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Abstract

Monitoring the deformation of rock surrounding deep coal mine roadways is critical for
operational safety, yet conventional methods are often inefficient and lack the precision to
capture complex geomechanical behavior. To address this challenge, we developed and
validated a high-precision analysis workflow utilizing 3D laser scanning. This methodology
integrates a multi-stage point cloud filtering process with a hybrid Principal Component
Analysis and Iterative Closest Point (PCA-ICP) algorithm for high-fidelity registration of
multi-temporal datasets, enabling deformation analysis via cloud-to-cloud (C2C) distance
calculations. Applied to the No. 20105 belt conveyor roadway in the Dahaize coal mine,
our method achieved a registration root mean square error (RMSE) of only 0.0136 m. The
analysis revealed a distinct pattern of asymmetric deformation; while the roof and floor
remained stable, the right wall exhibited significant convergence, with displacement in the
lower section being substantially greater than in the upper section. This study establishes
a robust methodology capable of rapidly generating comprehensive, centimeter-scale 3D
deformation maps for entire roadway sections, providing a timely and quantitative basis
for evaluating support performance, forecasting geohazard risks, and optimizing stability
control in deep mining operations.

Keywords: 3D laser scanning; surrounding rock deformation; point cloud registration;
Cloud-to-Cloud (C2C); differential deformation

1. Introduction

As coal mining operations extend to greater depths, the precise and rapid monitor-
ing of roadway stability is critical for ensuring safe and efficient extraction [1,2]. The
geomechanical environment of deep roadways is characterized by a confluence of chal-
lenging conditions, including high in situ stress, elevated water pressure, high geothermal
temperatures, and strong mining-induced disturbances [3,4]. This inherent vulnerability,
when compounded by factors such as inadequate support design or dynamic loading from
equipment [5,6], can induce significant differential deformation. Traditional monitoring
techniques, which rely on extrapolating overall stability from a limited number of discrete
measurement points, are ill-equipped to resolve this spatial complexity [7]. Such methods
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provide only sparse data, fundamentally failing to capture the comprehensive deformation
behavior required for accurate stability assessments in deep mine environments. Therefore,
the development and implementation of advanced monitoring methodologies capable of
delivering precise and comprehensive spatial data are essential for the timely identification
of potential failure zones and for guaranteeing the operational integrity of deep roadways.

Conventional methods for monitoring roadway deformation primarily include taut-
wire convergence measurements [8], direct readings with tape measures [9,10], the use of
cross-sectional convergence meters [11,12], and total station surveys [13,14]. The opera-
tional paradigm for these techniques involves establishing discrete measurement cross-
sections at intervals of several tens of meters along the roadway. At these locations, changes
in the roof-to-floor and wall-to-wall distances are recorded by measuring pre-installed
reference points to assess the stability of the surrounding rock mass. This approach is
not only inefficient to implement but, more critically, it is incapable of capturing the non-
uniform deformation characteristics of the rock mass between measurement stations. In
critical situations, this reliance on sparse data can lead to a significant misassessment of
roadway stability.

3D laser scanning is a non-contact measurement technology that enables the rapid
acquisition of high-density, high-precision 3D point cloud data from object surfaces [15-18].
When integrated with Simultaneous Localization and Mapping (SLAM) algorithms, mo-
bile 3D laser scanning systems can efficiently generate spatially referenced models of
underground roadways in real-time. This capability has led to its widespread applica-
tion in geotechnical engineering [19,20], tunnel monitoring [21,22], ground subsidence
analysis [23,24], and mine surveying [25,26].

In the specific domain of coal mine roadway monitoring, extensive research has
been conducted utilizing this technology. To address the persistent challenges of low
efficiency and poor accuracy in data alignment, Singh et al. [27] proposed a cooperative
automatic registration method that significantly enhanced the efficiency and automation of
on-site point cloud acquisition. The fundamental capability of 3D laser scanning to capture
deformation was validated by Kajzar et al. [28], who performed repeat scans of roadways
and coal pillars in the Ostrava-Karvina coal basin and found the results comparable to
those from other survey instruments. Methodological refinements have also targeted
data quality; for instance, Xu et al. [29] developed a stepping bounding box algorithm to
denoise and efficiently extract clean point clouds of the surrounding rock. Building on
this, Wu et al. [30] demonstrated the reliability of a mobile laser scanning-based analysis
method in the Sanshandao Gold Mine. Furthermore, to quantify complex deformation
patterns, Pu et al. [31] introduced a point-to-surface distance calculation method, which
successfully revealed the asymmetric and non-uniform deformation of expansive rock in
the Taiping Mine. However, despite these advances, two critical issues continue to impede
the routine application of 3D laser scanning in underground environments: the effective
filtering of extensive noise generated by mining infrastructure such as belt conveyors and
ventilation ducts, and the robust, high-precision registration of multi-temporal point cloud
data. Addressing these challenges remains essential for leveraging the full potential of
the technology.

To address these challenges, we present a complete, end-to-end workflow for analyzing
surrounding rock deformation in deep mine roadways using 3D laser scanning. This
framework was implemented and validated within the No. 20105 belt conveyor roadway
of the Dahaize coal mine. Our methodology integrates several critical stages: initial data
acquisition was performed with a GoOSLAM G100 3D laser scanner, followed by a multi-
stage denoising process that employed statistical, connected-component, and trimming
filters. High-precision registration of multi-temporal point clouds was then achieved using
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a hybrid strategy that combines Principal Component Analysis (PCA) with the Iterative
Closest Point (ICP) algorithm. Finally, the roadway deformation was quantified using
the Cloud-to-Cloud (C2C) distance computation method. The objective of this study is to
establish a robust and high-fidelity approach for characterizing the complete deformation
profile of roadways, thereby providing a quantitative and timely basis for stability control.

2. Engineering Background

The Dahaize coal mine, located in Yulin, China (Figure 1a), is a large-scale operation
with a designed production capacity of 20.0 Mt/a. The subject of this investigation, the
No. 20105 belt conveyor roadway, was designed with a length of 6250 m at a burial depth
exceeding 600 m. As depicted in Figure 1b, the roadway serves a critical long-term function.
It was engineered not only to support the active No. 20105 longwall panel but also to
be preserved using gob-side entry retaining to serve as the ventilation passage for the
subsequent No. 20107 panel. Consequently, the precise and rapid monitoring of its stability
is paramount for the safety of both excavation and extraction phases.
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Figure 1. Geotechnical setting and site characteristics of the No. 20105 roadway at the Dahaize
coal mine: (a) Geographic location of the mine in Shaanxi Province, China; (b) Plan view show-
ing the layout of the subject roadway relative to the No. 20105 and No. 20107 longwall panels;
(c) Cross-sectional diagram detailing the asymmetric design of the rock and cable bolt support sys-
tem; (d) In situ photograph illustrating the pronounced convergent deformation observed in the

lower section of the roadway wall.

The roadway was excavated with a rectangular cross-section of 6240 mm in width and
4550 mm in height. A combined support system was implemented, the specific parameters
of which are detailed in Figure 1c. The roof was reinforced with an alternating pattern of
four long cable bolts ($21.8 x 7300 mm) and three short cable bolts ($21.8 x 4500 mm),
supplemented with wire mesh. Notably, the wall support was designed asymmetrically.
The left wall was supported by two upper short cable bolts ($21.8 x 3000 mm) and
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two lower rock bolts ($22 x 2600 mm), whereas the right wall was reinforced with three
upper short cable bolts ($21.8 x 3000 mm) and two lower rock bolts ($22 x 2600 mm).

During development, the combination of high in situ stress, elevated water pressure,
and excavation-induced disturbances—all characteristic of deep mining—resulted in mea-
surable convergence of the roadway walls. This deformation was notably asymmetric, as
illustrated in Figure 1d, with convergence in the lower sections of the walls being signifi-
cantly more pronounced than in the upper sections. We hypothesize that this differential
deformation is attributable to the support design, which allowed for stress to concentrate
in the less reinforced and intrinsically weaker coal strata of the lower walls. Given the
extended service life required of the roadway and its critical role in the gob-side entry
retaining strategy, implementing a more rapid and comprehensive deformation monitoring
program is a foundational prerequisite for effective, long-term stability control.

3. Materials and Methods

This section details the methodology, instrumentation, and data processing workflow
employed for monitoring the deformation of the surrounding rock in the subject roadway.

3.1. Deformation Monitoring Methodology
3.1.1. Principles of 3D Laser Scanning

The principle of 3D laser scanning relies on precisely measuring distances and angles
to generate a three-dimensional map of a target surface [32]. The instrument’s laser emitter
projects an infrared laser beam, which is directed by a rotating optical mirror onto the object
of interest. The beam undergoes diffuse reflection from the surface, and a portion of the
reflected light returns to the instrument’s receiver. The system records the time-of-flight,
which is the interval between emission and reception, to calculate the distance (S) between
the scanner and the object.

Simultaneously, the instrument records the horizontal deflection angle («) and the
vertical deflection angle (0) of the optical mirror. These three values—S5, «, and 6—define
the position of a point in a spherical coordinate system. This system is defined with the
laser source as the origin (O), the positive Z-axis pointing vertically upward, and the
positive X-axis aligned with the horizontal laser emission direction, forming a left-handed
coordinate system. Through the continuous rotation of the instrument body and its internal
optics, the scanner systematically captures this spatial information across its field of view,
assembling the measurements into a dense point cloud. As illustrated in Figure 2, the
relative coordinates (Xp, Yp, Zp) of any scanned target point P are calculated using the
following equations:

Xp = Scosfcosun

Yp = Scosfsina , !
Zp = Ssinf
y
/
Z,
P (Xb, Yp, Zp)
y —>
. 4....(4; .................. .
// : :

Figure 2. Geometric principle of coordinate acquisition in 3D laser scanning.
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3.1.2. SLAM Technology

The 3D laser scanner employed in this study utilizes SLAM technology. SLAM is a
computational framework that enables a device to operate in an unknown, GPS-denied
environment by concurrently constructing a map and tracking its own pose within that
map [33]. The process integrates data from a suite of sensors, including an Inertial Measure-
ment Unit and the laser scanner itself. This information is processed through a sophisticated
architecture that includes front-end data association, back-end optimization, and loop clo-
sure detection to correct for accumulated drift. In essence, SLAM fuses sensor observations
with motion information to simultaneously estimate the scanner’s trajectory while progres-
sively building and refining a model of the surrounding environment, with the localization
and mapping tasks being mutually dependent components of a unified estimation problem.

3.2. Three-Dimensional Laser Scanner

The specific instrument used for data acquisition was the GOSLAM G100 (manufac-
tured by China Coal (Tianjin) Mining Technology Co., Ltd., Tianjin, China), a mobile 3D
laser scanner specifically developed for deployment in underground mine roadways. This
device integrates a multi-line LIDAR sensor with an IMU and operates on the SLAM prin-
ciple, enabling it to reconstruct a complete and precise 3D spatial model without reliance
on any external positioning infrastructure. Key technical specifications of the instrument
are provided in Table 1. The scanner emits 320,000 laser pulses per second, has a maximum
scanning range of 120 m, and achieves a relative accuracy of better than 1 cm. As a Class
I'laser product, it is safe for operation in occupied areas. A critical feature for this appli-
cation is the scanner’s capability for real-time data processing, allowing for immediate
visualization and quality control of the acquired point cloud.

Table 1. Technical specifications of the GoOSLAM G100 3D laser scanner.

Parameter Specification
Relative accuracy 1cm
Maximum scanning range 120 m
Scan rate 320,000 points/second
Field of view (fov) 360° (horizontal) x 280° (vertical)
Laser lines 16
Laser class Class I (eye-safe)
Operating temperature —20°Cto50°C
Operating time 4 h (continuous)
Weight 2.1kg
Storage 512 GB
Processing mode Real-time

Figure

3.3. Methods

We developed a comprehensive workflow for analyzing roadway deformation using
3D laser scanning, which supports both global deformation analysis and the comparative
analysis of arbitrary cross-sections. As illustrated in Figure 3, this processing pipeline con-
sists of four primary stages: data acquisition, data pre-processing, point cloud registration,
and deformation quantification.



Appl. Sci. 2025, 15, 12255

60f 17

Data collection

Handheld scanner moves forward at a constant speed in a "Z" shape to
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Figure 3. The end-to-end processing pipeline for roadway deformation analysis based on 3D
laser scanning.

3.3.1. Data Acquisition

To establish the optimal parameters for field data acquisition, we first conducted a
series of controlled benchtop experiments (Figure 4a). The objective of these tests was to
determine the ideal scanning duration and distance for capturing high-fidelity data with
the GoSLAM G100. For this purpose, a toolbox with distinct geometric features was used
as a standardized target. The scanner’s ability to resolve surface details under different
parameter sets was quantified by measuring the density of the point cloud successfully

captured on the target’s surface.

Figure 4. Benchtop calibration experiments to determine optimal data acquisition parameters: (a) The
experimental setup; (b—e) A qualitative comparison of the point clouds generated using progressively
longer scan durations of 30 s, 60 s, 120 s, and 300 s; (f—i) The resulting point clouds acquired at
increasing scan distances of 1 m, 2 m, 5 m, and 10 m.
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In the first experiment, we quantified the effect of scan duration on point cloud density.
Four duration intervals were tested: 30 s, 60 s, 120 s, and 300 s. To ensure a rigorous
comparison, all other variables were held constant; the scanner’s pose relative to the target
remained fixed, and illumination was provided by ambient light. The results, presented in
Figure 4b—e and Table 2, demonstrated that beyond an initial rapid increase, the number of
points captured on the target surface did not significantly improve with longer scan times.
The point cloud count effectively reached saturation after 60 s of scanning.

Table 2. Quantitative effect of scan duration and distance on the number of points acquired on the

target object.

ScanDuration(s) 30 60 120 300
Number ofPoints 4675 5554 5652 5563
ScanDistance (m) 1 2 5 10
Number ofPoints 11,914 5652 1140 306

A second experiment was conducted to investigate the influence of scan distance on
point cloud density. We established four distance intervals—1 m, 2 m, 5 m, and 10 m—to
simulate representative scenarios, from close-range inspection of the walls, roof, and floor
to comprehensive mapping of the entire roadway profile. For this test series, the scan
duration was fixed at 120 s under ambient light. As shown in Figure 4f—i and Table 2, the
acquired point cloud density decreased markedly with increasing distance. At distances
of 5 m or less, the target object was clearly resolvable, and the point cloud density was
optimal—neither excessively dense nor overly sparse.

Recognizing that SLAM trajectory drift inevitably accumulates with distance, we
proactively managed this potential error source by limiting the length of any single, contin-
uous scan to approximately 100 m, ensuring the overall drift remained within a controllable
range. Informed by these calibration experiments, we designed a field data acquisition
strategy that employed a Z-pattern trajectory (Figure 5a). The operator carried the scanner
and moved at a slow, constant walking pace along the roadway (Figure 5b). This strategy
was specifically chosen to ensure both a sufficient scan duration for the overall roadway
geometry and closer, more detailed scans of the irregular wall surfaces. The site conditions
and the resulting raw point cloud are depicted in Figure 5c—e. This methodology yielded a
high-quality dataset with a final point cloud surface density of 10,363 points/m?, a density
greater than that achieved in our 5 m benchtop test (0.92 points/cm?), which was sufficient
to resolve fine geometric features, it confirms the data quality is adequate for characterizing
the overall roadway geometry. This level of detail is appropriate for resolving deformations
of several centimeters or more.

3.3.2. Noise Filtering

The raw point cloud data acquired in an active underground mine is invariably
contaminated with extraneous points. These artifacts originate from various sources,
including mining equipment (e.g., vehicles, conveyors, ventilation ducts) and reflections
from airborne dust and water vapor. The removal of this noise is a critical prerequisite for
accurate deformation analysis. To address this, we implemented a sequential, three-stage
filtering process, as illustrated in Figure 6.
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Figure 5. Field data acquisition strategy and the resulting high-density point cloud: (a) Schematic of
the scanning trajectory; (b) The scanning process in the field; (c) Photograph of the subject roadway;
(d) The acquired raw point cloud; (e) A cross-sectional view of the point cloud.

Noise filtering

Statistical outlier removal filter

Suspended dust, water vapor reflection
noise

l

Connected-component filter

Connected-component filter

Transportation vehicles, belt conveyors,
ventilation ducts, pipelines and other noise

!

Manual pruning filter

Manual
" pruning filter

Manually remove other noises

Figure 6. The sequential workflow for point cloud noise filtering: (a) Flowchart of the three-stage
filtering process; (b) Visual demonstration of the filtering results on a representative section of the
roadway point cloud.

The first stage employed a statistical outlier removal filter to eliminate sparse, ran-
domly distributed noise. This algorithm functions by calculating the mean distance for
each point to its k-nearest neighbors [34]. Assuming these distances follow a Gaus-
sian distribution, any point whose mean distance falls outside a defined threshold
(mean + n x standard deviation) is classified as an outlier and removed from the dataset.
This filter is highly effective at targeting noise generated by atmospheric particulates.

The second stage utilized connected-component filtering to segment and remove large,
discrete objects. This method clusters points based on their Euclidean distance in 3D space,
partitioning the entire point cloud into spatially distinct components [35]. By defining a min-
imum point count threshold, we isolated the largest connected component—representing
the continuous roadway surface—while discarding any components with fewer points than
this threshold. This filter is specifically designed to effectively remove the point clouds
of large-scale equipment that is physically detached from the main rock mass, such as
transport vehicles, belt conveyors, ventilation ducts, and pipelines.

As a final step, a manual pruning filter was applied. This served as a supplementary
measure to meticulously remove any remaining noise that was not successfully eliminated
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by the automated algorithms, thereby producing a final, clean point cloud representing
only the surrounding rock surface [31].

3.3.3. Point Cloud Registration

The accurate alignment of multi-temporal point clouds is a fundamental prerequi-
site for deformation analysis. Datasets acquired at different epochs will inevitably be
misaligned due to factors such as rock mass deformation and minor variations in the
scanner’s trajectory. To resolve this, we employed a two-stage registration strategy that
combined a coarse global alignment using PCA with a subsequent fine registration using
the ICP algorithm.

PCA is a dimensionality reduction technique that identifies the principal axes of a
point cloud by performing an eigenvalue decomposition of its covariance matrix [36]. For
an elongated structure like a mine roadway, the first principal axis aligns with the direction
of greatest variance (the roadway’s longitudinal axis), the second aligns with the lateral
axis (width), and the third aligns with the vertical axis (height).

PCA-based coarse registration determines the optimal rigid transformation (g = R - p + ),
which applies a rotation followed by a translation to the source point cloud (P) to align it
with the target point cloud (Q). This process is initiated by mean-centering both clouds to
align their respective centroids with the coordinate origin:

p /i =pi—p )
qi=4i—1
where p; € P, q; € Q, and p and 7 are the centroids of P and Q, respectively.
Next, the covariance matrices for the centered clouds were computed, and eigenvalue
decomposition yielded their respective eigenvector matrices, U, and U;. The column

vectors of these matrices represent the principal axes of the point clouds. From this, the
initial rotation matrix (R) and translation vector (t) were derived:

R=U,-U; 3)
t=4-R-p’

A critical challenge in PCA-based registration is the inherent ambiguity in the direction
of the principal axes (i.e., each axis has two possible opposing vectors). To resolve this, we
systematically evaluated all eight possible combinations of axis orientations and computed
the registration error for each:

n

1
err = ;ZH%’ —(R-pi+ 1) 4)
i=1

The orientation combination that yielded the minimum error was selected as the result
of the coarse alignment. Following this global alignment, the ICP algorithm was employed
to perform fine registration and further enhance precision. ICP is an iterative optimization
process that computes the rotation matrix (R’) and translation vector (') that minimize the
sum of squared distances between corresponding points in the source and target clouds [37].
The objective function is:

n
Rt =argmin) |lg; — (R"- (R-pi +t); + 1) 2
i=1

©)

Each iteration of the ICP algorithm consists of two main steps. First, for each point
in the transformed source cloud, the closest corresponding point in the target cloud was
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identified using a KD-Tree for efficient nearest-neighbor searching. Second, the optimal
transformation (R, t') that minimized the distance between these newly established point
pairs was computed, typically using Singular Value Decomposition (SVD). This transforma-
tion was then applied to the source cloud, and the process was repeated until the change in
error between iterations fell below a predefined convergence threshold.

The final transformation is a composition of the initial PCA transformation (R, t) and
the subsequent ICP transformation (R’, t). For any point p; in the original source cloud P,
the final transformed point p; f is calculated as:

pi fina =R+ (R-pi+t)+t' = (R'-R) - p;+ (R -t + 1), (6)

This expanded formulation defines the final composite rotation as Ry, = R'-R and
the final composite translation as ¢ £, = R’-t+t'. This standard geometric transformation
is critical for preventing systematic bias and is robustly implemented in the Open3D library
used for this study.

3.3.4. Deformation Quantification

The final stage of our workflow involved the quantification of roadway deformation.
For this, we employed the C2C distance computation method. This approach was selected
for its efficiency and directness, as it operates on the raw point data and bypasses the need
for computationally intensive intermediate steps such as surface mesh reconstruction or
the calculation of normal vectors [38].

The analysis was performed between the two registered, multi-temporal datasets. The
point cloud from the initial survey was designated as the reference cloud (Qyf), correspond-
ing to the target cloud in the registration step. The point cloud from the subsequent survey
was designated as the comparison cloud (Pcp), which corresponds to the fully transformed
source cloud (P’). The C2C algorithm iterates through each point (p;) in the comparison
cloud (Pcmp) and calculates its minimum Euclidean distance to any point in the reference
cloud (Qye). This minimum distance, D;, is defined as the magnitude of deformation at

point p;:
Dy = d(py, Qur) = min ;- i ?

To accelerate this computationally intensive nearest-neighbor search, we constructed a
KD-Tree spatial index for the reference cloud (Q,.) prior to the analysis. This data structure
significantly reduces the time complexity of the search algorithm, enabling the efficient
processing of the high-density datasets. Finally, the computed deformation magnitudes for
all points were rendered onto the 3D model using a continuous color scale, providing an in-
tuitive visualization of the spatial distribution and magnitude of the roadway deformation.

4. Results and Discussion

Point cloud data were acquired over a 100 m section of the subject roadway, from
chainage 1500 m to 1600 m. The initial dataset was collected on 12 August 2025, when
the excavation front was located at approximately 1660 m. A second dataset was ac-
quired on 21 September 2025. The comparative analysis of these two epochs was designed
to characterize the roadway’s deformation as it transitioned from the period of active
excavation-induced disturbance to a more stable, post-development state.

4.1. Data Pre-Processing and Registration Results

A critical challenge in comparing multi-temporal SLAM datasets is the inherent inter-
epoch trajectory drift, which can introduce global misalignments that may be misinterpreted
as deformation. Our hybrid PCA-ICP registration process is specifically designed to
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measure and correct for this systematic error. Consequently, the final registration RMSE
quantifies the residual uncertainty after this correction, establishing the minimum detection
limit for the subsequent deformation analysis.

Application of the noise-filtering workflow described in Section 3.3.2 to the raw data
successfully produced a clean point cloud of the surrounding rock surface (Figure 7). The
resulting dataset revealed a complete and continuous surface for the roof, floor, and right
wall. In contrast, the data for the left wall was incomplete and discontinuous. This was
an expected outcome, as the ventilation duct and belt conveyor, positioned along the
top and bottom of the left wall, respectively, created significant occlusions. Nevertheless,
the filtered point cloud accurately delineated the geometric features of the non-occluded
sections, providing a robust basis for subsequent deformation analysis.

@ ()

(o) Testroadway = _ ___———————"7 (@) Roof

' Right wall

Figure 7. Comparison of the roadway point cloud before and after noise filtering: (a) Raw point cloud;
(b) Cross-section of the raw point cloud; (c) Filtered point cloud; (d) Cross-section of the filtered
point cloud.

The hybrid PCA-ICP algorithm was then used to register the two denoised, multi-
temporal point clouds, with the registration quality assessed by the Fitness and RMSE
metrics. The initial coarse alignment via PCA, visualized by overlaying the initial (white)
and subsequent (green) datasets, resulted in a non-uniform overlap (Figure 8a). This
alignment achieved a Fitness of 0.7163 and an RMSE of 0.0164 m. Following this, the fine
registration with ICP substantially improved the alignment, resulting in a visually uniform
overlap between the two epochs (Figure 8b). The Fitness increased by 0.2159 to a final
value of 0.9322, while the RMSE was reduced to 0.0136 m. This final registration error of
only 1.36 cm validates that the datasets were aligned with sufficient precision to support a
centimeter-scale deformation analysis.

Fitness: 0.7163 - - Fitness: 0.9322

RMSE: 0.0164 m 2 ; RMSE: 0.0136 m

Figure 8. Point cloud registration of the multi-temporal roadway datasets: (a) Coarse registration
using PCA; (b) Fine registration using ICP following the initial PCA alignment.
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4.2. Analysis of Roadway Deformation

The C2C comparison of the registered point clouds produced a comprehensive 3D
deformation map for the entire surveyed section of the roadway (Figure 9). The global
analysis revealed that while the majority of the roadway remained stable, apparent large
deformations were detected along the left wall and the adjacent floor (Figure 9a,b). These
were identified as edge artifacts resulting from the differing extents of occlusion caused by
the ventilation duct and belt conveyor in the two surveys. As these artifacts do not represent
actual rock mass displacement, these regions were excluded from the geomechanical
interpretation. Analysis of the individual, non-occluded surfaces demonstrated that both
the roof and the floor were stable, exhibiting negligible change between the two epochs
(Figure 9¢,d). In stark contrast, the right wall displayed clear and significant convergent
deformation (Figure 9e).

8] C2C absolute distances
| /m  0.732361

0.640823

0.549285

0. 457747

0.366209
Right wall

0. 183132

0. 091594

Left wall

0. 000056

Figure 9. Deformation analysis of the subject roadway: (a) Deformation map; (b) Perspective view;
(c) Roof view; (d) Floor view; (e) Right wall view; (f) Left wall view.

To quantify these observations, we extracted and analyzed 17 cross-sections at 5 m
intervals along the roadway (Figure 10). This quantitative analysis confirmed that the roof
and floor were stable, with measured displacements generally falling between 0.01 m and
0.02 m. As this magnitude is comparable to the point cloud registration error, we concluded
that any apparent displacement on these surfaces was below the detection limit of the
method and that no significant deformation occurred.

However, the roadway walls exhibited substantial convergent deformation, with
a maximum displacement of 11 cm recorded in the lower portion of the right wall at
cross-section 17. Crucially, the analysis revealed a pronounced differential deformation
pattern along the right wall, where convergence in the lower section was consistently and
significantly greater than in the upper section. This pattern was particularly evident at
several locations (e.g., cross-sections 3, 6, 10, 14, and 17). In these sections, the lower-
wall convergence reached values as high as 0.05 m, 0.07 m, 0.05 m, 0.04 m, and 0.11 m,
respectively, while the corresponding upper-wall convergence did not exceed 0.03 m.
Although severe occlusion prevented a similar quantitative conclusion for the left wall, it
can be inferred from the roadway and support design that both walls likely experienced a
similar mode of deformation. This differential behavior is likely attributable to the support
system, which appears to allow for the concentration of stress in the less-reinforced and
intrinsically weaker coal strata of the lower walls, leading to a locally accelerated rate
of convergence.
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Due to strict access and time constraints in the deep roadway under active excavation,
dedicated repeat surveys were not feasible; however, the two available scans still provide a
basis for an indirect assessment of reproducibility. The Z-pattern scanning path adopted
in each epoch creates multiple re-observations of the same surfaces and frequent loop
closures, which contribute to a stable internal SLAM geometry. When the two epochs
are compared, the roof and floor—sections expected to remain essentially undisturbed
during the monitoring period—show differences of only 1-2 cm, a level consistent with
the registration uncertainty. In contrast, the lower right wall exhibits a similar pattern
and location of localized convergence in both datasets, with displacements reaching up to
11 cm, well above the uncertainty threshold. Taken together, these observations indicate
that both the stable and deforming zones are reproduced within the expected error range,
supporting the reliability of the detected deformation pattern.

5. Conclusions

This study presents a complete methodology for coal mine roadway deformation
analysis using 3D laser scanning, encompassing data acquisition, noise filtering, point cloud
registration, and deformation quantification. The principal conclusions are as follows:

(1) A “Z-pattern” mobile scanning trajectory, validated through both benchtop and
field experiments, was demonstrated to be highly effective for acquiring dense and com-
prehensive roadway point cloud data. The subsequent application of a sequential filtering
workflow—integrating statistical outlier removal, connected component analysis, and
manual pruning—successfully isolated a clean point cloud of the surrounding rock by
removing noise from both airborne particulates and large-scale mining infrastructure.

(2) The proposed hybrid PCA-ICP registration algorithm achieves centimeter-level,
high-precision alignment of multi-temporal point clouds, which is critical for accurate
change detection. The initial coarse alignment by PCA provided a robust starting point
(RMSE = 0.0164 m; Fitness = 0.7164), and the subsequent ICP fine registration was essential
for achieving the final precision, reducing the RMSE to 0.0136 m and increasing the Fitness
to 0.9322.

(3) The C2C deformation analysis revealed that the roadway roof and floor remained
stable during the monitoring period. Deformation was concentrated in the walls and
manifested as convergence. Critically, the right wall exhibited a pronounced differential
deformation pattern, where convergence in the lower section was significantly greater
than in the upper section. This behavior is consistent with the transfer of stress to the
less-reinforced and intrinsically weaker coal strata of the lower walls.

(4) The presented methodology has broad applications for monitoring underground
infrastructure and evaluating support performance. However, key limitations remain,
including hardware precision, cumulative SLAM drift, and the complexity of the data
processing workflow. Consequently, future research should be directed towards developing
higher-precision hardware, advancing SLAM and loop-closure algorithms to mitigate drift,
and creating intelligent, automated software suitable for on-site application.
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