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Due to the impact of the surrounding environment changes, train-induced vibration, and human interference, damage to metro tunnel surfaces frequently occurs. Therefore, accidents caused by the tunnel
surface damage may happen at any time, since the lack of adequate and efficient maintenance. To our
knowledge, effective maintenance heavily depends on the all-round and accurate defect inspection,
which is a challenging task, due to the harsh environment (e.g., insufficient illumination, the limited
time window for inspection, etc.). To address these problems, we design an automatic Metro Tunnel
Surface Inspection System (MTSIS) for the efficient and accurate defect detection, which covers the
design of hardware and software parts. For the hardware component, we devise a data collection system to capture tunnel surface images with high resolution at high speed. For the software part, we
present a tunnel surface image pre-processing approach and a defect detection method to recognize defects with high accuracy. The image pre-processing approach includes image contrast enhancement
and image stitching in a coarse-to-fine manner, which are employed to improve the quality of raw
images and to avoid repeating detection for overlapped regions of the captured tunnel images respectively. To achieve automatic tunnel surface defect detection with high precision, we propose a multilayer feature fusion network, based on the Faster Region-based Convolutional Neural Network (Faster
RCNN). Our image pre-processing and the defect detection methods also promising performance in
terms of recall and precision, which is demonstrated through a series of practical experimental results.
Moreover, our MTSIS has been successfully applied on several metro lines.

1. Introduction
With the rapid development of the urban metro system,
there are more than 200 lines in service in over 40 cities
by the end of 2019 in China, which are counted by China
Association of Metros. The total length of metro lines is
about 5187.02 km, which accounted for 77.07% of the total
length of the urban railway. Especially, the railway length
of metro lines is still increasing dramatically in recent years.
At the same time, safety issues are emerged gradually, which
should be given more attention. Due to the age of construction, the impact on the surrounding community, train-induced
vibration, lack of maintenance and human interference, the
problems of metro damage are becoming more and more serious. The typical examples of metro tunnel surface defects
are shown in Fig.1. As shown in Fig.2, most metro accidents
are related to these tunnel surface damages, such as collapse,
water seepage, and falling block, which occupy more than
80% of all train incidents. For example, the collapse accidents occurred in the tunnels of Shenzhen Metro and Qingdao Metro of China are caused by cracks and leakages respectively. Thus, to ensure the safety of metro operation,
regular inspection is a critical routine for management. That
is, the defects should be detected in time in order to prevent
even worse situations.
∗ Corresponding

author

daweili@nuaa.edu.cn (D. Li); qianxie@nuaa.edu.cn (Q. Xie);
xiaoxigong.nuaa@gmail.com (X. Gong); yvzhenghao@outlook.com (Z. Yu);
jinxuanxu027@gmail.com (J. Xu); yangxingsun@gmail.com (Y. Sun);
wjun@nuaa.edu.cn (J. Wang)
ORCID (s): 0000-0002-2439-9728 (D. Li); 0000-0002-6320-9763 (J.

Wang)

Dawei Li et al.: Preprint submitted to Elsevier

Crack

Falling block

Leakage

Figure 1: Some examples of metro tunnel surface defects,
collected and analyzed by our MTSIS.

Traditional approaches for metro tunnel surface inspection mainly depend on manual workers with strong subjectivity, low efficiency, and limited accuracy. For example, the
Nanjing Metro deploys more than 20 skilled inspectors to inspect the tunnel surface in the time window per day in order
to record the defect category, position, and severity. However, due to the limited time (about three hours per day) for
inspection, a large amount of defects are omitted and these
may lead to the hidden safety hazard. Moreover, in order to
inspect the top of metro tunnels, inspectors must climb on
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Figure 2: The train accidents mainly include collapse, water
seepage, falling block and punch through. Specifically, the
most accidents, such as collapse, water seepage and falling
block, are related to the metro tunnel surface damages.

an aerial ladder, which is a cumbersome process. Therefore,
an automatic Metro Tunnel Surface Inspection System with
high accuracy, efficiency, and reliability is demanded.
In recent years, machine vision techniques[1, 2, 3] have
been developed rapidly. They can be applied to many tasks,
such as defect detection on concrete structures [4], visionguided robotic grasping [5], and metal surface inspection
[6, 7], etc. However, an efficient and accurate system based
on machine vision techniques for metro tunnel surface defect
detection is lacking, due to the tunnel complex background
and harsh environment. To tackle these problems, a new
vision-based image collection device is designed to collect
the inspection data (i.e., tunnel surface images) and reduce
manual workloads. The device is equipped with line-scan
cameras, high-brightness light sources, and a control unit.
This mobile platform is also designed with variable speed,
which is able to coordinate with the acquisition frequency of
the line-scan cameras. As a result, an enormous amount of
image data can be captured in a one-time inspection.
After the stage of data collection, another difficulty is
to detect defects from the large amounts of tunnel surface
images with complex background automatically, efficiently
and precisely. At first, the system drives at a relative fast
speed which leads to a limited exposure time for the linescan photographing. Hence, the captured raw images are
within relative low contrast, which are hard to be analyzed
for defect detection. Therefore, image contrast enhancement
is inevitable to execute. Then, we use image stitching to create the whole tunnel surface image, since the images are collected separately. This operation allows us to locate the defects on the tunnel surface. Meanwhile, this can avoid the duplicate detection for defects on individual collections. However, owing to the raw images are within a high resolution,
the computational complexity is high using the classical image stitching algorithms directly. Thus, a rapid and reliable
image pre-processing method is proposed to solve the above
problem. The next task is to recognize tunnel defects automatically, efficiently, and precisely. This question can be
modeled as an object detection problem in the computer vision field, as shown in Fig.1. To detect defects from the complex background accurately, the learning-based methods can
Dawei Li et al.: Preprint submitted to Elsevier

be taken into consideration, since these methods have shown
high robustness and semanticity for object detection. In particular, deep convolutional neural networks (DCNNs) have
achieved prominent performance in classification [8], detection [9, 10, 11] and segmentation [12]. In the past several
years, a variety of defect detection techniques [13, 14, 15,
16, 17, 18] have been developed. Especially, there are some
learning-based researches[19, 20, 21] focus on detecting defects from the concrete surfaces. However, these methods
are less applied for tunnel surface defect detection, since they
cannot fit the recognition demand for cracks, leakages, and
falling blocks at the same time, which are in significantly
different shapes. To this end, an automatic defect detection
method with high accuracy and efficiency for metro tunnel
surfaces is imperative.
In this paper, we establish an automatic inspection system to achieve metro tunnel surface defect detection accurately and efficiently. (1) To achieve metro tunnel surface
image collection with high accuracy and speed, an image
collection equipment is designed, including eight line-scan
cameras with high resolution and frequency. (2) Due to the
limited exposure time for image collection, the captured raw
images are within low contrast, which is difficult to analyze during the phase of defect detection. Hence, an image
contrast enhancement method is applied to balance the contrast of raw images. (3) In order to cover the entire tunnel
surface, the image overlapped regions captured by adjacent
cameras are commonly exist. This may lead to duplicate
detection of defects in the overlapped regions. Therefore,
we apply image stitching on captured raw images at first, so
as to merge the overlapped regions. However, due to the
captured raw images are within the high resolution, this can
lead to high computational complexity for image stitching
using classical methods. To this end, we propose a coarseto-fine method to stitch images with high accuracy and efficiency. (4) Defects, such as cracks, falling blocks, and leakages, are commonly existing in metro tunnel surfaces. However, the shapes of these defects are significantly different,
which are hard to detect using a single network. For example, the cracks are long and thin, while the falling block and
leakages are within multi-scales. To this end, we propose
a novel feature fusion network, based on the Faster RCNN
[9], to defect metro tunnel surface defects from the collected
massive tunnel images. Extensive experiments and comparisons demonstrate that our method outperforms state-of-theart methods, in terms of efficiency and quantitative accuracy.
To summarize, the main contributions of this paper are:
• We design a Metro Tunnel Surface Inspection System (MTSIS) to automatically detect tunnel surface
defects with high accuracy and efficiency, including
a hardware part and a software part.
• For the hardware part, we construct a metro tunnel surface data collection equipment to capture tunnel surface images with superior technical specifications.
• For the software part, we propose a new method to detect tunnel surface defects from the collected raw imPage 2 of 15
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ages with state-of-the-art performance, including an
image stitching algorithm in a coarse-to-fine manner,
which is able to locate defect in the panorama image
and avoid defect repeating detection in the image overlapped regions. Moreover, we propose a multi-layer
feature fusion network, based on the Faster RCNN, to
achieve a prominent performance for tunnel surface
defect detection in terms of 𝑀_𝑅, 𝑀_𝑃 and, 𝑚𝐴𝑃 .
The rest of this paper is organized as follows. We summarize related works in Section 2. The detailed description
of our system is presented in Section 3, and the experimental methods and results follow. The last section presents the
conclusions and the future work of our study.

2. Literature Review
There are some researches [22, 23, 24] that attempting
to design machine vision-based methods for non-contact inspection techniques, which can detect defects from concrete
surfaces effectively. Meanwhile, more and more defect recognition algorithms [19, 25, 26, 27, 28] have been developed,
based on deep learning.
A railway inspection system designed by Marino et al.
[29] has been constructed for hexagonal-headed bolt detection that has secured the rail to the sleepers. To improve the
efficiency for the safety assessment of concrete structures,
Yu et al. [30] proposed a system to inspect and measure
cracks in concrete surfaces, while the crack detection algorithm is not fully automated. Victores et al. [31] proposed
a robot-aided system to inspect and maintain weakened surfaces of roadway tunnel, which is done without the need for
cutting traffic flow. Menendez et al. [32] proposed an autonomous robotic system for tunnel structural inspection and
assessment, which is designed for roadway tunnel inspection
with a high complexity, which is not suitable for metro tunnel surface maintenance. Huang et al. [33] designed a subway tunnel image capture system based on Charge-coupled
Device (CCD) line-scan cameras to collect metro tunnel surface data. They proposed a new algorithm based on the local image grid features to recognize cracks. Besides, they
also applied the Otsu algorithm to recognize leakages. This
moving tunnel inspection equipment can merely capture tunnel surface images with the resolution of 0.3mm/pixel. The
aforementioned systems have achieved relatively good performance for railway and tunnel surface inspection. However, these systems cannot fit the latest requirements of accuracy and efficiency for metro tunnel surface inspection.
Therefore, a metro tunnel surface inspection system with
higher accuracy and efficiency is demanded. To this end,
we propose a tunnel surface data collection module to capture images with higher accuracy and efficiency.
With the rapid development of image processing by deep
learning-based methods [9, 34, 35], several algorithms [20,
36, 37, 38] for concrete surface defect detection have been
proposed one after another. Sylvie Chambon [39] proposed
an automatic road defect detection method based on AdaBoost
and textural descriptors, which was applied for road image
Dawei Li et al.: Preprint submitted to Elsevier

classification. Yu et al. [40] presented a three-step method to
recognize and extract cracks from infrared images of tunnel
lining surfaces, which are including image pre-processing,
conditional texture anisotropy computation and optimum threshold automatic setting. Thus, it achieves a good performance
for crack detection. Cha and Choi [41] proposed a deep
learning-based method for crack detection, by a convolutional neural network. Huang et al. [21] proposed a twostream algorithm for leakage and crack recognition, based
on a Fully Convolutional Network (FCN) to recognize the
lining defects of metro tunnels, which achieves a good performance. However, it has relative weak performance in
terms of the efficiency for tunnel defect recognition. Xue
and Li [42] proposed a region-based fully convolutional neural framework for shield tunnel lining defect recognition, including a FCN network and a R-FCN based framework. The
FCN is first established for image classification. The R-FCN
based framework is then deployed to recognize defects from
images. However, these approaches cannot detect defects
in metro tunnel surface images with high accuracy and efficiency, since the tunnel surface images have complex backgrounds and huge data volumes. To this end, we propose
a feature fusion network, based on Faster RCNN, to detect
defects from the pre-processed tunnel surface images automatically with high accuracy and efficiency.

3. System Description
To improve the efficiency and accuracy of tunnel surface inspection, we design an automatic inspection system
for tunnel maintenance. First, a data collection module is designed to capture image data with high resolution, which is a
fundamental section for tunnel surface data analysis. Subsequently, image pre-processing is an essential step to enhance
the dataset quality for the following defect detection method.
Finally, a deep learning-based algorithm is devised to recognize tunnel defects automatically with high recall and precision. The pipeline of our system is shown in Fig.3.

3.1. Data Collection Module Design
Image data collection is the first and basic step to ensure the accuracy and efficiency for metro tunnel surface
inspection automatically. To capture tunnel image data at
high speed, we design an efficient tunnel surface image data
collection module, including data acquisition, moving and
control parts. Specifically, to meet the precision requirement (approximately 0.2mm/pixel) of captured tunnel surface images, we design a new data acquisition part, including eight high resolution line-scan cameras, four image collecting cards and nine linear light sources. Furthermore, the
line-scan cameras are the key element in this project with
the resolution of 12288×1. The data collection equipment
is suitable for metro tunnel inspection. The regular diameter
of most metro tunnels are 5.5m or 6.0m, in which our data
collection system is able to fit the minimal precise requirement (0.2mm/pixel). In our experiment, we take the tunnel
with the diameter of 5.5m as an example for explanation in
this paper.
Page 3 of 15
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Figure 3: The components of our metro tunnel surface inspection system (MTSIS) contains hardware and software parts.
Specifically, the pipeline of our system includes three stages. The first stage is to collect metro tunnel images; the second stage
is to pre-process captured raw images and defect detection is the last stage.

is described as:
𝐿𝑖𝑝𝑡 =

Non-inspection
region
(b) Camera Distribution

Figure 4: This is the line-scan camera distribution mode designed for metro tunnel surface inspection. Specially, we take
the tunnel with diameter of 5.5m as an example for explanation. There are eight cameras distributed along the center of
the tunnel and the angle of adjacent cameras is 35°; the field
view of one camera is about 40°and the distance between one
camera to the corresponding inspection region is 2.5m.

𝐿𝑜𝑙𝑝 =

3.1.1. Camera Distribution
The layout of the line-scan cameras is shown in Fig.4. To
ensure the coverage of metro tunnel surfaces, the range to be
inspected is defined as 280°. In order to meet the precision
requirement of 0.2mm/pixel, eight high-resolution line-scan
cameras are employed as the key elements to collect tunnel
surface data. During the design phase, we assume that linescan cameras are distributed around the center of the tunnel.
The reality is that cameras are uniformly distributed along
the center of the tunnel circle evenly. As for the field view,
each line-scan camera can cover a 40° region. In addition,
the nearby cameras have a 5° overlapping of field view, in order to ensure the coverage of the tunnel surface. The distance
between each camera to the inspected region is about 2.5m.
During data collection, the equipment runs between the area
to be inspected to capture the whole data of the metro tunnel surfaces. To verify the precision requirement of tunnel
surface inspection, the accuracy is defined as follows:
𝐿𝑖𝑝𝑡
𝑅

,

(1)

where 𝐴𝑐𝑐 is the precision; 𝐿𝑖𝑝𝑡 is the region to be inspected
by a line-scan camera; 𝑅 is the corresponding resolution of
a camera. The region to be inspected by a line-scan camera
Dawei Li et al.: Preprint submitted to Elsevier

2𝜋𝑙𝜃 − 2𝜋𝑟𝛼
,
360°

(3)

where 𝛼 is the angle between one camera to the adjacent one;
𝑟 is the radius of the metro tunnel. Specifically, the covered
field 𝐿𝑐𝑣𝑟 of the metro tunnel surface data acquisition system
is illustrated as:
𝐿𝑐𝑣𝑟 =

𝐴𝑐𝑐 =

(2)

where 𝑙 is the distance of a camera to the inspected surface;
𝜃 is the field view of a line-scan camera.
To calibrate the line-scan cameras, the size of the overlapped regions should be identified. The overlapped region
is expressed by 𝐿𝑜𝑙𝑝 ,

r:2.75m

(a) Metro Tunnel Scene

2𝜋𝑙𝜃
,
360°

2𝜋𝑟𝑛𝛼
− (𝑛 − 1)𝐿𝑜𝑙𝑝 ,
360°

(4)

where n is the number of line-scan cameras. Through calculation, the acquired image precision is 0.16mm/pixel for
tunnels with 5.5m diameter and 0.17mm/pixel for tunnels
with 6.0m diameter in this study.

3.1.2. Frequency Setting
The aforementioned design of the data acquisition part
is the most important section for metro tunnel surface data
collection. Furthermore, moving and control parts are two
other essential components. As for the moving part, stability
is the top issue to be considered because of the high sensitivity of the line-scan camera to vibration, which can cause
distortion of the collected image data. For system control,
the camera acquisition frequency should cooperate with the
moving speed. In other words, the frequency setting is related to the system moving velocity and resolution accuracy.
The frequency 𝐹 is defined as:
𝐹 =

𝑉
,
𝐴𝑐𝑐

(5)

where 𝑉 is the moving velocity. The size of the collected images is pre-set, based on the memory of the image collecting
card.
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range. On the other hand, a coarse-to-fine method for image
stitching is applied to locate defects and prevent defect duplicate recognition from the image overlapped regions. The
pre-processing pipeline is presented in Fig.6.

3.1.3. Energy Consumption
Energy consumption is another significant matter to resolve, which is determined by system power and working
time. The system power consumption factors include data
acquisition, equipment moving, and system control. The
length of working time is approximately equal to the length
of the time window, which is about three hours per day. To
ensure the adequacy of the energy supply, the total needed
energy can be evaluated by adding the power consumption
of each module, for which 10% emergency power capacity of
power and 10% power decay are considered, which is computed as:
(6)

where 𝐸 is the total necessary energy; 𝑡 is the length of
working time; 𝑝 represents the percent of power decay and
emergency capacity of power; 𝑊𝑎 , 𝑊𝑚 and 𝑊𝑐 stand for
the power consumption of data acquisition, system moving
and control respectively. According to the evaluation result
of energy consumption, two lithium batteries with 48V and
40Ah each are applied to our system for energy supply.
Based on this scheme, we design a system to implement
metro tunnel surface data collection with a high precision,
as shown in Fig.5. To deploy the system conveniently, the
designed system has a modular design.

3.2. Image Pre-processing
The aim of data pre-processing is to enhance the features
of captured raw images, which can facilitate further analysis
of defect detection. On the one hand, the metro tunnel surface images captured by line-scan cameras with high moving speed keep a low contrast, due to the limited exposure
time during image collection, as shown in Fig.6(a). Focusing on the problem of the low contrast of captured raw image
data, we propose an adaptive image contrast enhancement
approach to balance the image contrast in a fixed reasonable
Dawei Li et al.: Preprint submitted to Elsevier

(b) Contrast-enhanced images

Figure 6: The pipeline of image pre-processing for metro tunnel surface data, including image contrast enhancement and
stitching.

Figure 5: Configuration of our metro tunnel surface inspection
system.

𝐸 = 𝑡 ∗ (1 + 𝑝) ∗ (𝑊𝑎 + 𝑊𝑚 + 𝑊𝑐 ),

Image
Stitching

3.2.1. Contrast Enhancement
In this paper, a contrast enhancement technique is presented to handle the problem of the low contrast of captured
images, which is caused by the insufficient light input of linescan cameras. An enhanced histogram equalization (HE)
method applied in [43] is adopted to improve the contrast
of tunnel images. The detailed explanation of our method is
presented as follows.
For a given image 𝐼, to count the proportion of a specific gray value intensity 𝑟𝑘 and 𝑟𝑘 ∈ 𝑟0 , 𝑟1 , 𝑟2 ,..., 𝑟𝐿−1 , the
probability calculation formula is presented as:
𝑝(𝑟𝑘 ) =

𝑛𝑘
,
𝑛

(7)

where 𝑘 = 0, 1, 2, ..., 𝐿 − 1; 𝑛𝑘 stands for the pixel number
of k-value intensity and 𝑛 is the total pixel number of an input image; 𝑟𝑘 represents a certain gray level of 𝐿 discrete
gray levels. Based on the probability calculation formula,
the cumulative function is described as 𝑠(𝑟),
𝑠(𝑟) =

𝑘
∑

𝑝(𝑟𝑘 ).

(8)

𝑖=0

To map the input image to a dynamic range of (𝑟0 , 𝑟𝐿−1 ),
the contrast enhancement method of HE [41] uses cumulative function as a transform function. To fit the transform
function to the contrast enhancement task of the metro tunnel surface raw images, a transform function based on the
cumulative function is defined as:
𝑡(𝑟) = 𝑟0 + (𝑟𝐿−1 − 𝑟0 ) ∗ 𝑠(𝑟),

(9)

Therefore, the enhanced image data 𝑇 by HE can be expressed by:
𝑇 (𝑖, 𝑗) = 𝜂𝑡(𝑟(𝑖, 𝑗)),

(10)

where (𝑖, 𝑗) represents the pixel coordinate; 𝜂 is the coefficient to adjust the pixel level.
In this paper, to improve the image quality adaptively, we
enhance the image contrast based on the image local region.
Page 5 of 15
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Figure 7: Images 1 and 2 are captured by adjacent cameras of MTSIS. Coarse-registration: the two captured images have a
common overlapped region with a fixed size due to the fixed camera position. Therefore, we can achieve a coarse-registration
based on the calibrated relative position of the cameras. Fine-registration: for image fine-stitching, templates were generated
of the overlapped region for the two images, which are based on the detected feature points. NCC is then adopted to search
the corresponding point pairs from the two images, by correlation calculation between the template and candidate regions.
Consequently, the registered relationship is identified.

Specially, we set the size of the sliding window for contrast
enhancement as 𝜔 × 𝜔 . Furthermore, to avoid discontinuity
among different enhanced regions, the sliding step length is
set as 𝜔/2.

3.2.2. Image Stitching
Image stitching is another component of pre-processing
to eliminate the disturbance for overlapped region defect detection. In this study, image stitching includes horizontal
stitching and vertical stitching, which are presented for stitching images captured by the same camera and adjacent cameras respectively. For image horizontal stitching, there is no
overlapped region between the two stitched images, so we
can merge the images saved by adjacent time directly. For
image vertical stitching, we propose a coarse-to-fine method,
coarse-registration and fine-registration, to calculate the transform matrix. We calculate the transform matrix, based on
the pre-calibrated camera positions, to achieve image coarseregistration. Note that, in this step, the images are captured
by different cameras with a fixed-resolution at the same time.
In the phase of image fine-registration, we first extract feature points from the overlapped region of two images by
the scale-invariant feature transform (SIFT) algorithm [44].
Next, a feature point from one image to be registered is set
as the center of a template, and the corresponding neighboring feature points are extracted from the other coarseregistered image. Based on the coarse-registration, it is accurate to search the corresponding point from the neighboring feature points of another image, which is efficient for
point pairs matching. Then, Normalized Cross Correlation
(NCC) [45] is applied to calculate the correlation of point
pairs for metro tunnel surface image fine-registration. Finally, high-correlation point pairs are extracted to compute
the transform matrix for image fine-registration, and our method
is expressed as SIFT-NCC, which is illustrated in Fig.7.

3.3. Defect Detection
Due to various complicated negative affects on metro
tunnels, structural damages may occur at any time, which
would lead to safety accidents during metro operation time.
Dawei Li et al.: Preprint submitted to Elsevier

The main structural damages include leakages, falling blocks
and cracks, which account for more than 90% of metro tunnel
structural defects. Especially, the cracks are the common defects in tunnels. To address these issues automatically and
effectively, we use an improved learning-based framework
for tunnel surface inspection, which is based on the Faster
RCNN [9].

3.3.1. Faster RCNN
At first, an image is fed into the backbone convolutional
neural network, such as VGG16, to generate multi-scale feature maps. Then, a region proposal network (RPN) is inserted to extract regions may contain defects based on the
last convolutional layer. Next, the extracted feature regions
are fed into the 𝑅𝑜𝐼𝑝𝑜𝑜𝑙𝑖𝑛𝑔 layer to fix the feature map resolution. Last, two fully connected layers are followed to decide the class of an extracted region and the bounding box
regression is estimated at the same time.
3.3.2. Network Architecture Improvement
Multi-layer feature fusion. With the depth improvement of convolutional neural networks, the feature semanticity is enhanced. However, the feature map resolution is also
dramatically reduced, which may blur crack feature, since
the cracks are thin. Therefore, the cracks are easily missed
during defects detection, if we extract the last convolutional
layer feature map for defect prediction. But, if we use the
low-lever feature map for tunnel surface defect detection,
the learned weights may achieve relative weak performance,
since it is semantically weak. To address these issues, we
propose a multi-layer fusion method to enhance the performance for tunnel surface inspection.
To ensure the feature maps being semantically strong and
resolution fine for defect detection, we fuse the multi-feature
maps from the backbone network. Take the VGG16 network
as an example, we extract the convolutional layers and fuse
the feature maps, as shown in Fig. 8. At first, the five convolutional layers before pooling are extracted and processed by
convolution and 𝑅𝑜𝐼𝑝𝑜𝑜𝑙𝑖𝑛𝑔 operations, to ensure the feature maps are in a fixed size before fusion. Then, the five
Page 6 of 15
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Figure 8: The enhanced network architecture based on Faster RCNN [9] for metro tunnel surface defect detection. The twostage objection detection framework includes a region proposal network (RPN) and an object classification module. The RPN is
responsible for proposal bounding box generation and the object classification module is in charge of scoring for the generated
proposals. To generate semantic feature maps with high resolution, we fuse multi-scale feature maps from the backbone network.
Furthermore, we adopt the improved four scales and five ratios to generate more representative anchors in RPN network.
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Figure 9:
The left is the region proposal network. The
right are generated anchors by each sliding window. And the
changed four scales and five aspect ratios (1:1, 1:2, 2:1, 1:4
and 4:1) are applied.

Algorithm 1: Defect Merging
input : An image 𝐼 with detected defects 𝐷𝑚 , the
panorama image 𝑃 with detected defects
𝐷𝑝
output: The merged defects 𝐷
for 𝑖 ← 1 to 𝑚 do
Search the neighborhood regions 𝑅𝑠 of 𝐼 from
the panorama image 𝑃
Search the defects 𝐷𝑠 in the regions 𝑅𝑠
for 𝑗 ← 1 to 𝑠 do
if 𝐷𝑗 ∈D𝑖 then
Merge the defect 𝐷𝑗 with 𝐷𝑖 as the
same one 𝐷
Rewritten the label 𝐿 on the merged
defect 𝐷
return 𝐷

processed convolutional layers are concatenated as a feature
tensor. Last, a convolution operation is followed to make
sure the fused feature map in a fixed resolution before fed
into the RPN network. Otherwise, to further enhance the localization accuracy, the 𝑅𝑜𝐼𝐴𝑙𝑖𝑔𝑛 is applied in this network.
Anchor enhancement. The special characteristic of the
two-stage object detection framework is that the last recognized results are dependent on the proposed regions. This
means that more representative region proposals would lead
to higher detection accuracy. However, the cracks are long,
and the length to width is high, which are difficult to be detected based on the primary Faster RCNN. To address these
issues, we propose an improved anchor generation approach
to further enhance the accuracy of tunnel crack detection.
The input of RPN is a 𝑛 × 𝑛 feature map generated from the
Dawei Li et al.: Preprint submitted to Elsevier

backbone network, and each sliding window is mapped to
a vector with a fixed size. The vector is then passed to two
fully-connected layers to regress the coordinates and score
the corresponding anchor boxes [9]. At each location of a
sliding window, 𝑘 anchor boxes are predicted and each anchor box is centered at the sliding window. To recognize
metro surface defects with mult-scales, we build our anchorbased method on a pyramid of anchors with four scales. The
resolutions of the anchor boxes are 642 , 1282 , 2562 and 5122 .
Moreover, the five changed aspect ratios (1:1, 1:2, 2:1, 1:4
and 4:1) are used to generate anchor boxes at each sliding
window to fit the high ratio of crack length to width, as illustrated in Fig.9. Moreover, we apply Focal Loss [46] as
our loss function for model training.
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Table 1
The efficiency comparision between our system and four
trained operators.

Table 2
The statistical inspection results of our system and the four
trained operatiors respectively.

Time

Data collection

Defect detection

Total time

Defects

Crack

Falling block

Leakage

Manual
MTSIS

0.5h

2.5h
1h

2.5h
1.5h

Manual
MTSIS

87
185

75
96

56
73

3.3.3. Defect Merging
During the phase of defect detection based on deep learning, the defects are usually cropped into different images and
fed into the network. This would lead to the wrong statistics
of the number of detected tunnel defects. To address this issue, we propose to merge the defects from different images
belonging to the same one. The method for defect merging
is illustrated in Algorithm 1.
The first step is to identify the neighborhood regions 𝑅𝑠
of the input image 𝐼 from the panorama image 𝑃 . Then, we
search the defects 𝐷𝑠 from the regions 𝑅𝑠 . Next, if the defect
𝐷𝑗 belongs to the regions 𝑅𝑖 which is nearing to the defects
𝐷𝑚 in the input image 𝐼, we would determine whether the
defect 𝐷𝑗 in the regions 𝑅𝑠 and the defect 𝐷𝑖 in the input image 𝐼 belong to the same one. Merge the defects belonging
to the same one as 𝐷 is then implemented. Finally, rewrite
the labels on the merged defect 𝐷.

4. Experiments and Results
To evaluate the stability and accuracy of MTSIS, a series of experiments have been conducted on a variety of real
metro tunnels.

4.1. Data Collection Module Test
To verify the stability of our data collection equipment
and prepare the dataset for deep learning-based framework
training, we construct a series of experiments in the tunnel
of Nanjing Metro Lines, which have been used for about 15
years. There are many defects, such as cracks, falling blocks,
and leakages. The diameter of the tested tunnel is 5.5m and
the test region is 1.2km with nearly 800 segments of lining.
To measure the efficiency and accuracy of our image collection equipment, we invite four professional inspectors to
check the same region for comparison, including inspection
time and reliability. Above all, tunnel inspection efficiency
is the essential section for consideration due to the short time
window for inspection. For comparison, four trained inspectors spend about 2.5 hours inspecting the Nanjing Metro tunnel with a length of 1.2 km. The result shows that metro tunnel surface data acquisition time using our collection equipment with a speed of 5km/h is about 0.5 hour, including assembling and disassembling time. The compared results of
working time are shown in Table 1. After data acquisition,
another 1 hour is spent to check the captured images by a professional man through naked eyes, after the end of the time
window. In order to improve the working efficiency, image
collection is implemented during the time window and image processing is executed afterwards.
Dawei Li et al.: Preprint submitted to Elsevier

Table 3
The technical parameters comparison of our MTSIS with MTI100 for tunnel inspection.
Parameters

MTI-100

MTSIS

Number of cameras
Number of pixels per line
Max line rate
Inspection range
Resolution
Max inspection speed
Suggested inspection speed
Time for assembly/disassembly
Total weight
Moving mode

6
7500
7.8k
270°
0.30mm/pixel
8.4km/h
3-5km/h
5min/3min
140kg
Manual

8
12288
66k
280°
0.15mm/pixel
15km/h
5-10km/h
3min/3min
65kg
Automated

Moreover, the reliability of the collected images is another vital section to evaluate. The compared results for
inspected defects are shown in Table 2. According to the
compared results, our system achieves a better performance
for tunnel surface defect detection than the manual based
method. The superiority of our method is much more prominent for crack detection. This is because most cracks are
small and hard to recognize by the naked eyes in the dark tunnel. Thus, the detected defect amount from the metro tunnel
by our system is superior to the four trained operators.
Moreover, we compare our data collection module of
MTSIS with the state-of-the-art equipment, MTI-100 [33],
for tunnel inspection, as shown in Table 3. Obviously, our
hardware part gets prior technical parameters than MTI-100
for tunnel surface data collection. In terms of the system
weight, our data collection module is 75kg lighter than MTI100, which is more suitable for application. Especially, the
resolution and moving speed of our system get a great progress
on the basis of guaranteed stability. Besides, our system is
fully automated.
In summary, our data collection module achieves a good
performance for metro tunnel surface data collection in terms
of efficiency and resolution, which are verfied by the comparison experiments. Moreover, our system gets a superior
function than MTI-100, which has achieved the state-of-theart performance for tunnel inspection.

4.2. Image Pre-processing
4.2.1. Contrast Enhancement
During image acquisition, the inadequate illumination
and dynamic situations may lead to lower contrast of captured images due to shorter exposure time for data collection.
To ensure the consistent contrast of images for tunnel defect
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Enhanced image

Horizontal stitching

Vertical stitching

Pixel number

Pixel number

Histogram

Image

Raw image

Raw images
Pixel value

Pixel value

Figure 10: An example of image contrast enhancement. The
first column shows the raw image and the corresponding histogram. And the second column presents the contrast enhanced result. The pixel intensity region of the enhanced image is more suitable for defect detection than the raw image.

detection, we apply the contrast enhancement method to improve the contrast. As shown in Fig.10, the first row presents
a raw image and the corresponding enhanced image; the second row shows the corresponding histograms. According to
the processed results, our method achieves a good performance for image contrast enhancement. Cracks are especially difficult to recognize in the raw images, since the most
cracks are small and hard to extract from the background efficiently, whereas the contrast enhancement method presented
in this paper achieves a good performance with few details
blurred. Besides, the enhanced images are also suitable for
defect detection by manual workers.

Stitched result

Figure 11: This is a stitched metro tunnel panoramic image.
The top raw images are collected from the Metro Line 1 of
Nanjing City. The bottom panoramic image is the stitched
result.

ognized defects.

4.3. Defect Detection Test
4.3.1. Dataset Preparation

We first collect hundreds of tunnel surface images containing defects from Nanjing Metro Lines. However, the
equipment speed cannot be exactly constant such as 5km/h.
4.2.2. Image Stitching
Hence, it inevitably generates distortion in images that capTo verify the effectiveness of our scheme for image stitchtured by line-scan cameras, owing to the slight varied speed.
ing, we perform an experiment on the images captured from
Fortunately, there is little effect caused by slight distortion
Metro Line 1 of the City of Nanjing. The tested data infor tunnel surface defect detection. We then pick the defeccludes 64 images captured and enhanced by our metro tuntive ones from the raw images to create our dataset. The
nel inspection equipment and contrast enhancement method.
number of the dataset is shown in Table 4. Firstly, the numAs for tunnel image horizontal stitching, we can merge the
bers (216, 195 and 298) of raw images containing cracks,
images directly, which have no overlapped regions between
falling blocks and leakages are selected for model training
the captured images by adjacent time. We apply the coarseand testing, which are in the high resolution of 20,000 ×
registration and fine-registration to stitch the captured metro
20,000. Seconding, to avoid overfitting caused by small data,
tunnel surface images collected by adjacent cameras. Furthe image processing techniques, such as random rotation,
thermore, NCC is used for point pairs’ correlation calculahorizontal and vertical flip etc., are used to further augment
tion. Consequently, our method for image stitching is more
our dataset. Moreover, to balance the number of training
accurate and efficient, since the coarse-registration elimisamples for different defects, we extract 700 images from
nates the search of feature points. This operation can save the
each defective class for training, and 80 images for testing.
computational resource and reduce the error rate in the proThirdly, during the phase of training and testing, the raw
cessing of image fine-registration, since the most irrelevant
feature points are excluded during the coarse-registration phase. images are cropped into the resolution of 2,000 × 2,000.
In addition, crack, falling block and leakage regions are laIn this paper, we complete the algorithm based on the image
beled manually by experts as ground truths. Moreover, the
processing library of OPENCV. As a result, the stitched tuncaptured real tunnel images contain rigid conduct rail, wall
nel surface panoramic image is shown in Fig.11. Due to the
lamp, cable bracket, etc., which are easily classified as the
prior knowledge based on coarse-registration, our tunnel imdefective ones. To address this issue, another 2100 negative
age stitching method achieves good performance. This not
samples are added for tranining.
only can help avoid defect repetitive detection from the images’ overlapped region but also supply localization of recDawei Li et al.: Preprint submitted to Elsevier
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are counted.

Table 4
The number of our dataset for training and testing.
Defect

Crack

Falling block

Leakage

Raw data
Augmented data
Training data
Testing data

216
1044
700
80

195
780
700
80

298
1192
700
80

4.3.2. Training Process
In this paper, a multi-layer feature fusion network based
on Faster RCNN is proposed. The detailed description of the
training process is illustrated as follows: At first, the backbone network is initialized by a pre-trained model. Then, the
RPN network is trained based on the fixed object proposals
and optimized jointly with back-propagation for the region
proposal task. Next, the detector is trained using the proposals generated by the RPN. Moreover, to ensure the RPN and
detector share the fused feature map, the detector network is
applied to initialize the RPN network. At the same time, the
shared convolutional layers are fixed. Finally, based on the
fixed convolutional layers, we fine-tune the unique layers of
the RPN network and the detector network separately.
4.3.3. Training Details
In this study, our deep learning-based model training is
based on a Pytorch framework built under a windows system.
The experimental environment is described as follows: a
Core i7-8700K CPU with 3.70GHz, and an NVIDIA GeForce
GTX 1080 Graphic Processing Unit (GPU) card with 8 GB
memory.
During the training process, given an image with ground
truth annotations, an anchor will be defined as a positive one,
when the Intersection over Union (IoU) score is higher than
0.5 with any annotated ground truths. By contrast, an anchor will be defined as a negative one, when the score is
less than 0.3. For RPN training, four scales and five ratios
are applied for anchor generation. We choose 256 anchors,
including 128 positive and 128 negative anchors, to form a
mini-batch. Every selected anchor is used for classification
loss calculation, using binary cross-entropy. In this study,
SGD is adopted for gradient descent calculation and the momentum is set as 0.9. During training, the learning rate of the
first 20k iterations is set as 0.005 and the last 40k iterations
are set as 0.0001.
4.3.4. Evaluations
For defect detection, precision (𝑃 ), recall (𝑅), mean average precision (𝑚𝐴𝑃 ), macro precision (𝑀_𝑃 ), and macro
recall (𝑀_𝑅) are usually employed for the performance evaluation and the calculation formulas are defined as Equations
(11-15). Specifically, the 𝑀_𝑅 and 𝑀_𝑃 can be used to
evaluate the percentage of missing detected objects and precision of multi-class object detection respectively. Especially,
the 𝑀_𝑅 is more important for defect detection in practice.
To compute the statistical indicators, true positive (𝑇 𝑃 ), true
negative (𝑇 𝑁), false positive (𝐹 𝑃 ) and false negative (𝐹 𝑁)
Dawei Li et al.: Preprint submitted to Elsevier

𝑃 =

𝑇𝑃
,
𝑇𝑃 + 𝐹𝑃

(11)

𝑅=

𝑇𝑃
,
𝑇𝑃 + 𝐹𝑁

(12)

𝑀_𝑃 =

1∑
𝑃,
𝑛 𝑖 𝑖

(13)

𝑀_𝑅 =

1∑
𝑅,
𝑛 𝑖 𝑖

(14)

𝑚𝐴𝑃 =

1∑
𝐴𝑃𝑖 ,
𝑛 𝑖

(15)

where 𝑖 indicates the category of defect, and 𝑛 is the number
of defect classes.

4.3.5. Comparisons with Learning-based Detectors
To test the performance of our deep learning-based algorithm, we compare our method with the several state-ofthe-art learning-based object detection frameworks, including Faster R-CNN [9], version 3 of You Only Look Once
(YOLOv3) [47], Single Shot MultiBox Detector (SSD) [34]
and R-FCN [48]. To make a fair comparison, all these algorithms use the same training dataset collected via our system and annotated by professional inspectors. Furthermore,
VGG-16 [49] is adopted as the backbone network of these
object detection frameworks to evaluate the effectiveness of
our method for metro tunnel surface defect detection. During the phase of testing, the resolution of the patches fed
into the DCNN is 2,000×2,000, which are cropped from the
panoramic images. As shown in Fig.12, the defect detection results by our method are more reliable than the several
classical object detection frameworks. Especially for crack
detection, the superiority of our method is more prominent.
Region free-based methods (YOLOv3 [47] and SSD [34])
discard generation of region proposals so that the performance for small object detection is inferior to region-based
methods. In contrast to region-free methods, region-based
detection methods (Faster RCNN [9] and R-FCN [48]) get
better performance than region free-based approaches. However, these classical region-based detection frameworks have
an unsatisfactory performance in detecting tunnel surface
cracks, due to their high ratio of length to width. Our enhanced Faster RCNN achieves a better performance to detect tunnel surface defects, since our approach provides a semantic feature map with high resolution for region proposal
generation and regression. Table 5 shows the 𝑀_𝑅, 𝑀_𝑃
and 𝑚𝐴𝑃 of the proposed algorithm for metro tunnel surface
defect detection, as well as the several classical object detection frameworks. Especially, the recall is calculated based
on the 𝐼𝑜𝑈 threshold setting of 0.5. According to the statistical results, our method achieves 97.0% 𝑀_𝑅, 93.6% 𝑀𝑃
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Figure 12: Some examples for metro tunnel surface defect detection by our method, Faster R-CNN [9], YOLOv3 [47], SSD [34]
and R-FCN [48].
Table 5
The compared results with learning-based detectors for metro tunnel defect detection.
Method
SSD [34]
YOLOv3 [47]
R-FCN [48]
Faster RCNN [9]
Ours

𝑚𝐴𝑃

𝑀_𝑅

𝑀_𝑃

𝑃𝑐𝑟𝑎𝑐𝑘

0.761
0.774
0.796
0.813
0.885

0.868
0.890
0.899
0.914
0.970

0.849
0.865
0.872
0.903
0.936

0.820
0.841
0.863
0.892
0.934

and 88.5% 𝑚𝐴𝑃 on our test set, while SSD [34] achieves
86.8% 𝑀_𝑅, 84.9% 𝑀_𝑃 and 76.1% 𝑚𝐴𝑃 ; YOLOv3 [47]
achieves 89.0% 𝑀_𝑅, 86.5% 𝑀_𝑃 and 77.4% 𝑚𝐴𝑃 ; RFCN [48] achieves 89.9% 𝑀_𝑅, 87.2% 𝑀_𝑃 and 79.6%
𝑚𝐴𝑃 ; Faster R-CNN [9] achieves 91.4% 𝑀_𝑅, 90.3% 𝑀_𝑃
and 81.3% 𝑚𝐴𝑃 .
The several state-of-the-art learning-based frameworks
Dawei Li et al.: Preprint submitted to Elsevier

𝑃𝑓 𝑎𝑙𝑙𝑖𝑛𝑔𝑏𝑙𝑜𝑐𝑘
0.843
0.862
0.871
0.897
0.927

𝑃𝑙𝑒𝑎𝑘𝑎𝑔𝑒
0.884
0.891
0.882
0.919
0.946

perform well in metro tunnel surface defect detection. Compared with these methods, our approach gets a prior performance in terms of metro tunnel defect detection.
After defect detection by the learning-based method, defect merging is implemented afterwards based on the stitched
panoramic images. Specifically, the adjacent defects belonging to the same category are merged together. Then, the
Page 11 of 15

Advanced Engineering Informatics
Table 6
The compared results with other relative methods for metro tunnel surface defect detection.
Method

𝑚𝐴𝑃

𝑀_𝑅

𝑀_𝑃

𝑃𝑐𝑟𝑎𝑐𝑘

Li et al. [38]
Cha et al. [41]
Xue et al. [42]
Ours

0.758
0.799
0.817
0.885

0.872
0.911
0.928
0.970

0.855
0.862
0.872
0.936

0.827
0.915
0.863
0.934

(a) Cropped defects

(b) Merged defects

Figure 13:
An example of tunnel defect merging. (a) is
the cropped images with detected defects. (b) is the stitched
image with merged defects.

merged defects are labeled based on the boundaries of premerged defects. Moreover, the labeled score is the average
value of the pre-merged defect scores. An example of the
defect merging is shown in Fig.13.

4.3.6. Comparisons with Other Relative Methods
To further evaluate the accuracy of our defect detection
method, we make a comparison with [38, 41] and [42], which
are proposed to detect defects in concrete surface images recently. Li et al. [38] used the shared bottom layers (layers
from Conv1 to Conv4 of the ZF network) to fuse the shared
feature maps (feature maps of the Conv4 layer), and employed the defect detection network (DDNet) to implement
the concrete surface defect detection, which is constructed to
estimate the bounding box coordinates of defect regions and
the likelihood of each proposed region belonging to a certain type of defect. Xue et al. [42] presented a region-based
fully convolutional neural network to detect and locate tunnel lining defects. Cha et al. [41] introduced a deep learningbased method for crack damage detection. They proved that
learning-based methods outperform traditional image proDawei Li et al.: Preprint submitted to Elsevier

𝑃𝑓 𝑎𝑙𝑙𝑖𝑛𝑔𝑏𝑙𝑜𝑐𝑘
0.882
0.857
0.871
0.927

𝑃𝑙𝑒𝑎𝑘𝑎𝑔𝑒
0.856
0.814
0.882
0.946

cessing methods.
To ensure fairness for comparison, all these approaches
use the same training data and annotations. After training,
the 𝑚𝐴𝑃 , 𝑀_𝑅, and 𝑀_𝑃 metrics are applied to evaluate
the performance for metro tunnel surface defect detection.
Specially, the recall is also based on the 𝐼𝑜𝑈 threshold setting of 0.5. In addition, the input images of the backbone
networks are cropped from the stitched panoramic tunnel
images and resized to 2000×2000. The detected results are
presented in Table 6; and the PR curves are shown in Fig.14.
From the detected results, we can find that all of these methods achieve good performance for metro tunnel surface defect detection. However, these approaches are inferior to our
algorithm. Specially, the method in [38] has not considered
the problem of long crack detection, so it has relative weak
performance to handle the long crack features. The algorithm of [42] applies R-FCN to detect defects, which is inferior to our method, because the proposed regions by our
method are more representative. [41] shows a good performance for crack detection, while the method has weak performance to recognize falling blocks and leakages, since the
network is not suitable for multi-defect classification. Our
method achieves the best performance for metro tunnel surface defect detection. The reason is that our framework proposes more reliable regions for the detection of crack, falling
block, and leakage features. Consequently, the generated
feature map for defect localization and classification is semantic with higher resolution, which is more suitable for
crack detection.
In summary, our MTSIS achieves good performance for
metro tunnel defects detection, which is efficient and reliable. Moreover, our system has been applied to a variety of
real metro tunnel inspection tasks in practice. An example of
defect detection result is shown in Fig.15, which is intuitive
for defect searching and localization.

5. Conclusions and Future Works
5.1. Conclusions
Metro tunnel surface defect detection is a fundamental
consideration for tunnel maintenance to ensure the safety of
metro operation. To meet the urgent-demand of a method
to inspect metro tunnel surfaces efficiently and effectively,
we design an automatic MTSIS which includes a data collection module and a defect detection module. For the data
collection module, we design a vision-based metro tunnel
surface data collection equipment to achieve image acquisition with a high frequency during the short time window.
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Figure 14: PR curves for the metro tunnel surface defect detection results. (a) is the PR curves for leakage detection; (b) is
the PR curves for falling block detection; (c) is the PR curves for crack detection.
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Figure 15: An example of defect detection from the metro tunnel panoramic image. Some detected defects are extracted and
presented in the top of the figure.

For the data processing module, image pre-processing and
defect detection methods are employed to improve image
quality and detect defects respectively. Image contrast enhancement and stitching methods are implemented to preprocess the captured tunnel surface images for the preparation of tunnel defect detection via a deep learning-based
method. Based on the prepared image data, we propose to
use a convolutional neural network for metro tunnel surface
defect detection, which has achieved a better performance
Dawei Li et al.: Preprint submitted to Elsevier

than the state-of-the-art methods for concrete surface defect
detection.

5.2. Future Works
At the current stage, the designed metro tunnel data collection system achieves data acquisition at high speed. However, the image processing method is implemented afterwards.
To further improve the efficiency of our system, a real-time
image processing system is the next target to accomplish.
As for defect detection, we achieve better performance for
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cracks, falling blocks, and leakages localization and classification, while defect grade assessment has not been achieved
yet. To assess the defect severity, defect segmentation with a
high accuracy is an essential issue to settle, which is another
future research topic.

[19]

[20]
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