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ABSTRACT

Subway shield tunnels have emerged as the preferred solution for urban transportation due to their convenience
and safety. Constructed using prefabricated concrete segments, these tunnels exhibit structural stability. How-
ever, the segment joints and bolt holes are prone to groundwater infiltration under prolonged external stress,
potentially compromising the lifespan of the shield tunnels. Consequently, effective detection methods are
imperative to ensure the safe operation of these tunnels. Accurate data acquisition and precise extraction of
leakage features are critical for detecting leakages in subway tunnels. This research introduces Efficient Ge-
ometry Enhanced Point Transformer Network (GEPT-Net), an innovative point cloud semantic segmentation
network designed specifically for detecting tunnel leakage. GEPT-Net leverages the observation that leakages
predominantly occur at segment joints and bolt holes, characterized by distinct geometric features and lower
intensity. The network incorporates Fast Point Feature Histograms (FPFH) to effectively capture these geometric
features from the input data. Additionally, we introduce a point cloud serialization technique utilizing space-
filling curves, enabling the network to perceive a greater number of points within the same computational
power, thereby balancing efficiency and accuracy. The Geometry Enhanced Channel Attention (GECA) Block is
introduced to enhance the interaction between FPFH feature channels and intensity channels, enhancing the
precise localization of leakage areas. Furthermore, the Lovasz Hinge Loss is employed to address the issue of
extreme class imbalance. We constructed a tunnel leakage point cloud dataset, named S3DIS_leakage, comprising
approximately 1,600 m between two stations, to train and evaluate the performance of our network. Experi-
mental results demonstrate that GEPT-Net achieves superior performance in tunnel leakage semantic segmen-
tation, attaining approximately 85 % mean Intersection over Union and 89 % accuracy for leakage classes,
outperforming cutting-edge 2D and 3D networks by at least 12 %. Moreover, GEPT-Net maintains a remarkable
balance between segmentation accuracy and computational efficiency, rendering it viable for practical engi-
neering applications. This study not only establishes a robust approach for tunnel leakage detection but also
paves the way for future research on the comprehensive segmentation of shield tunnel components. The pro-
posed framework is available from the following github repository: https://github.com/jdjiang312/GEPT-Net.

1. Introduction

stressors, these leakages pose serious risks to both the lifespan and
structural integrity of the tunnels (Statowska et al., 2022). Therefore, the

In recent years, the rapid development of tunnel infrastructure has efficient and precise detection of such leakages is crucial for the effective
made tunnels a critical component of global public transportation sys- maintenance of these essential structures.
tems. Shield tunnels, built from prefabricated concrete segments, are Traditional methods of tunnel leakage detection have been con-
particularly prone to leakage. Influenced by groundwater and external ducted through manual inspections, where inspectors are tasked with
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identifying the specific ring numbers of leakages (Huang et al., 2020).
However, this approach is beset with several inefficiencies caused by
limited inspection windows, high labor costs, and a considerable margin
for human error. Alternatively, image-based methods have been
employed to address these challenges, leveraging visual data to detect
leakages. Nevertheless, these methods are not without their drawbacks,
including reliance on stable lighting conditions and susceptibility to
image quality variations. The introduction of LiDAR technology has
revolutionized this conventional process. With its exceptional precision,
efficiency, and ability to collect large-scale data, LiDAR has proven to be
a vastly superior alternative for tunnel monitoring. LiDAR technology
operates by emitting laser pulses towards a target and capturing the
reflected echoes to generate three-dimensional (3D) point cloud data.
Each point in this dataset includes a reflection intensity value, which is
critical for identifying leakage areas since water tends to absorb laser
pulses, thereby reducing the reflection intensity at those points. Addi-
tionally, each point contains precise 3D coordinate information, facili-
tating the accurate localization of leakages.

Mobile Laser Scanning (MLS) systems have particularly gained
attention in monitoring subway tunnels, offering significant advance-
ments in various areas including crack detection (Statowska et al., 2022;
Feng et al., 2023a), convergence deformation detection (Cui et al., 2019;
Yang and Xu, 2021), misalignment detection (Du et al., 2022), and
leakage detection (Ji et al., 2022; Zhang et al., 2022; Liu et al., 2022a).
These applications demonstrate the technology’s pivotal role in
enhancing the accuracy and reliability of tunnel assessments, ultimately
facilitating a more systematic approach to infrastructure maintenance.
However, the immense volume of 3D point cloud data collected by MLS
systems often amounts to hundreds of millions of points per kilometer of
tunnel, which makes leakage detection a complex task. To efficiently
process this data, researchers typically project point cloud data along the
tunnel vault in a planar form, creating a reflection intensity map based
on intensity properties (Liu et al., 2022a). This map transforms the
volumetric data into a format that is more manageable and amenable to
analysis with computer vision techniques. However, this approach relies
on manual parameter adjustments, which might lead to inconsistencies
in detection results. Moreover, the process demands a high level of
expertise and considerable time investment, posing further challenges in
operational setting. This underscores the need for continued advance-
ments in automated analysis methods to enhance the reliability and
efficiency of tunnel leakage detection using MLS data.

Deep learning techniques have achieved remarkable success across
various domains, particularly excelling in image-based tasks such as
object detection and semantic segmentation (Cheng et al., 2021). These
models have substantial potential to revolutionize tunnel leakage
detection, offering improved precision and efficiency. However, tunnels
present a complex environment due to their segmented construction and
the constant stress exerted from multiple directions, making areas such
as segment joints, intra-segment joints, and bolt holes prone to leakage.
These areas often show clear geometric disparities when compared to
the smooth surface of the tunnel lining. Despite the remarkable capa-
bilities of image-based deep learning networks, they exhibit inherent
limitations when applied to tunnel leakage detection. 2D image-based
networks, in particular, struggle to fully utilize the rich spatial infor-
mation provided by point cloud data, which is crucial for capturing the
nuanced geometric differences essential for identifying leakages. When
these networks process point cloud intensity images in two dimensions,
they often fail to discern between actual leakages and ancillary struc-
tures that may reflect similar intensity due to their material properties,
thus leading to inaccurate segmentations. These challenges restrict
traditional 2D image-based deep learning networks from effectively
handling the unique demands of tunnel environments. As a result, there
is an increasing shift towards the development of specialized deep
learning architectures that are designed to exploit the 3D spatial data
from point clouds. These advanced networks aim to leverage the full
spectrum of geometric information available, improving the accuracy
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and reliability of leakage detection in tunnel infrastructures.

Although point cloud-based deep learning networks offer distinct
advantages for tunnel leakage detection, they still face significant
challenges: 1) Data Volume and Complexity: MLS systems produce an
enormous volume of point cloud data, where each point encapsulates a
wealth of spatial and intensity information. Managing this data requires
significant computational resources and processing time, which places a
considerable burden on the design and scalability of these models.
Efficient data handling and processing strategies are critical to making
these models viable for real-world applications. 2) Network Design and
Computational Limits: Designing deep learning networks capable of
handling extensive receptive fields is crucial for extracting rich local
features that are essential for accurate leakage detection. However,
achieving this is computationally intensive. These networks must strike
a delicate balance between computational efficiency and the accuracy of
leakage detection, which often restricts their practical application. 3)
Lack of Training Data and Class Imbalance: The development of robust
deep learning models for tunnel leakage detection is further complicated
by the scarcity of publicly accessible tunnel 3D point cloud datasets.
Moreover, existing datasets typically exhibit severe class imbalances,
with no-leakage points vastly outnumbering leakage points. This
imbalance complicates the training process and can potentially skew the
performance of models towards the majority class. To effectively address
these challenges, we propose GEPT-Net, an efficient and effective deep
learning network specifically designed for tunnel leakage detection. To
the best of our knowledge, GEPT-Net is the first 3D point cloud-based
deep learning network designed specifically for this purpose. The con-
tributions of this work are as follows:

1) Geometric features are incorporated to enhance the accuracy of
tunnel leakage. Tunnel leakage typically occurs in areas with distinct
geometric features. Therefore, a Geometric Feature Channel Aggrega-
tion (GECA) block is specifically designed to enhance the interaction
between geometric feature channels and intensity channels. This inte-
gration enables the proposed model to more precisely identify areas with
lower intensity and prominent geometric features, reducing false
positives.

2) A novel point cloud serialization method is introduced to organize
scattered discrete points sequentially along space-filling curves. This
arrangement allows each patch processed by the network to incorporate
a greater number of points, effectively expanding the receptive field.
This approach enhances model performance while maintaining
computational efficiency.

3) Addressing class imbalance with S3DIS _leakage datasets incor-
porating Lovasz Hinge Loss. The S3DIS_leakage dataset is created spe-
cifically for tunnel leakage detection. However, this dataset is
characterized by a significant class imbalance. To counteract this
imbalance in the GEPT-Net, we integrated the Lovasz Hinge Loss. This
loss function is particularly effective at mitigating the effects of the
extreme class imbalance, enhancing the ability of the model to accu-
rately distinguish between leakage and non-leakage areas.

2. Related work

Leakage segmentation can be broadly categorized into two primary
approaches based on the type of data being processed: the segmentation
of 2D images and the segmentation of 3D point clouds. The following
sections will discuss these approaches in detail.

2.1. Leakage segmentation of 2-D images

2.1.1. Optical image-based methods

Traditional shield tunnel leakage detection typically relies on
manual inspections, which are subjective, time-consuming, and labor-
intensive (Yuan et al., 2013). The inspection windows available in
subway tunnels are notably limited, considerably reducing the efficiency
of manual inspections. However, the continuous development in
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computer vision technology has led to significant efforts to automate
defect detection in shield tunnels, enhancing both accuracy and
efficiency.

Leakage segmentation of 2-D images can be categorized into two
types, with one prevalent method utilizing RGB cameras. This approach
generally employs linear array charge-coupled device (CCD) cameras to
capture images of tunnel linings, which are then processed using various
image techniques to detect leakages. Techniques such as edge detection,
adaptive thresholding, and region-growing algorithms are commonly
used involving three key steps: contrast enhancement, mathematical
morphological processing, and information extraction via linear filters
(Xue and Li, 2018). However, these traditional methods rely heavily on
manual parameter tuning, leading to inconsistencies in results. They
require significant expertise and time and often struggle with variations
in lighting and structural conditions within tunnels, sometimes leading
to missed or false detections. Traditional methods for tunnel defect
detection have encountered numerous limitations, prompting the
increasing adoption of deep learning technology in this field over recent
years. Deep learning technology has revolutionized tunnel leakage
detection, achieving the state-of-the-art result. This advancement is
highlighted by the development of a fully convolutional network (FCN)
model, specifically tailored for this application (Feng et al., 2023b; Xue
and Li, 2018). Furthering this progress, Zhao et al. (2020) presented a
method using a Mask Region-based Convolutional Neural Network
(Mask R-CNN) for segmenting moisture marks on shield tunnel linings.
Building on these developments, Xue et al. (2021) further enhanced the
performance of Mask R-CNN by introducing strategies to address three
distinct error types and implementing four optimization measures.
Despite these improvements, challenges, as pixel segmentation results
often include excessive noise, which results in insufficient engineering
requirements. Accordingly, Xue et al. (2021) implemented transfer
learning and a cascading strategy to enhance detection accuracy.
Nevertheless, methods like CNNs (Xue et al., 2022; Protopapadakis and
Doulamis, 2015) are constrained by their local receptive fields, which
restrict their ability to capture long-range dependencies and global
features critical for accurate leakage detection. To overcome this limi-
tation, Geng et al. (2023) proposed the atrous channel pyramid attention
network (ACPA-Net) specifically for rail tunnel lining leakage segmen-
tation. This network strengthens the representation ability of ACPA-Net
by explicitly modeling the dependencies between feature channels. In a
further effort to refine the universality and segmentation performance
for identifying leakage areas in tunnels, Wu et al. (2023) have developed
an advanced approach that incorporates an improved Generative
Adversarial Network and Swin Transformer model. This combination
leverages the strengths of both technologies to enhance detection ac-
curacy and adaptability across varying tunnel environments.

However, these methods for tunnel defect detection are notably
sensitive to lighting conditions. In real-world scenarios, numerous in-
terferences within subway tunnels, sharing similar colors and shapes
with leakages, complicate the detection process. This often leads to
insufficient detection accuracy for practical applications, as these
methods struggle to distinguish actual leakages from false positives
effectively.

2.1.2. Lidar-based methods

An alternative method based on point cloud intensity maps offers a
significant advantage by not being constrained by lighting conditions.
LiDAR scans have become a preferred technology, rapidly replacing
traditional optical imagery for tunnel defect detection. This method is
expected to accurately detect and locate leakage areas in tunnels. LiDAR
scanning systems typically emit near-infrared wavelengths and receive
the reflected echoes (Tan et al., 2016). The emitted light is easily
absorbed by water, making the point cloud intensity values in leakage
areas significantly lower than in non-leakage areas. This characteristic is
highly effective for detecting leakages in complex tunnel environments.
Transforming 3D point clouds into a 2D intensity image is a critical step
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before detection. This process typically involves projecting the point
cloud onto a standard cylindrical or ellipsoidal surface and then
unfolding it along the arch of the tunnel to form a 2D plane. The result is
a point cloud intensity map based on the intensity information of each
point. During this process, it is essential to correct the intensity values of
point clouds to mitigate the effects of varying surface reflectivity and
material properties. Enhancing the contrast between leakage points and
the surrounding tunnel surface is crucial for accurate detection. Xu et al.
(2018) and Wu et al. (2023) addressed the effects of distance and inci-
dent angle on point cloud intensity values by modeling and correcting
the intensity information before using the corrected data to detect water
leakage regions in tunnels. However, this method relies on threshold
settings, making it challenging to handle complex environments and
diverse leakage situations. Additionally, the correction process may
introduce errors, affecting the accuracy of detection results. To over-
come these limitations, deep learning methods are now employed for
leakage detection. Deep learning approaches can automatically learn
features from the data, making them more robust to variations and
capable of achieving higher accuracy and reliability in identifying tun-
nel leakages. An improved FCN based on VGG-19 was constructed to
achieve accurate tunnel leakage detection using intensity images (Cheng
etal., 2021). Liu et al. (2022a) proposed a new residual network module
(Res2Net) integrated with a cascade structure to form a unified model
that extracts the multiscale features of water leakages. This model fully
considers the characteristics of water leakages and grades the residual
connections within a single residual block. Although these network
structures have significantly improved detection accuracy compared to
previous methods, the features they learned are limited and still have
potential for further exploration in terms of accuracy. Zhang et al.
(2023) proposed a novel data augmentation method based on causal
inference and established a Dempster—Shafer (D-S) evidence-based
feature fusion model to combine local features with global features
from different CNN models, thereby enhancing detection accuracy. An
attention mechanism is also employed to enhance feature learning.
RDES-Net aims to capture the spatial features of leakage data and
facilitate meaningful interactions between different channels (Guo et al.,
2024). However, none of the aforementioned methods have addressed
the issue of sample imbalance, which is very common in tunnel leakage
datasets and affects the results. In response to this issue, Zhang et al.
(2022) constructed a pixel-weight cross-entropy loss combined with a
dual attention module to address the class imbalance issues and improve
segmentation performance.

This category of methods aims to avoid the exponential growth in the
computational load that occurs with increasing dimensions of 3D point
cloud data. It also seeks to prevent the need for more complex network
structures due to the inherent characteristics of point cloud data, such as
disorder, density inconsistency, non-structural randomness, and spar-
sity. To address these challenges, point cloud intensity images are uti-
lized for leakage segmentation based on 2-D deep learning networks.
However, leakage segmentation based on 2D point cloud intensity im-
ages offers limited learning capabilities in complex tunnel environ-
ments. Firstly, complex auxiliary facilities, due to their material
properties, can produce point cloud intensity information from LiDAR
signal reflections that are similar to leakage, potentially resulting in
incorrect segmentation outcomes. Secondly, shield tunnels, assembled
from prefabricated concrete segments, are subject to longitudinal set-
tlement, convergence deformation, and joint dislocation over time due
to external stresses (Xie et al., 2021; Lin et al., 2022). This structural
characteristic allows groundwater to permeate the concrete surface
through gaps between rings, within rings, and bolt holes. Consequently,
leakage typically occurs at the ring gaps and bolt holes of shield tunnels,
where geometric features are distinctly different from other concrete
surfaces of the tunnel. Thus, methods based on 2D images have not fully
leveraged the advantages of 3D point cloud data in capturing these
geometric features to identify leakage.
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2.2. Leakage segmentation of 3-D point clouds

2.2.1. Traditional methods

Compared to on-site manual inspections and photogrammetry-based
leakage detection methods, LiDAR technology has become a popular
choice for tunnel defect detection tasks. Numerous studies have high-
lighted the effectiveness of LiDAR in this field. Wang et al. (2022b) in-
tegrated the 3D Otsu method and K-nearest neighbors for leakage
detection from point clouds. The proposed approach can achieve
detection accuracy comparable to 2-D methods. Building on this,
another effort has been made to detect leakage and classify various
objects in tunnels using 3D point clouds. This effort developed an auto-
optimized lazy learning approach named the Bayesian optimized K-
nearest neighbor method, which addresses the issue of sample imbal-
ance (Wang et al., 2022a). However, this method, designed for multi-
class tasks, faces less extreme sample imbalance issues and may strug-
gle to tackle the more extreme imbalance found in binary tasks specif-
ically targeting leakage detection.

2.2.2. Deep learning methods

Owing to the ongoing development of deep learning technologies,
point cloud deep learning techniques have become highly mature. In
recent years, many scholars have developed effective networks to handle
the complexities of point cloud data. Due to the irregular and unordered
nature of point cloud data, performing convolution operations directly
on point clouds is infeasible. However, attention mechanisms have
shown significant advantages. For example, Point Transformer (Guo
et al., 2021; Zhao et al., 2021; Wu et al., 2022; Wu et al., 2024), Sparse
U-Net (Liu et al., 2022b), and Minkowski U-Net (Choy et al., 2019) have
demonstrated impressive performance in capturing both local and
global features efficiently. These advancements have paved the way for
more accurate and robust solutions in various applications, including
tunnel leakage detection. Ji et al. (2022) presented an encoder-decoder
deep learning method for multi-class object segmentation, including
leakage. This method utilized normalized point clouds and constructed
voxels as the input for the proposed encoder-decoder architecture,
effectively learning the characteristics of point clouds. Another novel
approach focused on segmenting classical elements of tunnels, including
leakage, aiming to enable the network to learn robust global features
and complex local distribution patterns. In this work, the global and
local feature encoding block and global correlation modeling, combined
with the attention mechanism, were proposed to learn the local and
global representations, allowing the model to build a global awareness
of each point (Li et al., 2023). However, the aforementioned methods
are designed to detect multiple categories within tunnels, which require
a significant amount of time and labor for manual labeling. To the best of
our knowledge, there is currently no point cloud deep learning network
specifically designed for tunnel leakage detection.

In conclusion, 3-D point cloud-based methods for leakage detection
in tunnels still face several substantial challenges: (1) Data Volume. The
LiDAR system generates an immense of data, with hundreds of millions
of points recorded per kilometer of tunnel scanned. This demands sig-
nificant computational resources and considerable time overhead; (2)
Computational limitations. It is challenging to design point cloud deep
learning networks that can capture a large receptive field to capture
detailed local features. These networks often struggle to balance
computational efficiency with high detection accuracy. Despite their
efforts, optimizing this balance remains an elusive goal; (3) Sample
imbalance. Point cloud datasets specifically for tunnel leakage suffer
from severe sample imbalance, a common issue across point cloud ap-
plications. This imbalance tends to skew models towards dominant
background features rather than focusing on the crucial classes for ac-
curate detection, resulting in compromised accuracy. These challenges
restrict the full utilization of point cloud deep learning networks, which
prevents them from capitalizing on the inherent benefits of point cloud
data, especially when compared to photogrammetry-based leakage
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detection methods. In response, we will propose innovative solutions
aimed at overcoming these challenges and improving the application of
3D point clouds in tunnel leakage detection.

2.3. Summary

Based on the analysis presented, it is evident that traditional leakage
detection methods fail to satisfy the accuracy requirements for practical
applications and suffer from various shortcomings, such as reliance on
parameter settings. In contrast, deep learning methods can effectively
circumvent these limitations, presenting the potential for high-precision
tunnel leakage detection. However, networks based on photogrammetry
do not fully utilize the spatial features of 3D point cloud data, despite the
significant geometric differences between leakage and non-leakage
areas within tunnels. On the other hand, point cloud deep learning
methods face challenges such as extreme sample imbalance, low effi-
ciency, and limited capabilities in feature extraction. These challenges
impeded the development of a dedicated 3D point cloud deep learning
network specifically designed for tunnel leakage detection. Although 3D
point cloud deep learning technology has advanced significantly, it still
fails to fully address the unique challenges associated with tunnel
leakage detection, often leading to suboptimal outcomes. This work is
dedicated to proposing innovative solutions to these prevalent issues,
enhancing the application of point cloud data in detecting tunnel
leakages.

3. Methodology

In this work, we propose a network for semantic segmentation of
shield tunnel leakage from 3D point cloud data obtained by MLS, the
overall workflow is illustrated in Fig. 1.

3.1. Data preprocessing

The internal environment of shield tunnels is extremely complex due
to the presence of various internal facilities such as bolt holes, cables,
grouting holes, and tracks, as well as the irregularity of the tunnel sur-
face. The process of acquiring three-dimensional point cloud data using
LiDAR often generates a large amount of noise and extraneous data
unrelated to the primary objects of interest (Ji et al., 2022). Direct
analysis of raw point cloud data tends to introduce errors. Therefore,
data preprocessing is essential to eliminate noise points and irrelevant
auxiliary facilities on the tunnel surface to obtain clean data for deep
learning networks.

The first step in data preprocessing involves removing outliers,
realized by the Statistical Outliers Removal algorithm (Rusu et al.,
2008Db). After outlier removal, it is necessary to eliminate points repre-
senting unwanted and occluded tunnel auxiliary facilities. These points,
due to their similar reflection intensity to leakages, can lead to inaccu-
rate leakage detection. This step typically relies on geometric features
(Bao et al., 2024), point cloud intensity thresholds, and methods such as
elliptical cylinder fitting. Given that auxiliary facilities typically main-
tain a certain distance from the tunnel lining surface, we employed el-
lipse fitting to remove them in this research. However, shield tunnels
experience deformation due to the substantial stress they endure (Cui
et al., 2019). Directly fitting raw point clouds of shield tunnels to ellipse
can inadvertently remove points representing the tunnel surface, leading
to imprecise results. Therefore, we initially divided the raw point clouds
of shield tunnels into several slices (c;) along the direction of the tunnel
at fixed length intervals [. Subsequently, we applied the Random
Sample Consensus (RANSAC) algorithm to each segment of the point
cloud to fit ellipses, obtaining the equation of the ellipse, as shown in
Equation (1), where a, b represents the semi-major and semi-minor axis
of the ellipse respectively. We then identified auxiliary facility points
within each ¢; by comparing their distances from the center of the ellipse
to the designed tunnel radius.
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Fig. 1. The overall flowchart of our GEPT Net to segment tunnel leakage.

(x—x0)* e+ (y —y0)" /b2 =1 )

3.2. Geometry feature extraction

Geometric feature extraction is a crucial step in point cloud pro-
cessing and is widely applied in tasks such as point cloud registration
and object recognition. The feature descriptors encapsulate the local
geometric properties of points in the point cloud, thereby enabling the
comparison of the point similarities across different datasets. Feature
descriptors such as the Point Feature Histograms (PFH) (Rusu et al.,
2008a), Fast Point Feature Histograms (FPFH) (Rusu et al., 2009), and
Signature of Histogram of Orientation (SHOT) (Tombari et al., 2010),
play a crucial role in determining point similarity by capturing the
spatial relationships and surface characteristics around each point.

In this research, we utilize the FPFH algorithm to extract geometric
features from tunnel point clouds. The selection of FPFH was driven by
its superior computational efficiency and feature representativeness
compared to alternative descriptors such as PFH and SHOT. (1) Effi-
ciency: Unlike PFH and SHOT, which generate 125 and 352-dimensional
descriptors, respectively, FPFH significantly reduces feature complexity
by producing a more compact representation. This reduction in
dimensionality accelerates processing time, making FPFH particularly
suitable for large-scale point cloud datasets. To illustrate, when applied
to a 50-meter tunnel dataset with 7 million points, FPFH completed the
processing in 118 s, substantially outperforming PFH and SHOT, which
required 1,623 s, and 534 s, respectively. This phenomenon can be
further explained by analyzing the theoretical computational
complexity of each algorithm. Assuming k nearest neighbors and N
points, the theoretical computational complexity of FPFH is O(Nk),

which is significantly lower than that O(Nkz) of PFH and SHOT. (2)

Feature Representativeness: Another key reason for selecting FPFH is its
ability to maintain a balance between feature compactness and geo-
metric expressiveness. Given that our network is designed to leverage a
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few well-selected geometric features, both PFH and SHOT, through
detailed in their dimensionality, provide more information than neces-
sary for our network’s focus on extracting key features. Selecting a
subset from such high-dimensional features could risk losing essential
information. In contrast, FPFH, with its lower dimensionality, retains
sufficient geometric detail for robust feature selection, making it a more
effective choice for representing the local geometry of tunnel surfaces.
Therefore, the selection of FPFH as input features for the deep learning
network offers an optimal balance between computational efficiency
and descriptive power, ensuring robust performance in detection of
tunnel leakage. The FPFH begins by collecting neighboring points P
within a radius r of the query point Q, establishing connections between
each neighbor point and the query point, as illustrated in Fig. 2(a). FPFH
links neighbor points to query points, thereby reducing the dimension-
ality from 125 dimensions to 33 dimensions. Furthermore, it extends the
neighborhood range considered for the descriptor, ensuring effective
capture of local geometric features. After establishing connections,
FPFH estimates the normal vector for each query point within the
neighborhood. Subsequently, a local coordinate system is defined for
each pair consisting of the query point Q and its neighbor points P, as
depicted in Fig. 2(b), where n; and n; are the normal vectors of Q and P,
respectively. Using point P as the origin of the local coordinate system,
n, is aligned with the U-axis, and P—Q is projected onto n; to determine
the V-axis. The W-axis direction follows the right-hand coordinate sys-
tem. Angle deviations «, 6, and ¢ between normal vectors are computed
using Equation (2). Each tuple (a,0,¢) for each query point and its
neighboring points is divided into 11 bins for each feature. Combining
these bins across three features results in 33 feature vectors known as the
Simplified Point Feature Histogram (SPFH). For each point, its k
neighbors are reassessed, and the SPFH of the neighboring points is used
to weight the SPFH using Equation (3), where w; represents the distance
between the Q and the P in a given metric space.

@

— —_
a=v-ny ,¢p=uny
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Q) Xu

(b) Construct the local coordinate system

Fig. 2. Geometry feature extraction using FPFH.
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We propose to identify tunnel leakages by analyzing geometric dif-
ferences between leakage and background regions. To identify optimal
geometric features, we performed rigorous feature selection. Specif-
ically, we focused on selecting the top 5 features that exhibit the most
significant differences among the 33 FPFH features compared to back-
ground and leakage points within each tunnel block. Larger differences
indicate more pronounced geometric distinctions between these regions,
facilitating effective differentiation using geometric features. Among the
identified features, FPFHO, FPFH5, FPFH10, FPFH15, FPFH16, FPFH7,
FPFH27, and FPFH28 consistently demonstrated substantial differences
and ranked among the top 5 best performing FPFH features. We visu-
alized these top 5 FPFH features for each tunnel block using a concentric
ring diagram, as illustrated in Fig. 3. This diagram sequentially repre-
sents the top 5 FPFH features that effectively distinguish between
background and leakage regions, with FPFH27, FPFH16, and FPFH5
frequently appearing among the selected features.

Furthermore, to identify geometric features that effectively differ-
entiate between background and leakage regions, we calculated the
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values of the aforementioned eight Fast Point Feature Histograms
(FPFH) for both classes within each tunnel block. Fig. 4 illustrates the
disparities in data distribution for these features using boxplots. The
horizontal axis represents the FPFH features, while the vertical axis
shows the values for the leakage and background classes. Each column
in the plot displays the value distributions for both classes under a
specific FPFH feature.

The statistical distribution of FPFH features reveals that FPFH27,
FPFH16, and FPFH5 exhibit distinct distributions between leakage and
background conditions. Specifically, the boxplot for FPFH27 shows a
concentrated distribution around the median for the leakage class,
suggesting consistent and concentrated feature values. The background
class also displays relatively concentrated feature values under FPFH27.
The minimal overlap in FPFH27 feature values between the two classes
highlights its effectiveness in distinguishing them based on geometric
features. Similarly, FPFH16 and FPFH5 demonstrate a noticeable dif-
ference in data distribution between leakage and background classes,
with non-overlapping interquartile ranges indicating substantial differ-
ences in most feature values.

The remaining five features, however, exhibit unsuitable character-
istics for distinguishing between background and leakage geometric
features. Their similar data distributions and numerous outliers indicate
unstable patterns. Therefore, to balance computational efficiency and
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Fig. 3. Concentric Rings Diagram of the Top 5 FPFH Features. In the concentric rings, from the outermost ring to the innermost ring indicates the top5 FPFH
features that best distinguish between the background and leakage regions, the best FPFH features for a total of 88 tunnel blocks in 6 Areas of the dataset were

calculated in the concentric ring.
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Fig. 4. FPFH feature boxplot for leakage and background classes. In a boxplot, the horizontal line within the box represents the median of the data distribution,
indicating the central tendency of the data. The upper and lower boundaries of the box represent the upper quartile (Q3) and lower quartile (Q1), respectively,
suggesting the range within which the central 75 % and 25 %of data points lie. The interquartile range is a measure of variability or dispersion within the data,
quantified as the distance between Q3 and Q1. The whiskers extending from the box indicate the maximum and minimum data that are not considered outliers.
Outliers, depicted as circles, represent data points that are significantly different from the rest of the dataset.

accuracy, FPFH27, FPFH16, and FPFH5 were selected as the primary
geometric enhancement features from the top five FPFH features. These
features will serve as inputs to the deep learning network.

3.3. Geometry enhanced point transformer

3.3.1. Network architecture

The Point Transformer is a groundbreaking architecture designed
specifically for point cloud processing, employing attention mechanisms
to efficiently capture both local and global contextual information.
Unlike traditional CNN-based approaches, the Point Transformer oper-
ates directly on unordered point sets. This enables permutation-
invariant processing and effectively models complex spatial de-
pendencies within point clouds. The proposed GEPT-Net, a 3D deep
learning network specifically designed for large-scale tunnel leakage
detection, adopts Point Transformer as its backbone. GEPT-Net ad-
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dresses the unique geometric features and point cloud intensity char-
acteristic of leakage while balancing efficiency and accuracy. As
illustrated in Fig. 5(a), GEPT-Net employs a U-Net architecture, which
consists of n encoder and decoder blocks. The encoder utilizes attention
mechanisms to selectively focus on informative point interactions and
spatial relationships within the input point cloud. It comprises multiple
layers of processing units that transform the input point cloud data into
high-level feature representations. The decoder reconstructs or gener-
ates outputs based on the encoded features, involving the inverse pro-
cesses of pooling and upsampling. This approach retains hierarchical
information and reconstructs detailed output representations, ensuring
consistency with the task objectives and effectively interpreting point
cloud data.

We represent each point in 3D space with its coordinates (¥, y, z),
point intensity (I), and geometric features, i.e. FPFH, as the original
input to our network. Therefore, an F-dimensional point cloud with n
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Fig. 5. The network architecture of GEPT-Net. (a) Overview of the GEPT-Net architecture, featuring the encoder-decoder framework. (b) The encode block used
during the encoding phase. (c) The decode block used during the decoding phase.

points, labeled as either leakage or background, can be denoted as X =
{x1, X2, -+, X} C RF, where F = 4 + i, i denotes the number index of
FPFH features. To enhance the capability of the network, we serialize
the input point cloud, transforming unstructured point clouds into a
structured format. This process is crucial for expanding the receptive
field, acquiring richer local information, reducing memory usage, and
improving the efficiency of network training and inference. Subse-
quently, an embedding layer converts the serialized point cloud into
higher-dimensional feature representations. The network architecture
consists of multiple stages in both the encoding and decoding phases.
Each stage is composed of blocks that include Conditional Position
Encoding, multi-head attention mechanisms, flash attention, and MLP.
These blocks work together to extract local and global features from the
input point cloud. Each layer updates the feature representation of each
point, gradually capturing higher-level geometric and semantic infor-
mation. In the decoding phase, the network uses a series of upsampling
operations. These operations leverage features from the encoder and
progressively merge high-level features with low-level detail features to
restore the details of the original point cloud. The decoder also aggre-
gates features from the previous decoder stage with skip-connected
features from the corresponding encoder stage. This effectively retains
feature information at different resolutions, enhancing the quality of
point cloud reconstruction and segmentation accuracy.

Below is a detailed description of the implementation and func-
tionality of each module in GEPT-Net.

3.3.2. Point cloud serialization

To harness the simplicity and efficiency inherent in structured data,
point cloud serialization has been introduced to convert unstructured
point clouds into a structured format. This serialization process involves
encoding the 3D points and subsequently sorting the results codes. The
sorting procedure reorganizes according to a specified space-filling
curve, ensuring that neighboring points in the data structure are prox-
imate in physical space. Here we should demonstrate that point cloud
serialization does not involve physically reordering points within the
point cloud itself. Instead, it focuses on establishing mappings between
points generated during the serialization process. These mappings are
achieved through indices or encoding schemes that denote spatial ad-
jacency among points in the point cloud. Mathematically, it can be
represented as a mapping function defined in Equation (4):

»(X) = (1X/gl), 2"=2" C))
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where |*| denotes downward rounding, g represents the grid size for
projecting points onto a grid, n is the dimensionality of space, and m
represents the dimensionality of the mapped high-dimensional space.

Specifically, the serialization of point clouds involves assigning a 64-
bit integer to each point. This process allocates the trailing k bits to
encode the position specified by ¢(X), while the remaining leading bits
are assigned to the batch index b € Z (Wu et al., 2024). This encoding is
defined by Equation (5):

E(X,b,g) = (b<k)|o(1X/g]) Q)

where E represents the Encoding function, < denotes left bit-shift and |
is bitwise OR.

Through encoding, spatially adjacent points are grouped closely
together, thereby maintaining the spatial locality of the point cloud
data. This enhances the ability of the network to grasp the spatial
structure and geometric characteristics inherent in point cloud data.
Additionally, serialization maps the relationships between point clouds
onto a one-dimensional space, enabling networks to treat them akin to
sequential data. This simplifies the complexity of data processing,
allowing networks to process more points with the same computational
resources. Consequently, this expands the receptive field of the network,
facilitating the capture of richer local information. We employ two
spatial curves for point cloud serialization: the Hilbert curve (Hilbert
and Hilbert, 1935) and the Z-order curve (Morton, 1966). These curves
transform unstructured and irregular point clouds into ordered se-
quences while preserving spatial adjacency. The connection patterns of
the Z-order curve and the Hilbert curve are illustrated in Fig. 6(a) and
(b), respectively.

The Z-order curve organizes points in a “Z” shape, which connects
adjacent points along a continuous path. This path may traverse various
spatial locations, resulting in adjacent points on the curve covering
significant distances. This serialization method proves particularly ad-
vantageous for detecting leakages that manifest as elongated shapes
within annular gaps and intra-annular gaps. Given that leakage detec-
tion primarily focuses on local details within specific regions, these gaps
are typically critical areas of concern. The Z-order curve effectively
encodes and represents these local details. As described earlier, each
patch of the point cloud input into the network has a receptive field
capable of considerable distances. As illustrated by the green box in
Fig. 7, the tunnel point cloud is typically collected using a cross-sectional
scanning method. Consequently, the movement speed disparity between
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(b) Hilbert curve

Fig. 6. 3D Space-filling curves. (a) Denotes the way Z-order curves in space filling curves connect point clouds. (b) Shows the way Hilbert curves in space filling

curves connect point clouds.
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Fig. 7. Hilbert and Z-order Serialization in tunnel leakage. The red and green wireframes represent the cross-up of the Hilbert and Z-order serialization methods
for the same area, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

the laser scanning platform and the laser signal causes the scanning lines
to form a “Z” shape, which corresponds to the connectivity pattern of the
Z-order serialization. Therefore, the network can simultaneously
consider local details near the leakage location and information from
distant areas. This expansive receptive field capable of encompassing
significant distances, enhances the accuracy and robustness of deep
learning networks in detecting leakage.

The Hilbert curve is a continuous, fractal space-filling curve known
for its self-similarity. This property means that the local structure of the
curve resembles its overall structure, exhibiting similarity across
different scales. This characteristic proves highly advantageous for
extracting features from the point cloud. As illustrated by the red box in
Fig. 7, the Hilbert curve maintains local connectivity patterns that
reflect this self-similarity. This serialization approach allows deep
learning networks to utilize the self-similarity of the curve to extract
local features effectively. It facilitates robust feature representation and
learning across various scales, enhancing the network’s ability to discern
and analyze details within the point cloud data. In summary, the Hilbert
curve’s self-similarity enables deep learning models to capture intricate
local features crucial for accurate and comprehensive analysis of leakage
detection in tunnel environments.

In summary, we begin by serializing the input point cloud at the start
of the network, compactly storing spatially adjacent points together.
These serialized points are then served as inputs to the subsequent
embedding layer. Point cloud serialization greatly expands the receptive
field of each patch inputted into the subsequent network, enabling the
extraction of richer hierarchical local features. This increased receptive
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field enables the network to consider both local details and the global
environment simultaneously, thereby enhancing detection accuracy.
Moreover, this approach allows the network to read and process the data
more efficiently, reducing computational overhead.

3.3.3. Geometry enhanced channel attention block

Tunnel leakage typically occurs in areas such as gaps between rings,
within rings, and bolt holes, where groundwater can easily infiltrate.
These locations exhibit distinct FPFH features and lower intensity
characteristics. Therefore, it is crucial to enhance both FPFH and in-
tensity features interactively. Without this enhancement, the network
might mistakenly identify non-leakage regions with similar FPFH fea-
tures on the lining surface as leakage areas. To address this issue, we
propose to utilize the GECA block to accurately identify leakage regions
with distinct FPFH and intensity features. In the embedding layer of the
network, a GECA block is introduced at an early stage of feature
extraction to enhance FPFH and intensity features. This helps the model
learn the crucial relationships between these features earlier in the
process. The GECA block adaptively weights features along the channel
dimension to enhance useful features and suppress irrelevant ones,
thereby improving the representational capacity and generalization
performance of the network. The specific implementation is as follows:
First, the input features X € R™C, where C denotes the number of
channels (C is set to 7 in GECA block), include coordinates (x, y, z),
intensity (I), and geometric features (FPFH27, FPFH26, FPFH5). The
input features are processed through global average pooling (GAP) for
each channel, generating a vector with the same number of channels. A
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fully connected (FC) layer is then used to reduce the dimensionality of
the GAP output to a smaller vector, capturing the global information of
each channel. This process is illustrated in Equation (6). Following GAP,
a channel attention mechanism is introduced to enhance the correlations
between intensity and FPFH feature channels. The aggregated feature
can be learned through channel attention w, as shown in Equation (7).

¥: = FC(GAP(X)) € R® (6)

o = o(Wy;) 7
where ¢ is a Sigmoid function for nonlinear transformation, producing
attention weights for each channel, W is a C x C parameter matrix, as
shown in Equation (8).

Given that the FPFH features already contain spatial features, to
maintain efficiency and model size, we mask the coordinate channels (x,
y,2) with 0. This approach ensures that the interactive enhancement
focuses solely on the FPFH features and intensity. Finally, an element-
wise product is performed between the enhanced features and the
original input. This combined output is then used as the input to the
convolutional layer, dynamically adjusting the responses of the intensity
and FPFH channels.

0 o 0 0 0 coord
0 VVI,I va,FPFHl WI,FPFHZ VVI.FPFH3 intesity
W= 10 WFPFH] I WFPFHl ,FPFH1 WFPFHl ,FPFH2 WFPFH] ,FPFH3 FPFH1 (8)
0 WFPFHZ,I WFPFHZ.FPFHl WFPFHZ.FPFHZ WFPFHZ,I'PFHB FPFH2
0 WFPFHB.I WFPFH3 .FPFH1 WFPFHS.FPFHZ WFPFHB.FPFHB FPFH3

The structure of the Embedding layer is shown in Fig. 8(a). It initially
employs the GECA block to learn and enhance the relationship between
intensity and FPFH geometric feature channels. At this stage, the feature
information is relatively coarse, and incorporating channel attention
mechanisms helps the model in selecting and emphasizing crucial fea-
tures in higher dimensions, thereby improving the feature extraction in
subsequent layers. To ensure model efficiency, sparse convolution is
utilized post-GECA block to transform input point cloud data features
into higher-dimensional representations. Sparse convolution reduces
computational and memory overheads by computing only on existing
points, thus lowering computational burdens, which is preferred in 3D
large-scale training. Additionally, it focuses solely on actual data points
within each convolutional kernel’s receptive field, enabling better cap-
ture of local features in point clouds and helping the network learn more
accurate and meaningful leakage feature representations. By operating
directly on non-empty regions of the point cloud, sparse convolution
also prevents the distortions and artifacts typically introduced by zero-
padding in traditional convolutional methods. This ensures that
feature embeddings remain undistorted and spatially accurate, preser-
ving the integrity of positional and contextual information throughout
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the network. This dual benefit enables the network to effectively
represent subtle and complex leakage patterns while maintaining
computational efficiency. Finally, layer normalization accelerates the
network’s convergence process, and stabilizing training, while the
introduction of activation layers enables non-linear transformations
This empowers the network to learn complex feature representations
and enhances its expressive capacity. The output y; of the embedding
layer can be represented by Equation (9):

Yi = Z{y[spconv(ﬁ((/’(xi) ) ” S2] (ﬂ(xi) }

xieX

)]

where y consists of a layer normalization and an activation layer, Spcony
denotes sparse convolution, G denotes GECA block, ¢(x;) is the serial-
ized inputs, and @ denotes the residual connection.

3.3.4. Encode and decode block

The proposed network adopts the U-Net framework, which consists
of n encode blocks and n decode blocks. After serialization, intensity and
geometric feature channel enhancement, and embedding layers, the
resulting high-dimensional feature representations are input into the
encoder for feature extraction. Each encode block comprises the
following components:

(1) Conditional Position Encoding block

The conditional position encoding block (CPE) is designed to effi-
ciently handle massive data in point cloud transformers, which is real-
ized by employing local attention and relative position encoding (RPE)
(Zhao et al., 2021) methods to achieve optimal performance. Compared
to the traditional RPE method, CPE enhances efficiency and reduces
complexity, making it a preferred choice in the encoding phase of point
cloud processing.

The CPE can be described by Equation (10). Sparse convolution
operations on the input features play a crucial role in facilitating the
extraction of positional relationships within local neighborhoods. This
process enables the model to effectively capture the relative spatial
positions of the input features, thereby generating robust position-
related feature representations. Followed by sparse convolution, a
linear layer integrates the local convolutional features to form global
feature representations. This step aggregates information across the
entire input, which can capture higher-level positional information and
relationships that are essential for understanding the spatial context
within the point cloud data. Layer normalization is then applied to the
output of the linear layer. This normalization process standardizes the
feature maps, ensuring that scale differences between different features
are minimized. By enhancing the stability and consistency of the posi-
tional encoding, layer normalization further improves the ability of the
network to learn and generalize spatial relationships effectively. The
setup of the CPE block, as depicted in Fig. 9, illustrates how these
components work together to encode positional information efficiently
within the network. This approach not only enhances the capacity of the
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(a) Embedding Layer
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Fig. 8. Embedding Layer with Geometry Enhanced Channel Attention Block. (a) Embedding Layer first accepts the input point cloud data features, and through
GECA block, sparse convolution, layer normalization and activation layer, the feature output obtained is residually connected with the original input features to
obtain the final output. (b) GECA block in which GAP denotes global average pooling, ¢ denotes Sigmoid function and ® denotes element-wise product.
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D Sparse Convolution | | Liner Layer D Layer Norm

Fig. 9. Conditional position encoding block. CPE block is composed of
sparse convolution followed by linear layer and layer normalization.

model to represent spatial relationships accurately but also contributes
to overall performance by ensuring robust feature extraction and
normalization in point cloud processing task.

CPE(.YL) = LN[f(Spconv(yi) ) ] DYi (10)

where y; is the output of the previous layer, #(*) denotes a linear layer,
which can be treated as a fully connection layer, LN[*] indicates the layer
normalization and & denotes the residual connection. It is implemented
by pre-posing a sparse convolutional layer.

The CPE block plays a pivotal role for accurate tunnel leakage
detection by effectively capturing the complex spatial relationships in
tunnel point cloud data. Leakages are often associated with specific
structural features, such as ring joints, segment joints, and bolt holes,
each exhibiting distinct morphological patterns. For instance, leakages
along ring and segment joints typically appear as elongated streaks.
Accurate detection relies on understanding the spatial distribution and
relative positioning of these features. Traditional convolutional ap-
proaches, which uses zero-padding to handle irregular or sparse data,
can introduce artifacts and distortions, especially as network depth in-
creases. This degradation compromises spatial fidelity and results in the
loss of fine-grained information critical for detecting subtle leakages, as
illustrated in Fig. 10. In contrast, the CPE block in our framework em-
ploys sparse convolution, which inherently avoids the need for zero-
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padding by operating directly with the non-empty regions of the point
cloud data. This method preserves positional information throughout
the network, maintaining the spatial accuracy even at deeper depths.
Moreover, the use of linear layers and layer normalization further en-
hances the network’s ability to differentiate between various leakage
types based on their spatial characteristics.

(2) Serialized Attention Block

In the context of tunnel leakage detection, tunnel structures are
complex, with leakages frequently occurring in specific areas such as
segment joints, ring joints, and bolt holes. These features present diverse
spatial patterns and scales, requiring a model that can capture and
analysis these details with precision and efficient.

One of the key features of the Serialized Attention Block is its
interaction with serialized point cloud data. By ordering and grouping
the serialized patches, the Serialized Attention Block captures a broader
range of spatial relationships, as illustrated in Fig. 11. This approach is
particularly advantageous for identifying complex and subtle leakage
patterns within the tunnel structures, as it allows the attention mecha-
nism to account for spatial dependencies across a wider area, including
points that may not be physically adjacent.

The serialized attention block efficiently captures diverse informa-
tion at different scales during both the encoding and decoding phases,
thereby enhancing processing efficiency and model performance.
Within this block, multi-head attention is employed to map high-
dimensional features into distinct feature spaces. This capability en-
ables a comprehensive analysis of the intricate and varied data patterns
found in large-scale tunnel point cloud dataset. In tunnel leakage
detection, where leaks can appear in various forms—such as elongated
cracks or localized damp spots—this multi-scale attention mechanism
ensures that the model can accurately detect and differentiate between
these diverse leakage patterns.

Flash attention, as described by Dao et al. (Dao et al., 2022), is uti-
lized within the serialized attention block to compute attention scores
more efficiently. By reducing the computational complexity and mem-
ory usage typically associated with large-scale point cloud data, Flash
attention significantly enhance the performance of the model. It ach-
ieves this by employing a block-sparse representation and block-wise
processing, ensuring the model remains efficient and scalable, even

Positional
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/.
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Fig. 10. Visual explanation of CPE block in CPE block. The value of each voxel represents the position coding of the voxel and is normalized.
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Fig. 11. Serialized Attention Block. After serializing the raw point cloud data, the point cloud patches are ordered and grouped, and then these grouped patches are
input into the serialized attention block. The serialized attention block first pads the grouped patches, and then obtains the query (Q), key (K), and value (V) through
the Multi linear layer. The attention score is obtained through flash attention, and then the results are de-padded.

when handing extensive sequential data from large tunnel environ-
ments. This efficiency is particularly critical in tunnel inspection sce-
narios, where data volume is substantial and real-time or near-real-time
processing is often required. Here is how the Serialized Attention block
operates, as illustrated in Fig. 11: (1) Padding: The feature map is
padded to ensure that the number of points in each batch is a multiple of
the patch size. This simplifies calculations and enhances computational
efficiency. (2) queries (Q), keys (K), and values (V) generation: these
components are generated from the input features and serve as the basis
for computing attention scores. (3) Multi-head Attention Layers: the
input features are processed in parallel through multiple attention
heads. Each head performs its own transformations using query, key,
and value matrices to enhance the ability of the model to capture diverse
patterns and relationships within the data. This can be expressed by
Equation (11):

MultiHeadAtten(Q, K, V) = Concat(head; , head,, ---, headn)Wlf’ an

where, head; = Atten(QWE, KWK, VW)
where W2, WK, WY are the transformation matrix for Q, K, V of the i - th
head, respectively, and WP indicates the overall transformation matrix.
Finally, operations such as MLP and drop path enable the model to learn
complex data patterns and improve generalization ability.

(3) Encode Block

In an encoder-decoder architecture network, the encoder plays a
pivotal role in transforming input features into meaningful representa-
tions that can be effectively utilized by the decoder. It is responsible for
capturing and refining essential features from the input data using a
series of sophisticated modules designed to enhance performance in
tasks such as tunnel leakage detection.

The structure of the encode block is shown in Fig. 5(b). (1) CPE
block: Each encode block begins with integrating spatial information by
applying a CPE block. (2) Layer Normalization: This is followed by layer
normalization to stabilize the training process by standardizing the
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feature values, thereby improving the efficiency and convergence of the
network. (3) Serialized Attention Block: A serialized attention block
then focuses on extracting relevant features from different parts of the
input at different scales. (4) Drop Path Technique: regularization is
introduced through the drop path, which randomly drops during
training. This technique helps prevent overfitting by encouraging the
network to learn more robust features that generalize well to unseen
data. (5): Layer Normalization (again): Another layer normalization step
follows to further enhance stability and ensure consistent performance
across different batches and layers. (6) Multi-Layer Perceptron (MLP):
The MLP further refines the features by applying non-linear trans-
formations. This step helps transform the input into high-level repre-
sentations that capture more abstract and complex patterns in the data.
(7) Final Drop Path Operation: A final drop path operation is applied to
reduce overfitting risk and improve the ability of the model to generalize
to new data.

(4) Decode Block

The decoder plays a crucial role in reconstructing the spatial struc-
ture and detailed information of the original input from the high-level
features provided by the encoder. This process involves upsampling
the features to their original resolution and integrating skip connections
to preserve high-resolution details passed from corresponding encoder
layers. These skip connections are crucial for maintaining local detail
information and contribute significantly to producing high-quality
outputs in the decoder.

As shown in Fig. 5(c), the decode stage differs from the encode block
in several aspects: (1) The decoder does not require position encoding,
as the input features already contain positional information encoded
during the encoding phase. (2) The decoder takes the output from the
previous stage and combines it with corresponding outputs from the
encoder via skip connections. (3) Serialized attention, MLP, layer
normalization, and a residual connection are similar to the encoder,
which is applied to obtain the semantic segmentation result.
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3.3.5. Loss function

Sample number imbalance of each category in the dataset is a
common challenge in point cloud semantic segmentation. To address
this issue, employing an appropriate loss function is crucial for achieving
accurate and robust model performance. Traditional approaches, such
as cross-entropy loss, assign equal weight to each sample. This can lead
the model to focus more on the majority classes, thereby biasing the
classification towards them. In cases of imbalanced samples, the fewer
samples contribute minimally to the loss, causing the model to tend to
ignore these samples during optimization, resulting in poor performance
on the minority classes. To mitigate the effects of class imbalance and
enhance the model performance, Lovasz Loss (Berman et al., 2018) of-
fers a compelling solution, which is inspired by set optimization prin-
ciples and permutation invariance, making it particularly effective in
handling imbalance classes. By directly optimizing the intersection-
over-union (IoU) score, Lovasz Loss ensures that each class’s contribu-
tion to the loss is proportional to its importance in the dataset, thus
providing a balanced learning process.

The objective of this study is to achieve binary segmentation of
leakages and background. Thus, we employ the Lovasz Hinge Loss
function, which combines the Lovasz extension and Hinge loss to mea-
sure the distance between predicted values and true labels This IoU-
based optimization method focuses on maximizing the overlap be-
tween the predicted region and the ground truth, ensuring more accu-
rate segmentation results. This focus on IoU means that even with a
small number of minority class samples, inaccurate predictions have a
significant impact on the IoU value. As a result, the model is compelled
to improve its predictions for these minority classes, enhancing the
overall segmentation performance. This approach ensures that each
sample, including those from minority classes, contributes to the
gradient during optimization. By doing so, the model achieves a better
balance in the weights assigned to different classes, leading to improved
accuracy and robustness in detecting leakages against the background.

In the binary case, the loss function optimizes the IoU for the fore-
ground class (e.g., leakage class). Initially, the set of mispredicted pixels
for class f can be defined by Equation (12), where y* and y denote the
ground truth and the segmentation output, respectively.

My 3 =y =fy #AUY #£5 =1}

With the introduction of the concept of mispredicted pixels, an IoU-
based loss function MyAjy is constructed, as shown in Equation (13).
Subsequently, the Hinge Loss with the prediction of point i is introduced
to the Lovasz Hinge Loss framework to enhance the segmentation per-
formance. The Hinge Loss for point i can be defined by Equation (15),
where F represents the i —th element of the output scores of the model

(12)

and Apy is the smooth extension of IoU-based loss, which is the tight
convex closure of Apy. The specific extension process for the Lovasz
Hinge Loss, as detailed in Equations (8-9) of (Berman et al., 2018), in-
volves constructing a tight convex closure of the IoU-based loss. This
smooth approximation ensures that the loss function is differentiable,
facilitating effective optimization.

M,
MfAIoU : Mf € {0. l}pﬁm (13)
Zhinge = max(1 — F(x)y",0) a4
Z /‘Lova_szHinge = m(] Hinge (F ) ) (15)

3.4. Evaluation metrics

In assessing the effectiveness of our point cloud deep learning
network for tunnel leakage detection, we utilize several tailored evalu-
ation metrics for 3D semantic segmentation tasks. These metrics are
crucial in evaluating the performance and reliability of the model in
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distinguishing leakage areas from non-leakage regions. The Mean
Intersection over Union (mloU) and Mean Accuracy (mAccuracy) serve
as overarching measures, providing insights into overall segmentation
performance across all classes. However, our primary attention lies in
the metrics pertinent to the leakage class. The Intersection over Union
(IoU) metric quantifies the alignment between predicted and ground
truth masks, offering a nuanced understanding of segmentation accu-
racy for leakage areas. This metric is particularly useful for assessing
how well the model identifies and delineates the leakage region.

The evaluation metrics are defined by Equations 16-19: N denotes
the total number of classes. TP; represents the number of true positives
for the class i, indicating the samples correctly classified as positive. FP;
refers to the number of false positives for class i, signifying the samples
incorrectly classified as positive. FN; represents the number of false
negatives for the class i, indicating the samples incorrectly classified as
negative. Finally, FN; denotes the number of true negatives for class i,
signifying the samples correctly classified as negative.

mloU = ! i TP (16)
- N & TP, +FP; + TN,
mAccuracy = ! i TP + TN, a7)
V=N L TP, FP,+ TN, + FN,
TP
IoU _leakage = ————— 1
oU-leakage = 5 mp T N a8
TP + TN
Accuracy _leakage = + 19

TP+ FP + TN + FN

To evaluate the efficiency of the proposed model, we also consider
metrics such as training time, inference time, and model parameter
count. These metrics are essential for assessing the efficiency of the
model and its utilization of computational resources. Additionally, the
model parameter count indicates the number of parameters the model
needs to learn, reflecting its complexity and resource requirements.

4. Experimental results
4.1. Experimental settings

4.1.1. Datasets

S3DIS_Leakage. We created a specialized point cloud dataset named
S3DIS_leakage dataset. This dataset comprises point cloud data collected
from real-world scenarios, specifically designed for shield tunnel
leakage detection. The S3DIS leakage dataset was conducted using
FARO 330 LiDAR scanning system, which captured raw point cloud data
from subway stations between Jigingmen Street and Xinglong Street on
Line 2 of the Nanjing Metro. This dataset includes both 3-D coordinates
and intensity information.

First, we preprocessed the raw point cloud data by removing outliers
and auxiliary facility point clouds. Furthermore, following the Stanford
large-scale 3D Indoor Spaces Dataset (S3DIS) (Armeni et al., 2017), we
partitioned the point cloud data into six areas. Each area was further
segmented into multiple tunnel blocks at 15-meter intervals along the
direction of the tunnel to prevent potential memory overflow issues
during the training phase. As shown in Fig. 12, Area 5 is served as the
validation set, while the remaining Areas are for training. Within our
dataset, we meticulously labeled 4,427 instances of leakages, which
collectively span 22.71 million points. These leakages account for
approximately 1.5 % of the total data volume, with the background class
outnumbering the leakage samples by a factor of 65. The notable class
imbalance poses a common challenge in deep learning applications,
which is addressed in our research.

After creating the dataset, we performed data cleaning to ensure the
accuracy of leakage annotations. Given that the annotations relied on
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Fig. 12. S3DIS leakage dataset.

manual labeling, inherent inaccuracies were unavoidable, which
include misclassifying non-leakage points as leakage and overlooking
genuine leakage points. To this end, we employed a statistical approach
based on probability density of the point intensity. A 95 % confidence
interval was determined based on standard deviations of the point in-
tensity. For points leakage class, we fitted out those exceeding the upper
threshold of the confidence interval, i.e., + o. Conversely, points clas-
sified as the background were fitted out if their intensity fell below the
lower threshold, i.e., —o. This meticulous filtering process ensured ac-
curate point categorization, enhancing dataset reliability for model
training and evaluation.

Test datasets. The Test dataset was collected from various subway
lines in different cities, each located in distinct tunnel environments.
These environments are differed in geological conditions, operational
durations, and groundwater levels, which impact tunnel humidity and
dust accumulation. In fact, there is a noticeable correlation between the
dust accumulation of subway tunnels and their operational duration.
Generally, longer operational periods tended to result in higher levels of
accumulated dust. Additionally, the humidity within subway tunnels is
closely related to the groundwater level, with higher groundwater levels
contributing to increased humidity within the tunnel environment.

Specially, Dataset 1 was sourced from the Nanjing Metro Line 10,
covering 150 m of tunnel length, which began operation in 2022. This
line traverses a region characterized by soft soil and silt. In contrast,
Dataset 2 was collected from the Nanjing Metro Line 3, spanning
approximately 500 m and operational since 2015. The geological con-
ditions along this line are notably diverse, which traverses riverine sand
layers, lake sediments, and karst formations. Additionally, Dataset 3 was
sourced from the Wuxi Metro Line 2 and has been operational since
2020, covering approximately 500 m of tunnel length. This tunnel is
situated in an area with primarily alluvial soils, resulting in distinct
groundwater behaviors and related humidity conditions within the
tunnel. Notably, the data used in this study from the Nanjing Metro Lines
10, 3, and Wuxi Metro Line 2 are situated in areas with progressively
lower groundwater levels. Consequently, it is expected that the humidity
within the tunnels decreases accordingly, which in turn affects the
occurrence of leakage. Nanjing Metro Line 10 experienced the highest
number of leakages, Line 3 had a moderate amount, while Wuxi Metro
Line 2 reported the fewest leakages. The above three datasets are from
shield-structured tunnels. To validate the generalization of our method,
we additionally collected data from a horseshoe-shaped tunnel, which
differs structurally from shield tunnels. This dataset, Dataset 4, was
sourced from the Nanjing Metro Line 7, which has been operational
since 2021.
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4.1.2. Experimental environment and settings

The model was implemented on a workstation equipped with an Intel
Core i9-11900KF CPU and an NVIDIA RTX 4080 (16 GB VRAM), oper-
ating under Ubuntu 20.04. The computations of the model were facili-
tated using PyTorch version 11.7, executed in the Python programming
language. All programming tasks were conducted within a virtual
environment established via Anaconda, which incorporated CUDA
version 11.8 and cuDNN version 8.04, utilizing Python 3.8.

In the configuration of GEPT-Net, we employed eight workers and set
the batch size to four. For optimization, the AdamW optimizer was used,
featuring a learning rate of 0.006. The learning rate was modulated
using a cosine annealing strategy. To mitigate the risk of overfitting, a
dropout probability of 0.3 was implemented in the path dropout regu-
larization technique. Additionally, to enhance model robustness, data
augmentation techniques such as Random Scale and Random Flip were
applied to the input data. The encoder of our model is structured into
four stages, each containing 2, 2, 6, and 2 blocks, respectively. The
multi-head self-attention mechanism within these stages utilizes pro-
gressively increasing number of heads: 4, 8, 16, and 32, aligning with
the complexity of the tasks handled at each stage. Correspondingly, the
output channels for these stages are configured to 64, 128, 256, and 512.
In contrast, the decoder maintains a uniform configuration across its
stages, each comprising 2 blocks. The number of attention heads in the
multi-head self-attention mechanism of the decoder stages follows a
pattern of 4, 4, 8, and 16.

4.2. Segmentation results

Fig. 13 presents the visualization results of tunnel leakage segmen-
tation by GEPT-Net. These results highlight the capability of the model
to accurately detect and segment leakage areas within the tunnel
structures. A comparison with the ground truth reveals a high corre-
spondence, illustrating the model’s precision and reliability in leakage
identification. Additionally, to further evaluate the generalizability and
robustness of our network, we conducted additional experiments on Test
datasets. As shown in Table 1, the mIoU of three additional Dataset only
decreased by 2 % to 3 % compared to the results on the original dataset,
indicating minimal performance degradation when applied to new and
varied data. These results confirm the adaptability and robustness of our
proposed network across diverse tunnel environments and data distri-
butions, demonstrating its strong potential for deployment in real-world
scenarios involving tunnels with differing characteristics. To further
validate the generalizability of our proposed method, we tested on a
segment of a horseshoe-shaped tunnel (Dataset 4). As shown in Table 1,
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Fig. 13. Segmentation results of GEPT-Net. The left and right column of each dotted box denotes the ground truth and segmentation results, respectively.

Table 1
Performance comparison of GEPT-Net across different tunnel datasets. Unit: %
Structure Data source mloU mAcc ToU_leak Acc_leak

S3DIS_leakage Shield Najing, Line 2 92.38 94.50 85.31 89.22
Test dataset 1 Shield Najing, Line 10 90.32 91.43 80.95 82.89
Test dataset 2 Shield Najing, Line 3 89.56 98.89 79.23 97.88
Test dataset 3 Shield Wuxi, Line 2 89.88 92.16 79.94 84.37
Test dataset 4 Horseshoe Najing, Line 7 88.12 98.25 77.30 97.31

the results showed that the IoU for the leakage category reached 77.3 %,
demonstrating that our model performs robustly across different tunnel
geometries and meets the accuracy requirements for practical engi-
neering applications.

4.3. Comparison experiments

4.3.1. Comparison with 2-D intensity images methods

Although we have thoroughly discussed the limitations of image-
based deep learning techniques for tunnel leakage detection in previ-
ous sections, we further conducted comparative experiments to sub-
stantiate our viewpoint. Specifically, we conducted a comparative
analysis of four prominent 2D deep learning networks for tunnel leakage
semantic segmentation: YOLOvV8 (Jocher et al., 2023), DeepLabv3 (Chen
et al., 2018), U-Net (Ronneberger et al., 2015), and PSPNet (Zhao et al.,
2017). YOLOv8x was selected due to its optimization for large-scale
applications and its superior performance in preliminary tests. To

Table 2

Comparison results of image-based deep learning networks.
Model mloU mAcc ToU_leak Acc_leak Para.
YOLOv8 65.40 90.12 32.82 80.25 71.80
DeepLabV3+ 86.83 93.62 73.67 87.25 55.12
U-Net 82.41 92.38 64.83 84.77 24.89
PSPNet 77.30 88.95 54.80 78.01 46.71
GEPT-Net (ours) 92.38 94.50 85.31 89.22 46.17

Note: The unit for IoU and Acc is %. The unit for parameter (Para.) is million.
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maintain fairness, we opted not to discuss training and inference times
due to inconsistent data formats across models, focusing instead on
comparative efficiency through model parameters. As detailed in
Table 2, GEPT-Net improves accuracy and IoU metrics significantly,
surpassing the closest competitor, DeepLabV3+ in IoU_leakage by 11.64
%. For qualitative analysis, we generated intensity maps along tunnel
vaults from the 3D output of GEPT-Net, as shown in Fig. 14. Fig. 15
compares leakage semantic segmentation results from different image-
based methods. GEPT-Net demonstrates superior performance, accu-
rately identifying almost all leakages. The suboptimal performance of
2D networks can be attributed to their inability to effectively process the
unique structural characteristics of shield tunnels. In evaluating model
complexity, GEPT-Net strikes a balance between performance and effi-
ciency, achieving superior results to models like YOLOv8 and Deep-
LabV3+ with fewer parameters, as shown in Table 2.

4.3.2. Comparison with 3-D point clouds methods

Although 2D methods offer valuable insights, the inherent
complexity of 3D data underscores the need for rigorous evaluation
against specialized point cloud-based deep learning networks. There-
fore, we conducted a comprehensive comparison of GEPT-Net with four
cutting-edge 3D deep learning models that have demonstrated top-tier
performance in public datasets. These models include Minkowski U-
Net (MinkU-Net) (Choy et al., 2019), Sparse U-net (SpU-Net) (Liu et al.,
2022b), Point Transformer (PTvl) (Zhao et al., 2021), and Point
Transformer v2 (PTv2) (Wu et al., 2022).

As detailed in Table 3, the proposed GEPT-Net exhibits superior
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Fig. 15. Qualitative results of leakage semantic segmentation of different image-based methods.

Table 3
Comparison results of point cloud-based deep learning networks.
mloU mAcc ToU_leak Acc_leak Para. Train. time Infer. time

MinkU-Net 83.92 89.57 68.95 79.63 37.86 2d5h 57 m 0.39
SpU-Net 83.84 91.06 68.85 82.75 39.15 2d6h 26 m 0.04
PT vl 81.22 92.88 63.97 86.88 77.67 3d2h37m 2.15
PT v2 87.17 90.24 75.17 80.72 39.08 2d2h 57 m 1.33
GEPT-Net (ours) 92.38 94.50 85.31 89.22 46.17 2d1h43m 0.07

Note: The unit for IoU and Acc is %. The unit for parameter (Para.) is million. The format for training time (Train. time) is x days (d) y hours (h) z minutes (m), and the
unit for inference time (Infer. time) is second.

performance, notably excelling in both mloU and mAcc compared to bolt holes, where the model demonstrates adept handling. In compari-
other evaluated methodologies. Specifically, GEPT-Net shows signifi- son, other methods exhibit varying degrees of missed predictions and
cant surpass PT v2 by 10.14 % in IoU_leakage and 8.50 % in Acc_leak- false positives. This is particularly evident in their incorrect identifica-
age. Fig. 16 illustrates the performance of GEPT-Net in complex tion of bolt holes and grout holes, which exhibit point cloud intensities

scenarios, such as leakages obscured by attachments or those located at similar to those of leakages. In terms of efficiency, MinkU-Net and SpU-
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Fig. 16. Qualitative results of leakage semantic segmentation of different point cloud-based methods. In each dashed box, the image on the left is an instance
of the leakage detection result corresponding to the ground truth, and the two small dashed boxes on the right are the cross up of the instance detection result.

Net, utilizing sparse convolution operations for point cloud processing,
which are computationally efficient and minimize memory usage.
However, they often fail to adequately capture the complex geometric
features essential for precise leakage identification. PT v1, despite its
lower parameter count, incurs prolonged inference times without a
corresponding enhancement in leakage detection efficacy. Conversely,
PT v2, although featuring a higher parameter count, does not achieve
the precision necessary for effective leakage detection. In contrast,
GEPT-Net achieves superior mIoU and mAcc while balancing training
time and inference efficiency. It trains on a billion-point dataset in 2
days, with an inference time of 0.07 s per batch and 46.17 million pa-
rameters, effectively capturing geometric features for tunnel leakage
detection.

4.3.3. Comparison on the S3DIS dataset

To further evaluate the generalization of GEPT-Net, we conducted
comparative experiments on the S3DIS dataset, a widely recognized
benchmark for semantic segmentation tasks. GEPT-Net was evaluated
alongside state-of-the-art 3D deep learning models under identical
configuration settings to ensure a fair comparison. As summarized in
Table 4, GEPT-Net achieved a mIoU of 61.7 %, which represents the
second-best performance among all methods. While Point Transformer
V2 achieved the best performance, it is specifically optimized for
general-purpose semantic segmentation. Such networks may face

Table 4

challenges when applied to specific downstream tasks like tunnel
leakage detection. GEPT-Net’s strong competitive performance high-
lights its robustness and generalization capabilities beyond its specific
design focus on tunnel leakage detection. These results emphasize GEPT-
Net’s adaptability and its ability to balance domain-specific specializa-
tion with broader applicability.

5. Discussion
5.1. Selection of FPFH features

Geometric features represent a significant advancement in the
detection of tunnel leakage, and the selection of these features is a
critical step in the process. As discussed in the previous sections, we
have provided detailed justifications for selecting FPFH5, FPFH16, and
FPFH27 as the primary geometric features. To further assess the
robustness and generalizability, we selected a section of tunnel data
from each dataset in the Test datasets, which contains various tunnel
environmental conditions, and computed these FPFH features, followed
by visualization of these features. Our experiments demonstrate that
FPFH5, FPFH16, and FPFH27 effectively differentiate between bolt
holes, joints, and tunnel lining surfaces. As shown in Fig. 17, the values
of these FPFH features in joint and bolt hole regions are clearly distinct
from those on tunnel linings. Specifically, FPFH27 and FPFH5 show

Category-wise segmentation results evaluated on S3DIS validation set. The evaluation metric for each category is IoU (%). Bold fonts indicate the best performance in
the comparison test, underlined font indicate suboptimal performance in comparison tests.

Method mloU mAcc ceiling floor wall beam column window
Minkow-UNet 60.1 66.5 94.2 97.3 81.4 0.0 19.2 41.2
PTvl 56.3 64.7 92.5 97.9 78.5 0.0 22.6 42.4
PTv2 65.1 71.9 94.5 97.7 81.5 0.0 33.4 49.5
Sp-UNet 60.3 66.4 92.1 95.9 79.2 0.0 26.2 37.9
GEPT-Net (ours) 61.7 69.4 94.0 97.2 82.2 0.0 33.0 50.8
door table chair sofa bookcase board clutter

Minkow-UNet 57.7 81.4 87.6 35.7 66.5 63.8 54.2

PTvl 37.7 73.5 81.5 36.5 66.5 53.2 49.7

PTv2 50.0 83.2 92.2 72.5 73.0 60.0 58.9

Sp-UNet 56.1 78.6 89.6 51.4 66.6 58.0 52.8

GEPT-Net (ours) 46.8 78.5 87.9 53.1 66.6 60.6 50.1
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Fig. 17. Visualizationof the three FPFH features used in the proposed GEPT-Net on point cloud data from different tunnel environments. The first column
displays the raw point cloud data obtained from various tunnels, while the three columns on the right illustrate the visualization of FPFH5, FPFH16, and FPFH27

feature calculations in different tunnel scenarios.

strong discriminatory power for differentiating joints and bolt holes,
while FPFH16 is particularly effective in distinguishing bolt holes. The
consistency of these FPFH features across different tunnels is attributed
to the uniform construction methods used by tunnel boring machines
(TBMs) and the standardized shield tunnel assembly processes. There-
fore, the introduction of these FPFH features enhances the generaliz-
ability of the network across diverse tunnel environments.

Moreover, we conducted additional ablation studies to further
analyze the importance of the FPFH features. As shown in Table 5, the
baseline model, without FPFH features, registers a mIoU of 76.98 % and
an IoU of 55.50 % for the leakage class, reflecting the challenges faced
by models in accurately classifying leakage areas without the incorpo-
ration of geometric features. The incorporation of individual FPFH
features significantly enhances model performance. Specifically, the
inclusion of any FPFH notably improves the accuracy and IoU of leakage
class, highlighting the crucial role of geometric features in tunnel
leakage detection. Interestingly, combining any two geometric features
from the FPFH set does not exceed the performance achieved with a
single FPFH feature and tends to slightly underperform. This

Table 5
The results of different combinations of FPFH features.
mloU mAcc IoU_leak  Acc_leak Para. Train. time
wo FPFH 76.98 82.23 55.50 64.97 46.158 22h 38 m
FPFH 1 87.82 89.68 76.40 79.49 1d1h 43
m
FPFH 2 89.26 91.31 79.19 82.76 46.162 1d1hlm
FPFH 3 87.24 89.15 75.27 83.43 1d2h8m
FPFH 1 + 2 89.21 91.63 79.11 78.44 1d 8 h 46
m
FPFH1 + 3 88.04 91.41 76.85 83.08 46.166 1d E;rfl 13
FPFH 2 + 3 88.24 89.88 77.22 79.87 1d 10 h 33
m
FPFH1 + 2 90.52 93.18 81.64 86.54 46.170 2d 4h 20
+3 m

Note: The unit for IoU and Acc is %. The unit for the parameter is million. wo
denote without.
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phenomenon could be attributed to the significant differences in the
geometric features between the leakage and background classes in
FPFH2, while the features in FPFH1 and FPFH3 exhibit slight similarities
across these classes. The most significant performance enhancement is
observed when all three FPFH features are combined. These results
illustrate the addition of geometric features enables the network to
achieve exceptional localization precision and significantly improve
prediction accuracy for the leakage class. This integration of compre-
hensive geometric characteristics across different orientations markedly
enhances the ability of the network to accurately segment leakage points
within complex tunnel environments.

Notably, the enhancements in detection accuracy are achieved with
only a minimal increase in the parameter count. Despite expanding the
input dimensions of our network to include three additional FPFH
geometric features, the total number of model parameters increased
only marginally—only 0.12 million increased. This modest increase
demonstrates our model’s capacity to integrate additional features
without significantly complicating its structure. Additionally, the in-
clusion of more FPFH features does lead to longer training times, how-
ever, GEPT-Net maintains a substantial efficiency advantage over other
deep learning networks, highlighting its practical utility in scenarios
where both accuracy and computational efficiency are paramount. In
summary, the results emphasize the pivotal role of geometric features in
precisely identifying leakage points, validating the effectiveness of our
approach. The demonstrated improvements highlight the potential of
our network for practical deployment in tunnel maintenance and
monitoring systems.

5.2. Influence of GECA block

We assessed the performance of GEPT-Net both with and without the
inclusion of the GECA block. These results, detailed in Fig. 18 and
Table 6, reveal a noticeable performance degradation of 3.67 % in
IoU_leakage when the GECA block is omitted. GEPT-Net, when
augmented with geometric features, effectively localizes leakages within
segment joints. However, groundwater infiltration through these joints
also spreads onto the adjacent lining surface, causing additional leakage
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Fig. 18. Segmentation results of GEPT-Net with or without GECA block. The red and green wireframes represent the cross up of instance detection results for
GEPT Net with/without GECA block, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)

Table 6
The results of GEPT-Net with or without GECA block.
mloU % mAcc % IoU_leak % Acc_leak%
wo GECA block 90.52 93.18 81.64 86.54
with GECA block 92.38 94.50 85.31 89.22

Note: wo denotes without.

points. The FPFH features of the lining surface closely resemble those of
non-leaking areas, which may result in missed detections of surface
leakages, as indicated by the green boxes in Fig. 18. The GECA block
significantly enhances the interaction between geometric feature chan-
nels and intensity channels through a channel attention mechanism.
This adaptation enables the model to utilize intensity channels for
accurately identifying leakages on the lining surface when geometric
feature channels are insufficient. As demonstrated by the red boxes in
Fig. 18, the inclusion of the GECA block allows the model to precisely
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localize leakage areas on both the lining surface and the segment joints,
thereby substantially improving detection accuracy.

5.3. Significance of serialization pattern

To illustrate the enhancement achieved through point cloud seriali-
zation, we conducted a detailed comparative analysis of our network.
The results, as presented in Table 7, showcase the performance metrics
associated with different serialization patterns. The application of the
Hilbert curve method demonstrated effective performance within our

Table 7
The results of different patterns of point cloud serialization.

mloU % mAcc % ToU_leak % Acc_leak%
Z-order 87.62 90.32 76.03 80.83
Hilbert curve 84.68 88.81 70.38 77.97
Z-order + Hilbert 90.52 93.18 81.64 86.54
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network. However, the Z-order method provided a noticeable
enhancement in the evaluated metrics. Most notably, the combination of
both Z-order and Hilbert methods, referred to as Z-order + Hilbert,
yielded the most significant improvements. Special attention was given
to the leakage detection metrics (IoU_leakage and Acc_leakage), where
the Hilbert curve method exhibited lower performance. In contrast, the
Z-order method showed a marked improvement in the leakage-specific
metrics, highlighting its effectiveness in accurately identifying areas
prone to leakage. Furthermore, the combined Z-order + Hilbert method
demonstrated substantial gains, increasing IoU_leakage by approxi-
mately 15.9 % and Acc_leakage by about 11 %. As discussed in the
methods section, the Z-order curve’s ability to traverse different spatial
locations allows adjacent points to span considerable distances. This
serialization effectively encodes local details, enabling the receptive
field of each input patch to cover extensive distances within the point
cloud, enhancing leakage detection accuracy. These results demonstrate
that integrating Z-order and Hilbert curves significantly enhances our
network’s performance by expanding the receptive field, enabling the
network to capture both local details and global context, thereby
improving detection accuracy.

5.4. Influence of loss function

To further assess the effectiveness of the Lovasz Hinge Loss in
handing extreme class imbalance, we conducted an additional experi-
ment on Dataset 3 of Test datasets, where background-to-leakage class
ratio reached 334:1. This severe imbalance poses a significant challenge
to model performance, particularly in detecting minority classes. Lovasz
Hinge Loss, which directly optimizes the IoU for each class, is particu-
larly well-suited for such scenarios, effective optimization of minority
class samples during training. To evaluate its robustness, we trained our
GEPT-Net on both the S3DIS leakage dataset and the Test dataset 3,
using consistent network parameters. As shown in Table 8, GEPT-Net
accurately identified tunnel leakages even under extreme class imbal-
ance. These results confirm that the Lovasz Hinge Loss is capable of
handling highly imbalanced datasets, making it a suitable function se-
lection for various imbalance conditions, including those encountered in
tunnel leakage detection.

Additionally, we conducted a detailed comparative analysis for
several loss functions. These include Cross Entropy Loss (De Boer et al.,
2005), Focal Loss (Lin et al., 2017), and Dice Loss (Milletari et al., 2016),
which are mathematically delineated in Equations (20) to (22),
respectively:

JCrossEntropy = H(pv q) = - Zp(xl)log(q<xl) ) (20)
i=1

where p(x;) denotes the true probability distribution, and q(x;) repre-
sents the predicted probability distribution.

JFacal = —(l[(l _p[)yl()g(pf) (21)

where p; denotes the probability of the ground truth, o; and y are
modulation factors designed to address the imbalance between the

ISPRS Journal of Photogrammetry and Remote Sensing 221 (2025) 20-43

2)pi& 22)

< ice — 1-
7 2pis

where p;, g; represent the predicted result and the true label at the i-th
point, respectively.

As demonstrated in Table 9, our S3DIS leakage dataset exhibits sig-
nificant class imbalance, with the background class being substantially
more prevalent than the leakage class. This imbalance poses a challenge
for typical segmentation tasks. Cross Entropy Loss, widely adopted in
segmentation applications, unfortunately does not inherently address
the class imbalance. As a result, its performance on our dataset was
suboptimal, with a lower mIoU and mAcc. In contrast, Focal Loss and
Dice Loss, which are designed to address class imbalance by down-
weighting well-classified examples, yielded only marginal improve-
ment. This highlights its limited effectiveness in case of extreme class
disparity. This limitation is due to its focus on overlap, which inade-
quately penalizes misclassifications in the minority class. In contrast, the
Lovasz Hinge Loss, specifically designed to optimize the IoU, excels in
handling imbalanced datasets. Its superior performance, as shown in
Table 9, can be attributed to its direct focus on IoU optimization. This
approach ensures a more balanced treatment of the minority leakage
class relative to the majority background class. Furthermore, metrics
specific to the leakage class showing significant improvement with the
application of Lovasz Hinge Loss, highlighting its efficacy in addressing
class imbalance challenges.

To further validate the effectiveness of Lovasz Hinge Loss in handling
imbalanced datasets, we analyzed the loss and IoU polylines during
training for different loss functions. As shown in Fig. 19, cross-entropy
loss exhibits fast convergence and maintains a relatively low loss
value throughout training. However, this is not necessarily beneficial in
scenarios with class imbalance. Cross-entropy loss, designed to optimize
global accuracy, tends to be biased towards the majority class (i.e.,
background), neglecting the minority class (i.e., leakage). This bias re-
sults in stable loss values that do not improve minority class predictions.
Dice Loss, while emphasizing the minority class by assigning higher
weights to difficult samples, introduces optimization instability, leading
to oscillations in the loss polyline and a complex training trajectory.
Focal Loss achieves smoother loss reduction and moderate convergence.
However, it struggles to balance optimization between majority and
minority classes, as evidenced by persistent IoU polyline oscillations
during training. Similar challenges are observed with cross-entropy loss
and Dice Loss, which fail to consistently improve IoU for the minority
class. In contrast, Lovasz Hinge Loss, designed to directly optimize IoU,
shows oscillations during the early stages of training in its loss polyline
due to sharp gradient changes addressing IoU discrepancies in imbal-
anced regions. This reflects active optimization towards minority class
predictions, progressively improving IoU. The IoU polyline for Lovasz
Hinge Loss stabilizes in later stages shows a sustained upward trend,

Table 9
The results of the different loss functions.

. . i | mloU % mAcc % IoU_leak % Acc_leak%
number of positive and negative samples and to control the disparity
between easy and hard samples. We set the @, and y to 0.25 and 2, Cross Entropy Loss 82.79 85.81 66.70 71.86
ivel d by (Li 1. 2017 Focal Loss 82.72 84.86 66.52 69.88
respectively, as suggested by (Lin et al., ). Dice Loss 81.44 83.95 64.06 68.09
Lovasz Hinge Loss (ours) 92.38 94.50 85.31 89.22
Table 8
Performance of Lovaz Hinge Loss on datasets with varying degrees of class imbalance.
Num_leakage Proportion mloU % mAcc % ToU_leak % Acc_leak%
S3DIS _leakage 4,427 65:1 92.38 94.50 85.31 89.22
Test dataset 3 576 334:1 90.32 91.43 80.95 82.89

Note: Proportion represents the ratio between the number of points in the background and the leakage class.
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Fig. 19. Polylines of loss and IoU during training process.

eventually converging to a higher IoU value than other loss functions.
This indicates that Lovasz Hinge Loss effectively resolves class imbal-
ance, achieving superior segmentation performance.

5.5. Ablation study

As demonstrated in Table 10, the exclusion of the FPFH feature leads
to a marked decline in the performance of GEPT-Net, evidenced by a
decrease in mIoU by approximately 15.4 % and a reduction in mAcc by
12.3 %. This significant drop underscores the critical role of geometric
feature aggregation in enhancing the accuracy of leakage detection. The
integration of distinctive geometric features within typical tunnel
leakage regions, when combined with point cloud intensity features,
facilitates the precise localization of leakages. Additionally, the removal
of the GECA block results in mIoU and mAcc reductions of 1.86 % and
1.32 %, respectively. Although this decrease is relatively modest, the
enhanced interaction between geometric feature channels and intensity
channels proves vital for the accurate identification of leakage areas
characterized by both low-intensity and prominent FPFH features.
Furthermore, the elimination of point cloud serialization resulted in
mloU and mAcc reductions of 13.1 % and 13.3 %, respectively, high-
lighting the necessity of serialization for the network’s segmentation
performance. The benefits of serialization can be attributed to its ability
to incorporate a larger number of points into each patch processed by
the network, without incurring additional computational costs, thereby
significantly expanding the receptive field. This expanded receptive
field is crucial for improving the representation capability of the
network, directly contributing to performance enhancements.

Table 10
The results of the ablation study.
FPFH GECA Serialization mloU % mAcc %
feature block
Model 1 x v v 76.98 82.23
Model 2 v x v 90.52 93.18
Model 3 v v x 79.24 84.17
Model 4 (full) v v v 92.38 94.50

Note: the “v” indicates that the module is used in the network and the “x”.
indicates that the module is removed from the network.
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5.6. Effective receptive field visualization

To intuitively reflect the receptive field of our method, we utilized
gradients to visualize the Effective Receptive Field (ERF) (Lai et al.,
2022; Luo et al., 2016) and compared it with the ERF of RandLA-Net, a
well-established semantic segmentation method for large-scale scenes.
As shown in Fig. 20, our network exhibits more extensive high-saliency
regions, indicating a larger ERF. Unlike RandLA-Net, which relies on
random point sampling and local feature aggregation, our method se-
rializes the 3D point cloud data into a one-dimensional sequence. This
approach allows us to process more data points per batch under the same
computational constraints. Additionally, our serialization technique
inherently aligns with the spatial distribution of tunnel point clouds in
three-dimensional space, particularly the Z-order, making it more suit-
able for tunnel leakage detection. Benefits from a broader receptive
field, our method achieves a mloU that is 8.25 points higher than
RandLA-Net, which highlights its superior accuracy and segmentation
performance in the context of tunnel leakage detection.

5.7. Balance between model efficiency and accuracy

Balancing efficiency and accuracy in deep learning models is inher-
ently challenging. Increasing accuracy often leads to higher computa-
tional demands, while enhancing efficiency can sometimes compromise
precision. For our network, GEPT-Net, we have sought to achieve an
optimal balance between these two factors, specifically for tunnel
leakage detection. We assessed GEPT-Net’s efficiency by comparing it
with other state-of-the-art models, focusing on both latency and memory
usage during training and inference. Latency refers to the time required
for the network to process input and generate output, while memory
usage indicates the computational resources needed to store and manage
the model and data throughout these stages.

As shown in Table 11, models such as SpUnet and MinkUnet exhibit
lower memory consumption during both training and inference. How-
ever, their accuracy does not meet the requirements for effective leakage
detection. In contrast, GEPT-Net achieved the best performance in terms
of latency, indicating its capacity to process data rapidly and efficiently,
a benefit attributed to its point cloud serialization design. Although
GEPT-Net may not have the smallest parameter set, it maintains rela-
tively modest memory usage during both training and inference phases.
This indicates that it can be deployed without extensive computational
infrastructure, making it suitable for resource-constrained environments
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Fig. 20. Effective receptive field (ERF) visualization results. Saliency is obtained by performing a forward pass to get the target class probability, followed by a
backward pass to compute gradients with respect to the input, highlighting the effective receptive field.

Table 11
Balance between model efficiency and accuracy.
Accuracy Efficiency Training Inference
Methods — E—
IoU_leak% Params. Latency Memory Latency Memory
MinkU-Net 68.95 37.86 M 571 ms 4.95G 190 ms 4.53G
SpU-Net 68.85 39.15 M 459 ms 1.93G 218 ms 2.42G
PTvl 63.97 77.67 M 1402 ms 9.87G 1075 ms 9.85G
PTv2 75.17 39.08 M 469 ms 9.02G 233 ms 9.00G
GEPT-Net (ours) 85.31 46.17 M 176 ms 6.68G 72 ms 5.51G

in practical engineering applications. Additionally, as demonstrated in
Table 11, GEPT-Net’s inference time is highly competitive, approaching
real-time processing speeds. This makes it a viable solution for real-
world applications where rapid and accurate detection is crucial. In
conclusion, GEPT-Net successfully balances accuracy and efficiency,
offering strong real-time inference capabilities and low latency, making
it well-suited for deployment in resource-constrained engineering
environments.

6. Conclusion

In this research, an innovative semantic segmentation network
GEPT-Net, meticulously crafted for the detection of tunnel leakages is
proposed. Our research highlights that tunnel leakages predominantly
manifest at specific geometric features such as segment joints, within-
segment joints, and bolt holes, which are also characterized by lower
intensity. GEPT-Net capitalizes on this observation by integrating these
geometric characteristics into its architectural design. The network is
trained and tested on our custom S3DIS_leakage dataset and achieves
state-of-the-art performance. A pivotal advancement in our network is
the incorporation of FPFH as geometric features, significantly enhancing
the precision of leakage segmentation. Additionally, we propose the
GECA block to synergize the interactions between FPFH geometric
channels and intensity channels. This allows the network to accurately
localize regions exhibiting lower intensity and prominent FPFH features,
which are region of potential leakages. Furthermore, GEPT-Net also
introduces a novel point cloud serialization method that substantially
expands the receptive field using space-filling curves, thereby capturing
richer feature information without the need for complex network
modules. This approach not only improves accuracy but also maintains
efficiency, achieving an optimal balance between precision and
computational requirements. To address the severe class imbalance in
our S3DIS leakage dataset, we implement the Lovasz Hinge Loss

function, which directly optimizes the IoU for each class. This approach
ensures that even minority classes contribute to the gradient during
optimization. Extensive experiments demonstrate the superior perfor-
mance of GEPT-Net in the semantic segmentation of shield tunnels,
surpassing existing cutting-edge methods by at least 11 % in IoU for
leakage classes. Additionally, comparisons with 2D deep learning net-
works show a 12 % improvement in leakage detection accuracy, further
validating the efficacy of our network design.

Besides, our comparative analysis of model parameters, training
time, and inference time indicates that GEPT-Net effectively balances
performance and efficiency. Even with an increased input dimension-
ality to 7, the efficiency of the GEPT-Net remains comparable to other
methods, rendering it practical for real-world applications. Future work
will explore extending GEPT-Net to full-feature segmentation of shield
tunnels, as other tunnel components such as cables and grouting holes
also exhibit distinctive geometric characteristics. Additionally, we aim
to develop an end-to-end leakage semantic segmentation network that
autonomously learns useful geometric features, thereby enhancing its
applicability in engineering contexts. In terms of leakage analysis, while
we have qualitatively validated the performance of our model using data
from different tunnel environments, the quantitative relationship be-
tween specific conditions within these environment (such as dust levels
and tunnel humidity, etc.) and tunnel leakage have not yet been thor-
oughly explored. In future work, we will aim to identify and analyze
these potential quantitative relationships.
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