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Abstract

As mining operations extend to greater depths, the risk of deformation in high-stress tunnels increases significantly, posing a substan-
tial threat. This study introduces a novel framework known as “robust mobility deformation detection” (RM2D), designed for real-time
tunnel deformation detection. RM2D employs mobile LiDAR scanner to capture real-time point cloud data within the tunnel. This data
is then voxelized and analyzed using covariance matrices to create a voxel-based multi-distribution representation of the rugged tunnel
surface. Leveraging this representation, we assess deformations and scrutinize results through machine learning models to swiftly pin-
point tunnel deformation locations. Extensive experimental validation confirms the framework’s capacity to successfully detect deforma-
tions, including floor heave, side rib spalling, and roof fall, with remarkable accuracy. For deformation levels at 0.15 m, RM2D was able
to successfully detect deformations with an area greater than 2 m>. For deformation areas of (3 + 0.5) m%, RM2D successfully detected
deformations of levels at (0.05 + 0.01) m, and its detection capability meets the standard criteria for mining tunnel deformation detec-
tion. When compared to two conventional methods, RM2D demonstrates its real-time deformation detection capability in complex envi-
ronments and on rough surfaces with precision, all at speeds below 10 km/h. Furthermore, we evaluated the predictive performance using
multiple evaluation metrics and provided insights into the decision mechanism of the machine learning employed in our research, thereby

offering valuable information for practical engineering applications in tunnel deformation detection.

Keywords: Deformation detection; LIDAR scanning; Distribution modeling; Machine learning; Point clouds

1 Introduction

As shallow mineral resources become depleted, the min-
ing industry is shifting its focus toward deep mining and
intelligent mining as the key drivers of future mining devel-
opment. Nevertheless, as mining depths continue to
increase, deep mining encounters a multitude of technical
challenges and engineering issues. Among these challenges,
tunnel deformation induced by high-stress environments
stands out as a significant concern (Xie et al., 2015;
Ranjith et al. 2017; Wagner, 2019). Underground tunnels
are integral to mining operations, serving purposes like

* Corresponding author at: School of Resources and Safety Engineering,
Central South University, Changsha 410083, China.
E-mail address: mr.bilin@csu.edu.cn (L. Bi).
Peer review under the responsibility of Tongji University.

https://doi.org/10.1016/j.undsp.2024.07.002

hoisting, transportation, ventilation, and dewatering.
Unlike their shallow counterparts, deep tunnels are situ-
ated within a more intricate high-stress rock mechanics
environment. This intricacy often results in engineering
challenges, including discontinuity, uncoordinated large
deformations, and pronounced instability and failure, as
depicted in Fig. 1.

The damage caused by tunnel deformations can disrupt
underground transportation, increase ventilation resis-
tance, result in casualties, equipment damage, and signifi-
cantly impact production safety (Wang et al., 2016,
2023a, 2023b). Therefore, achieving efficient and precise
detection of tunnel deformations is of vital importance
for the study of tunnel support, prevention of dynamic dis-
asters, and understanding rock movement patterns.

Traditional deformation monitoring methods primarily
rely on displacement data represented by instruments such
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Fig. 1. Typical deformation and failure performances of the tunnel.

as total stations and digital convergence meters, as well as
stress data represented by borehole stress gauges (Wang
et al., 2023a; Xie & Lu, 2017). However, these techniques
often require presetting points on the tunnel surface, and
the level of deformation is measured by calculating the rel-
ative displacement or stress changes between fixed points at
different times. As a result, these methods are unable to
provide real-time measurements of the changing field of
the tunnel. Additionally, these methods often require per-
sonnel to be present on-site to operate the equipment,
which can result in significant manpower and resource
costs. The measurement results are also highly dependent
on human subjectivity, increasing the likelihood of missed
or erroneous assessments of deformation locations (Attard
et al., 2018; Montero et al., 2015).

Three-dimensional (3D) laser scanning technology is a
novel real-time spatial information acquisition technique
that combines spatial grid scanning technology with long-
range rapid distance measurement technology using laser
non-reflective prisms. Due to its speed, efficiency, non-
contact operation, and ability to handle massive data, it
has effectively addressed the shortcomings of traditional

methods. Consequently, it is widely used in topographical
measurement, industrial measurement, and heritage preser-
vation (Lemmens, 2011; Aryan et al., 2021; Jaboyedoff
et al., 2012).

In the context of deformation measurement in under-
ground engineering, three-dimensional laser scanning tech-
nology has made significant contributions: Han et al.
(2013) introduced the minimum-distance projection
(MDP) algorithm to establish point correspondences,
enabling the measurement of profile displacement. Yang
and Xu (2021) used multi-sensor perception technology,
combining laser scanning and photogrammetry, to detect
and evaluate tunnel deformations. Cacciari and Futai
(2021) collected 3D data using laser scanning technology
and applied numerical methods like the discrete element
method to assess the stability of tunnel cross-sections.
However, in practical deformation monitoring for engi-
neering applications, relative deformation is often more
meaningful than absolute deformation. The methods men-
tioned above may face challenges in measuring relative
deformations over a certain period. Xie and Lu (2017) pro-
posed a 3D modeling method suitable for circular tunnel
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point clouds to visualize relative deformations in tunnels.
Cui et al. (2019) developed a wavelet filtering algorithm
for filtering point clouds of tunnel facility sections and
introduced a deformation detection method based on ellip-
tical fitting. They validated that this method meets the
accuracy requirements for subway tunnel deformation
detection. Yasuda and Cui (2022) used elliptical Fourier
analysis (EFA) to estimate tunnel deformations by com-
paring the differences in Fourier series representations of
tunnel profiles before and after deformation. Jiang et al.
(2021) compared the iterative closest point (ICP) (Besl &
McKay, 1992) and multi-scale model-to-model cloud com-
parison (M3C2) (Lague et al., 2013) algorithms and pro-
posed a method for semiautomatic spatiotemporal
deformation analysis using point cloud data at different
times. This technology can detect relative tunnel deforma-
tions but imposes higher quality requirements on point
cloud data, necessitating post-data collection processes like
denoising. It cannot provide real-time localization and
alerts for suspected deformation locations.

Existing methods for deformation monitoring of large-
scale engineering projects using laser scanning technology
still heavily rely on post-processing of the collected point
cloud data, which can be time-consuming and require man-
ual intervention. These methods have not yet achieved true
automation. To address this issue, a framework called
robust mobility deformation detection (RM2D) has been
proposed. This framework aims to enhance the automation
of tunnel deformation detection, reducing the need for man-
ual intervention and improving the accuracy and efficiency
of the detection process. RM2D includes two main modules
that enable automated tunnel deformation detection:

(1) Deformation measurement. Tunnel surface modeling
is achieved by voxelizing the point cloud data and
computing the covariance matrix, thus forming a
voxel-based multi-distribution. Subsequently, defor-
mation measurement is conducted utilizing a multi-
distribution to multi-distribution approach. This
method effectively mitigates the impact of noisy data
resulting from the complex tunnel environment on
registration and deformation calculations.

(2) Deformation determination. By employing unsuper-
vised machine learning techniques, we construct an
isolation forest (IF) decision model that is specifically
designed for extracting anomalies in deformation cal-
culations, and we preserve the weight parameters.
With the assistance of this pre-trained model, we ana-
lyze deformation calculation data to quickly and
accurately identify deformation locations.

2 Related work

Traditional deformation calculation methods based on
point cloud data can be primarily categorized into two
major groups: (1) distance measurements between point

clouds based on temporal changes, and (2) displacement
field calculations based on the identification of specific ele-
ments in continuous point clouds (Teng et al., 2022).
RM2D primarily focuses on research related to the first
category of methods. Common methods for measuring dis-
tances between point clouds at different epochs include
cloud-to-cloud (C2C) (Girardeau-Montaut et al., 2005),
multi-scale model-to-model cloud comparison (M3C2),
and their respective variants. In this section, a brief intro-
duction to these two algorithms will be provided. Addition-
ally, in the experimental section, we will compare these two
methods with RM2D using our dataset.

2.1 Cloud-to-cloud approach

C2C is a rapid direct comparison method that does not
require data to be gridded or the computation of spatial
normals. It relies solely on measuring surface distances
based on Euclidean distance or Hausdorff distance (Jafari
et al., 2017; Huttenlocher et al., 1993; Wang et al., 2005),
as illustrated in Fig. 2. However, this method is highly sen-
sitive to point cloud roughness, outliers, and density.
Therefore, it is typically used for quick detection on rela-
tively smooth and dense point clouds (Barnhart &
Crosby, 2013).

2.2 Mulit-scale model-to-model cloud comparison approach

The M3C2 algorithm is currently one of the commonly
used techniques for analyzing changes in terrain point
clouds (DiFrancesco et al., 2020). This method estimates
displacement in the vertical direction by quantifying
changes relative to the local surface. The core steps of the
algorithm include core point selection, calculation of local
normals, and point cloud distance calculation, as illus-
trated in Fig. 3.

Specifically, this method involves serval steps. (1) Dur-
ing calculations, the original point cloud can be downsam-
pled as needed to obtain a core point cloud with lower
density and even distribution, improving computational
efficiency. (2) For a given core point P, Within a radius
of D/2, a plane is fitted to the other points in its neighbor-

True distance

Surface 2

Closest point on surface 1

Fig. 2. Cloud-to-cloud compare.
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Fig. 3. Multi-scale model-to-model cloud compare.

hood, and the local normal vector of that plane is obtained.
(3) By taking the core point along the normal vector as the
center, a cylindrical shape with a radius of D/2 is created.
This cylinder intersects both point clouds, and all the
points contained within the cylinder are projected towards
the central axis. The average positions of the points on the
axis for both epochs are calculated, and the difference
between them represents the spatial distance for that
segment.

While this method can to some extent eliminate the
influence of point density and noise, its algorithm perfor-
mance heavily depends on the parameter selection during
normal computation. It is also sensitive to changes occur-
ring along the determined local normal direction. If the
surface deformation occurs along a different direction from
the calculated normal vector, it may result in some compu-
tational errors. Therefore, M3C2 has limited ability to
quantify small-scale (<0.15 m) surface changes, and its
results are particularly unstable when comparing surfaces
with rough morphology (Zahs et al., 2022; Winiwarter
et al., 2021).

3 Approach

Our work relies on point cloud data obtained from
LiDAR scanners. LiDAR scanners typically consist of
ranging sensors and angle sensors (Lichi et al., 2002). There
are three primary ranging methods: triangulation, pulse,
and phase methods. Among these, the pulse method is
the most commonly used for measurement.

The fundamental concept of deformation detection
involves obtaining three-dimensional coordinate data of
the target to quantify changes by comparing these data
from different periods. This paper presents a real-time com-
putational approach, outlined in Fig. 4, which encompasses
three key technical steps: baseline point cloud mapping for
the tunnel, tunnel deformation measurement, and deforma-
tion determination. To clarify, before initiating the detec-
tion process, a baseline point cloud map of the tunnel is
created using mapping algorithms (SLAM, SFM, etc.)
(Fig. 4(a)). This point cloud map is then voxelized, and
the covariance matrices of the points within each voxel
are calculated and aggregated. During detection phase,
the current tunnel is scanned in real-time using a laser scan-
ner (Fig. 4(b). The scan frame is then relocalized and regis-

tered against the baseline point cloud map (Fig. 4(c)).
Subsequently, the point cloud data from the scan frame
is voxelized in a similar manner to the point cloud map,
establishing voxel correspondence between the scan frame
and the point cloud map. The tunnel surface is modeled
by voxel-based small-scale distributions (Koide et al.,
2021; Serafin & Grisetti, 2015; Myronenko & Song,
2010), utilizing the covariance matrices of the points aggre-
gated within the voxel to represent the surface. Deforma-
tion measurement is carried out at corresponding
positions between the scan frame and the point cloud
map (Fig. 4(d)). Finally, the calculation data undergoes
analysis through the IF model to achieve precise deforma-
tion determination (Fig. 4(e) and (f)).

3.1 Point cloud relocalization

We used the state-of-the-art SLAM mapping algorithm
fast LiDAR-inertial odometry (FAST-LIO2) (Xu et al.,
2022) and its accompanying relocalization module as the
pre-processing modules for our deformation detection
algorithm in this paper. FAST-LIO2 is a computationally
efficient and robust laser-inertial odometry package that
fuses laser feature points with inertial measurement unit
(IMU) data using tightly coupled iterative extended Kal-
man filters to achieve reliable navigation and mapping in
fast-moving, noisy, or crowded environments. The algo-
rithm conducts the relocalization process by outputting
the current frame accurately aligned by FAST-LIO2, ulti-
mately producing point cloud frames suitable for deforma-
tion detection.

In the relocalization process, the undistorted current
frame outputted by FAST-LIO2 is taken as the input
frame, with its LIDAR coordinate system as the origin.
Based on the preset field of view range, the global map is
cropped to generate a local point cloud map. Subsequently,
a coarse-to-fine two-step ICP registration strategy is
employed to register the current frame with the local point
cloud map, correcting the odometry of the current scan to
achieve precise alignment between the current scan point
cloud map and the prior global map. Finally, by directly
accumulating the calibrated point cloud frames with a cer-
tain calculation step size denoted as n, sufficient point
cloud data are obtained for subsequent deformation
detection.

3.2 Voxel-based multi-distribution to multi-distribution

Unlike other underground engineering projects, such as
subways and tunnels, mining tunnel are highly complex
and variable. Factors such as in-situ stress, rock physical
properties, and mine design can vary significantly. The tun-
nel surfaces often feature geological features like fractures,
folds, and faults of varying scales (Kang, 2021). Addition-
ally, external conditions such as temperature, humidity,
and dust can affect the scanning accuracy of laser scanners.
Therefore, due to the presence of some noise in the data,
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Voxelization & covariance matrix
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Fig. 4. Schematic of RM2D framework. (a) Point cloud mapping, (b) data acquisition & pre-processing, (c) relocalization & registration, (d) deformation
measurement, (e) training model, (f) deformation analysis & localization, and (g) model evaluation & interpretation.

directly using traditional point-to-point-based methods like
ICP for registration and deformation calculation will inevi-
tably introduce significant errors. Moreover, the ICP algo-
rithm involves a substantial amount of neighborhood
searching based on k dimensional-tree (KD-tree)/Octree.
In situations with high real-time requirements in under-
ground inspection work, ICP may struggle to meet those
demands. This necessitates the need for alternative meth-
ods, as proposed in this paper, to improve accuracy and
efficiency in tunnel deformation detection.

In order to adapt to complex terrain environments and
minimize the algorithm’s sensitivity to noise, RM2D estab-
lishes voxel pairing relationships between point clouds of
two different epochs during deformation calculation. This
method involves dividing the point cloud into voxels and
aggregating the distribution of all points within each voxel
to achieve a “smoothing” effect on the point cloud. How-
ever, this approach may lead to the loss of some local details.
During point cloud registration, as there is no unified coor-
dinate correspondence established between point cloud data
from different epochs, direct voxel-based registration often
results in less-than-ideal registration effects, which can affect
the subsequent deformation calculation process.

To address these issues, this study employs the following
strategy. Voxelization is applied exclusively to the baseline
point cloud map during the relocalization and registration
phase. The relocalization and registration are performed
based on the voxel correspondence between the scan
frame’s point cloud and the voxelized baseline point cloud
map. During the deformation measurement phase, the scan
frame’s point cloud is voxelized based on the relocalization
results, and voxel associations are established with the
point cloud map’s voxels. The specific implementation is
as follows.

The voxel resolution is defined as the spatial distance
below which points in the point cloud map are grouped

into the same voxel. For a point cloud map
A = {og,0,--,a,}, This can be created using the following
formula:

voxel\_index = |«;/resolution|,i € {0, 1,---, n}. (1)

After completing relocalization and registration, the
scan frame B = {f,,f,, -, P} Is traversed, and voxels
are created in the same way. Associations are established
with the voxels in the point cloud map based on the
voxel index. This ultimately achieves the pairing effect, as
shown in Fig. 5.

3.3 Distance-based deformation detection

RM2D utilizes a voxel-based distance calculation
method for deformation measurement, as depicted in
Fig. 6, highlighting the distinction between RM2D and
two other correspondence algorithms. RM2D adapts to
complex detection environments by modeling as ‘“‘voxel-
based multi-distribution to multi-distribution”. It also
avoids the need for frequent nearest-neighbor searches on
unstructured points, streamlining the computation process.

In RM2D, when estimating the distance between point
clouds from two epochs, a probabilistic approach is intro-
duced. It is assumed that each point in the point cloud,
along with its neighboring points, forms a small-scale point
cloud that follows a Gaussian distribution model. There-
fore, in the calculation process, there is no need to focus
on detailed ‘““point-to-point” relationships. Instead, the
emphasis is on improving the probabilities of correspond-
ing distributions from a more macroscopic perspective.
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Map profile
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Fig. 6. Algorithms for distance calculation in (a) GICP (Segal et al., 2009): nearest distribution-to-distribution, (b) VGICP (Koide et al., 2021): voxel-
based distribution-to-multi-distribution, and (c) our approach: voxel-based multi-distribution-to-multi-distribution.

Based on the above concept, RM2D uses covariance
matrices to represent the probability density of multidi-
mensional random variables. Specifically, for a given set
of points B = {f, 1, -+, Bs, -+ Bu}> When traversing each
point in B, the covariance matrix within the distribution of
its nearest k neighbors is calculated using Eq. (2):

cov(fBy, By)  cov(By, B1) cov (B, Br)
| covipi ) cov(Bi ) e cov(Bi )
cov(By, o) cov(By, i) cov(By, Br)
where
cov(B,. ;) F_IZ wt = Ba) (Bra = By). )
a,be{0,1, - k}.

In Eq. (3), ¢ represents the number of observation sam-
ples corresponding to random variables (typically 3 in
point cloud data, reflecting the three coordinate dimen-
sions); f3,, represents the observation sample for the d-th

dimension of point f5,; 5, is the mean of the observation
samples corresponding to point f3,.

For the pairs of associated voxels in a set of points
A ={ap, 0, -,0,} (point cloud map) with respect to

another set of points B = {f,, B, -, B,,} (scan frame) with
voxel index i, we define the voxel-to-voxel distance as Eq.
(4):

D, =\/d,C;\d]. (4)

Equation (4) serves as both a measure of deformation
and an objective function during registration. However,
in cases where the spatial correspondence between the
scanning frame and the point cloud map has not been
established, to avoid potential registration failures caused
by excessive loss of spatial information due to voxelization,
we perform voxelization solely on the point cloud map.
This allows us to model the objective function as a
single-distribution to multi-distribution and minimize the
objective function to attain successful registration.

For deformation measurement:

S B S
d, == == 5
N; M; "’ )
Yoy
C = J ] k™ k . 6
A 7 (6)
For the objective function of point cloud registration:
2B
d; = — Tay, 7
STy, ™
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Kol
C = % + TCT", (8)

1

where C denotes the covariance matrix of the point (« or f§
with subscripts) within its nearest neighbor distribution, N
and M represent the number of points within the voxel, and
T is the transformation matrix. Additionally, it is impor-
tant to note that in Egs. (5) and (7), « and B with subscripts
refer to vectors composed of the coordinates of points o
and f§ with corresponding subscripts, respectively.

To estimate the surface of the object, we utilize point
cloud distributions. The point distribution is computed
using the covariance matrix, and we combine the distribu-
tions of various target points to calculate the voxel distri-
bution. This approach helps mitigate the impact of minor
noise on the overall result, achieving a “smoothing” effect.
Table 1 describes the measurement procedure of RM2D in
detail.

3.4 Machine learning based outlier detection

The proposed method calculates a numerical value rep-
resenting the similarity between each pair of voxel associa-
tions. However, this value only reflects the similarity
between the two sets of point clouds and lacks a direct
physical interpretation. Therefore, it can be challenging
to quantitatively determine the conditions under which this
value indicates deformation. Manual judgment based on
deviations within the distribution for each value can intro-
duce subjectivity. In practical engineering applications,
dealing with large datasets with stringent time constraints
can be problematic.

Table 1
Deformation measurement algorithm.

Algorithm: Deformation measurement (DM)

Point clouds: 4 = {0, --,a,} (map), B={fy, -, B,} (scan frame)
Covariances: C*' = {C],---,C4}, P ={C§,---,CB}
V4 — Voxelization(4,C?)
Procedure DM(4,B,C*,C5)
1: V8 — Voxelization(B,C?)
2: for i €{0,*+, n} do
3 di=VEs— Vs
4: C,=VBc+yic
51 Dy =y/d;C;'dT
6: Dist « Dist U D;
7: return Dist
Procedure Voxelization(X, C)
V1l
: for i € {0, *=», m or n} do
voxelindex = |x;/resolution|
if voxel;ndex ¢ 7 then
Vlvoxel_index] « (0=0, C =0, N = 0)
V[voxel_index].0 < V[voxel index].d +x;
V[voxel index].C < V[voxel index].C +C;
8:  V[voxel_index].N « V[voxel index].N + 1
9: for v € V' do
10: 0.6 «— 0.0/ v.N
11: v.C —vC/vN
12: return V'

S

Outlier analysis in traditional statistical methods often
involves setting fixed thresholds based on prior knowledge
of the dataset, such as 3-sigma or Z-score methods (Togbe
et al., 2020). However, these methods are not very robust,
and they involve numerical calculations and conditional
judgments on input data each time, making them ineffi-
cient. To address these issues, RM2D employs a machine
learning approach to establish a standard framework for
outlier analysis suitable for tunnel deformation measure-
ment data. Machine learning (ML) is an efficient data anal-
ysis method that autonomously “learns” and “recognizes”
the inherent relationships between data, enabling efficient
analysis and decision-making with limited cost (Jordan &
Mitchell, 2015; LeCun et al., 2015).

RM2D uses an unsupervised IF model (Liu et al., 2008)
to analyze and make decisions about the detection data to
identify outliers. It isolates exceptional samples with fewer
random feature splits compared to regular samples, with-
out relying on metrics like distance or density. Instead, it
continuously selects random feature dimensions and parti-
tions the data along these dimensions, using the number of
splits to characterize the “isolation level” of target samples
from the data distribution. For deformation detection
data, there is only one feature dimension, so the chosen
splitting dimension remains fixed during model training.
The core idea of the algorithm is illustrated in Fig. 7.

4 Experiment

In this section, we evaluated the performance of the
RM2D algorithm by collecting point cloud data in a tunnel
using a LiDAR scanner. We then made various modifica-
tions to the original data to simulate deformations occur-
ring in the tunnel. Based on the experimental data, we
implemented the RM2D framework in C++ and robots
operating system (ROS) (Quigley et al., 2009). The main
experimental equipment and configuration details are
shown in Table 2.

The experiments mainly consisted of five parts: (1) local
detection experiments, (2) global detection experiments,
(3) comparative experiments, (4) model evaluation, and
(5) model interpretation.

4.1 Datasets

The data used for the experiments was collected from an
underground mine tunnel in China. In deep underground
mining without floor support, up to 75% of the movement
of the tunnel roof and floor is caused by floor heave. This
phenomenon is responsible for 50% of the total mainte-
nance needed to address tunnel deformations (Mo et al.,
2020; Hu et al., 2022). It’s worth noting that tunnel defor-
mations within a certain range don’t significantly impact
underground operations. In coal mine tunnels, deforma-
tion no larger than 0.2 m is considered safe and doesn’t
require any special preventive measures (Jiang et al.,
2004; Xie et al., 2012). Therefore, in the context of defor-



248 B. Chen et al. | Underground Space 20 (2025) 241-258

mation detection research, it’s crucial to closely monitor
floor heave, and the algorithm should be able to detect
deformations of at least 0.2 m or more.

As part of our research, we created two different data-
sets based on the on-site point cloud data using the open-
source software Blender.

In the first dataset, we made modifications ranging from
0.03 to 0.2 m to different sections while keeping the defor-
mation area at (3 + 0.5) m% These modifications were
made to simulate common tunnel deformations such as
floor heave, rib spalling, and roof fall. The purpose was
to evaluate RM2D’s sensitivity to different deformation
types and levels. Specific examples of deformations and
their levels and locations are illustrated in Fig. 8.

In the second dataset, we focused on floor heave, a com-
mon tunnel deformation, and kept the deformation level
fixed at (0.15 4 0.01) m. However, we varied the deforma-
tion size to explore RM2D’s sensitivity to different defor-
mation extents. Specific examples of deformations are
illustrated in Fig. 9. We conducted local and global exper-
iments on RM2D using these two datasets. Furthermore,
we compared and analyzed the results of using C2C and
M3C2 for detection on the same datasets to demonstrate
RM2D’s superiority.

4.2 Local experiment

In the local experiment, we outlined the configuration of
several crucial parameters in RM2D and conducted sensi-
tivity analysis experiments for different types of deforma-
tions. Furthermore, we examined the effect of resolution
size on detection performance by conducting experiments
using a variety of resolution sizes. Based on the detection
results and computation time, we distilled general patterns
and summarized our findings.

Normal point

Anomaly point

T
1
1
I
1
1
I
1
1
I
1
1
1
1

Feature 2

1
1
1
I
I
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1
I
I
1
I
I
1
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Fig. 7. Core idea of the isolated forest algorithm. Note: The blue points
represent normal data, while the red points represent anomalous data.
Additionally, the red dashed line indicates the presence of anomalous
points in this segmentation.

4.2.1 Parameter settings

The deformation calculation module relies on the voxel
resolution size as its main parameter. Since the voxel reso-
lution size setting affects both computation accuracy and
computation time, we conducted experiments with different
voxel resolution sizes (1/1.5/2/2.5/3) to find the appropriate
voxel size that achieves effective detection of different levels
of deformations while minimizing computation time, tak-
ing into account the actual conditions of the dataset.

For the anomaly analysis module, the parameters were
set based on the original IF (Liu et al., 2008) and the speci-
fic characteristics of our dataset. The details of these
parameters are provided in Table 3.

4.2.2 Sensitivity analysis

To initially assess the algorithm’s detection performance
and explore the optimal voxel parameters for common
deformations in underground tunnels, such as roof fall,
floor heave, and rib spalling, we divided the corresponding
deformed sections in the dataset into equally-sized seg-
ments to ensure that each segment had approximately the
same number of point cloud data. Based on this segmenta-
tion, we conducted pre-training on a subset of the calcula-
tion data with the IF model and saved the model’s training
weights. These weights were used for anomaly analysis in
the local experiments. In Fig. 10, we provide examples of
data and detection results. Each small cube in the right fig-
ure’s spatial Cartesian coordinate system represents a voxel
in a corresponding spatial location. Similarity values
between voxels for different epochs were calculated, and
the IF model was used for classification. Based on the clas-
sification results, a color mapping was applied to the cubes.
The experimental results demonstrated that RM2D suc-
cessfully detected all three types of deformations and accu-
rately located the areas affected by these deformations.

In order to assess the performance of the algorithm for
various voxel parameters, we conducted experiments with
different voxel sizes for different levels of deformation.
Specifically, we examined a sample dataset with approxi-
mately 0.15 m of roof caving deformation in the x-
coordinate range of 144-156. We used RM2D with differ-
ent parameters to detect this deformation, and the experi-
mental results are shown in Fig. 11. The “Cost” value on
the vertical axis represents the calculated distance between
the voxels at the corresponding positions of the scan frame
and the point cloud map, essentially indicating the similar-
ity between map points and scan points. However, it’s
important to note that this value doesn’t hold any direct
physical significance. To facilitate modeling with an IF,
these values underwent normalization to ensure that they
fell within the range of 0-1.

Through experiments on deformations of various levels
using the above-mentioned method, we found that due to
RM2D’s adoption of a distribution-based surface approx-
imation measurement method, the algorithm’s ability to
detect slight deformations below 0.05 m is limited. Addi-
tionally, based on multiple experiments, we have summa-
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Configuration

Table 2
Main experimental equipment.
Equipment Specification
Computational oS
unit CPU
GPU
RAM
LiDAR Name
Measurement range
Channels

Field of view (vertical)

Field of view
(horizontal)
Rotation rate

Ubuntu-20.04

Intel i9-9900KF 3.60 GHz
Nvidia GeForce RTX-
4090

32 GB

Velodyne HDL-32E
100 m

32

+10.67° to — 30.67°
(41.33°)

1.33°

5-20 Hz

rized general trends in the maximum voxel size and compu-
tational time that can be used when detecting deformations
of different levels, as shown in Table 4. While increasing
voxel size appropriately can significantly reduce computa-
tion time, precise detection of smaller deformations
requires relatively smaller voxel sizes. Generally, setting
voxel size as 1.5 is sufficient for detecting deformations
greater than 0.05 m, while setting it as 2.5 is suitable for
detecting deformations greater than 0.15 m. Combining
the above conclusions, we suggest setting the parameter
values between 1.5 and 2.5 when conducting tunnel inspec-
tions, providing a reference for deploying RM2D with
appropriate parameters according to practical needs.

Fig. 9. Tunnel floor heave deformation. Note that the dashed boxes represent deformation areas.
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Table 3

Parameters of isolation forest.

Parameters Implication Value
Number of estimators The number of base estimators or trees in the ensemble (the number of trees that will get built in the forest). 100
Max samples The number of samples to be drawn to train each base estimator. 256
Contamination The expected proportion of outliers in the data set (the proportion of outliers in the data set). 0.02
Max features The number of features to draw from the total features to train each base estimator or tree. 1

4.3 Global experiment

In the global experiment, to simulate underground mine
tunnel inspection as realistically as possible, this study
employed the open-source autonomous driving simulator
CARLA (Dosovitskiy et al., 2017) as the underlying plat-
form for experiments. Since tunnels have a low driving
speed, generally 15 km/h or less, and sometimes as slow
as 5 km/h at intersections and turns, we maintained the
vehicle speed below 10 km/h during simulations. Our sen-
sitivity tests consisted of two parts: tests on different levels
of deformation and tests on different areas of deformation.

4.3.1 Sensitivity analysis

Our ROS project consists of two main packages: relocal-
ization and deformation detection. For the relocalization
module, we implemented FAST _LIO2 (Xu et al., 2022)
and used the unmodified original data as the base point
cloud map and performed experiments on the modified
dataset using a LiDAR scanner.

We conducted sensitivity tests using Dataset 1 to ana-
lyze various deformation levels. Based on the comprehen-
sive results in Table 4, we set the voxel resolution to 1.5
and assigned RGB values to the areas considered as defor-
mations during the detection process. The experimental
results are shown in Fig. 12(a), where the numbers indicate
the LiDAR’s operational path. During the global experi-
ment, we successfully relocalized and used RM2D to mark
deformation areas exceeding 0.03 m”. This significantly
meets the requirements for deformation handling in tun-
nels. However, we observed that when the LiIDAR scanner
passed through sections of the tunnel with extensive defor-
mations, RM2D might mistakenly label normal areas
around the deformation region as deformations. This issue
could be due to inaccuracies caused by large deformations
during registration, which affects the subsequent deforma-
tion detection.

We conducted sensitivity tests using Dataset 2 for vari-
ous deformation areas. Initially, we set the resolution as
1.5. According to the experimental results shown in
Fig. 12(b), we found that RM2D was not sensitive to defor-
mations of 2 m?> and smaller, which resulted in missed
detections. To investigate the effect of reducing the resolu-
tion size on RM2D’s ability to detect 2 m” deformations,
we reduced the resolution to 1.0 for further testing. The
results are shown in Fig. 12(c). By decreasing the resolution
size, RM2D successfully detected deformations of 2 m? and
larger. However, we observed that when the resolution size

is smaller, RM2D might focus too much on small-scale
rough surfaces, which could decrease its robustness. In
the vicinity of the deformation area during Path 5,
RM2D produced false positives. Furthermore, as we con-
tinued to reduce the resolution size, RM2D produced more
false positives (as shown in Fig. 12(d)). Therefore, the
choice of resolution should balance acceptable deformation
areas and deformation levels in real engineering applica-
tions. We recommend using a larger resolution size when-
ever possible to avoid missed detections while
maintaining acceptable error rates.

During the experiments, we discovered an important
point to note: using only a single frame of point cloud data
for deformation detection might result in missing informa-
tion, which could lead to inaccurate representation of the
tunnel surface and errors in subsequent calculations.
Therefore, we focused on using multiple frames of point
cloud data to achieve densification of sparse point clouds.
Our research revealed that fusing 5 or more frames of data
can yield good results.

4.3.2 Comparative experiment

For comparison, we conducted detection experiments
using two different algorithms: C2C and M3C2, which were
implemented in the open-source software CloudCompare.
These methods were applied to detect deformations in
two sets of point clouds, one representing the initial state
and the other representing the deformed state from Dataset
1. The results of the experiments are shown in Fig. 13. The
positions correctly detected are marked in the figure, while
the rest are missed detections and erroneous detections.

Although C2C can efficiently measure the surface of the
target using Euclidean distance, this method often requires
a relatively smooth surface. As shown in Fig. 13(a), it is
prone to significant errors when applied to deformation
detection in tunnels, particularly in locations with complex
terrain like corners or other irregular surfaces.

For M3C2, we conducted experiments using the default
parameters in CloudCompare, and the results are shown in
Fig. 13(b). While this method partially eliminates the influ-
ence of noise and surface roughness, it has limited detec-
tion capabilities for deformations smaller than 0.15 m
and can lead to false positives in areas with uneven point
density. Additionally, the selection of parameter in M3C2
is a crucial factor affecting its algorithm performance.
Users typically need a comprehensive understanding of
the data and the algorithm to choose the most appropriate
parameters for optimal detection results.
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Fig. 10. Results of local experiment. (a) Roof fall, (b) rib spalling, and (c) floor heave. Note: The blue points represent normal positions, while the red

points represent deformed positions.

4.4 Model evaluation

We utilized a deformation detection algorithm to obtain
a total of 42 sets of computational data for model training
and evaluation, with 14 deformation locations across two
datasets, each employing resolutions of 1, 2, and 2.5. To
comprehensively assess model performance, four sets of
data were randomly selected as test sets for each resolution,

with the remainder serving as training sets. During train-
ing, the contamination parameter of the model was set as
0.02, while all other parameters were kept at their default
values.

The performance of the IF model on the test sets is
depicted using a confusion matrix in Fig. 14. Deformation
positions of four different levels were selected for the exper-
iment. The figure illustrates the model’s prediction out-
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Table 4

Algorithm efficiency by using different voxel size.

Deformation level (m) Maximum resolution Time spent (ms)

0.03 - -

0.05 1.5 6640
0.10 1.5 6594
0.15 2.5 5927
0.20 2.5 5823

comes for each test data set under different resolution con-
ditions, with anomalies as negatives and normal values as
positives. The entries in the confusion matrix represent true
negative (TN), false positive (FP), false negative (FN), and
true positive (TP) from left to right and top to bottom.

Upon observation, it was noted that for test data with res-
olutions of 1 and 2, the model could accurately extract
anomalies with minimal errors, while it struggled with
some test data with a resolution of 2.5. This occurrence is
speculated to be due to the large resolution setting, which
may have resulted in the neglect of minor deformations
during voxel modeling, consequently affecting the model’s
determination outcomes.

Based on the confusion matrix, we employed four statis-
tical metrics to evaluate the prediction results, with Egs.
(9)-(14) demonstrating the calculation methods for these
metrics. Among them, the Fl-score is a commonly used
metric in statistics to measure the accuracy of binary clas-
sification models, as it considers both the precision and
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Fig. 12. Results of global experiment. (a) Testing of different levels of deformation, (b) testing of different deformation areas (resolution size = 1.5), (c)
testing of different deformation areas (resolution size = 1.0), and (d) testing of different deformation areas (resolution size = 0.7). Note that the red parts in

tunnel represent suspected anomalous position.
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(a)

Fig. 13. Results of comparison experiment. (a) C2C, and (b) M3C2. Note that the red parts represent suspected anomalous position.

recall of the model. True positive rate (TPR) and false pos-
itive rate (FPR) respectively indicate the proportion of true
positive predictions among all positive samples and the
proportion of false positive predictions among all negative
samples. These evaluation metrics emphasize different
aspects of the classification model’s performance, and con-
sidering them collectively enables a more comprehensive
assessment of the model’s performance.

ACCZTP+¥§I1TF1:+FN ®)

FL-score = o975 +2IZII: ¥ FN (10)
TP

TPR = o (11)
FP

FPR = o (12)

Figure 15 displays the calculated values of the aforemen-
tioned four evaluation metrics on the test set. As depicted,
the model’s accuracy (Acc), F1-Score, and TPR all exceed
99%. However, considering that in this study, the anoma-
lies representing negative samples only constitute a small
portion of the data distribution, evaluation metrics may
be inflated due to the imbalance in data samples. To further
assess the model’s ability to detect anomalies, we computed
its FPR on the test set, as shown in Fig. 15, revealing a false
positive prediction probability of only 1.6%. This value
falls within our acceptable range. The results of the exper-
iments indicate that the model’s predictions are reliable and
robust.

Correct

¢ @ BN

(b)

4.5 Model interpretation

So far, the interpretability of machine learning remains
one of the significant challenges in the industry (Gilpin
et al., 2018; Carvalho et al., 2019). While machine learning
models can now defeat world Go champions, perform
tasks like facial recognition, and achieve autonomous driv-
ing, people still approach AI predictions with caution
because we don’t fully understand the basis for their pre-
dictions or when they might make errors. In deformation
detection tasks, various deformation phenomena can often
be qualitatively described. Therefore, bridging the substan-
tial gap between these two interdisciplinary fields is one of
the significant challenges we face.

In this section, we aimed to conduct interpretability
research on the IF model. The visualization of the decision
rules in the IF is mainly driven by two questions: (1) how
data features influence the model’s prediction results, and
(2) which features have a greater impact on the generation
of prediction results (Liu et al., 2022). Since the experimen-
tal sample data used in this paper has only one feature
dimension, the first question is the focus of our attention.

The IF algorithm is an ensemble of binary decision trees
that is used to detect anomalies in a given dataset. To inter-
pret the results of the algorithm, we analyze a single binary
decision tree. The simplified training process is presented in
Fig. 16, which is based on the model visualization tool in
the Scikit-learn machine learning library.

During training, for a set of 35 randomly sampled
instances, with the feature dimension “Cost”, a binary tree



B. Chen et al. | Underground Space 20 (2025) 241-258

255

Resolution: 1

Position 1 Position 2 Position 3 Position 4
- 1750 - 2000
- 1600 = 2000
— 1400 - 1500 A7 ~ 1750
=] =] =3 L 1500 =]
1200 - 1250 - 1500
£ 1000 S 1000 S 1250 < 1250
=4 W B I~ 000 2 1000
= = O =
600 %0 750
- 1775 o - 1823 800 - 2064 500 - 2182 500
200 0 250 250
0 0 0 0
0 1 0 1
Predicted Predlcted Predicted Predlcted
Resolution: 2
Position 1 Position 2 Position 3 Position 4
- 500
- 500 - 400 L 400
_ 400 - %0 - 350
° L ° °
400 | 20 Lo
£ w £ » g £ =0
= = = =
- 00 = w0 =
- 542 - 508 -
100 100
o 0
0 1 1
Predicted Predicted Predlcted Predicted
Resolution: 2.5
Position 1 Position 2 Position 3 Position 4
s - 350 - 300 L6
~ 300 _ 25
° - 250 ° o 0 o &
- 250 -
£ £ 20 £ £
= = = 5 2
= = 150 = =
100
_ ~ 100 N 308 -
50 50
0 o
0 1 1
Predlcled Predicted Predicted Predlcted

Fig. 14. Confusion matrix for model predictions.

randomly selects a splitting point on this feature dimension
(in the example figure, the splitting point value at the root
node is 0.693). This generates two child nodes, and the pro-
cess is recursive for each child node to create more child

0.997 0.998 0.998

0.8

0.6

Values

04

0.087

Fl-score TPR FPR

Metrics

Fig. 15. Predictive performance of the IF model.

nodes. During the recursive process, the training samples
for each node are a subset of its parent node. When the tree
model reaches the maximum depth or the number of train-
ing samples in a leaf node is less than or equal to 1, the
algorithm starts backtracking. For each node, the algo-
rithm calculates an anomaly score using Eq. (9), repre-
sented as “value* in the figure. In this equation, ¢(n) can
be seen as a correction value that indicates the average path
length when constructing the binary tree with n samples.
Finally, Eq. (10) maps an anomaly score to the range of
0-1. This value is used to measure the probability that a
data point is an anomaly. A higher value indicates a higher
probability that the data point is an anomaly. The specific
parameters of the formula are listed in Table 5.

During prediction, the samples are input into the pre-
trained model to obtain the anomaly scores (values) for
each sample in every decision tree. These scores are then
aggregated using Bagging, and the final prediction result
is generated.

h(x) = e+ c(T size) (13)

(14)

value(x,n) =
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Fig. 16. Illustration of the prediction process of decision tree in isolation forest.

Table 5
Parameters of anomaly score.

Parameters Implication

e The number of edges traversed from the root node to a leaf
node.

The number of samples that are present in the same node as
the given sample.

h(x) The path length of a sample in a specific tree.

The average path length of a sample across all trees.

5 Conclusions and discussion

In this study, we introduce an efficient and precise
framework for tunnel deformation detection, named robust
mobility deformation detection (RM2D). This is a real-
time tunnel deformation detection framework for rapid
localization of deformation areas in underground tunnels.
RM2D does not depend on prerequisite steps and allows
flexible combinations of mapping and relocalization algo-
rithms as needed. To validate the effectiveness of RM2D,
we also created two datasets based on real tunnel point
cloud data.

The RM2D framework consists of three main modules:
(1) point cloud relocalization and registration, (2) deforma-
tion measurement, and (3) deformation determination. Our
research primarily focuses on modules (2) and (3). Unlike
existing research methods, RM2D addresses the challenges
posed by noisy data and rough surfaces in complex detec-
tion environments. It achieves this by modeling as a voxel-
based multi-distribution to improve algorithm robustness.
The main experimental findings of this research are as
follows:

(1) In the local experiments, RM2D successfully detected
various types of deformations in tunnels by selecting

an appropriate voxel size, which was typically set as
1.5. Furthermore, the study explored RM2D’s per-
formance under different voxel sizes, leading to the
general guideline that helps to determine the suitable
voxel size for tunnel deformation detection.

(2) In the global experiments conducted using CARLA
as the base platform and FAST-LIO2 for tunnel envi-
ronment relocalization, RM2D successfully detected
various types of deformations larger than 0.05 m.
This capability significantly meets the requirements
for handling deformations in tunnels. Furthermore,
for deformations with a level of (0.15 4+ 0.01) m,
RM2D can detect deformations larger than 2 m?
without generating false positives.

(3) In comparative experiments, we used traditional
methods C2C and M3C2 to detect deformations in
the dataset and analyzed the limitations of these
two methods based on the experimental results.

Based on our research, RM2D currently has the follow-
ing three limitations:

(1) RM2D has limited detection capability for small-
scale deformations due to its use of a distribution-
based surface modeling approach to adapt to com-
plex environments.

(2) When deformations are significant, RM2D may gen-
erate false positives for normal areas around the
deformed region. We speculate that this is due to
errors in registration after large deformations, affect-
ing subsequent deformation measurements.

(3) Using low-beam LiDAR to obtain single-frame point
cloud data can be sparse and challenging to effectively
represent the surface of the object being tested.
Therefore, multiple frames need to be fused for accu-
rate deformation measurements.
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In summary, the RM2D framework offers an accurate
and efficient solution for detecting deformations in under-
ground tunnels. Its utilization of the voxel-based multi-
distribution to multi-distribution modeling approach pro-
vides superior detection accuracy and robustness compared
to traditional methods, rendering it suitable for deforma-
tion calculations in complex environments and on rough
surfaces. Moreover, the integration of the IF algorithm
into RM2D facilitates swift deformation location determi-
nation by analyzing anomalous data during training, sim-
plifying computation while ensuring precise decisions.

In addition to these advancements, we employed multi-
ple evaluation metrics to assess the predictive performance
of the model, aiming to demonstrate its reliability. Further-
more, we conducted an analysis and provided explanations
regarding the model’s decision-making mechanisms. With
the integration of these approaches, we anticipate that
RM2D can be effectively utilized in future research to
address a broader spectrum of engineering problems, thus
contributing to further advancements in the field.
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