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Abstract

Ground penetrating radar (GPR) has been extensively applied in tunnel engineering for the non-destructive assessment of lining struc-
tures. However, the interpretation of GPR images remains a time-consuming and expertise-dependent task. To address this challenge,
this study proposes tunnel ground-penetrating radar mask region-based convolutional neural network (T-GPRMask), a deep learning-
based instance segmentation model designed for the automated detection of tunnel lining defects and components. By integrating a con-
volutional block attention module (CBAM) and feature pyramid network (FPN), T-GPRMask enhances multi-scale feature extraction,
enabling the detection of small, low-contrast defects that are commonly encountered in GPR images. The model was pretrained on a
domain-specific dataset containing a diverse set of GPR images related to underground structures and then fine-tuned on a dataset
specifically designed for tunnel inspections. The model achieved recognition accuracies of 83.18%, 88.24%, 92.84%, and 91.56% for
detecting poor compactness, voids, steel arch supports, and initial lining thickness, respectively. A comparative study further demon-
strated T-GPRMask’s superior performance over traditional models, such as YOLOv7 and RetinaNet. Field experiments on real-
world tunnel inspection data validated the model’s high spatial accuracy and highlighted its practical applicability in tunnel maintenance.

Keywords: Ground penetrating radar; Tunnel lining inspection; Instance segmentation; Deep learning; Transfer learning

1 Introduction

The initial lining of tunnels, typically composed of flex-
ible shotcrete, plays a crucial role in the load-bearing sys-
tem of rock tunnels, working in conjunction with the
surrounding rock to form a permanent structural frame-
work. However, due to factors such as aging, construction
defects, and insufficient maintenance, the initial lining often
suffers from various hidden defects, such as insufficient lin-
ing thickness, poor compactness, excessive spacing between
steel arch supports, and voids filled with air or water (as
shown in Fig. 1). Timely detection and remediation of these
defects during both the construction and operational
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phases are essential to ensure the structural safety and
long-term stability of tunnels (Loupos et al., 2018). Among
various non-destructive testing (NDT) methods, ground
penetrating radar (GPR) has become widely used for eval-
uating tunnel lining quality, owing to its high spatial reso-
lution and rapid data acquisition capabilities (Qin et al.,
2020; Lai et al., 2018). Currently, the interpretation of
GPR data largely depends on human—computer interac-
tion, with its efficiency and accuracy heavily reliant on
the operator’s professional expertise and experience (De
Coster et al., 2019; Guo et al., 2019). This process is often
time-consuming and labor-intensive. For instance, GPR
data collected in a single day using a vehicle-mounted sys-
tem may require a week or more to process and interpret
(Liu et al., 2021). These limitations significantly constrain
the timeliness and accuracy of tunnel maintenance and
repair decisions, thereby impeding the broader and more
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efficient application of GPR technology. Consequently,
there is an urgent need to develop automated recognition
algorithms to substantially improve the interpretation effi-
ciency of GPR data in tunnel inspections.

In recent years, various automated approaches have
been introduced to improve the efficiency and accuracy of
target recognition in GPR data interpretation. In the early
stages, traditional image processing and machine learning
techniques were extensively applied to subsurface utility
detection tasks (Hoarau et al., 2017; Mertens et al.,
2016), with the Hough transform (HT)-based hyperbola
detection method being particularly representative
(Borgioli et al., 2008; Maas & Schmalzl, 2013). As artificial
intelligence has advanced, machine learning methods have
been increasingly adopted for the automatic recognition
and classification of GPR images (Youn & Chen, 2002).
These approaches primarily rely on manual feature extrac-
tion and are well-suited for detecting geometrically regular
targets (Lee & Mokji, 2014). However, in tunnel lining
inspections—where high noise levels and complex back-
grounds are prevalent—their recognition performance
often deteriorates, increasing the likelihood of false posi-
tives and missed detections.

The rapid development of deep learning has opened new
avenues for automatic target recognition in GPR images
under complex conditions. Notably, object detection net-
works such as YOLO (Park et al., 2021; Qiu et al., 2022)
and Faster R-CNN (Pham & Lefevre, 2018; Lei et al.,
2019) have been successfully applied in several studies for
target detection in GPR imagery. These methods demon-
strate significant potential in improving detection efficiency
and achieving high accuracy, thereby offering promising
prospects for the intelligent analysis of GPR data. How-
ever, despite these advantages, deep learning methods still
face several challenges. Most existing models fail to fully
integrate the engineering attributes of detection targets—
such as tunnel lining defects and structural components—
and typically provide only bounding box outputs, making
it difficult to accurately describe the geometric shapes and
structural characteristics of the targets. This limitation

Air-filled void

Fig. 1. Schematic illustration of hidden defects in tunnel linings.

Surrounding rock

reduces their applicability and interpretability in practical
engineering scenarios. Therefore, it is crucial to incorporate
engineering semantics and geometric priors into both net-
work architecture and data modeling to enhance the prac-
ticality and reliability of these models.

To tackle the aforementioned challenges, this study
introduces a deep learning-based instance segmentation
model, termed tunnel ground-penetrating radar mask
region-based  convolutional neural network (T-
GPRMask), which incorporates an attention mechanism
to enhance performance. The model is tailored to identify
tunnel lining defects and components—such as poor com-
pactness, voids, and steel arch supports—while also esti-
mating lining thickness from GPR images. Building upon
the mask region-based convolutional neural network
(Mask R-CNN) framework, T-GPRMask integrates a con-
volutional block attention module (CBAM) to enhance its
focus on critical target regions. It employs ResNet101 as
the backbone for feature extraction and adopts a transfer
learning strategy to improve training efficiency and overall
performance. Initially, T-GPRMask is pre-trained on a
GPR image dataset encompassing four typical categories:
subsurface utilities, voids, intact areas, and simulated
images. Subsequently, it is fine-tuned on a tunnel lining
inspection dataset to enhance its adaptability and detection
accuracy.

The primary innovations of T-GPRMask lie in its inte-
gration of CBAM and a feature pyramid network (FPN),
which collectively address the challenges of multi-scale
and low-contrast defect detection in GPR images. CBAM
employs channel and spatial attention mechanisms to pri-
oritize informative features while suppressing noise,
thereby enhancing the model’s ability to defect subtle sig-
natures. Meanwhile, FPN facilitates effective fusion of
high- and low-resolution features, enabling precise detec-
tion of small-scale defects that might be overlooked in tra-
ditional single-scale approaches.

The remainder of this paper is structured as follows:
Section 2 reviews related work on GPR image interpreta-
tion and defect detection. Section 3 elaborates on the archi-
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tecture and key components of the proposed T-GPRMask
model. Section 4 details the construction of the tunnel lin-
ing GPR dataset used for training and evaluation, along-
side the auxiliary datasets utilized in the transfer learning
process. Section 5 presents the experimental results and
representative case studies. Section 6 offers a comparative
analysis of T-GPRMask with existing methods, while also
addressing its limitations and potential directions for future
research. Finally, Section 7 concludes the paper by summa-
rizing the key findings.

2 Related work

Numerous studies have been conducted on the auto-
matic interpretation of underground targets in GPR
images, with the proposed solutions generally falling into
two categories: (1) classical image processing and machine
learning methods, and (2) deep learning methods.

2.1 Classical image processing and machine learning methods

For geometrically regular objects, such as underground
pipelines and steel structures in tunnel linings, these targets
typically appear as hyperbolic shapes in GPR images, mak-
ing them key targets for early GPR image data interpreta-
tion. Capineri et al. (1998) proposed an approach based on
an improved HT to detect straight lines and hyperbolas in
GPR images, further estimating the location and shape of
underground objects. Borgioli et al. (2008) introduced a
weighted HT method to detect the position and burial
depth of underground pipelines in GPR images. Maas
and Schmalzl (2013) applied the Viola-Jones learning algo-
rithm to automatically locate hyperbolic regions in GPR
images, using HT to extract the precise position of hyper-
bolas. However, HT-based interpretation methods gener-
ally involve high computational costs and relatively high
false positive rates (Li et al., 2016).

Clustering methods have been introduced for a more
refined description of hyperbolic signals in GPR images.
Dou et al. (2016) achieved hyperbolic feature recognition
and parameter estimation in noisy environments by com-
bining adaptive thresholding, the column-connection clus-
tering (C3) algorithm, and a lightweight neural network
classifier. Lei et al. (2019) achieved precise localization
and curve fitting of hyperbolic features in both synthetic
and real radar image data by combining a double-cluster
seeking estimate (DCSE) algorithm with a column-based
transverse filter points (CTFP) method.

2.2 Deep learning methods

With the continuous development of computer science
and deep learning in computer vision, convolutional neural
networks (CNNs) have been widely applied to classifica-
tion, detection, and localization tasks for GPR images
(Liu et al., 2023; Li et al., 2021). Qiu et al. (2022) improved
the YOLOVS network structure by integrating attention

mechanisms, addressing the issues of false positives and
false negatives in real-time GPR image detection. In the
application of Faster R-CNN, Pham and Lefevre (2018)
used the Faster R-CNN framework to detect reflected
hyperbolas in GPR images, enhancing performance
through pretraining and fine-tuning on the CIFAR-10
dataset. Gong and Zhang (2020) validated the ability of
Faster R-CNN for the automatic classification and recog-
nition of GPR images using a simulated dataset generated
by gprMax.

In tunnel lining detection, Guo et al. (2022) utilized the
YOLOV3 model, combining both real and simulated data,
to identify steel bars and voids in tunnel linings. Wang
et al. (2022) introduced the rotational region deformation
CNN (R2DCNN) model for detecting defects in tunnel lin-
ings from any direction. Qin et al. (2021) introduced an
automatic recognition method based on Mask R-CNN,
which effectively identifies defects such as steel bars and
voids in tunnel linings, demonstrating high accuracy in
both practical and numerical experiments. Yue et al
(2024) proposed an automatic defect recognition algorithm
for railway tunnel GPR images based on the YOLOP
model, which also estimates tunnel lining thickness. Recent
studies in lining disease detection include Pan et al. (2025),
who introduced EDeepLab for precise segmentation of tiny
cracks in tunnel linings using a lightweight encoder-
decoder architecture. Similarly, Zhou et al. (2023) pro-
posed a pruned YOLOv4 model enhanced with Wasser-
stein generative adversarial network with residual
enhancement data augmentation for efficient tunnel lining
crack detection. Beyond GPR-based approaches, Afshani
et al. (2019) explored infrared thermal imaging as a nonde-
structive method for detecting voids within tunnel linings,
offering complementary insights to radar-based techniques.
Gong et al. (2024) investigated the time-varying compres-
sive properties of Ethylene-Propylene-Diene Monomer
rubber materials used in tunnel gasketed joints, providing
a foundation for understanding material degradation in
structural components. Jin et al. (2025) developed a
machine learning-based approach for intelligent safety
evaluation of tunnel lining cracks, enabling quantitative
assessment of crack stability and structural integrity.

Despite significant advancements in the automatic inter-
pretation of tunnel lining GPR images, most methods still
face limitations when dealing with complex image features
and high-noise environments. Many models only output
bounding box information and fail to fully incorporate
the engineering attributes of the detected targets, limiting
their practical application and interpretability in engineer-
ing scenarios.

3 T-GPRMask model

To precisely localize defects and components in tunnel
linings from GPR images and generate high-quality seg-
mentation masks, this study proposes an enhanced instance
segmentation model called T-GPRMask. The complete
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architecture of T-GPRMask is illustrated in Fig. 2, offering
an overview of its structure. The overall architecture com-
prises three primary components: a convolutional back-
bone, a region proposal network (RPN), and a head
architecture. Building upon the Mask R-CNN framework,
T-GPRMask employs ResNetl101 as the backbone for fea-
ture extraction, integrated with a FPN for multi-scale fea-
ture fusion. A CBAM is embedded within the backbone to
enhance detection accuracy and robustness in complex sub-
terranean environments. The RPN processes each scale of
the feature maps output by the FPN (P2, P3, P4, P5) inde-
pendently, rather than a single fused map. The model is
specifically optimized to address the core challenges of
strong clutter interference and varying defect scales in
GPR images of tunnel linings.

For clarity, this section delineates the three core stages
of the T-GPRMask instance segmentation process and
their corresponding network modules: (i) A convolutional
backbone network extracts structural features of the tunnel
lining from the entire GPR image. (ii) An RPN generates
candidate regions likely to contain tunnel lining structural
features. (iii) A multi-task head network performs object
classification, bounding box regression, and pixel-level
mask prediction for each detected structural feature.

3.1 Stage 1: a convolutional backbone network extracts
structural features of the tunnel lining from the entire GPR
image

Deep CNNs are widely adopted as backbone architec-
tures for extracting hierarchical features from images layer
by layer. In this model, ResNet101 serves as the backbone,
with FPN integrated to handle multi-scale features (not
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standalone). Due to variations in receptive fields and infor-
mation content across convolutional layers, the feature
maps produced by CNNs differ significantly in both spatial
resolution and semantic richness. High-resolution feature
maps typically capture low-level details such as edges and
textures, whereas low-resolution feature maps contain
more abstract, high-level semantic information that is
advantageous for object recognition tasks. In earlier radar
image interpretation studies, only high-level, low-
resolution feature maps were often used for structural iden-
tification (Fig. 3(a)), which led to the neglect of high-
resolution features essential for fine-grained target detec-
tion. This limitation becomes especially critical in GPR
imagery, where target objects such as tunnel lining defects
and components exhibit considerable variations in size.
During the downsampling process, small targets are prone
to semantic information loss in low-resolution feature
maps.

To address this issue and enable the simultaneous detec-
tion of multi-scale targets—including poor compactness,
steel arch supports, and voids—the model incorporates a
FPN (Lin et al., 2017a) into the backbone architecture.
The FPN fuses features from different convolutional layers
via a top-down pathway and lateral connections, forming a
multi-scale feature pyramid with strong semantic represen-
tation (Fig. 3(b)). The structure of the FPN is illustrated in
the left part of Fig. 2. This architecture effectively preserves
high-resolution spatial details without significantly increas-
ing computational cost, thereby enhancing the model’s
capability in detecting small-scale objects. Consequently,
it is particularly suitable for the identification of multiple
categories of tunnel lining structural features in GPR
images.
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Fig. 2. Overall architecture of the T-GPRMask model (ResNetl101 backbone integrated with FPN and CBAM).
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(a)

3.2 Stage 2: an RPN generates candidate regions likely to
contain tunnel lining structural features

After feature extraction, object detection networks rely
on region proposal algorithms to generate initial hypothe-
ses regarding the locations of potential targets. This stage
often becomes a major bottleneck in the inference speed
of detection networks. To address this limitation, an
RPN is employed to efficiently generate candidate regions.
By sharing feature maps with the previously described con-
volutional backbone, the RPN introduces virtually no
additional computational overhead.

The RPN functions as a lightweight subnetwork applied
to the single-scale convolutional feature maps produced by
the backbone. It evaluates objectness using dense 3 X 3 slid-
ing windows. Specifically, a 3 X 3 convolutional layer is
first applied to extract local features, followed by two par-
allel 1 X 1 convolutional layers responsible for binary clas-
sification (object vs. background) and bounding box
regression, respectively (Fig. 4).

In Stage 1 of this model, an FPN is adopted to extract
multi-scale features from GPR images, producing a set of
feature maps at four levels: {P2, P3, P4, P5}. The RPN
processes each scale of the FPN output feature maps sepa-
rately to generate proposals, ensuring multi-scale sensitiv-
ity. During training, the model initially selects
approximately 2000 candidate regions across all FPN
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Fig. 3. Feature pyramid. (a) Single map, and (b) feature pyramid network. (Note: Thicker blue outlines denote features with richer information).

levels. However, these initial RPN proposals are often
highly redundant due to significant overlap. To address
this, non-maximum suppression (NMS) algorithm based
on class confidence scores (Ren et al., 2017) is applied to
eliminate redundant proposals. The top 256 regions with
the highest confidence scores are then retained for subse-
quent tasks, including object classification, bounding box
regression, and mask segmentation.

3.3 Stage 3: a multi-task head network performs prediction
for tunnel lining structural features

In Stage 2 of this model, the RPN generates a set of pro-
posals corresponding to potential tunnel lining structural
features based on the multi-scale feature maps. The NMS
algorithm is then applied to eliminate redundant proposals.
The remaining proposals, selected based on class confi-
dence scores, are designated as regions of interest (Rols)
and forwarded to the Rol Align layer (He et al., 2017) to
obtain spatially accurate feature representations. The Rol
Align operation extracts fixed-size feature vectors from
the multi-scale feature maps for each Rol, serving as input
to subsequent classification and regression tasks.

These feature vectors are passed to the head architec-
ture, which is constructed using an FCN, and processed
by parallel task-specific branches responsible for object
classification and bounding box regression. In parallel, a
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Fig. 4. RPN with an FPN-enhanced ResNet101 backbone architecture (RPN applied to multi-scale feature maps).
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mask prediction subnetwork generates high-quality seg-
mentation masks for each Rol, enabling precise delineation
of tunnel lining defects and components.

3.4 Convolutional block attention module

The CBAM is incorporated into the T-GPR Mask model
to enhance feature extraction by selectively focusing on
important spatial and channel-wise features, as shown in
Fig. 5. CBAM operates in two stages: the channel attention
module (CAM), which generates a weight map by applying
global average and max pooling to emphasize the most
informative channels, and the spatial attention module
(SAM), which applies spatial attention to highlight critical
regions within the feature maps (Woo et al., 2018). The
integration of CBAM enables the model to suppress irrele-
vant information, thereby improving the accuracy of defect
detection in tunnel lining GPR images. This attention
mechanism is both lightweight and computationally effi-
cient, offering an adaptive approach to prioritize key fea-
tures without significantly increasing the model’s
computational burden. By incorporating CBAM, T-
GPRMask is better equipped to capture subtle defects
and complex patterns in GPR data, leading to enhanced
performance in defect recognition tasks.

3.5 Loss function

During the training process of the instance segmentation
model, a multi-task loss function is defined for each sam-
pled Rol as follows:

L= Lcls + Lbox + Lmasky (1)
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Fig. 5. Feature extraction network of T-GPRMask enhanced with
CBAM.
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where L denotes the total loss, and L, Lpox, and Lpack
represent the losses for classification, bounding box regres-
sion, and instance segmentation, respectively. Here, p, is
the predicted probability of the ground-truth class u (with
u denoting the true class index); #; and ¢ represent the pre-
dicted and target bounding box regression values, respec-
tively, where i iterates over the coordinates {x,y,w,h}
(representing center x-coordinate, y-coordinate, width,
and height); smooth;; is the smooth L1 loss function;
BCE denotes the average binary cross-entropy loss per
pixel; m; and 7y, are the ground-truth and predicted masks
for the ground-truth class k (with k representing the true
class index). Detailed descriptions of Ly and Ly, can be
found in the work by Girshick (2015), and the binary
cross-entropy loss is adopted for L.q (He et al., 2017).
This formulation enables the model to generate a mask
for each class independently, without introducing competi-
tion among classes—an essential property for achieving
high-quality instance segmentation results.

To better understand the impact of each component, the
classification loss (L) ensures accurate categorization of
detected objects, which is crucial for distinguishing between
various tunnel lining defects (e.g., poor compactness vs.
voids) in noisy GPR images. The bounding box regression
loss (Lpox) refines the spatial localization of defects,
enhancing the model’s precision in identifying defect posi-
tions and sizes. Finally, the mask loss (L) focuses on
pixel-level segmentation, allowing for detailed contour
delineation of defects and components, which directly con-
tributes to improved interpretability and quantitative anal-
ysis in engineering applications. By balancing these losses,
the model achieves robust performance across multi-scale
and low-contrast targets typical in GPR data.

4 Datasets

Instance segmentation tasks rely heavily on large vol-
umes of high-quality annotated image data and substantial
computational resources. One of the primary challenges
associated with conventional CNN-based approaches is
their strong dependence on extensive manually labeled
datasets and high computational costs. Although the devel-
opment of annotation tools and advancements in graphics
processing unit (GPU)-accelerated parallel computing have
partially mitigated this issue, there remains a notable scar-
city of publicly available, high-quality GPR image datasets
with comprehensive annotations of tunnel lining structural
features. Therefore, constructing a GPR dataset that
encompasses typical tunnel lining defects and structural
components holds significant practical value for achieving
high-accuracy instance segmentation.
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4.1 Dataset for network training

This study collected field GPR scan images from multi-
ple railway tunnels located in southwestern China to con-
struct a dataset for model training and testing (Fig. 6).
GPR measurements were conducted along five longitudinal
scan lines in each tunnel—covering the tunnel crown, left
and right shoulders, and both sidewalls—ensuring compre-
hensive spatial coverage of the tunnel lining structures. To
ensure image quality, the raw radar data underwent a stan-
dardized preprocessing pipeline before model training,
including direct current removal, bandpass filtering, time-
varying gain correction, background removal, and time-
zero correction.

In total, 1262 GPR images were collected and manually
annotated by experienced professionals with extensive field
expertise. The original annotated dataset includes 492
instances of poor compactness, 291 voids, and 942 steel
arch supports. Given the relatively limited number of sam-
ples in certain categories, systematic data augmentation
was applied to the original GPR images to enhance the
model’s generalization ability and reduce the risk of over-
fitting. The augmentation strategy comprised two main
components: geometric transformations and noise simula-
tion. For geometric transformations, random rotations,
scaling, and flipping were performed to simulate the vari-
ability in the appearance of tunnel lining defects and struc-
tural features under different orientations, positions, and
scales. This improved the model’s robustness to spatial
deformations and positional variations. In parallel, ran-
dom noise injection was employed to mimic common
non-ideal factors in GPR data acquisition, such as
sensor-induced noise and environmental interference. This
enabled the model to maintain stable recognition perfor-
mance under noisy input conditions. After argumentation,
the sample distribution was expanded to 942 for poor com-
pactness, 541 for voids, 992 for steel arch supports, and
1782 for lining thickness, as summarized in Table 1. Repre-
sentative examples of each category are also presented.
Some images contain multiple types of tunnel lining defects
and components simultaneously. All annotated GPR

images were divided into training, validation, and test sets
in a ratio of 7:2:1 for model training, hyperparameter tun-
ing, and evaluation.

4.2 Dataset for transfer learning

To enhance the target recognition performance of the
model on tunnel lining GPR images, a transfer learning
strategy was employed to pretrain and fine-tune the T-
GPRMask model. The dataset for transfer learning
included four typical categories of GPR images: subsurface
utilities, voids, intact areas, and simulated images gener-
ated using the finite-difference time-domain (FDTD)
method, as shown in Fig. 7. A total of 4168 GPR images
were collected, including 786 images of subsurface utilities,
553 images of voids, 900 images of intact areas (Mojahid
et al., 2025), and 1929 FDTD-simulated images.

All images in this dataset were accompanied by detailed
manual annotations, which covered typical underground
object contours, background noise characteristics, and
radar response patterns to dielectric discontinuities. By pre-
training the model on relevant GPR tasks and transferring
the learned parameters to the tunnel lining defect detection
task, this study effectively reduced the distribution gap
between different image modalities and application
domains, thereby significantly improving the model’s gen-
eralization  capability and  accelerating  training
convergence.

5 Experiment
5.1 Training and testing

To modify and train the proposed T-GPRMask model,
all experiments were conducted on a workstation equipped
with an Intel Core 17-14700HX CPU, 64 GB of RAM, and
an NVIDIA GeForce RTX 4060 GPU. The model was
optimized using the Adam optimizer with a learning rate
of 0.0005, a weight decay of 0.0001, and a first-moment
exponential decay rate (f;) of 0.9. Hyperparameter tuning
was conducted using both the training and validation

Fig. 6. GPR data acquisition in a rock tunnel.
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Table 1

Data augmentation of the GPR dataset for tunnel lining inspection.

Feature type Poor compactness Voids Steel arch supports Lining thickness
Sample size 942 541 992 1782

Sample images

Subsurface utilities

A
I
|
— .
-

786 GPR images
L el

\ (o -

FDTD-simulated

900 GPR images 929 GPR images
— J

_J

Fig. 7. GPR images used for transfer learning in T-GPRMask model pre-training.

datasets to evaluate the effects of different configurations
on model performance. Based on the tuning results, the
optimal hyperparameter set was selected to train the final
model. Training was carried out with a batch size of 16
over 150 epochs. The initial loss started at 1.342 and
dropped sharply to 0.196 within the first 20 epochs, fol-
lowed by a gradual decline. By epoch 150, the loss had con-
verged to 0.034, as illustrated in Fig. 8. The validation loss
closely tracked the training loss throughout the process,
indicating no signs of overfitting. The trained model
weights were saved and subsequently used for performance
evaluation and deployment.

In this study, we adopt the following metric to evaluate
the overall recognition performance of the model:

- TP
Recognition Accuracy = TP + FP +

FN’ 3)
where TP (true positives) refers to the number of correctly
identified targets, FP (false positives) refers to the number
of incorrectly identified targets (false alarms), and FN
(false negatives) represents the number of targets that were
missed by the model. This metric jointly considers both
types of recognition errors—misses and false detections—
providing a balanced assessment of the model’s detection
capability.

On the dataset constructed in this study, the
T-GPRMask model achieved average recognition accura-
cies of 83.18%, 88.24%, 92.84%, and 91.56% for poor com-
pactness, voids, steel arch supports, and initial lining
thickness estimation, respectively. The trained instance seg-
mentation model was further applied to real GPR images
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Fig. 8. Detection examples of tunnel lining structural features from GPR
images by T-GPRMask model.

obtained from practical tunnel lining quality inspections,
where it successfully and automatically extracted relevant
defect and structural feature information from the data.
The recognition results are visualized in Fig. 9: poor com-
pactness is marked with yellow bounding boxes and masks,
voids with red, steel arch supports with green, and initial
lining with blue masks. The predicted results show strong
agreement with manual annotations provided by experi-
enced professionals, thereby validating the effectiveness
and practical applicability of the T-GPRMask model in
real-world tunnel inspection scenarios.
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Fig. 9. Detection examples of tunnel lining structural features from GPR
images by T-GPRMask model (a) Defects detection, and (b) components
detection.

5.2 Ablation experiments

To validate the contributions of key modules in
T-GPRMask, we conducted ablation experiments by
removing CBAM and FPN individually and evaluating
the impact on detection accuracy. The experiments were
performed on the same dataset and hardware as described
in Section 5.1. Table 2 summarizes the results, showing that
removing CBAM leads to a 5%-8% drop in accuracy for
low-contrast defects (e.g., voids), as it reduces the model’s
ability to focus on critical features. Without FPN, multi-
scale detection suffers, resulting in a 7%-10% decline for
small targets like poor compactness. These findings confirm
the essential roles of CBAM and FPN in enhancing overall
performance.

5.3 Field experiment

To wvalidate the recognition capability of the
T-GPRMask model in real-world engineering scenarios,

Table 2
Ablation experiment results on key modules.

it was applied to GPR images collected from a physical
tunnel testing site containing embedded defects. The field
experiment was conducted at the Long-term and Safe Phys-
ical Testing Site for Tunnel Engineering in Qingyuan,
Guangdong Province, China. During the construction of
the defect section, typical structural defects were simulated
by embedding prefabricated concrete cavity models and
inflatable fabric bags within the tunnel lining (as shown
in Fig. 10). The embedded void measured 0.90 m x 0.20
m and 0.40 m in thickness.

As shown in Fig. 11(a), data acquisition was performed
using a self-developed, vehicle-mounted phased-array
radar system that traversed a 4.0 m measurement line over
the defective section at a constant speed. The collected
GPR data were processed using a standard preprocessing
workflow and subsequently input into the trained
T-GPRMask model for defect recognition.

Figure 11(b) illustrates the detection result on a repre-
sentative GPR image using the T-GPRMask model from
the defect section. At approximately 0.98 m along the mea-
surement line, the model successfully identified a void with
strong reflection characteristics and assigned it a high con-
fidence score. By comparing the geometric center of the
predicted segmentation mask with the known embedding
location, it was found that the errors in both depth and
horizontal position were within 0.04 m, indicating high
spatial accuracy.

These field experiment results confirm that T-GPRMask
can effectively detect concealed defects and components in
tunnel linings and accurately characterize key parameters
such as lining thickness. This demonstrates the model’s
strong engineering applicability and its potential for
large-scale deployment in practical tunnel inspection tasks.

6 Discussion
6.1 Comparative study

To comprehensively evaluate the performance of
T-GPRMask, comparative experiments were conducted
against two widely adopted object detection algorithms:
YOLOvV7 (Wang et al., 2023) and RetinaNet (Lin et al.,
2017a, 2017b). All models were trained and tested on the
same annotated GPR dataset. The recognition accuracies
for each category of tunnel lining structural features are
summarized in Table 3. The results demonstrate that
T-GPRMask achieved the highest accuracy across all cate-
gories. Specifically, the recognition accuracy of
T-GPRMask for poor compactness was 10.83 percentage

Model variant Recognition accuracy (%)

Poor compactness Voids Steel arch supports Lining thickness
Without FPN 75.28 82.36 85.92 84.67
Without CBAM 77.50 80.12 88.76 87.45
T-GPRMask (full) 83.18 88.24 92.84 91.56
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Fig. 11. Field data acquisition and defect detection with T-GPRMask model. (a) Data acquisition using vehicle-mounted phased-array radar system, and
(b) detection result on a representative GPR image using the T-GPRMask model.
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Table 3
Accuracy comparison of different recognition models.
Model Recognition accuracy (%)
Poor compactness Voids Steel arch supports Lining thickness
YOLOV7 72.35 80.16 85.82 -
RetinaNet 75.92 74.28 83.56 -
T-GPRMask 83.18 88.24 92.84 91.56

points higher than YOLOv7 and 7.26 percentage points
higher than RetinaNet; for void detection, it was 8.08 per-
centage points higher than YOLOvV7 and 13.96 percentage
points higher than RetinaNet; and for steel arch support
detection, it was 7.02 percentage points higher than
YOLOv7 and 9.28 percentage points higher than
RetinaNet.

Figure 12 presents the detection results of two compar-
ative models on the same GPR image: YOLOv7 (Fig. 12
(a)), and RetinaNet (Fig. 12(b)), visually compared with
the segmentation output of T-GPRMask (as shown in
Fig. 9). It is evident that YOLOV7 failed to detect the poor
compactness, and both comparison models missed certain
instances of steel arch supports.

In terms of overall performance, T-GPRMask exhibited
superior capability in detecting small-scale and low-
contrast targets, particularly in recognizing weak-signal
and blurry-boundary features such as voids and poor com-
pactness in GPR images. This advantage is largely attribu-
ted to the integration of the FPN and the CBAM. The
FPN improves detection of objects at different scales, while
the CBAM improves the model’s focus on critical target
regions.

Moreover, T-GPRMask provides a significant func-
tional advantage over YOLOvV7 and RetinaNet: it incorpo-
rates a mask prediction branch that enables accurate
segmentation of the initial tunnel lining. This functionality
allows for precise delineation of the spatial boundaries of
tunnel lining defects and components, providing refined
data support for defect area estimation and quantitative
analysis. These results highlight the strong potential of T-
GPRMask for practical engineering applications.

In addition to accuracy, processing time is a critical fac-
tor for practical engineering applications in tunnel inspec-
tions, particularly for real-time or semi-real-time
processing in vehicle-mounted GPR systems. We evaluated
the average inference time per GPR image on the same
hardware (NVIDIA GeForce RTX 4060 GPU). As shown
in Table 4, YOLOV7 exhibited the fastest processing speed
at approximately 78 ms per image (around 13 FPS), fol-
lowed by RetinaNet at 156 ms per image (around 6
FPS). T-GPRMask, due to its additional mask prediction
branch, required about 484 ms per image (around 2
FPS). Although slightly slower than the one-stage detec-
tors, this processing time still meets the demands of most
mobile detection scenarios, where semi-real-time analysis

A TR, Y o

Depth (m)

Distance (m)

Fig. 12. Detection results of two comparative models. (a) YOLOvV7, and
(b) RetinaNet.

(e.g., processing during or immediately after scanning) is
sufficient for engineering needs. For instance, in a typical
tunnel scan at 10-20 km/h, T-GPRMask can handle data
streams effectively without significant delays. For scenarios
demanding higher throughput, optimizations such as
model pruning or deployment on edge devices could be
explored in future work.

6.2 Comparison of pre-training datasets

To evaluate the impact of different pretraining datasets
on defect recognition model performance, this study used
the COCO dataset, Open Images V6 dataset, and the
GPR dataset introduced in Section 4.2. The T-GPRMask
model pretrained on these three datasets was then trained
on the tunnel lining detection GPR image dataset estab-
lished in Section 4.1 for 150 epochs. The training loss
curves are shown in Fig. 13, and Table 5 lists the final
recognition accuracy of T-GPRMask under different pre-
training datasets.

As shown in Fig. 13, the model pretrained on the GPR
dataset converged the fastest, with the training loss steadily
decreasing and reaching the lowest final loss after 150
epochs. As indicated in Table 5, the model pretrained on
the GPR dataset significantly outperformed other pre-
trained models, achieving the highest recognition accuracy.
This highlights that the pretraining dataset has a significant
impact on the performance of the T-GPRMask model,
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primarily due to the task relevance and image modality
differences.

On one hand, GPR images typically exhibit low con-
trast, strong noise, and complex reflection patterns, while
the COCO and Open Images V6 datasets mainly contain
color natural images that lack features related to tunnel
structures and underground defects. Therefore, models pre-

Table 4
Processing time comparison of different models (per image, ms).
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Fig. 13. Training loss curves of T-GPRMask pretrained on different
datasets.

trained on these datasets perform poorly when adapting to
GPR image characteristics, exhibiting slow convergence
and higher final training loss. On the other hand, the
GPR dataset specifically annotates features highly relevant
to tunnel lining defects, and the FDTD simulation data
covers extreme scenarios (e.g., deep-buried voids, multi-
layer structures), providing a more targeted pretraining
foundation. This allows the model to converge faster dur-
ing the fine-tuning phase and improves recognition
accuracy.

The experimental results show that pretraining on
domain-specific datasets significantly improved GPR
image recognition performance, with accuracy increasing
by approximately 6%-9%. This result validates that pre-
training on domain-specific data allows the model to better
generalize to the target task, facilitating faster adaptation
and superior defect recognition performance. This is cru-
cial for the application of deep learning in specialized engi-
neering tasks such as tunnel lining detection.

6.3 Limitations and future work

Although the T-GPRMask model achieves high accu-
racy in detecting tunnel lining defects and components, it
does not distinguish between air-filled and water-filled
voids, treating them as a unified “voids” category. This
limitation arises not from inherent constraints of the
GPR method—which can differentiate void types through

Model

Average inference time (ms)

Frames per second (FPS, approx.)

YOLOvV7 78
RetinaNet 156
T-GPRMask 484

13

2
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Table 5
Accuracy comparison of the T-GPRMask pre-trained on different datasets.

293

Pre-training datasets Recognition accuracy (%)

Poor compactness Voids Steel arch supports Lining thickness
COCO dataset 74.95 82.26 87.65 85.88
Open Images V6 dataset 76.74 80.42 88.38 84.46
The GPR dataset 83.18 88.24 92.84 91.56

variations in electromagnetic responses—but from the
dataset design and task simplification in this study. Sub-
classification could enhance interpretability but would
necessitate expanded annotations and potentially more
advanced feature extraction techniques.

Future research will explore integrating void type differ-
entiation and incorporating temporal GPR data for
dynamic monitoring, such as tracking the evolution of
defects like voids over time using sequential scans from
vehicle-mounted systems. Additionally, we plan to adapt
T-GPRMask for other types of infrastructure, including
bridges and underground pipelines, by fine-tuning on
domain-specific datasets and integrating multi-modal data
(e.g., combining GPR with infrared or ultrasonic imaging).
These extensions could address challenges in diverse envi-
ronments, such as varying noise levels or structural com-
plexities, further improving the model’s generalization
and practical utility.

7 Conclusions

In this study, we proposed the T-GPRMask model, a
deep learning-based instance segmentation framework
designed to accurately detect tunnel lining defects and com-
ponents from GPR images. The model integrates a CBAM
and an FPN to enhance multi-scale feature extraction and
improve the detection of small-scale, low-contrast defects.
The T-GPRMask model demonstrated superior perfor-
mance in comparison with other popular object detection
models such as YOLOv7 and RetinaNet, achieving high
accuracy in recognizing tunnel lining defects like poor com-
pactness, voids, and steel arch supports. Moreover, by
leveraging transfer learning on a GPR-specific dataset,
the model achieved a significant improvement in recogni-
tion performance, highlighting the importance of domain-
specific pretraining.

The T-GPRMask model was further validated in real-
world field experiments, where it effectively detected
embedded defects in physical tunnel sites, proving its engi-
neering applicability and potential for large-scale deploy-
ment. The results underscore the model’s ability to assist
in automatic, accurate, and efficient tunnel inspection,
reducing the reliance on manual labor and increasing the
efficiency of maintenance decisions. The proposed model
represents a promising tool for future tunnel maintenance,

with potential applications across various types of infras-
tructure inspections.

Future work will explore the incorporation of temporal
GPR data for dynamic defect tracking, as well as the inte-
gration of domain-specific prior knowledge to improve
model interpretability and generalization across diverse
tunnel environments.
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