification
3D surface characterization, crack point-cloud matching, and estimation of crack
length and elevation variations

2.3. Sample Annotation and Point-Cloud Preprocessing

The crack sample dataset was constructed from UAV orthomosaics covering repre-
sentative crack-development areas within the same mining-affected area of the Huojitu
Coalfield, Daliuta Town, Shenmu City, Shaanxi Province, China. The UAV orthomosaics
were divided into image patches of 256 x 256 pixels using a sliding-window strategy with
20% overlap between adjacent patches. This overlap reduces the risk of crack truncation
at patch boundaries and preserves the continuity of crack features. Crack regions in each
patch were manually annotated using Labelme [23], and the annotations were subsequently
converted into binary masks, with crack pixels assigned a value of 255 and background
pixels assigned a value of 0.

The dataset included both crack-containing patches and background-dominated
patches, including bare soil, roads, vegetation, and shadowed areas, to improve the model’s
ability to distinguish cracks from non-crack surface features. Approximately 5000 anno-
tated image patches were established and then randomly divided at the patch level into
training, validation, and testing subsets at a ratio of 8:1:1. The partitioning was performed
after sliding-window cropping, rather than at the orthomosaic or acquisition-area level.
Therefore, adjacent overlapping patches originating from the same orthomosaic may exist
among the training, validation, and testing subsets, which may lead to optimistic estimates
of segmentation performance compared with a fully spatially independent evaluation.
Accordingly, the reported segmentation results mainly reflect patch-level crack extraction
performance within the same study area, while cross-area generalization should be further
evaluated using independent orthomosaics or datasets from other mining areas.

Prior to analysis, the raw TLS point clouds underwent preprocessing, including regis-
tration, denoising, cropping, and spatial consistency verification. Point clouds acquired
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from different scanning stations were first registered into a unified spatial reference system,
and registration accuracy was assessed using overlapping regions between adjacent scans.
Statistical filtering combined with manual inspection was then applied to remove outliers,
floating points, and abnormal points near scan boundaries, thereby reducing noise influ-
ence on elevation assignment and 3D crack-length estimation. Finally, the point clouds
were clipped according to the study-area boundary and moderately downsampled while
preserving major terrain characteristics. This procedure reduced redundant points and
improved the computational efficiency of subsequent neighborhood-search operations.

3. Methodology
3.1. Overall Workflow

A UAV-TLS fusion framework was developed for the 2D detection and 3D characteri-
zation of mining-induced surface cracks. The framework integrates UAV orthomosaics and
TLS point clouds to provide a complete workflow from crack extraction to 3D geometric
parameter estimation. The workflow consists of four main stages: data preparation, 2D
crack extraction, 3D spatial mapping, and geometric parameter estimation.

During the data-preparation stage, UAV orthomosaics and TLS point clouds are
preprocessed to produce spatially consistent imagery and terrain point clouds within a
unified coordinate reference system. Crack semantic information is then extracted from the
UAV orthomosaics using a semantic segmentation model. The resulting binary crack masks
are further processed through post-processing, connected-component analysis, skeleton
extraction, and vectorization to generate crack centerlines with real-world coordinates.

In the 3D spatial-mapping stage, the spatial relationship between crack centerlines
and TLS point clouds is established. A KDTree-based neighborhood search identifies
point-cloud subsets corresponding to crack locations and assigns crack semantic attributes
to the points. This process constructs semantic crack point clouds and extends crack
representation from 2D image objects to 3D spatial objects.

Finally, geometric parameters are derived by integrating binary crack masks, crack
centerlines, and semantic crack point clouds. 3D crack length and width are subsequently
calculated, enabling quantitative characterization of crack geometry under real topographic
conditions. The overall workflow of the proposed method is illustrated in Figure 2.

¥4 UAV-TLS Integrated Workflow for 3D Crack Characterization AN
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Figure 2. Overall workflow of the UAV-TLS fusion framework for mining-induced surface crack
extraction, 3D spatial mapping, and geometric parameter estimation. The arrows indicate the
processing sequence, and the different colors distinguish the main workflow stages and data-
processing modules.
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3.2. Crack Semantic Segmentation Based on DRA-UNet

Mining-induced surface cracks are typically characterized by elongated geometries,
discontinuous boundaries, large-scale variations, and strong background interference.
These characteristics make accurate crack extraction challenging for conventional semantic
segmentation models, which may produce missed detections of narrow cracks, blurred
crack boundaries, and false segmentation in complex surface environments. To address
these challenges, DRA-UNet, proposed in our previous study, was adopted for crack
semantic segmentation in this work.

DRA-UNet is based on the encoder-decoder architecture of U-Net and integrates a
residual network (RN), a dual attention module (DAM), and an atrous spatial pyramid
pooling (ASPP) module [24-27]. In this study, DRA-UNet consistently refers to the U-
Net-based encoder—decoder segmentation network enhanced by residual learning, dual
attention, and ASPP-based multi-scale atrous convolution. The RN was introduced by
embedding residual blocks with identity shortcut connections. These shortcut connections
allow shallow feature representations to be propagated to deeper layers, which can mitigate
network degradation and gradient attenuation during deep feature extraction, rather than
guaranteeing lossless information transmission. The DAM was designed to assign adaptive
weights to spatial and channel features so that crack-related responses could be emphasized
while background responses could be relatively reduced. The ASPP module was used to
aggregate multi-scale contextual information through parallel atrous convolutions with
different dilation rates, thereby supporting the representation of cracks with varying widths
and spatial patterns. These descriptions represent the design motivations of the modules,
and their practical contribution was further evaluated through the ablation experiment
presented in Section 4.1.

By combining residual learning, attention mechanisms, and multi-scale feature aggre-
gation, DRA-UNet was designed to improve the discrimination of crack features under
complex mining-area conditions. It was also intended to support the extraction of fine crack
structures and boundary details, thereby providing semantic information for subsequent
skeleton extraction and 3D geometric characterization. The architecture of DRA-UNet is
illustrated in Figure 3. In the decoder, the ASPP output from the bottleneck layer serves
as the primary input for progressive upsampling. The skip connections from the encoder
are used as auxiliary high-resolution features to compensate for spatial detail loss during
downsampling. At each decoder stage, the upsampled decoder feature map is fused with
the corresponding encoder feature map at the same spatial resolution by channel-wise
concatenation, followed by convolutional refinement. Therefore, the skip connections
shown in Figure 3 indicate scale-matched feature fusion rather than all-to-all routing from
encoder stages to decoder stages.

RN blocks were embedded in both the encoder and decoder to facilitate information
propagation between shallow texture features and deep semantic features, which may
help alleviate gradient vanishing and network degradation during training. DAM was
introduced to assign adaptive weights to spatial and channel features, with the aim of
increasing the network’s attention to crack-related regions. In the encoding and decoding
stages, DAM was designed to support crack-feature representation and high-resolution
feature refinement under complex background conditions.

The ASPP module was incorporated into the bottleneck layer to aggregate multi-scale
contextual information through parallel atrous convolutions with different dilation rates.
This design was intended to support the representation of narrow cracks, wide cracks,
and branched crack structures. The integration of RN, DAM, and ASPP was designed to
support feature propagation, attention-based feature weighting, and multi-scale contextual
representation under complex mining-area conditions.
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Figure 3. Architecture of DRA-UNet and its key components for mining-induced surface crack
segmentation. The ASPP output serves as the primary input to the decoder, while encoder skip
features provide auxiliary high-resolution information. At each decoder stage, the upsampled decoder
feature map is fused with the corresponding encoder feature map at the same spatial resolution by
channel-wise concatenation followed by convolutional refinement.

3.3. Crack Skeleton Extraction and Vectorization

After crack semantic segmentation, connected-component analysis, skeleton extraction,
and vectorization were performed on the binary crack masks. Skeletonization reduces crack
regions with finite widths to single-pixel-wide centerlines while preserving their topological
structure and spatial connectivity. It should be noted that skeletonization is used to
extract centerline representations from binary crack masks, rather than to reconstruct crack
boundaries. The crack boundaries used for width estimation are extracted separately from
the binary masks. This process removes redundant boundary information and improves
the efficiency of subsequent crack-length estimation and point-cloud spatial matching. The
binary crack mask is defined as:

M(x,y) € {0,255} 1)

where M(x,y) = 255 represents crack pixels and M(x,y) = 0 represents background pixels.
To avoid interference among adjacent crack regions, connected-component analysis was
first used to separate and label individual crack objects. Independent crack units were
identified using the eight-neighborhood connectivity criterion.

A topology-preserving skeletonization algorithm was then applied to each crack object.
During this process, boundary pixels were iteratively removed while crack connectivity
and the main topological structure were retained. The resulting single-pixel-wide crack
skeleton can be expressed as:

S = Skeleton(M) ()

where S denotes the set of crack skeleton pixels. The extracted skeleton retains the primary
propagation direction and spatial structural characteristics of each crack, providing a
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compact representation of its centerline geometry. Therefore, it can be used to describe the
crack centerline and serves as the basis for subsequent geometric analysis.

After skeleton extraction, crack centerlines were generated according to the neigh-
borhood connectivity among skeleton pixels and converted into vector line objects. The
vectorized centerlines preserve the principal propagation direction and topological relation-
ships of crack structures while providing an efficient geometric representation for spatial
analysis. More importantly, they serve as a geometric link between 2D crack semantic
information and 3D point cloud space, enabling the subsequent construction of semantic
crack point clouds and 3D geometric characterization.

3.4. Spatial Matching Between Crack Centerlines and Point Clouds

To extend crack representation from 2D image objects to 3D spatial objects, a spatial
matching procedure was established between the vectorized crack centerlines and TLS
point clouds. After transforming UAV orthomosaics, crack vector data, and TLS point
clouds into the CGCS2000/3-degree Gauss-Kruger CM 111E projected coordinate system
(EPSG:4546; units: m), neighborhood matching could be directly performed based on their
spatial relationships. Let the set of crack centerline points be defined as:

C={ci(x,y;)|i=1,2,...,n} 3)

where c;(x;,y;) denotes the i-th centerline point and n is the total number of centerline
points. The TLS point cloud is represented as:

P={pj(xjyjz)|j=12,...,m} 4)

where p; (x i Yis zj) denotes the j-th point in the TLS point cloud, and m is the total number
of points.

To improve the efficiency of spatial queries in large-scale point clouds, a KDTree
structure was used to construct a spatial index for TLS points and facilitate neighbor-
hood searches around crack centerline points, as illustrated in Figure 4 [28]. For each
centerline point c;, neighboring point-cloud points within a search radius r were identified
according to:

N(c;) = {pj € P | dxy(ci,pj) <1} (5)

where N(c;) denotes the neighborhood point-cloud set associated with the centerline point
¢, and dyy (ci, p]-) represents the horizontal Euclidean distance between the centerline point
¢; and the TLS point p; in the x-y plane. Specifically, dxy (c;, pj) = [(x; — x;)? + v — v)21?,
and r denotes the search radius. Although each TLS point contains a three-dimensional
coordinate pj = (x]-,y]-,z]-), the elevation coordinate zj was not used in the KDTree neigh-
borhood search. This is because the purpose of this step is to establish the planar spatial
association between image-derived crack centerlines and TLS points. The elevation coordi-
nate z; of the matched TLS points was retained and used in the subsequent 3D geometric
parameter calculation. The KDTree search radius r is a key parameter controlling the
spatial association between crack centerline points and TLS point-cloud points. In this
study, r was set to 0.15 m by considering the UAV-TLS co-registration accuracy, UAV image
ground sampling distance, TLS point density, and the typical crack-width scale in the study
area. This radius is larger than the horizontal co-registration RMSE of 0.03 m and can
tolerate minor spatial misalignment and local point-cloud sampling gaps, while limiting
the inclusion of unrelated ground points around the crack. If  is too small, semantic crack
point clouds may become discontinuous because some crack-related TLS points cannot be
matched. Conversely, if 7 is too large, non-crack ground points may be included, which may
reduce the geometric precision of subsequent crack length and width estimation. Therefore,
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r = 0.15 m was adopted as a compromise between matching completeness and geometric
reliability for semantic crack point-cloud construction.

T _o——0-
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Figure 4. KDTree-based neighborhood search for constructing semantic crack point clouds.

Neighborhood queries were performed independently for all sampled centerline
points. The semantic crack point cloud was constructed as the union of all matched TLS
points. If the same TLS point was included in the neighborhoods of multiple adjacent
centerline points, it was retained only once according to its point index to avoid duplicate
counting. When point-level association was required, the TLS point was assigned to the
nearest centerline point based on the minimum horizontal distance dxy. Therefore, the
matching procedure can be regarded as a point-wise approximation of a buffer search
along the continuous crack centerline. The matched TLS points were then assigned the
corresponding crack ID, producing a subset of the TLS point cloud with crack semantic
attributes, referred to as the semantic crack point cloud.

3.5. 3D Geometric Parameter Calculation

After skeleton extraction and point cloud matching, 3D crack objects with spatial se-
mantic attributes can be constructed for quantitative analysis of crack geometry. Compared
with conventional 2D plane-projection methods, this approach integrates crack centerlines,
boundary structures, and point cloud elevation data to produce a realistic 3D represen-
tation of crack morphology, capturing curvature, branching, and topographic variations
more accurately.

3.5.1. 3D Length Calculation

To construct the 3D skeleton of a crack, each 2D skeleton point is assigned an elevation
value. To reduce the influence of local outliers and point cloud noise, the median elevation
of neighboring point cloud points is used for each skeleton point:

zj = median({z; | pj € N(c;)}) (6)
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where z; denotes the elevation of skeleton point ¢;, and z; represents the elevations of
neighboring point cloud points. Using the median rather than a single nearest neighbor
mitigates the effect of local anomalies and scanning noise, enhancing the stability and
reliability of 3D skeleton construction.

Combining the planar coordinates of skeleton points with the assigned elevations
yields the 3D skeleton point set:

C3D:{Ci(xi,]/izzz’)|i:1/2/~-,”} (7)

where (x;,;,z;) denotes the 3D coordinates of the i-th skeleton point, and # is the total
number of skeleton points.

Cracks typically exhibit curvature, branching, and irregular skeleton point distribu-
tions. Directly connecting skeleton points in sequence may introduce local jump errors,
especially when skeleton points are unordered or locally discontinuous. Therefore, a mini-
mum spanning tree (MST) is constructed to establish spatial connections between skeleton
points. Compared with sequential point connection, MST provides a distance-based graph
structure for connecting skeleton points without requiring a predefined point order, thereby
reducing artificial long-distance jumps caused by unordered point sequences and improv-
ing the stability of length calculation for complex crack skeletons. The sum of all edge
lengths in the MST defines the 3D crack length:

Lap = X ey V (6 = 6)°+ (=) + (21— 7)) ®)

where Eyist represents the edge set of the MST, and (x;,y;,z;) and (xj, i, z]-) denote the
3D coordinates of adjacent skeleton points. L3p is the resulting 3D crack length.

It should be noted that the MST is used here as a practical graph-based approximation
for organizing unordered crack skeleton points into a connected structure. The input
skeleton points are derived from extracted crack regions and semantic crack point clouds,
and therefore are already constrained by the detected crack morphology rather than being
arbitrary scattered points. Compared with directly connecting skeleton points according to
their storage order, the MST can reduce artificial local jump errors caused by unordered
point sequences and provide an acyclic connected representation for curved or locally
branching cracks. However, the MST minimizes the total edge length only and does not
explicitly enforce curvature continuity, local orientation consistency, or physical crack
topology. Therefore, shortcut connections may still occur in noisy skeletons, dense crack
networks, or areas where spatially adjacent branches are physically disconnected.

3.5.2. 3D Crack Width Calculation

Crack width reflects the opening degree and spatial development of mining-induced
surface cracks. Because these cracks commonly exhibit curvature, irregular shapes, and
non-uniform width variations, conventional fixed-direction or buffer-based measurement
methods are prone to errors caused by local bending and boundary noise. To address this
issue, a skeleton-guided boundary point-pairing method was adopted to estimate crack
width adaptively. In this study, crack-width estimation follows a “2D boundary pairing
and 3D distance calculation” strategy. Boundary pairing is performed in the horizontal
image plane because crack edges are extracted from UAV orthomosaic-based semantic
masks, whereas the final width calculation incorporates TLS-derived elevation information
after the opposite boundary points have been identified.

In this method, crack skeleton points are used as local measurement centers. For
the i-th skeleton point, the local tangent direction is first calculated based on neighboring
skeleton points:
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ti = (tX/t]/) (9)

A local normal direction perpendicular to the crack direction is then established:

where t; and n; denote the local tangent and normal vectors at the current skeleton point,
respectively, and t; and t, are the components of the tangent vector along the x and
Y axes.

Let the set of boundary points along the crack be:

B = {b](x],y],z]) |j:1,2,...m} (11)

To improve boundary-point search efficiency, a KDTree spatial index is constructed for
the boundary points, and a local search region is established around each skeleton point.
For each candidate boundary point, its projections along the local normal and tangent
directions are calculated as follows:

u = Axny + Ayny, (12)

v = Axty + Ayty (13)

where u is the projection distance along the local normal direction, v is the projection
distance along the local tangent direction, Ax and Ay are the coordinate differences between
the candidate point and the skeleton point in the x and y directions, respectively, and
ny and ny are the components of the normal vector. The tangent projection v is used to
constrain candidate points close to the local normal cross-section. Here, the local tangent
and normal directions are defined in the x-y plane of the common projected coordinate
system. The purpose of this 2D projection-based filtering is to ensure that the paired
boundary points are located on opposite sides of the crack and close to the same local
cross-section. Elevation is not used in this pairing step to avoid unstable pairing caused by
point-cloud noise or local terrain fluctuations.

Based on the sign of the normal projection, candidate boundary points are classified
into left (B ) and right (Br) boundary sets:

By = {bjeB|u<0}
{BR:{b]-eB|u>0} 14

Only points satisfying | v | below a predefined threshold are retained to reduce the
influence of crack curvature and local noise on width measurements. After the opposite
boundary points are determined in the 2D plane, their corresponding elevation values
are assigned from the TLS point cloud. The 3D Euclidean distance between the paired
boundary points is then calculated as the terrain-aware edge-to-edge crack width at the
current skeleton point:

Wi =/t — )2+ (g — 1)+ (2 — 21)° (15)

where (x;,y;,2;) and (xr,yr,zr) denote the coordinates of the By and By points. To reduce
the influence of anomalous points and mismatches, upper and lower width constraints are
imposed, and unreasonable width values are discarded. All valid width measurements are
then aggregated for statistical analysis.

Compared with traditional fixed-direction width measurement methods, the pro-
posed approach adaptively adjusts the measurement direction according to local crack
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morphology. It can accommodate curvature, branching, and non-uniform width variations
in mining-induced surface cracks, thereby improving the stability and spatial fidelity of
crack-width estimation. It should be noted that when a large vertical offset exists between
the two crack edges or when the local terrain slope is very steep, the calculated 3D distance
may include part of the terrain-relief effect and may therefore differ from the horizontal
crack opening. In the present study area, the vertical offset between paired crack edges was
generally limited, and the field validation results showed acceptable errors. For areas with
strong vertical displacement or complex micro-topography, local terrain-plane projection
or cross-sectional correction should be considered in future work.

4. Results
4.1. Crack Semantic Segmentation Results

The proposed DRA-UNet model was implemented using the PyTorch framework
(version 2.0.1) and trained on a workstation equipped with GPU acceleration. During
training, the AdamW optimizer was employed to update network parameters, with an
initial learning rate of 1 x 10~* and a batch size of 8. All input images were uniformly
resized to 256 x 256 pixels, and the maximum number of training epochs was set to 180.

A hybrid loss function was adopted as the optimization objective. It consisted of
Focal Tversky Loss, BCEWithLogitsLoss, and Edge Consistency Loss, with corresponding
weight coefficients of 0.6, 0.3, and 0.1, respectively. Focal Tversky Loss was used to
reduce the influence of the strong class imbalance between crack and background pixels,
BCEWithLogitsLoss was used to constrain pixel-level crack/background classification,
and Edge Consistency Loss was introduced to provide boundary-related supervision. It
should be noted that the hybrid loss was designed to support crack-region recognition
and boundary continuity, while the independent contribution of each loss term was not
separately evaluated in this study.

During model training, data augmentation strategies were introduced to increase the
diversity of training samples. Specifically, random brightness and contrast adjustment was
applied with a probability of 0.5, with brightness and contrast factors randomly sampled
from 0.8 to 1.2. Random horizontal flipping and random vertical flipping were each
applied with a probability of 0.5. Random rotations of 90° or 180° were also applied with a
probability of 0.5. These augmentation operations were intended to improve the robustness
of the model under complex mining-area background conditions.

Segmentation performance was evaluated using four metrics: precision, recall, F1-
score, and MIoU. To assess the effectiveness of DRA-UNet, comparative experiments
were conducted using several representative semantic segmentation models, including
DeepLabV3+, SegNet, PSPNet, SegFormer, and FastSCNN. All models were trained
and evaluated using the same dataset partition and experimental settings to ensure a
fair comparison.

As shown in Figure 5, all models were able to identify the major crack regions when
cracks exhibited clear morphological characteristics and strong contrast against the back-
ground. However, substantial differences were observed in areas containing narrow cracks,
low-contrast cracks, and complex surface textures. In these regions, several models ex-
hibited crack discontinuities, local omissions, and false detections, leading to reduced
connectivity and incomplete boundary delineation. In contrast, DRA-UNet preserved the
overall crack structure and spatial topology more effectively. The model demonstrated
superior capability in maintaining the continuity of narrow branch cracks and suppressing
background interference, particularly in areas with heterogeneous textures and complex
surface conditions.
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Original images Ground Truth  DeepLabV3+ SegNet PSPNet Segformer FastSCNN DRA-UNet

Figure 5. Visual comparison of crack semantic segmentation results obtained by different deep
learning models. The red boxes highlight representative local regions used to compare crack extraction
details among different models.

As shown in Table 3, DRA-UNet achieved the highest performance across all four eval-
uation metrics, with a precision of 85.13%, recall of 77.84%, F1-score of 81.32%, and MIoU
of 70.26%. Compared with the baseline models, DRA-UNet showed better overall seg-
mentation performance in the test set, especially in terms of the balance between precision
and recall. However, these results alone cannot fully determine the specific contribution
mechanism of each architectural component. Therefore, an ablation experiment was further
conducted under the same dataset partition and training settings. Starting from the U-Net
baseline, RN, DAM, and ASPP were introduced individually and in combination to assess
their effects on crack segmentation performance. The results are summarized in Table 4.

Table 3. Quantitative comparison of crack semantic segmentation performance among different models.

Model Pr (%) Re (%) F1 (%) MIoU (%)
DeepLabV3+ 84.85 68.12 75.57 65.42
SegNet 76.42 69.37 72.72 64.11
PSPNet 83.71 72.08 77.46 68.33
Segformer 80.56 76.92 78.70 69.18
FastSCNN 78.25 74.36 76.25 67.42
DRA-UNet 85.13 77.84 81.32 70.26

As shown in Table 4, the U-Net baseline achieved a precision of 79.55%, recall of
73.07%, Fl-score of 76.18%, and MloU of 66.16%. Introducing RN, DAM, and ASPP
individually improved the F1-score to 78.43%, 76.78%, and 76.83%, respectively. Among the
single-module variants, RN produced the largest improvement in F1-score. When multiple
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modules were combined, the segmentation performance further improved. The full DRA-
UNet achieved the best overall performance, with a precision of 85.13%, recall of 77.84%,
F1-score of 81.32%, and MloU of 70.26%. Compared with the U-Net baseline, DRA-UNet
improved precision, recall, F1-score, and MIoU by 5.58, 4.77, 5.14, and 4.10 percentage
points, respectively. These results suggest that the combined use of RN, DAM, and ASPP is
associated with improved crack segmentation performance in the present experimental
setting. However, the exact contribution mechanism of each module and the possible
interaction among modules were not further analyzed through feature visualization or
more detailed controlled experiments. Therefore, the functional roles of RN, DAM, and
ASPP should be interpreted as design motivations and empirical observations rather than
definitive causal explanations. It should also be noted that the ablation experiment mainly
evaluates the architectural components, while the independent contribution of the hybrid
loss function to segmentation performance was not separately quantified in this study.

Table 4. Ablation study of the main components in DRA-UNet.

Model Pr (%) Re (%) F1 (%) MiIoU (%)
U-Net 79.55 73.07 76.18 66.16
U-Net + RN 82.49 74.61 78.43 67.12
U-Net + DAM 80.60 73.20 76.78 66.31
U-Net + ASPP 80.81 73.08 76.83 67.14
U-Net + RN + DAM 82.93 75.72 79.20 68.49
U-Net + RN + ASPP 83.01 75.17 78.97 68.21
U-Net + DAM + ASPP 81.49 73.22 77.24 67.70
DRA-UNet 85.13 77.84 81.32 70.26

4.2. 3D Mapping and Semantic Point Cloud Extraction

To validate the effectiveness of mapping 2D crack semantic information into 3D point
cloud space, a representative area of crack development was selected for visualization.
This area includes both elongated primary cracks and localized short or branching cracks,
providing a comprehensive view of crack spatial morphology under complex surface
conditions. The results of crack binarization, skeleton extraction, skeleton-to-point-cloud
mapping, and semantic crack point cloud construction are shown in Figure 6.

Figure 6a,b illustrate the conversion of crack segmentation results into skeletonized
centerlines. The binarized crack masks effectively preserve the main crack structures, while
skeletonization reduces crack regions to single-pixel-wide centerlines. This process removes
redundant boundary information while maintaining topological structure and spatial con-
nectivity. Compared with direct use of crack boundaries for spatial analysis, skeletonized
centerlines provide a more stable geometric representation of crack propagation paths and
a robust basis for point-cloud matching.

Figure 6¢,d show the mapping of crack information from 2D image space to 3D
point cloud space. The crack skeletons and TLS point clouds exhibit strong spatial corre-
spondence, and the mapped centerlines accurately represent crack locations under real
surface conditions. The constructed semantic crack point clouds retain the planar distri-
bution of cracks while incorporating elevation information and 3D geometric attributes,
thereby transforming cracks from 2D image objects into 3D spatial objects. These results
demonstrate that integrating image-based semantic information with point cloud geometry
overcomes the limitation of UAV orthomosaics lacking elevation information and provides
a reliable data basis for subsequent analysis of 3D crack length, width, and elevation
variation. Although independent ground-truth data for skeleton extraction and 2D-3D
point-cloud matching were not available, the intermediate results were checked through
visual overlay and spatial consistency analysis. The extracted skeletons were located within
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the segmented crack regions and preserved the main propagation directions of the cracks.
After KDTree-based matching, the mapped crack centerlines showed good spatial corre-
spondence with the TLS point clouds, indicating that the semantic crack information was
successfully transferred from the 2D image plane to the 3D point-cloud space. In addition,
the UAV-TLS co-registration RMSE of 0.03 m and the adopted search radius of 0.15 m
provided a practical tolerance for minor spatial misalignment during matching.

[
1160.71 1162.26 1163.80
Height (m)

(d)

Figure 6. Results of crack extraction and 3D spatial mapping. (a) Binarized crack segmentation;
(b) extracted crack skeleton; (c) mapping of crack skeleton onto TLS point cloud; (d) semantic crack
point cloud after KDTree spatial matching. The colors in the point cloud indicate elevation variations,
and the red lines/points represent crack-related features.

4.3. 3D Geometric Parameter Estimation and Validation
4.3.1. 3D Length Estimation and Validation

Figure 7 presents the semantic crack point clouds of representative cracks and their
corresponding labels in the study area. The color variations indicate elevation differences
within the crack point clouds, enabling visualization of crack propagation patterns under
real topographic conditions. Overall, the identified cracks show heterogeneous spatial
distributions, with clear variations in length, continuity, and propagation direction.
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Figure 7. 3D semantic crack point clouds of representative cracks and their corresponding labels.

Among the representative cracks, C11 is the most continuous primary crack and
has the largest spatial extent, indicating a well-developed propagation pattern across the
mining-affected area. Cracks C10, C3, and C8 are medium-to-long cracks with relatively
large spatial coverage, whereas C4 and C6 are short cracks mainly associated with local
secondary fractures or crack termination zones. These results demonstrate that the semantic
crack point cloud representation can effectively capture the spatial variability and geometric
characteristics of mining-induced surface cracks under complex terrain conditions.

To evaluate the reliability of the proposed 3D crack characterization method, the twelve
representative cracks shown in Figure 7 were selected for field validation. These cracks
were selected to cover different crack lengths, continuity levels, propagation directions,
and spatial locations within the study area, including both long primary cracks and short
secondary cracks. Field-measured crack lengths were obtained manually along the visible
crack traces using a tape measure. For each representative crack, the two endpoints were
identified according to the continuous visible crack trace observed in the field and the
corresponding UAV orthomosaic. The tape measure was placed along the main crack path
as closely as possible to follow local curvature and branching characteristics. Each crack
length was measured repeatedly, and the average value was used as the reference length
for validation. The 2D lengths derived from crack skeletons and the 3D lengths calculated
from semantic crack point clouds were then compared with the field-measured lengths.
Table 5 summarizes the 2D length, 3D length, field-measured length, absolute error, relative
error, RMSE, and R? for the representative cracks.

As shown in Table 5, the 2D length estimates were consistently smaller than the
corresponding field-measured lengths, with a mean absolute error of 0.70 m, an RMSE of
0.81 m, an R? 0f 0.993, and a mean relative error of 4.49%. Here, the 2D length estimation can
be regarded as a 2D-only image-based baseline, because the crack lengths were derived from
UAV-extracted crack skeletons without incorporating TLS-derived elevation information.

In contrast, the proposed UAV-TLS fusion method incorporates both the planar po-
sitions of crack centerlines and the elevation information from TLS point clouds. The
resulting 3D lengths show better agreement with field measurements, with a mean absolute
error of 0.41 m, an RMSE of 0.48 m, an R? of 0.998, and a mean relative error of 2.64%.
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Compared with the 2D-only baseline, the proposed 3D method reduced the mean absolute
error from 0.70 m to 0.41 m and the RMSE from 0.81 m to 0.48 m. For the longest primary
crack (C11), the absolute error was 1.07 m, corresponding to a relative error of 2.51%.
Shorter cracks, C4 and C6, exhibited relative errors of 3.17% and 3.06%, respectively.

Table 5. Comparison of 2D Length, 3D Length, and Field-Measured Length of Representative
Mining-Induced Surface Cracks.

2D 3D

Crack ID Measured 2D Length 3D Length Absolute 2D Relative Absolute 3D Relative
Length (m) (m) (m) E Error (%) Error (%)
rror (m) Error (m)

C1 12.08 11.55 12.39 0.53 4.39 0.31 2.57
C2 13.81 13.20 14.16 0.61 4.42 0.35 2.53
C3 20.69 19.76 21.23 0.93 4.50 0.54 2.61
C4 3.47 3.30 3.58 0.17 4.90 0.11 3.17
C5 9.27 8.85 9.51 0.42 453 0.24 2.59
Cé6 4.25 4.04 4.38 0.21 494 0.13 3.06
c7 17.29 16.55 17.70 0.74 4.28 0.41 2.37
C8 18.25 17.44 18.73 0.81 4.44 0.48 2.63
C9 14.31 13.69 14.66 0.62 4.33 0.35 2.45
C10 23.12 22.08 23.75 1.04 4.50 0.63 2.72
C11 42.63 40.82 43.70 1.81 425 1.07 2.51
C12 11.12 10.63 11.40 0.49 441 0.28 2.52

Mean — — — 0.70 4.49 0.41 2.64

RMSE — — — 0.81 — 0.48 —
R? — 0.993 0.998 — — — —

4.3.2. Crack Width Analysis and Validation

To evaluate the accuracy of the proposed method in estimating crack widths, four
representative cracks (C13-C16) were selected to represent different width ranges and local
boundary conditions. Six measurement points (P1-P6) were arranged along each crack,
as shown in Figure 8. Field-measured widths were obtained using a tape measure and
compared with the calculated 3D widths obtained by the proposed framework. In this
study, the calculated width refers to the terrain-aware edge-to-edge crack width derived
from 2D boundary pairing and TLS-based 3D distance calculation, rather than a purely 2D
image-based width. For field validation, the six measurement points were arranged from
the crack head to the crack end to cover local width variations. At each measurement point,
the crack width was measured approximately perpendicular to the local crack direction
between the two visible crack edges. The measurement positions were identified based on
field observations and the corresponding UAV orthomosaic to ensure consistency with the
automatically extracted width locations. Small discrepancies may still arise from irregular
crack edges, loose surface materials, local boundary fragmentation, and slight positioning
differences between field measurement points and automatically extracted cross-sections.

Figure 9a compares the field-measured crack widths with those estimated by the
proposed method at all measurement points. Overall, the estimated widths agree well
with the field measurements and capture width variations along the crack traces. The
method performs consistently across cracks with different width ranges and effectively
characterizes local width variability. Among the investigated cracks, C13 exhibits the
largest widths, ranging from 9.4 to 13.5 cm, whereas C16 has smaller widths, ranging from
5.7 to 8.7 cm. The estimated widths also closely follow the peaks and troughs observed
in the field measurements, indicating that the proposed method can capture the spatial
variability of crack width under real surface conditions.
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Figure 8. Representative cracks used for width validation and the locations of measurement points

(P1-P6).
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Figure 9. Validation of calculated 3D crack width results. (a) Comparison between field-measured
widths and calculated 3D widths; (b) analysis of relative errors. Different colors represent different
representative cracks used for width validation.

The relative errors of the estimated crack widths ranged from 1.11% to 6.86% across all
measurement points. The minimum relative error of 1.11% was observed at P2 of crack C15,
whereas the maximum relative error of 6.86% occurred at P3 of crack C13. Although local
variations were present among measurement points, the errors remained within a limited
range, indicating that the skeleton-guided width estimation method provides consistent
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and reliable measurements under different crack conditions. For further comparison, the
width-validation results of the four representative cracks are summarized in Table 6.

Table 6. Statistical results of calculated 3D crack-width validation.

Measurement  Measured Width Ca}culated 3D Mean Relative Max. Relative
Crack ID . Width Range o o
Points Range (cm) (cm) Error (%) Error (%)
C13 6 9.4-13.5 9.8-13.0 5.00 6.86
Cl14 6 6.3-9.0 6.0-9.5 4.83 5.63
C15 6 8.1-11.1 7.8-10.8 291 4.72
C16 6 5.7-8.7 6.0-8.3 513 5.88
Overall 24 5.7-13.5 6.0-13.0 4.47 6.86

As summarized in Table 6, crack C15 achieved the lowest mean relative error of 2.91%,
whereas the mean relative errors for cracks C13, C14, and C16 were 5.00%, 4.83%, and
5.13%, respectively. Across all 24 measurement points, the overall mean relative error was
4.47%, with a maximum relative error of 6.86%.

5. Discussion

The results demonstrate that integrating UAV-derived crack semantics with TLS-
derived geometric information provides an effective pathway for three-dimensional char-
acterization of mining-induced surface cracks. Unlike road or structural cracks, mining-
induced cracks develop under the combined influence of overburden movement, ground
subsidence, terrain undulation, and loose surface materials. These processes often pro-
duce curved traces, non-uniform openings, fragmented boundaries, and locally branching
structures. Under such conditions, crack objects extracted only from UAV orthomosaics
are inevitably constrained by planar projection, which limits their ability to represent true
propagation paths and local topographic effects [29].

The improvement in length estimation confirms the necessity of incorporating el-
evation information into crack geometry analysis. The comparison with the 2D-only
image-based baseline further supports this point. The 2D-only method produced a mean
relative error of 4.49%, whereas the proposed UAV-TLS fusion method reduced the error
to 2.64%. This improvement indicates that TLS-derived elevation information can reduce
planar-projection-related underestimation and provide a more realistic representation of
crack propagation under actual terrain conditions. Therefore, mining-induced surface
cracks should not be treated simply as planar image features, particularly in areas affected
by subsidence basins, micro-topographic deformation, and local ground collapse [30].

The construction of semantic crack point clouds is a key step in this transformation.
Compared with TLS-only crack extraction, the proposed UAV-TLS fusion framework
has clear advantages in mining-affected surface environments. Direct extraction of fine
mining-induced cracks from TLS point clouds alone is difficult because narrow crack
boundaries can be affected by point-density variations, rough ground surfaces, vegetation,
occlusion, and scanning noise [31-33]. In contrast, UAV orthomosaics provide clearer
texture and boundary information for crack semantic extraction, while TLS point clouds
provide reliable elevation and surface morphology information for 3D characterization.
Therefore, the proposed framework avoids relying solely on geometric discontinuities in
point clouds and instead transfers image-derived crack semantics into 3D space through
spatial matching. Compared with direct boundary-to-point-cloud matching, the centerline-
guided KDTree matching strategy adopted in this study provides a more stable spatial link
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between 2D crack semantics and TLS geometry, because skeletonized centerlines are less
sensitive to fragmented boundaries and local segmentation noise than crack edges.

The width validation results further indicate that the skeleton-guided measurement
strategy can capture local variations in crack opening. The overall mean relative error
of 4.47% suggests that the method provides stable width estimates across cracks with
different size ranges. Remaining errors are mainly related to local boundary fragmentation,
shadow interference in UAV orthomosaics, small registration uncertainties between image
and point-cloud data, and unavoidable differences between field-measured positions and
automatically extracted cross-sections. These factors are particularly important for narrow
or discontinuous cracks, where slight boundary deviations can lead to relatively large
proportional errors.

From an application perspective, the proposed framework extends mining-induced
crack analysis from image-based detection to spatially measurable 3D characterization.
Crack length, width, spatial distribution, and elevation variation provide complementary
information for evaluating the intensity and pattern of mining-induced ground damage.
Therefore, the framework can support mining-area surface damage monitoring, crack
development assessment, ecological restoration surveys, and surface stability evaluation.
Compared with manual field surveys, the workflow offers a more repeatable and spatially
continuous approach for monitoring crack development over mining-affected areas by
linking crack morphology with local terrain deformation.

Several limitations should be acknowledged. First, the experiments were conducted
in a single mining area using single-period UAV and TLS datasets, and the generalizability
of the framework to different geomorphic settings, vegetation covers, mining stages, and
point-cloud densities requires further validation. In addition, because the training, valida-
tion, and testing subsets were randomly divided at the patch level after sliding-window
cropping, partial spatial information leakage may occur when adjacent overlapping patches
are assigned to different subsets. Therefore, the segmentation metrics may be optimistic
compared with evaluations based on spatially independent orthomosaics or acquisition
areas. Second, dense crack networks and highly fragmented boundaries may still affect
skeleton extraction, centerline vectorization, and local width measurement. In addition,
although the MST provides an efficient way to connect unordered skeleton points, it mini-
mizes the total edge length only and does not explicitly model curvature continuity or local
orientation consistency. As a result, shortcut connections may occur in noisy skeletons,
dense crack networks, or areas where adjacent crack branches are spatially close. Future
work should explore graph-based reconstruction methods that incorporate orientation,
curvature, and topological constraints to better preserve the physical crack trajectory. More-
over, in areas with dense vegetation cover, severe crack occlusion, complex terrain, or low
point-cloud density, the accuracy of crack segmentation, point-cloud matching, and local
width estimation may decrease. Third, the accuracy of 3D characterization depends on
the spatial consistency between UAV orthomosaics and TLS point clouds. In this study,
the horizontal RMSE of the UAV-TLS co-registration was 0.03 m, indicating good spatial
consistency between the two datasets. Nevertheless, residual spatial misalignment may still
affect local crack-edge pairing and width estimation, especially for very narrow cracks or
areas with complex micro-topography. In addition, the KDTree search radius may influence
semantic crack point-cloud construction. Although r = 0.15 m was adopted in this study
by considering the UAV-TLS co-registration accuracy, UAV image resolution, TLS point
density, and crack scale, this parameter should be adjusted according to image resolution,
point-cloud density, co-registration accuracy, terrain complexity, and crack morphology
when applying the proposed framework to other study areas. In addition, this study
mainly validated crack length and width, while crack depth or vertical displacement was
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not independently measured in the field. Therefore, although TLS point clouds provide
elevation information and can describe local height variations around cracks, the accuracy
of crack-depth estimation was not quantitatively evaluated in this study. Future work
should include field-measured depth or cross-sectional profiles to validate additional 3D
geometric parameters. Moreover, improved segmentation performance does not automati-
cally guarantee proportional improvement in final geometric measurements, because 3D
length and width estimation are also affected by skeleton extraction, boundary quality,
UAV-TLS co-registration accuracy, KDTree matching parameters, point-cloud density, and
local terrain complexity. Therefore, the relationship between segmentation accuracy and
downstream geometric accuracy should be further investigated through uncertainty propa-
gation analysis or controlled comparative experiments. Future work should incorporate
multi-temporal datasets from multiple mining sites to investigate crack initiation, propaga-
tion, closure, and migration. Furthermore, introducing topological constraints, temporal
association strategies, and more robust point-cloud matching methods may further improve
the stability and applicability of 3D crack reconstruction.

6. Conclusions

This study proposed a UAV-TLS fusion framework for 3D characterization of mining-
induced surface cracks. Unlike conventional studies that mainly focus on 2D crack detection
and planar parameter statistics, the proposed framework integrates crack semantic informa-
tion from UAV orthomosaics with geometric information from TLS point clouds. Through
crack segmentation, skeleton extraction, vectorization, and KDTree-based spatial matching,
2D crack objects were mapped into 3D point cloud space to construct semantic crack point
clouds. This enables the transformation of mining-induced surface cracks from 2D image
objects to 3D spatial objects.

The experimental results demonstrate that DRA-UNet provides reliable crack semantic
extraction under complex mining-area conditions, achieving precision, recall, F1-score,
and MlIoU values of 85.13%, 77.84%, 81.32%, and 70.26%, respectively. Based on the
constructed semantic crack point clouds, the proposed framework enables automatic
estimation of 3D crack geometric parameters, including crack length and width. Compared
with conventional 2D length measurements, which produced a mean relative error of
4.49%, the proposed 3D length estimation reduced the mean relative error to 2.64% by
incorporating TLS-derived elevation information. Width validation at 24 field measurement
points yielded a mean relative error of 4.47% and a maximum relative error of 6.86%,
confirming the reliability of the skeleton-guided width estimation method.

These results indicate that UAV-TLS fusion can effectively overcome the limitations
of image-only crack analysis, particularly the lack of elevation information in UAV ortho-
mosaics. By linking crack morphology with terrain geometry, the proposed framework
provides a more realistic representation of crack propagation under real topographic condi-
tions and improves the accuracy of geometric parameter estimation. The method offers
a practical remote sensing data fusion approach for ground damage monitoring, crack
development analysis, ecological restoration assessment, and surface stability evaluation in
mining areas.

Future work will focus on multi-temporal UAV and TLS data acquisition to monitor
crack initiation, propagation, closure, and migration processes. Additional validation
across different mining sites, geomorphic settings, vegetation conditions, and mining
stages will further improve the robustness and generalizability of the proposed 3D crack
characterization framework.
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