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Chapter 1

Introduction

1.1 Background

With the growth of the global economy, various infrastructures such as tunnels, bridges, and

viaducts have been constructed successively. These structures play pivotal roles in both economic

development and transportation. In Japan, a significant portion of the infrastructure built during

the rapid economic growth period is aging, and the number of inspectors is also decreasing due

to labor shortages caused by the aging population [1]. The maintenance and management costs of

Japan’s infrastructure are expected to increase significantly after 20 years. Thus, reducing costs

and improving efficiency in ensuring safety and managing the maintenance of existing infrastruc-

ture have become pressing concerns for the government.

In recent years, governments worldwide have put digitalization on the agenda, and so as digi-

talization of the infrastructure construction and maintenance field. To address the aforementioned

situation, the Japanese government is taking action. In the revitalization strategy proposed by

the Japanese government in 2016, which aimed to explore the application of new technologies,

such as robots, across various fields, including infrastructure maintenance management, and to

promote research, development, and verification of related technologies. Additionally, following

the government strategies, the Ministry of Land, Infrastructure, Transport, and Tourism proposed

the i-Construction to initiate the development and application of next-generation technologies, in-

cluding the development and application of automated infrastructure maintenance management

technologies.

Among various infrastructure components, aging bridges and tunnels are considered major
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problems in transportation infrastructure. In particular, subway lines primarily consist of tun-

nels [2], and the window for inspecting these tunnels is brief, typically between the end of one

work shift and the beginning of another. Therefore, a rapid and automated inspection method is

required.

In research aimed at enhancing infrastructure maintenance and management, various methods

have been proposed for automatic inspection. These methods employ conventional defect detec-

tion, robots, and other technologies [3–5]. However, even when these methods are implemented in

inspection tasks, the final decisions regarding necessary countermeasures for inspected sites must

be made by humans. There remains a need for technologies that directly assist engineers in this

process. In the literature [2], one method for rapid automatic inspection involves detecting defects

from images captured by visible light cameras. The paper presents a practical system that verifies

cracks by photographing the inner surface of tunnels using a vehicle-mounted camera. Further-

more, in the literature [6,7], methods to detect cracks with high accuracy from images of the inner

surface of tunnels were proposed. However, since various defects such as water leakage, junctions,

and others appear in tunnels in addition to cracks, there is a need for automatic multi-scale defect

detection methods.

Recently, the field of computer vision has seen significant improvements in image recogni-

tion performance due to the emergence of deep learning, which has proven useful in various

tasks [7–11]. Therefore, it is anticipated that image recognition technology will facilitate the

development of detectors capable of automatically identifying defects in infrastructure. Deep

learning-based methods have outperformed traditional methods that use handcrafted image fea-

tures to detect defects in infrastructure [12]. However, when developing deep learning methods

to detect defects in infrastructure images, three main challenges persist: high-resolution image

processing, multi-scale defect detection, and shortage of sub-pixel object detection capabilities

issues.

• High-resolution image problem. In the first challenge, infrastructure defects often occupy

small areas within the large image regions. This requires adapting the model to handle the

foreground-background imbalance and developing a defect detection mechanism suitable

for high-resolution images.
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• Multi-scale defect detection problem. To address the second challenge, it is crucial to rec-

ognize that infrastructure can exhibit a variety of defects that differ in size, type, and subse-

quent implications for repair strategies. Therefore, simultaneous detection of these diverse

defects is essential.

• Sub-pixel object detection problem. Cracks and other sub-pixel anomalies comprise a sig-

nificant portion of infrastructure defects, often blended with similar structures in the back-

ground. Thus, it is imperative to enhance the sub-pixel object detection capability.

1.2 Research purpose

To address these issues, the contributions of this thesis are summarized as follows.

• This thesis explores the application of deep learning methods to high-resolution infrastruc-

ture imagery datasets.

• This thesis improves the semantic segmentation framework and optimizes the dataset to

improve the ability of multi-scale defect detection and alleviate the problem of foreground

and background imbalance in the data.

• This thesis improves the network’s ability to detect sub-pixel anomalies while maintaining

multi-scale detection capabilities. The proposed method improves the detection ability of

the model in the infrastructure dataset and provides efficient spot-check support for practi-

tioners in this field.

Specifically, I first develop a collaborative method using different deep-learning models, com-

bining the strengths of fully convolutional network (FCN) and convolutional neural network (CNN)

to capture defects across various scales. FCN, designed to be input-resolution-independent, can

handle high-resolution images efficiently. Next, I further develop a defect detection approach using

U-Net to reduce the computational load of previous methods to improve usability and merge the

benefits of FCN and CNN with proven efficacy. The network structure was refined by introducing

a defect detection technique using the atrous spatial pyramid pooling and inception modules to ac-

commodate a wide array of defects. This effectively tackles issues such as background-foreground

imbalance, multi-scale objects, and feature resemblance. By integrating these modules with the
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U-Net architecture, the proposed method surpasses the traditional FCN-based techniques. Finally,

to improve the detection accuracy of sub-pixel objects, I introduce the HRNet as the backbone and

introduce an attention mechanism to enhance the ability of the network to detect sub-pixel objects.

The remainder of this thesis consists as follows. In Chapter 1, the background and objectives of

this research are introduced. In Chapters 2 and 3, related works of semantic segmentation and the

details of the dataset used in this research are respectively introduced. In Chapter 4, a CNN-based

defect detection method is presented. Chapter 5 focuses on the combination of FCN and CNN

methods for high-resolution subway tunnel images. In Chapter 6, the limitations of CNN and FCN

in tunnel image defect detection are discussed, and a new U-Net-based defect detection method

is proposed. In Chapter 7, I compare the constructed U-Net-based defect detection method with

various semantic segmentation methods and confirm the effectiveness of the proposed approach

in identifying issues such as long-tail problems and inadequate accuracy in detecting sub-pixel

objects during the application process. In Chapter 8, an improved version of U-Net is proposed

to enhance the capability of the defect detection method. In Chapter 9, a new HRNet-based net-

work architecture is proposed to enhance the robustness of the defect detection method. Through

these modifications, the efficacy of the proposed enhancement approach in improving the detec-

tion accuracy is confirmed. Finally, in Chapter 10, I provide a summary of this thesis, highlighting

its contributions, limitations, and potential directions for future research. Figure 1.1 shows the

relationships among the research ideas, strategies, and chapter structure in this study.
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Figure 1.1: Overview of issues and solutions in this research.
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Chapter 2

Related Works

2.1 Introduction

Firstly, the development of semantic segmentation methods is described in Section 2.2. There-

after, I summarize previous studies on maintenance and management support for infrastructure

facilities in Section 2.3 and summarize them in Section 2.4.

2.2 Review of semantic segmentation

Reference [13]

The authors addressed the limitations of traditional convolutional neural networks (CNN),

which are primarily designed for image classification, by proposing an architecture that

can perform pixel-level predictions. The key idea of FCN is to replace the fully connected

layers of CNN with fully convolutional layers, thereby enabling the network to accept input

images of arbitrary sizes and produce dense predictions with the same spatial dimensions

as the input. This is achieved by adjusting the stride of the convolutional layers to one and

employing appropriate up-sampling techniques to restore the output resolution.

Reference [14]

SegNet architecture is built on a CNN with an encoder-decoder structure. The encoder

network consists of multiple convolutional and pooling layers that progressively extract

and encode hierarchical features from the input image. These layers help to capture both

low-level details and high-level semantic information. The key advantage of SegNet is its
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high memory efficiency. By using pooling indices for up-sampling, SegNet avoids storing

redundant information and significantly reduces memory requirements compared with other

segmentation networks.

Reference [15]

U-Net architecture is structured as an encoder-decoder network with skip connections. The

encoder module captures high-level semantic features through a series of convolutional and

pooling layers, progressively reducing the spatial resolution while increasing the depth of

feature maps. U-Net demonstrated exceptional performance in numerous segmentation

tasks, particularly in scenarios with limited training data. Its ability to capture both local

details and global context has made it especially effective in biomedical image segmenta-

tion, where the precise delineation of structures is critical. U-Net applications include cell

segmentation, tumor detection, and organ segmentation.

Reference [16]

RefineNet is a multi-path refinement network designed for high-resolution semantic seg-

mentation. By incorporating coarse-level and fine-level sub-networks and iteratively refin-

ing predictions, RefineNet effectively captures global and local information, resulting in

accurate and detailed segmentation results. Specifically, at each stage, the coarse-level sub-

network takes as input low-resolution feature maps and produces initial predictions. These

predictions are then up-sampled and combined with the fine-level sub-network, which op-

erates on higher-resolution feature maps. The fine-level sub-network further refines predic-

tions by capturing more detailed information and incorporating fine-grained spatial context.

Reference [17]

PSPNet is a pyramid scene parsing network that captures multi-scale contextual informa-

tion using pyramid pooling modules. It achieves accurate segmentation by integrating global

and local contexts. The backbone network extracts hierarchical features by combining low-

level details with high-level semantics. The pyramid-pooling module aggregates informa-

tion from different scales by dividing the feature maps into regions and applying pooling

with various window sizes. The ability of PSPNet to incorporate both local and global

contexts contributes to its influence on semantic segmentation.
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Reference [18]

DeepLab v2 is a deep CNN designed for semantic image segmentation. It employs atrous

convolution, dilated convolutions, and fully connected CRFs to capture context and refine

segmentation results. With an encoder-decoder architecture, it extracts high-level semantic

features using atrous convolution in the encoder and performs up-sampling in the decoder.

The network incorporates dilated convolutions and post-processing with CRFs for improved

accuracy along object boundaries and efficient handling of large receptive fields, which

make DeepLab v2 a classic and influential network in the field of semantic segmentation.

Reference [19]

DeepLab v3+ is a renowned semantic segmentation network that improves accuracy and

efficiency. It uses an encoder-decoder architecture with atrous separable convolutions. The

encoder captures high-level features, while the feature pyramid network enhances repre-

sentation. Atrous separable convolutions reduce parameters. The decoder performs up-

sampling and incorporates skip connections.

Reference [20]

DANet is a classic semantic segmentation network known for its dual attention mechanism,

which captures both global and local dependencies. It incorporates spatial and channel

attention modules to enhance feature representations and improve segmentation accuracy.

DANet has achieved great performance in semantic segmentation tasks, making it a signifi-

cant network architecture in the field.

Reference [21]

HRNet is a classic semantic segmentation network known for its ability to handle high-

resolution input images effectively. It maintains high-resolution representations throughout

the network using parallel sub-networks and a multi-resolution fusion strategy. By preserv-

ing fine details and combining local and global context, HRNet achieves state-of-the-art

performance in semantic segmentation tasks.

Reference [22]

SegFormer is a notable semantic segmentation network that combines transformers with

CNN. It captures global context and dependencies using self-attention mechanisms while
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maintaining computational efficiency. By fusing local and global information and leveraging

a hierarchical segmentation head, SegFormer has demonstrated competitive performance in

this field.

Reference [23]

SwinTransformer is a cutting-edge semantic segmentation network that incorporates trans-

formers into computer vision tasks. It utilizes a hierarchical structure and shifted windows

to efficiently capture local and global dependencies. SwinTransformer achieves accurate

segmentation by modeling fine-grained details and high-level context.

Reference [24]

Mask2former is a classic semantic segmentation network that combines mask-based meth-

ods with transformers. It introduces a layered self-attention mechanism to capture local and

global context, improving segmentation accuracy. By incorporating iterative mask propaga-

tion and transformer encoders, Mask2former achieves state-of-the-art performance in dense

image prediction tasks.

Reference [25]

Segment everything model (SAM) is a novel instance segmentation model which gains the

capacity to segment any object in any image. SAM can be used as a foundation model for

image segmentation, as it can be easily adapted to different domains and tasks with simple

prompts. SAM is also efficient and scalable, as it can run on a single GPU and handle

high-resolution images.

2.3 Review of deep-learning method based on real-world dataset

Reference [26]

An automatic defect detection and classification method using tunnel images taken from a

charge-coupled device camera is proposed. Specifically, the acquired images are input to

the FCN model to compute image features, and then the obtained image features are used

in the RPN (a network that estimates candidate object regions) [27] and Position-sensitive

RoI pooling [28], which is a network that estimates candidate object regions (RPN), and
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performs defect detection. The authors show that the method has higher detection efficiency

than Fast R-CNN [27], and can detect and classify multiple types of tunnel defects.

Reference [29]

The authors constructed a method for detecting defects in visualized images taken from

subway tunnels. In this method, the obtained images are first divided into patches, and then

the divided patches are input to CNN (LeNet) [30] for defect detection. Experimental results

show that the method achieves higher accuracy in defect detection than the method using

image features for identification.

Reference [31]

The authors constructed a CNN-based method for detecting cracks from visualized images.

In this method, the authors constructed a novel detector based on CNN (MatConvNet) [32]

to detect cracks with higher accuracy, because the detection problem is improved by the

external environment such as light exposure in conventional edge detection studies.

Reference [33]

The authors proposed a method for detecting defects in subway tunnels using laser data. In

this method, defect detection is performed using a full convolution network in 2D unfold-

ing images of tunnel walls acquired by a 3D laser. Subsequently, the authors employed a

loss function specifically designed to address class imbalance during the network training

process. This approach effectively minimized the learning focus on image regions devoid

of defects, which are abundant, thereby achieving exceptional accuracy in pixel-level defect

detection.

Reference [34]

The authors proposed a crack detection method using deep learning in images captured from

a high-resolution camera of an unmanned aerial vehicle (UAV). Specifically, the UAV is

used to generate a model based on point clouds, and then the generated model is input to the

R-CNN [35] of transition learning to detect and survey cracks on the surface of structures.

Field tests show the effectiveness of the method.

Reference [36]
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A fast defect detection and analysis system in subway shield tunnels is proposed in this

paper. Specifically, the system detects and quantitatively analyzes defects in highly accurate

tunnel surface images captured from a multi-array CCD camera using intelligence analysis

technology. Then, based on the automatic detection results, the type, morphology, and

distribution characteristics of the structural damage are analyzed, and the causes and factors

affecting the structural damage are concluded.

Reference [37]

The authors proposed a system to inspect and measure cracks in concrete structures and to

provide objective crack data for safety assessment. Specifically, the system consists of a

robot system and a crack detection system. The robot system is controlled to maintain a cer-

tain distance from the wall while acquiring image data with a charge coupled device (CCD)

camera. The crack detection system used image processing to extract crack information

from the acquired images. To ensure accurate crack recognition, the geometric properties

and patterns of cracks in the structure were applied to the image processing routines. The

proposed system has been validated in the laboratory and in actual tunnel experiments.

Reference [38]

A defect detection method using texture analysis was proposed. In this method, various fea-

tures are calculated from the concentration co-occurrence matrix calculated for each pixel.

The method calculates various features from the density co-occurrence matrix calculated

for each pixel, and classifies each pixel using a nonlinear Support Vector Machine [39] to

estimate the area of defects. Visualization of subsurface rock structure using drilling data.

Reference [40]

The authors proposed a method for estimating the defect area from images of defects (mainly

cracks) on roads. The proposed method uses three types of texture features: features ob-

tained by morphological transformation, features obtained by Fourier transform, and fea-

tures obtained by applying Steerable filter [41], respectively. AdaBoost is used to learn the

obtained features to enable highly accurate region estimation.

Reference [42]

The authors proposed a method for estimating the defect area from images of structural
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defects. By using color features, texture features, geographic information (e.g., symmetry

and shadows of the captured area), and spatial information (e.g., the existence of a center

line in the middle of a paved road) as features to be used, the method is able to estimate

the defect areas of various types of structures. The system is able to estimate various defect

areas of various structures.

Reference [43]

An edge detection method for road structure defects was proposed. The atrous algorithm

enables the accurate removal of artificial noise in the defect image.

Reference [44]

The identification of fissures in asphalt surfaces via advanced image processing techniques

was proposed. In this method, contrast enhancement is achieved through gray-scale trans-

formation, median filtering, and histogram homogenization. These steps facilitate efficient

noise reduction and edge detection. Additionally, accurate crack detection is achieved by

employing segmentation through binarization.

Reference [45]

A structural inspection method employing a convolutional neural network based on fast

regions (Faster R-CNN [27]) was proposed for detecting multiple types of defects. It is

also compared to methods based on the conventional CNN. Considering that the proposed

method provides a very fast testing speed (0.03 seconds per image at a resolution of 500

× 375 pixels), a framework for quasi-real-time damage detection in video using trained

networks has been developed.

Reference [46]

A crack detection method in steel bridges using an infrared camera was proposed for highly

accurate nondestructive evaluation of structures. The effectiveness of this method is demon-

strated by nondestructive evaluation of structures using infrared thermography.

Reference [47]

The authors proposed an automatic image processing method for detecting cracks in con-

crete structures. The method includes two steps: (1) development of image filters to detect
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Figure 2.1: Research map of related studies.

major cracks using genetic programming, and (2) filtering out obscure cracks and removing

residual noise after detection by iteratively applying the image filter to local regions around

the cracks. As a result of the above, the proposed method can accurately detect cracks in

structures recorded under various conditions.

2.4 Summary

Based on related research, the primary aim of this thesis is to utilize the semantic segmenta-

tion method to address the challenges and gaps in earlier inspection-supporting technologies. To

achieve this goal, I made several improvements and conducted experiments in data augmentation

and network structure design. The effectiveness of the proposed method will be evaluated using

high-resolution images of subway tunnels. This thesis aims to demonstrate the performance im-

provements of the proposed method in real-world applications through experiments. Figure 2.1

shows a research map that summarizes the related research described above.
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Chapter 3

Dataset in Research

3.1 Introduction

This chapter describes the inspection data used in this thesis. During the actual inspection, the

inspector saves a visual image from the defect site as the inspection data. In the following section,

the characteristics of the defects are explained.

3.2 Defect evaluation

This section describes the defect assessment during the inspections. During routine inspec-

tions of road structures, the condition of the structure is evaluated through close visual inspection.

The engineers must record both their own name and the name of the person inspecting the road

structure, and take close-up and far-away images of the location where the change has occurred.

Finally, the captured images of the altered state and inspection records are used to create an inspec-

tion report. Subsequently, the inspection results are discussed based on the images and records.

Following these evaluations, appropriate maintenance and management measures are taken.

For the dataset used in this study, high-resolution subway tunnel images captured by a special

vehicle equipped with multiple sensors and cameras are used, and each image is stitched using

different tunnel surfaces. Different representatives of these images come from different subway

lines, and their construction periods and maintenance statuses are different; therefore, the difficulty

of spot inspection during the maintenance process is also different.

In most concrete structures, the main defects in subway tunnels are categorized into three types:

cracks, peeling, and water leakage. In tunnels, peeling is considered to be a major hidden danger
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that threatens the safe operation of railways and is the key object of investigation, while other

defects such as cracks and water leakage are rated according to the following criteria:

A1: major hidden dangers: measures must be taken immediately to repair.

A2: potential safety hazard, and repair as soon as possible.

A3: there is a tendency to become a threat and take repair measures when necessary.

B: leaving it alone may develop into the A level and focus on monitoring when necessary.

C: little impact on the status.

D: no defects.

Table 3.1 lists the defects that exist in the subway tunnel, whereas Fig. 3.1 shows the corre-

sponding anomalous damaged areas and their structure types. Figs. 3.2- 3.5 show other examples.
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Table 3.1: Defects exits in subway tunnel.

Number name
01 Peeling and chipping
02 Peeling and floating
03 Crack (0.3 mm–0.5 mm)
04 Crack (0.5 mm–1 mm)
05 Crack (1 mm–2 mm)
06 Crack(2mm+)
07 Patch plate
08 Cold joint
09 Junk
10 Patching (intermediate pile)
11 Alligator crack
12 Repair of Deterioration
13 Decorative panel
14 Construction repair
15 Precipitate area
16 Masonry joint
17 Exposed reinforcing steel
18 Water leakage
19 Construction repair
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(a) Peeling and chipping (b) Peeling and floating (c) Crack (0.3 mm–0.5 mm)

(d) Crack (0.5 mm–1 mm) (e) Crack (1 mm–2 mm) (f) Crack(2mm+)

(g) Patch plate (h) Cold joint (i) Junk

(j) Patching (intermediate pile) (k) Construction repair (l) Precipitate area

Figure 3.1: Examples of defects existing in tunnel shield structure.
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(a) (b)

Figure 3.2: Example of image version 1.

(a) (b)

Figure 3.3: Example of image version 2.
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(a) (b)

Figure 3.4: Example of image version 3.

(a) (b)

Figure 3.5: Example of image version 4.
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Chapter 4

Defect Detection Method in Subway
Tunnels Based on CNN Method

4.1 Introduction

In this chapter, a method for classifying defects using the CNN approach is proposed. Although

many methods utilize image features for defect detection in previous detection techniques, they

generally detect only a single category of defects. To achieve high-precision detection of multi cat-

egories defects, I employ deep learning to construct a defect classifier. In Section 4.2, an overview

of the CNN and residual module is introduced. The training and defect detection methods are de-

tailed in Sections 4.3 and 4.4 respectively. The effectiveness of the proposed method is evaluated

experimentally in Section 4.5. Finally, a summary is provided in Section 4.6.

4.2 Overview of CNN and residual module

CNN is a forward-propagating neural network. Its typical structure interweaves the convo-

lutional and pooling layers, and eventually connects them to fully connected layers. The main

process involves extracting features from input pixels through a hierarchical structure composed

of convolutional and pooling layers before classifying them with fully connected layers.

Specifically, each layer performs the following calculations. In the convolution layer, the input

Xl ∈ RW×W×K of size W × W with K channels obtained from the immediately preceding layer l

is combined with M rectangular filters Fl of size H × H. And each element of the input Xl is

xl
i, j,k(i = 1, 2, · · · ,W, j = 1, 2, · · · ,W, k = 1, 2, · · · ,K) and each element of the rectangular filter is
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h(l)
p,q,m(p = 1, 2, · · · ,H, q = 1, 2, · · · ,H,m = 1, 2, · · · ,M). Each element x(l+1)

i, j,m of the output from

the m th filter to the l + 1 th layer is calculated using the following equation:

x(l+1)
i, j,m = f (z(l+1)

i, j,m ), (4.1)

z(l+1)
i, j,m =

K∑

k=1

{ H∑

p=1

H∑

q=1

xs·i+p,s· j+q,kh(l)
p,q,m

}
+ bm, (4.2)

where f (·) denotes the activation function. In addition, bm represents the bias, which is often

dependent only on the filter m. In addition, s represents the filter interval movement (stride),

where the stride is large. Consequently, the output size is decreased.

Next, in the pooling layer, the output of the convolutional layer is used as the input, producing

one output value from its local region. Specifically, when the input X(l) ∈ RW×W×K of size W ×W

with k channels is derived from the previous convolutional layer in the l th layer, a P × P square

area Pi, j,k ∈ RP×P centered on the input element (i, j) in channel K is considered. From the values

of j,k and, the output value x(l+1)
i, j,k is calculated using the following equation:

x(l+1)
i, j,k = max

x(l)
i, j,k∈Pi, j,k

x(l)
i, j,k, (4.3)

Eq. (4.3) describes max pooling, and the stride of Pi, j,k is generally set to a value of 2 or more.

Finally, in the fully connected layer, when all the input values from the previous l th layer are

x(l)
t (t = 1, 2, · · · ,T ), the output value xl+1

u for unit u in the (l + 1) th layer is calculated using the

following equation:

x(l+1)
u = f (ul+1

u ), (4.4)
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ul+1
u =

T∑

t=1

{
ωt,ux(l)

t

}
+ bu, (4.5)

where ωt,u is the weight of the input value t when calculating the output value to unit u, and bu

is the bias. When the objective is classification, the number of units in the last layer is set as C,

which is equal to the number of classes, and the input of the last layer xc(c = 1, 2, · · · ,C) is used

to calculate the belonging probability pc of each class and then calculate the classification results

ŷ. The specific equations are as follows:

pc = P[y = c|xc] =
exp(xc)

∑C
c=1 exp(xc)

, (4.6)

ŷ = arg max
c

pc, (4.7)

where y represents the true class label. As previously mentioned, the CNN extracts and classifies

features from the input pixel values. This enables simultaneous calculation and classification of

features that align with the objective.

Then, the characteristics of the residual network are introduced. The main contribution of the

residual network is that it addresses the vanishing gradient problem during deep network training.

Specifically, it uses two strategies, identity mapping and residual mapping, to address the degra-

dation issue. Specifically, the deep network is structured as H(x) = F(x) + x, and the learning

objective is to learn the residual function F(x) = H(x) − x. If F(x) = 0, this results in an identity

map H(x) = x, making it simpler to fit the residuals. In other words, the network will continue

to deepen, and F(x) will be pushed to 0, leaving only identity mapping x. With this design, the

network will always be maintained in the optimal state in theory, and it will not cause performance

drops by increasing the network depth.
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Table 4.1: The network of architecture with residual modules used in the proposed method.
Layer name Output size Layers

Conv 0 200 × 200 7 × 7, 32, stride 2
- 100 × 100 3 × 3, 32, stride 2

Conv 1 100 × 100


3 × 3, 32
3 × 3, 32


 × 5

- 50 × 50 3 × 3, 64, stride 2

Conv 2 100 × 100


3 × 3, 64
3 × 3, 64


 × 5

- 50 × 50 3 × 3, 128, stride 2

Conv 3 25 × 25


3 × 3, 128
3 × 3, 128


 × 5

- 1 × 1 average pool, 2-d fc, softmax

4.3 Training of defect detector using residual module based CNN

network

First, patches of v × v pixels are calculated from the subway tunnel image, and a correct label

indicating whether or not a defect is included is assigned to each patch. However, if a patch with a

slight defect at the edge of the patch is given the correct label of“defect area,”it will be difficult to

distinguish it from a patch without any defect. Therefore, this situation should be avoided. I apply

the folding processing of v−d
2 (d ≤ v) pixels and determine whether the region of the center d × d

pixels of the obtained patch contains a defect, through which the correct label can be determined.

In addition, by setting the patch slide width such that the central areas of adjacent patches overlap,

all defects are included in the central area of one of the patches. Next, I train the network, whose

architecture is shown in Table 4.1, using defect patches to build a defect detector.

4.4 Defect detection in subway tunnel images

The subway tunnel images are divided into N patches in the same manner as the dividing method

described above, and it is unknown whether defects are included. Furthermore, all the obtained

patches are the previously learned residual modules. By defining n(= 1, 2, · · · ,N) as the input,

the probability p+n that the patch contains defects and the defect detection result ŷn are calculated.
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Then, the calculated p+n is assigned to the central region of d × d pixels of each patch. Depend-

ing on the slide width for calculating the patches, there is a case where the central areas of the

patches overlap; therefore, the average of those probability values is given to the overlapped ar-

eas. Through the above processing, the proposed method enables the calculation of the probability

value that each patch contains a defect and realizes the automatic detection of the presence or

absence of defects in subway tunnel images.

4.5 Experiment

In this section, the proposed method is applied to subway tunnel images, and its detection accu-

racy is compared with that of conventional methods using FCN and CNN. In this experiment,

154,372 patches calculated from 10 images of subway tunnels are used as training data, and

102,960 patches calculated from 6 images of subway tunnels are used as test data. The size of

each patch is 400× 400 pixels (w = 200), and the size of the central area of the patch is 220 pixels

(d=220). The sliding width of the patches is set to 100 pixels. The ResNet in this experiment is

ResNet50, and the number of training epochs is 50.

The comparative methoda are the traditional FCN and CNN methods. Specifically, I construct

an FCN that identifies whether wide-area defects, such as peeling or water leakage, are included.

Next, a CNN is constructed to identify narrow-area defects, such as several types of cracks. The

final defect detection result is obtained by sequentially inputting the images to be identified in the

trained FCN and CNN. The model for the FCN is FCN-8s based on VGG16 [48] and fine-tuned

with the PASCAL VOC 2011 dataset. For the CNN, I used LeNet [30] and employed dropout

in the fully connected layer, where the units to be connected are selected to prevent over-fitting

during the training. The detection recall for each method is listed in Table 4.2.

4.6 Summary

In this chapter, a defect detection method for images of subway tunnels using a CNN is pro-

posed. The experimental results demonstrate that the method based on the ResNet architecture

achieves higher detection accuracy than the traditional CNN and FCN models. However, the ef-

fectiveness of CNN and FCN needs to be further explored. In the next chapter, I aim to construct a
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Table 4.2: Recall of each defect.
ResNet CNN(LeNet) FCN

Peeling and chipping 0.912 - 0.236
Peeling and floating 0.832 - 0.224

Crack (0.3 mm–0.5 mm) 0.794 0.643 -
Crack (0.5 mm–1.0 mm) 0.937 0.900 -
Crack (1.0 mm–2.0 mm) 0.956 0.943 -

Crack (2,0 mm+) 0.908 0.921 -
Junk 0.740 - 0.312

Repair of deterioration 0.933 - 0.457
Construction repair 0.913 - 0.413

Masonry joint 0.904 - 0.276
Exposed reinforcing steel 0.865 - 0.144

Water leakage 0.902 - 0.336

composite model to verify the detection effectiveness of multi-scale targets of the FCN and CNN

models.
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Chapter 5

Defect Detection Method Based on CNN
and FCN Method

5.1 Introduction

This chapter describes a method for detecting defects in subway tunnels using FCN and CNN.

The previous chapter shows that the accuracy of the FCN model is insufficient, which does not

match the characteristics of the FCN model. Therefore, in this chapter, I adjust the dataset and

training method for the FCN model and further propose the defect detection method using the

combination of CNN and FCN (hereinafter called “proposed method”). In the literature [29], the

author demonstrated that training the CNN model with small patches can improve the detection

capacity of small defect objects such as cracks. Still, it is hard to accurately detect large defect

objects such as water leakage. Smaller patches mean larger training data and slower training

speed. Considering computational efficiency and overall accuracy, the CNN model is tasked with

detecting small defect objects and the FCN model is dedicated to identifying large defect objects.

Specifically, I divide the subway tunnel image into large patches and construct an FCN model that

discriminates whether large defect objects are included. The input image is then divided into small

patches, and a CNN model is constructed to identify whether small defect objects are included.

And in the test phase, the defect detection result is obtained by sequentially inputting the images

to be analyzed to the trained FCN and CNN.

The defect detection method is explained in Section 5.2. And the Section 5.3 explains the

experiment settings and results. Finally, Section 5.4 summarized this chapter.
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5.2 Defect detection method in subway tunnels using FCN and CNN

The proposed method consists of the process of learning an FCN to detect large defect objects

that appear in a wide area, learning a CNN to detect small defect objects, and detecting defects

using the FCN and CNN. The following section describes the training of the FCN model for large

defect object detection in Subsection 5.2.1, and the training of the CNN model for small defect

object detection in Subsection 5.2.2. Finally, the testing phase explained in Subsection 5.2.3.

5.2.1 Learning FCN to detect large defect objects

The FCN replaces all fully connected layers of existing CNN model, such as AlexNet [49] with

convolutional layers and converts all processing to filtering. Specifically, all fully connected layers

that are directly connected to the convolutional or pooling layer are replaced by convolutional

layers with a filter of the same size as the input and 1 × 1 kernel size. These replacements make

constructing a network independent of input image size possible and allow the entire image to be

input, thus enabling faster classification than classifying multiple patches using CNN. In addition,

the FCN integrates deep and shallow layer outputs into the network to achieve more accurate pixel

classification. Specifically, the outputs of the middle layer are repeatedly up-sampled, performed

using bilinear interpolation to the same size and added together, and finally up-sampled to the

same size as the input image for pixel-level classification. This enables a detailed understanding

of the content and location of defects in the image. In addition, when training the above network,

weights learned in existing networks for classification purposes can be used as weights, except

for the replaced all-combining and added layers. Therefore, it enables efficient learning using the

fine-tuning model.

In the following experiments, I define the following types of defects as those that appear over

a wide area: peeling and chipping/floating, junk, patch plate, cold joint, patching (intermediate

pile), repair of deterioration, precipitate area, construction repair, water leakage, and repair due

to deterioration. The obtained image is then divided into multiple large patches Xi ∈ RH×W(i =

1, 2, ..., I); I is the total patch number. By inputting each patch Xi from the subway tunnel image

into the learned FCN, the estimation probability is Yi ∈ RH×W×(K+1), where each pixel contains

irregularities. The value of K is set to 1 for the discrimination of whether there is a defect. By
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applying the above process to all patches, the identification result Yi ∈ RH×W×(1+1) for the entire

image of the subway tunnel is obtained. This process enables the classification of defects that

appear over a wide area.

5.2.2 Learning CNN to detect small defect objects

CNN is a forward propagating conjunctive neural network consisting of alternating convo-

lutional and pooling layers, followed by multiple fully connected layers. By inputting small

size patches into the CNN, it is expected to be able to detect small defect objects. In the ex-

periments that follow, I define the following defects as those that appear in narrow areas: de-

lamination/flaking, cracks, cold joints, specific-shaped cracks, decorative panels, openings, and

joints. The proposed method divides the subway tunnel image into small patches X̂i ∈ RĤ×Ŵ(i =

1, 2, . . . , i; i present the number of total patches). However, Ĥ < H and Ŵ < W to make the input

patch size smaller than the FCN input patch.

In the proposed method, I construct a CNN model to detect defects for each patch, similar to

that in the literature [29]. In this case, the sliding width of the patches is set such that the central

regions of adjacent patches overlap so that all defects are included in the central region of one of

the patches. However, if the central regions of the patches overlap during the test, the average

probability of being an irregular region is assigned to the overlapped region. This method above

enables the detection of small detect objects.

5.2.3 Defect detector of proposed method

The proposed method inputs test images to the FCN and CNN to obtain the final defect detection

results. Specifically, patch segmentation is first applied as in Subsection 5.2.1, and then each patch

is input to the FCN to detect defects that appear over a wide area. Then, patch segmentation

strategy in 5.2.2 is applied, and patches with less than T% of the area estimated to be defective by

CNN are selected. It should be noted that T = 30 is set in the subsequent experiments. The defects

that appear in the narrow region are detected by inputting the selected patches into the CNN. The

method outlined allows us to detect both large and small defect objects in the test image.
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Table 5.1: The detection results of each model.
Mean acc Mean IoU Recall Precision F-value

FCN 0.493 0.455 - - -
CNN - - 0.463 0.331 0.386

5.3 Experiment

In the experiment, 596 tunnel images are used as training data and 48 as test data. Specifically,

for the FCN, 321,435 patches are used as training data, and 138,397 patches are used as test data.

The size of each patch is set to 500× 500 pixels, and the sliding width of the patches is 250 pixels.

The FCN model is FCN-8s based on VGG16 [48], and the PASCAL VOC2011 dataset is used for

fine-tuning the pre-trained model. For the CNN, a total of 7, 994, 732 patches are used as training

data and 3,542,375 patches as test data. The T mentioned in the preamble is set to 30. The size

of each patch is set to 200 × 200 pixels, and the size of the central area of the patch is set to 110

pixels. The sliding width of each patch is set to 50 pixels. ReLU is used as the activation function

of the CNN, and a dropout method is employed in the fully connected layer to select the units to

be combined, preventing over-fitting.

In the experiments, different metrics are applied to evaluate the detection capacity of both mod-

els. Because the FCN model performs defect detection on image pixels, the detection accuracy

of the proposed method is evaluated using the mean acc and mean IoU according to the liter-

ature [13]. For the CNN model, which performs defect detection capacity on the patches, the

detection accuracy of the proposed method is evaluated using precision, recall, and F-measure, as

described in the literature [8].

The experimental results are shown in Table 5.1. The experiment results show that the FCN and

CNN models perform well with defect detection capabilities in their respective tasks. Therefore,

the effectiveness of the proposed method is demonstrated.

5.4 Summary

In this chapter, I propose a method for defect detection in subway tunnel images using FCN and

CNN. Specifically, the proposed method uses an FCN model to classify large defect objects and a

CNN model to classify small defect objects. Although the overall accuracy has been improved to
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a certain extent, the training part of the CNN requires too much training data and a long training

time, and using two models at the same time is not conducive to application. Therefore, in the

next chapter, defect detection using only the FCN is explored.
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Chapter 6

U-Net-based Segmentation Method for
Defect Detection

6.1 Introduction

In this chapter, a defect detection method for subway tunnels based on U-Net is proposed. U-

Net [15] is based on VGG16 [50], and it comprises a fully convolutional network that adopts a

structural decoder. U-Net is capable of learning using an arbitrary image size as input, segmenting

regions in units of pixels, and storing spatial position and detailed information by combining

features. Since U-Net has such properties, it is considered effective for objects other than general

images. Therefore, this chapter proposes a defect detection method for subway tunnel images

based on U-Net with the aim of realizing pixel-level defect detection. Pixel-level defect detection

is realized by dividing the image into small regions (patches) and constructing a network that

identifies whether each patch contains defects, such as cracks and water leaks pixel-level defect

detection is realized.

Section 6.2 explains the defect detection method using U-Net. Experiments and discussion are

given in Section 6.3. The summary of this chapter is presented in Section 6.4.

6.2 Defect detection method using U-Net

In the proposed method, a U-Net-based method is constructed to realize pixel-level defect de-

tection. U-Net is a fully convolutional network that adopts a structure called encoder-decoder.

Specifically, U-Net consists of three networks: encoder, bridge, and decoder, which alternately
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Table 6.1: The performance of the proposed method and the three comparative methods.
Model IoU Recall Precision F-value
Proposed Method 0.325 0.419 0.592 0.491
SegNet [14] 0.113 0.092 0.553 0.158
FCN full-training [13] 0.220 0.347 0.530 0.419
FCN fine-tuning [13] 0.239 0.495 0.315 0.385

connect convolutional and pooling layers. A bridge is constructed only from convolutional layers

and realizes the connection between the encoders and decoders. The decoder is a network in which

an up-sampling layer, a feature connection layer, and a convolution layer are alternately connected,

and it is possible to store spatial position information using the feature connection layer.

In the proposed method, the following two changes are made to U-Net to realize defect detection

from subway tunnel images.

Novel point 1: Add 1 convolutional layer to all encoder and decoder convolutional blocks.

Also 3 convolutional layers and 1 max-pooling layer are added to the encoder and decoder input

sides, respectively. Consequently, the depth of the network is improved, and it becomes possible

to capture more detailed defect features.

Novel Point 2: Set the maximum value of the feature map channel to 256. Generally, in U-Net,

during the upsampling process of the decoder, the output of each upsampling is combined with

the low-dimensional features obtained from the encoder. By changing this size, the number of

learning parameters can be reduced, which can increase the training speed.

Thus, it is possible to construct a U-Net model that can detect defects in both narrow and wide

areas with high accuracy.

6.3 Experiment

In this experiment, 268,170 patches obtained by dividing 30 subway tunnel images (hereinafter

referred to as images) are used as the training data. The size of each image is 10,000×12,088,

10,000×12,588, and 10,000×13,488 pixels. In addition, 71,818 patches obtained from 6 images

are used as validation data, and 356,048 patches obtained from 12 images are used as test data.

The size of each patch is 256 × 256 pixels and the slide width is 64 pixels.
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I compare the accuracy of the proposed method with the fully convolutional network adopted in

multiple semantic segmentation tasks that have been proposed in recent years. The accuracy of full

training and fine-tuning is also examined. In this experiment, 20 epochs of learning are performed

for all methods. Recall rate, precision rate, F-value, and IoU are used for accuracy evaluation.

Table 6.1 lists the defect detection accuracy of each method. The experimental results demon-

strate the effectiveness of the proposed method for detecting defects in subway tunnel images. As

shown in Fig. 6.1, it is confirmed that the U-Net of the proposed method is superior to that of the

comparison method in terms of the detection accuracy of narrow-area defect and wide-area defect.

Based on the above results, the following conclusions are obtained.

1. By adopting a fully symmetrical encoder-decoder structure of U-Net, I can obtain higher

detection accuracy than FCN and DeepLab v3+ for multi-shape defects.

2. The effectiveness of using a feature combination layer is demonstrated because the proposed

method had higher accuracy than SegNet, which employs an encoder-decoder.

3. A comparison between U-Net and ResU-Net confirmed the effectiveness of selecting VGG

for the network structure.

6.4 Summary

In this chapter, a defect detection method for subway tunnel images based on U-Net is inves-

tigated. The experiments demonstrated the effectiveness of the proposed method. To explore the

effectiveness of U-Net, in the next chapter, more comparative methods will be added, and the

advantages and problems of these methods will be analyzed.
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(a) Original image (b) Ground truth

(c) Estimated region

Figure 6.1: An example of detection result of my method. (a) the original image, (b) the ground
truth region image and (c) the estimated region image.
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Chapter 7

Further Validation of U-Net-based
Defect Detection Method

7.1 Introduction

In this chapter, defect detection in subway tunnels based on semantic segmentation is studied.

The proposed method is explained in Section 7.2. Experiments are conducted to confirm the

effectiveness of the proposed method in Section 7.3. The results and findings are summarized in

Section 7.4.

7.2 Defect detection based on semantic segmentation method

In this section, I describe my proposed defect detection method based on semantic segmentation.

Since subway tunnel images are high-resolution, the learning phase of the proposed method is

based on patch segmentation, and the defect regions are learned for each patch. Specifically,

patches are segmented to overlap each other by a certain width, and these segmented patches are

input into a network using various semantic segmentation methods to learn the defects at the pixel

level.

Next, in the test phase, I perform patch segmentation as in the previous method, and input all

obtained patches into the trained network. This is followed by pixel-level defect detection for

each patch. However, when merging the results obtained from each patch, the superimposed areas

caused by the slide width are assigned the average of the probability values for the superimposed

pixels. This process results in pixel-level defect detection.
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In the subsequent sections, each network employed in the learning process is described.

7.2.1 Fully convolutional network (FCN)

In FCN [13], all processing is converted to filtering by replacing all coupling layers of existing

CNNs such as AlexNet [12] and GoogLeNet [50] with convolution layers. Specifically, I replace

all the coupling layers with convolutional layers that have a filter of the same size as the input. In

addition, the convolutional layer with a filter size of 1× 1 is used between all the coupled layers.

Note that the number of units of all joined layers is the number of filters in the convolutional layer.

The above replacement enables us to construct a network independent of the size of the input

image.

Furthermore, FCN introduces the integration process of the outputs of the deep layer and the

shallow layer into the network in order to achieve more accurate pixel classification. Specifically,

the outputs of the middle layer are repeatedly up-sampled and added, and finally up-sampled to the

same size as the input image to perform pixel-level classification. The up-sampling is performed

by bi-linear interpolation. This allows us to obtain detailed information about the defects and their

locations in the image. In the training of the above network, the weights other than those of the

replaced all-joining layers and the added layers can be the weights learned in the existing networks

for classification purposes. Therefore, fine tuning enables efficient learning.

7.2.2 U-Net

U-Net [15] is an all-convolutional network that employs a structure called encoder-decoder.

Specifically, U-Net consists of three networks called encoder, bridge, and decoder. In encoder, sev-

eral convolutional layers and pooling layers are alternately connected. The bridge is constructed

from only convolutional layers and realizes the connection between the output of encoder and the

input of decoder. The decoder is a network of alternating connections among the up-sampling

layer, the feature combination layer, and the convolutional layer, in which the convolutional lay-

ers of the encoder and the decoder are symmetric. U-Net is characterized by the preservation of

spatial location information by feature combination. The feature maps output from each layer of

encoder are directly concatenated with the feature maps of the corresponding layer of decoder to
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capture the detailed information of pixel-level regions.

This section describes the difference between the network structure of U-Net and FCN. The

U-Net and FCN approaches are similar in that they integrate feature maps from the previous layer.

In FCN, the feature maps of different layers are merged by adding the values of each channel,

whereas in U-Net, the feature maps output by encoder are added to the feature maps of decoder

as a separate channel. At the same time, the network structure of FCN is different from that of

U-Net in that FCN is not symmetrical, and there is a loss of detailed information. Based on these

differences, FCN and U-Net are distinct.

Residual U-Net [51] is a model in which all convolutional units of the U-Net are modified with

residual blocks, and the residual structure is effective in preventing gradient loss even when the

layers are deep.

7.2.3 SegNet

SegNet [14] has an encoder-decoder structure similar to that of U-Net. However, unlike U-Net,

the network structure uses a mean pooling layer instead of a feature combination layer.

7.2.4 DeepLab v3

DeepLab v3+ [19] extends DeepLab v3 by adding a simple and effective decoder module for

recovering object boundaries. DeepLab v3 is an all-convolutional network built on ResNet [52].

Specifically, the ASPP structure is connected to the output of the convolutional layer of ResNet,

and the encoder-decoder structure is applied. The ASPP structure is a dilated convolution model

that extends the receptive fields in the feature map. This structure is considered to be especially

effective in detecting wide-area defects when context information is captured at multiple scales.

7.3 Experiment

In this section, experiments are conducted to verify the effectiveness of each semantic segmen-

tation method. 7.3.1 describes the experimental conditions and 7.3.2 presents the experimental

results.
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7.3.1 Experiment settings

In this experiment, I use 30 subway tunnel images (hereafter referred to as images) provided by

Tokyo Metro Co., Ltd. A total of 268,170 patches obtained by dividing the total number of images

into segments are used as training data. The training data consists of patches both with and without

pixel-level variables. Each patch is annotated with the presence or absence of pixel-level defects.

71,818 patches from 6 images are used as validation data, and 356,048 patches from 12 images

are used as test data. The resolution of each image is either 10,000 × 12,088, 10,000 × 12,588, or

10,000 × 13,488 pixels. For the patch segmentation, the size of each patch is 256 × 256 pixels,

and the slide width is 64 pixels. In training, data expansion by Random Cropping and Random

Flipping is performed. The size for cropping is set to 224 × 224 pixels. I used the stochastic

gradient descent method as the learning algorithm for all-layer convolutional networks, and the

value of the parameter of the Momentum term is set to 0.9. In order to suppress overlearning,

WeightDecay is used, and its value is set to 0.001. And the learning rate is set to 0.001. In my

experiments, the batch size is set to 16, and the number of learning epochs is set to 20.

I evaluated the detection accuracy by calculating Intersection over Union (IoU), Recall, Preci-

sion, and F-value as shown in the following equations, based on the estimation results for the test

data.

IoU =
TP

TP + FP + FN
, (7.1)

Recall =
TP

TP + FN
, (7.2)

Precision =
TP

TP + FP
, (7.3)

F − value =
2 × Recall × Precision

Recall + Precision
, (7.4)

where TP, FP, and FN are the number of true positive, false positive, and false negative pixels,

respectively, when the class with defect is taken as a positive example.

I apply several recently proposed semantic segmentation methods to this task and compare their

accuracies. I also examine the accuracy of FCN, the most basic of the semantic segmentation
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(a) (b) (c)

(d) (e) (f)

Figure 7.1: The detection result of ground truth and U-Net．(a), (d) present original image. (b),
(e) present the ground truth，(c), (f) is the detection result of each images.

methods, for full training and fine-tuning. I use cross-entropy as the loss function in training the

network. For the weighted cross-entropy in the proposed method, the values of Cp and Cn are set

to 0.95 and 0.05, respectively. These values are determined based on the number of pixels with

and without defects in the training data.

7.3.2 Experimental results

Table 7.1 shows the defect detection accuracy for each method. The experimental results suggest

that semantic segmentation is also effective in detecting defects in subway tunnel images. On

the other hand, the results obtained in this experiment are not sufficient for practical use, and

further improvement of the accuracy should be considered. From the experimental results, the

following conclusions can be drawn: From the comparison of the results of FCN full-training

and U-Net, the effectiveness of the encoder-decoder structure, especially the symmetric Encoder-

Decoder structure, for detecting defects in subway tunnels is confirmed.

Comparing the results of FCN full-training and FCN fine-tuning, the fine-tuning network is
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Table 7.1: Result of each semantic segmentation methods.

Method Recall Precision F-value IoU
FCN full-training [13] 0.347 0.530 0.419 0.220
FCN fine-tuning [13] 0.495 0.315 0.385 0.239
U-Net [15] 0.419 0.592 0.491 0.325
ResU-Net [51] 0.209 0.480 0.291 0.173
SegNet [14] 0.092 0.553 0.158 0.113
DeepLab v3+ [19] 0.344 0.383 0.310 0.184

also effective for the defect detection task of subway tunnels by using general images. From the

comparison of the results of U-Net, SegNet and FCN full-training, the feature fusion of encoder

and decoder is more effective than that of encoder and decoder connected in series for the defect

detection task of subway tunnels. DeepLab v3+ has the best detection accuracy for the region

segmentation task of general images, but the effectiveness of DeepLab v3+ has not been con-

firmed in this experiment. Optimization and modification of the network is needed for the region

segmentation task of tunnel images. From the experimental results of U-Net and ResU-Net, the

method of applying Residual block in U-Net is not effective for the defect detection task in the

subway tunnel. From the experimental results, the validity of the Aspp model of DeepLab v3+ is

not confirmed.

In the following, I discuss the experimental results for the method using U-Net, which has the

best classification accuracy. Figure 7.1 illustrates the detection results of the proposed method.

The number of undetected pixels is larger than the number of false positives when compared to

Precision and Recall. Additionally, many undetected defects are visible across a wide area in the

visualized images. Conversely, some areas also show undetected defects in narrower regions. The

possible causes of the undetected defects include. When the encoder feature map is reduced, the

location information is lost. There is an imbalance in the number of pixels of each defect type.

When the decoder is up-sampling, there’s a loss of detail information combined with the encoder’s

lower-dimension information.
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7.4 Summary

In this chapter, I evaluated various methods alongside the U-Net architecture. My conclusions

are as follows. The U-Net model requires further improvement for practical multi-scale object

segmentation. There are issues, such as false detection due to foreground and background imbal-

ances. Additionally, the precision in fine object segmentation is suboptimal, leading to reduced

overall accuracy.
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Chapter 8

Defect Detection of Subway Tunnels
Using Advanced U-Net Network

8.1 Introduction

Through the demonstration of the effectiveness of the semantic segmentation network in the pre-

vious chapters, I have established the technical route for using the semantic segmentation method

for supporting tunnel image defect inspection. Next, I will discuss the relevant problems in the

current results.

The main remaining problems discussed in the chapter 7 can be explained as follows.

Problem 1: Subway tunnel images contains a high resolution and limited areas of defects.

Hence, the problem of imbalance between the background and foreground in datasets is prominent.

Problem 2: Defects in subway tunnels contains multi-scale variations. It is necessary to distin-

guish these types since the repair operation is different depending on the defect type.

Problem 3: The dataset contains a large proportion of sub-pixel objects (various cracks). The

lack of detection accuracy and misdetection of these objects have a significant impact on the

accuracy of the model and will also mislead the inspectors in the actual application process.

Hence, it is desirable to devise more effective network architectures that can recover the details

of defects in subway tunnel images and improve the detection accuracy for multi-scale defects.

This chapter mainly focuses on Problems 1 and 2.

To solve the above problems, I focus on U-Net [15], one of the most widely used methods in

biomedical image segmentation tasks. The skip connection method of U-Net, which can con-
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catenate up-sampled feature maps with feature maps skipped from an encoder, makes it possible

to capture details and location information about objects effectively. U-Net and its variants have

achieved impressive segmentation results in computer vision tasks, particularly in detecting multi-

scale objects [53–56]. Since the crack features in this task are long and thin, it is necessary for

the network to maintain these features with high resolution. Specifically, small objects (such as

cracks) are mainly captured by the high-resolution layers, whereas large objects (such as water

leakage) are mostly captured by the low-resolution layers. It is easy to add extra modules or

change the architecture to improve the detection capacity for different segmentation objects in this

task because of its concise architecture. Thus, U-Net architecture is suitable for this task.

In this chapter, an improved version of the U-Net architecture is proposed. To solve the Prob-

lem 1, I adjust the image dataset to balance the background and foreground images to overcome the

problem of background examples dominating the gradients. To solve the Problem 2, the network

architecture is optimized using the following strategies. First, I replace all convolution blocks of

the U-Net architecture with inception blocks [57]. Because the inception module consists of four

different branches with different kernel sizes and enlarges the receptive field of the network, it can

improve network adaption to different scales of features. This improvement increases the capacity

to detect multi-scale defects. In addition, for the same purpose, the first convolution layer of the

bridge layer is replaced with an atrous spatial pyramid pooling (ASPP) module from DeepLab

v2 [18]. It can realize more precise detection and mitigate the overfitting problem by combining

these structures.

Contributions of this chapter are summarized as follows.

• I propose an advanced U-Net method for defect detection using subway tunnel images.

• I design an architecture that can capture the characteristics of various defects. The experi-

mental results show the effectiveness of the newly proposed architecture.

8.2 Related works

In this section, related works on the U-Net family is discussed.

In 2015, the U-Net architecture was proposed. As a well-known biomedical image segmenta-

tion network, the U-Net features a completely symmetric encoder-decoder structure, U-Net ex-
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(a) (b)

Figure 8.1: Examples of subway tunnel images used in this study. (resolution: 1 mm/pixel, image
size: 12, 088 × 10, 000 pixels).

tracts features from the same size convolutional layers and concatenated with corresponding up-

sampling layers; thus, high-level or low-level feature maps can be preserved and inherited by the

decoder to obtain more precise segmentation accuracy. After that, its variants were proposed in

the following years and are still applied to real-world segmentation tasks today.

Commonly improved variants of U-Net focus on redesigning convolutional modules and mod-

ifying down- and up-sampling. Specifically, various methods such as TernausNet [58], Res-

UNet [59], Dense U-Net [60], and R2U-Net [55] have been proposed. For example, Tenaus-

Net replaces the encoder part with VGG11, Res-UNet and Dense U-Net replace all submodules

with residual-connection and dense-connection modules, and R2U-Net combines recurrent con-

volution and res-connection as a submodule. U-Net++ [53] and U-Net 3+ [54] hope to increase

multi-scale target detection capacity. The main advantage of these variants is that, with different

receptive fields, they can capture features at varying scales, enabling them to adapt more effec-

tively to object variations at different scales.
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(a) (b) (c)

(d) (e) (f)

Figure 8.2: Example of defect images. (a–f) represent cracks, cold joint, construction repair,
deposition, peeling, and trace of water leakage, respectively. (resolution: 1 mm/pixel, image size:
256 × 256 pixels).

8.3 Dataset

In this section, I explain the inspection data used in my study. Fig. 8.1 shows examples of the

subway tunnel image data. The size of the high resolution images is approximately 12, 088 ×

10, 000 pixels or 12, 588 × 10, 000 pixels. With 1mm/pixel resolution, these images can be con-

sidered as high-resolution images. Typically, analyzing high-resolution images requires enormous

computer resources, and such image sizes are not used in the input of deep learning models. On

the other hand, the resizing process results in the loss of fine-scale defects. I solve this problem by

the patch division processing.

Fig. 8.2 shows defect patch examples divided from original images ( (a) cracks, (b) cold joint,

(c) construction repair, (d) deposition, (e) peeling, and (f) trace of water leakage). As shown in

Fig. 8.2, each type of defect has its own characteristics, such as different texture edges and color

features. As for a two-class segmentation task, this intra-class variance will cause false alarms.

For instance, the size and color of cracks (Fig. 8.2 (a)) are different from those of traces of water

leakage (Fig. 8.2 (f)).

Next, in Fig. 8.3, I show divided patch examples of background images that have no defects:

(a) cable, (b) concrete joint, (c) connection component of overhead conductor rail, (d) passage
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(a) (b) (c)

(d) (e) (f)

Figure 8.3: Example of background images. (a–f) show cable, concrete joint, connection compo-
nent of overhead conductor rail, passage tunnels, overhead conductor rail, and lighter, respectively.
(resolution: 1 mm/pixel, image size: 256 × 256 pixels).

tunnels, (e) overhead conductor rail, and (f) lighter. In Fig. 8.3, some of them have characteristics

similar to those of defect images, which can also cause a serious false alarm problem.

8.4 Methodology

Inspired by Inception-v4, ASPP module, and U-Net, I propose a new model for defect detection.

The proposed network combines the advantages of the all three existing models. I explain data

augmentation in Section 8.4.1 and introduce the architecture of the network in Section 8.4.2.

8.4.1 Data augmentation

In this subsection, I propose the data augmentation strategy and patch selection method. First,

I divide high-resolution subway tunnel images into multiple patches as shown in Fig. 8.2 and

Fig. 8.3. Let Pi(i = 1, 2, ..., I) denote divided patches derived from the original images shown

in Fig. 8.1, where I represents the number of patches. Because of the imbalanced distribution

and multi-scale defects, I used an overlapping strategy to ensure exhaustive coverage of defect

patches, extending the patch dataset. In addition, to construct the dataset via patch selection,

I experimentally obtained a large-scale dataset containing background Bn (n = 1, 2, ...,N) and
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defect patches Dm (m = 1, 2, ...,M). Note that the ratio between M and N is approximately 7:3

and N + M = I.

For the training phase, since the dataset includes superfluous patches and approximately half of

them are background patches, this can cause a data imbalance problem. Under this condition, I

randomly excluded some background patches to balance the number of patch samples. It should

be noted that this strategy does not influence the detection accuracy. Finally, the ratio between

defect and background patches can reach 1:1.

The advantage of data augmentation is that features between data distributions can be resolved

by pseudo-data generation. The model acquires a high degree of generality by learning to identify

the transformed images as the input. In recent years, this idea has been incorporated into self-

supervised learning. In self-supervised learning, a transformation similar to data augmentation is

performed, and learning is performed without labels. It has been reported that this method can

dramatically improve the representative capability of the model itself.

8.4.2 Network architecture

In this subsection, I explain the network architecture used in the proposed method. Fig. 8.4

illustrates the model architecture of the proposed method, while Table 8.1 provides the detailed

specifications of the network. I adapt U-Net as the backbone model to achieve optimal perfor-

mance in the specialized data segmentation task. To increase the rate of detection of multi-scale

defects in subway tunnel data, first, I replace the convolution blocks of the U-Net architecture with

inception blocks modified from Inception-v3 as shown in Table 8.1. The Inception blocks can en-

hance the feature capture areas, thereby improving accuracy and mitigating the risk of over-fitting.

Second, I add the ASPP module to my model, and I imitate the usage of the ASPP in DeepLab

v3+ to set it after the last layer of the encoder (the bridge layer, middle of the network) shown in

Fig. 8.5 (a). In more shallow architectures, the final layer of the encoder typically has a size not

smaller than 16 × 16. I modify the parameter settings for the multiple parallel atrous convolutions

in the ASPP module to better adapt to the specific task.

The proposed network comprises stacked layers of modified inception blocks, as illustrated in

Fig. 8.5 (b), within the U-Net-based encoder-decoder framework. The inception blocks consist

of four parallel branches. Three of these branches feature convolution layers with varying kernel
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Figure 8.4: Overview of the defect detection network architecture.

sizes, while the last branch contains a max-pooling layer. To reduce the number of training pa-

rameters, I replace the 5 × 5 convolution layer with sequential 5 × 1 and 1 × 5 convolution layers.

In the original U-Net architecture, the encoder part contains 8 convolution blocks. In addition, the

output of every 2 convolution blocks is down-sampled by a max-pooling layer, and to construct

a deeper network, I add one inception block before each max-pooling layer, increasing the total

number of convolution operations in the encoder from 8 to 12.

At the conclusion of the encoder, the initial convolution layer of the bridge is substituted with

an ASPP module. As shown in Fig. 8.5 (a), the input is partitioned into five equal segments. In

the original ASPP module, the atrous rates of three 3 × 3 convolutions are set to 6, 12, and 18

(with 256 filters and batch normalization) to accommodate an input size exceeding 37× 37. When

the rate value is close to the feature map size, the 3 × 3 filter degenerates to a 1 × 1 filter, and

atrous convolution loses its effectiveness. For a specific task, given that the input size is restricted

to 256 × 256 pixels, and after 4 max-pooling operations, the final input size of the ASPP module

is 16 × 16, which is less than the required 37 × 37. Therefore, I changed the atrous rates from 4,

8, and 16 to 2, 4, and 6, respectively, to adapt to the input size. After the ASPP module, a 1 × 1

convolution operation (with 1,024 channels) is added to merge the bridge layer.

In the decoder part, I used a convolution transpose layer (with a kernel size of 3× 3 and a stride

size of 2) to perform the up-sampling operation. Instead of using a deeper architecture as the

encoder, all basic convolution layers are replaced with inception blocks.
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(a)

(b)

Figure 8.5: Modules introduced in my method. (a) represents the architecture of ASPP module
and (b) represents the inception module.

8.5 Experiments and results

This section presents quantitative and qualitative evaluations to confirm the effectiveness of the

network for detecting defects in subway tunnel images. The experimental settings are explained in

Section 8.5.1 and the results and discussion are presented in Sections 8.5.2 and 8.5.3, respectively.

Experimental data are provided by Tokyo Metro Co., Ltd, a Japanese subway company.

8.5.1 Settings

The subway tunnel image dataset consisted of 47 images. The images are obtained from visible

cameras with high resolution (e.g., 12, 088 × 10, 000 pixels or 12, 588 × 10, 000 pixels), and the

images are divided into multiple patches of 256 × 256 pixels with a sliding interval of 64 pixels.

The inspectors determined the pixel-wise ground truth for the defects. I selected 280,000
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patches from 29 images as the training dataset. In this dataset, the ratio of background to de-

fect patches is set to 1:1. In the validation phase, seven images are divided using the same strategy

as in the training phase, and finally, 71,818 patches are selected. The remaining 11 images are

used in the test phase. I used the same dividing strategy without abandoning the background

patches. Therefore, the number of patches used in the test phase is 326,172, which is significantly

larger than that in the training phase. After the test phase, estimated images are generated by

recombining the estimated results with the average probability of each pixel.

For the semantic segmentation task, Recall, Precision, F-measure, and Intersection over Union

(IoU) are used to evaluate the binary classification performance as my estimation metrics. They

can be calculated as follows.

Recall =
TP

TP + FN
, (8.1)

Precision =
TP

TP + FP
, (8.2)

F-measure =
2 × Recall × Precision

Recall + Precision
, (8.3)

IoU =
TP

TP + FP + FN
, (8.4)

where TP, TN, FP, and FN represent the number of true-positive, true-negative, false-positive, and

false-negative samples, respectively.

I compared the proposed method with classic segmentation methods including DeepLab v3+

(CM1) [19], FCN (CM2) [13], and SegNet (CM3) [14]. Since the input of the network is set

to 256 × 256 pixels, the output size of the encoder in DeepLab v3+ is 16 × 16. According to

the proposed method, I adjusted the parameter settings of multiple parallel atrous convolutions in

the ASPP module using the same strategy as introduced in Section 8.4.1. In addition, since the

proposed network is based on the U-Net architecture, I also included several earlier U-Net versions

as comparative methods (CM4-CM7). The design of each method is shown in Table 8.2. Among

them, CM5 [61] added additional down-sampling blocks to both the encoder and decoder of the

network, changing the down-sampling stride from 16 to 32.



8 Defect Detection of Subway Tunnels Using Advanced U-Net Network 51

8.5.2 Results

In this subsection, I show the evaluation results and discuss some important details of the pro-

posed model.

Quantitative analysis

Table 8.3 shows the detection rate of all defects. Among these metrics, IoU, the standard se-

mantic segmentation field metric, is the most important value for evaluating the total performance.

It is evident that the proposed method (PM) significantly outperformed all comparative methods

(CMs) in this metric.

Table 8.4 lists the recall rate of detection for each defect. It should be noted that the metric re-

call is used to evaluate each defect detection performance because small crack defects are directly

included. For the evaluation of the detection performance of cracks, the IoU is not the best evalua-

tion metric because of the difficulty of pixel-level matching. Moreover, considering the application

situation, over-detection is preferable to misdetection to detect defects. For these reasons, I chose

the recall metric for this evaluation.

The proposed method outperforms all comparative methods. According to Table 8.3 and Ta-

ble 8.4, I can further discuss the importance of each component.

Limitation of DeepLab v3+ (CM1):

DeepLab v3+ used atrous convolution, ASPP module, and a simplified decoder branch,

achieving great improvement compared with the baseline. There is a slight difference in

the detection accuracy for various defects. While these methods can maintain detection

accuracy for small objects such as cracks, they show insufficient detection capacity for large

objects. as shown in Table 8.4.

FCN and SegNet (CM2, CM3):

FCN and SegNet, as classic segmentation networks, show a certain degree of incompatibility

in the subway tunnel dataset, not only with low accuracy but also with a large number of

false detection instances as shown in Table 8.3. In particular, the performance of SegNet

is extremely poor. Although the detection accuracy of small objects, such as cracks, can
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be maintained, it is almost impossible to detect large defects as shown in Table 8.4. This

results in low overall detection accuracy and network precision. Unlike U-Net, the SegNet

decoder uses the max-pooling indices from the corresponding encoder to perform nonlinear

upsampling of the input feature map as a typical symmetric encoder-decoder architecture.

It is considered that this function does not perform well in subway tunnel datasets.

Effectiveness of ASPP module (CM4):

In CM4, this module increased the F-measure from 0.428 to 0.444 and IoU from 0.272 to

0.286 compared with the baseline module (CM7) in Table 8.3. Additionally, the results

obtained from Table 8.4 suggest that adding the ASPP module significantly improves the

detection performance for small-scale and large-scale defects. The results demonstrate the

effectiveness of the ASPP module.

Effectiveness of layer extend operation (CM5):

In CM5, compared with the baseline (CM7), this module increases the F-measure from

0.428 to 0.495 and IoU from 0.272 to 0.329, as shown in Table 8.3. Additionally, Table 8.4

suggests that CM5 is superior to CM6 and the baseline (CM7). These results suggest that

deeper networks improve the detection of all the defect scales. However, this operation

cannot be applied to networks with the ASPP module due to patch size limitations in the

experimental setting.

Effectiveness of Inception module (CM6):

In CM6, all the convolution blocks are replaced with the inception module. This operation

increased the F-measure from 0.428 to 0.443 and IoU from 0.272 to 0.285 compared to

the baseline (CM7) in Table 8.3. Additionally, Table 8.4 shows that the detection rate of

each scale significantly improved compared with the baseline. This indicates that adding

the inception module can contribute to the representation ability of low-level and high-level

information.

Analysis of the proposed method:

As shown in Table 8.3, PM outperformed all other methods. Furthermore, from Table 8.4,

it can be seen that PM achieves better accuracy in detecting large-scale defects but has
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some limitations in detecting small-scale defects. The limitations of small-scale defects

may influence the detection performance of inspection tasks. Thus, qualitative analysis is

required.

Qualitative analysis

In this part, I discuss the visual quality of the results. The estimation results are shown in

Figs. 8.6-8.9. Fig. 8.6 shows detection result samples of all regions of the test image. Fig. 8.7

and 8.8 show the detection results of peeling and cracks. From Figs. 8.6-8.8, I can see that PM

achieves a high detection quality when detecting various defects compared to CMs. On the other

hand, Fig. 8.9 displays a sample result of over-fitting. In some cases, I observed that vertical cracks

tend to over-fit in my model. The quantitative analyses indicate that the proposed method has

some limitations in detecting small-scale defects. However, as Fig. 8.8 suggests, these limitations

might not affect actual inspection tasks. Compared to all CMs, the results from PM exhibit fewer

instances of false detection, potentially reducing unnecessary work for inspectors.

8.5.3 Discussion

Various models have been proposed for image recognition owing to the AI boom. For general

object recognition models, the recognition error rate surpasses that of human capabilities, suggest-

ing a shift towards more advanced tasks. AI applications are beginning to be explored in all areas,

including infrastructure maintenance. In this chapter, a method for detecting defects in subway

tunnel images is proposed. By constructing a model that considers the characteristics of the data,

the proposed method achieved a higher accuracy in detecting defects than conventional methods.

A key consideration is the level of accuracy that the system must achieve to be applicable in

real-world scenarios. The quantitative evaluation results obtained from this experiment showed

that the IoU is approximately 0.3-0.4. This value may not be sufficient compared to the accuracy

of general image recognition. However, as shown in the qualitative evaluation results, cracks and

other defects in the image can be detected even if there is some deviation. Considering the practical

applications of the proposed method, such as aiding in defect registration for CAD systems or

pinpointing defect-dense regions, it can be concluded that the method is suitable for practical

implementation.
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There are some limitations in this study. This study uses data from the subway line in Japan,

and there is still room for future studies on its general applicability to a wide variety of data. In

this study, 47 high-resolution subway tunnel images are divided into patches for network training.

However, it would be desirable to have a larger number of images to verify the robustness of the

proposed method. In addition, since the accuracy is considered to vary depending on the year

of tunnel construction, verification using a wide variety of data is necessary. Specifically, the

condition of the wall depends on the construction method of the subway tunnel. Furthermore, the

new construction method may be completely different from the conventional construction method.

When considering the versatility of a model, it is necessary to verify its applicability to various

types of data.

8.6 Conclusions

In this chapter, I present a new version of the U-Net architecture to improve defect detection

performance in subway tunnel images. By introducing ASPP and inception modules in the U-

Net-based network architecture, the capacity of the network for defect detection is improved.

The experimental results on a real-world subway tunnel image dataset showed that the proposed

method outperformed the other segmentation methods quantitatively and qualitatively. Different

from conventional crack-detection methods, the proposed model can detect various types of de-

fects in a single model, which enhances the practicality of supporting tunnel inspections. In future

work, I will investigate a new strategy for enhancing the detection accuracy and discuss its appli-

cation to other real-world applications.
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Table 8.1: Architecture of the proposed model.
Type Size/Stride Output Size Depth

Inception Module 3 × 3/1 256 × 256 × 64 3
Inception Module 3 × 3/1 256 × 256 × 64 3
Inception Module 3 × 3/1 256 × 256 × 64 3
Max Pooling 3 × 3/2 128 × 128 × 64 1
Inception Module 3 × 3/1 128 × 128 × 128 3
Inception Module 3 × 3/1 128 × 128 × 128 3
Inception Module 3 × 3/1 128 × 128 × 128 3
Max Pooling 3 × 3/2 64 × 64 × 128 1
Inception Module 3 × 3/1 64 × 64 × 256 3
Inception Module 3 × 3/1 64 × 64 × 256 3
Inception Module 3 × 3/1 64 × 64 × 256 3
Max Pooling 3 × 3/2 32 × 32 × 256 1
Inception Module 3 × 3/1 32 × 32 × 512 3
Inception Module 3 × 3/1 32 × 32 × 512 3
Inception Module 3 × 3/1 32 × 32 × 512 3
Max Pooling 3 × 3/2 16 × 16 × 512 1

The ASPP module – 16 × 16 × 1024 2
Inception Module 3 × 3/1 16 × 16 × 1024 3
Deconvolution 3 × 3/2 32 × 32 × 512 3

Cat – 32 × 32 × 512 1
Inception Module 3 × 3/1 32 × 32 × 512 3
Inception Module 3 × 3/1 32 × 32 × 512 3
Deconvolution 3 × 3/2 64 × 64 × 256 1
Cat – 64 × 64 × 512 1
Inception Module 3 × 3/1 64 × 64 × 256 3
Inception Module 3 × 3/1 64 × 64 × 256 3
Deconvolution 3 × 3/2 128 × 128 × 128 1
Cat – 128 × 128 × 256 1
Inception Module 3 × 3/1 128 × 128 × 128 3
Inception Module 3 × 3/1 128 × 128 × 128 3
Deconvolution 3 × 3/2 256 × 256 × 64 1
Cat – 256 × 256 × 128 1
Inception Module 3 × 3/1 256 × 256 × 64 3
Inception Module 3 × 3/1 256 × 256 × 64 3
Sigmoid 1 × 1/1 256 × 256 × 1 1
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Table 8.2: Differences in the proposed method (PM) and U-Net-based comparative methods
(CM4-CM7) used in the experiment.

Method Inception ASPP Layer Extend
PM ! ! -
CM4 - ! -
CM5 - - !
CM6 ! - -
CM7 (Baseline) - - -

Table 8.3: Defect detection performance of the proposed method (PM) and the comparative meth-
ods (CMs).

Method Recall Precision F-Measure IoU

PM 0.660 0.436 0.525 0.356

CM1 [19] 0.564 0.375 0.451 0.291
CM2 [13] 0.494 0.315 0.385 0.238
CM3 [14] 0.410 0.136 0.204 0.158
CM4 0.493 0.405 0.444 0.286
CM5 0.532 0.463 0.495 0.329
CM6 0.617 0.346 0.443 0.285

CM7 0.588 0.336 0.428 0.272

Table 8.4: Recall of all kinds of defects in each method.

Defect
Recall

PM CM1 CM2 CM3 CM4 CM5 CM6 CM7

Peeling 0.921 0.866 0.729 0.191 0.795 0.905 0.711 0.655
Floating 0.802 0.711 0.568 0.199 0.708 0.782 0.651 0.533
Crack (0.3 mm-0.5 mm) 0.173 0.230 0.163 0.209 0.159 0.140 0.125 0.110
Crack (0.5 mm-1 mm) 0.358 0.385 0.430 0.334 0.407 0.382 0.361 0.326
Crack (1 mm-2 mm) 0.402 0.463 0.384 0.422 0.455 0.434 0.409 0.388
Crack(2mm+) 0.414 0.409 0.394 0.431 0.467 0.444 0.426 0.389
Cold joint 0.013 0.017 0.016 0.014 0.016 0.016 0.007 0.005
Honeycomb 0.084 0.251 0.230 0.010 0.030 0.210 0.090 0.080
Patching (intermediate pile) 0.819 0.734 0.616 0.159 0.721 0.816 0.656 0.591
Alligator crack 0.362 0.308 0.216 0.063 0.317 0.368 0.306 0.244
Early construction repair 0.423 0.375 0.271 0.061 0.394 0.504 0.306 0.297
Deposition 0.054 0.049 0.015 0.001 0.080 0.012 0.005 0.010
Construction repair 0.591 0.307 0.167 0.078 0.413 0.556 0.364 0.375
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(a) Origin image (b) Ground Truth

(c) PM (d) CM1 (e) CM2

(f) CM3 (g) CM4 (h) CM5
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(i) CM6 (j) CM7

Figure 8.6: Results of proposed method and comparative methods. (From left to right: (a): original
image; (b): ground truth; (c): results obtained by the proposed method; and (d-j): results obtained
by the comparative methods).

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j)

Figure 8.7: Example of the result in peeling detection. (a) Original image, (b) Ground Truth, (c)
PM, (d) CM1, (e) CM2, (f) CM3, (g) CM4, (h) CM5, (I) CM6, (j) CM7.
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j)

Figure 8.8: Example of the result for crack detection. (a) Original image. (b) Ground truth, (c)
PM, (d) CM1, (e) CM2, (f) CM3, (g) CM4, (h) CM5, (I) CM6, (j) CM7
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j)

Figure 8.9: Example of the results of over-fitting parts. (a) Origin image, (b) Ground truth, (c)
PM, (d) CM1, (e) CM2, (f) CM3, (g) CM4, (h) CM5, (I) CM6, (j) CM7.
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Chapter 9

Multi-scale Defect Detection from
Subway Tunnel Images with Spatial
Attention Mechanism

9.1 Introduction

In the previous chapter, I proposed a defect detection method based on an advanced U-Net [61].

Although this method can achieve good detection accuracy, it still has limitations in its sub-pixel

object detection capacity. Specifically, the accuracy of the previous method degrades when the

size of the defects is different. Furthermore, because the number of defects varies, bias in the

training data is also an issue.

In this chapter, I propose a new defect detection method based on HRNet [21] to solve the above

problems. In the proposed method, I adopt a spatial attention (SA) module from DANet [20]

and an atrous spatial pyramid pooling (ASPP) module [18] to optimize the foreground detection

capacity. Specifically, the multi-scale output of HRNet is optimized by the ASPP module, and then

all feature maps are concatenated using the SA module to obtain the estimation result. Through

the experiment, the proposed method performs better than some comparative methods.

9.2 Proposed defect detection model

In this section, I explain the network architecture of my defect detection model. First, I use

HRNet-W32 as my feature extraction backbone, which is pre-trained by ImageNet. In HRNet, the
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Table 9.1: Defect detection performance of the proposed method and the comparative methods.

ACC IoU
Total Class1 Class2 MIoU Class1 Class2

PM 0.548 0.590 0.375 0.386 0.448 0.325
CM1 0.531 0.568 0.380 0.383 0.439 0.328
CM2 0.498 0.535 0.345 0.343 0.382 0.304
CM3 0.468 0.472 0.414 0.392 0.435 0.351

network convolution stream is connected in parallel rather than series. Therefore, the feature map

can maintain the characteristics of high resolution. This architecture enables learning the char-

acteristics of all scales and contributes to detecting defects more precisely. Next, these extracted

features are optimized using the ASPP module. The ASPP module contributes to expanding the

reception field of the convolution network, which can improve the capacity of multi-scale object

detection.

Finally, all outputs of the ASPP modules are concatenated using the SA module. The SA module

encodes broader contextual information into local features, enhancing its representation capability.

Any feature in a particular position is weighted and updated by the features in all positions. The

weight is the feature similarity between the two positions. These characteristics can improve the

detection capacity of small objects, especially cracks.

9.3 Experiment and conclusion

In this section, I verify the effectiveness of my method through the defect detection experiment.

I use 48 subway tunnel images provided by Tokyo Metro Co., Ltd. I treat 35 images for the training

data, and the remaining 13 images as test data. Since the tunnel images had high resolutions, I

divide them into multiple patches in the size of 512×512 pixels. As a result, the dataset has 33,152

patches for training and 12,684 patches for testing.

The ground truth of the dataset has 18 classes of defects; in my task, I classify them into three

classes: “Cracks” as class 1, “Large-scale defects” as class 2, and “Background” as class 3. Note

that the background class represents regions without defects. Each class accounts for 10%, 16%,

and 74% of the total classes, indicating imbalanced data.
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(a) Origin image (b) Ground truth (c) PM

(d) CM1 (e) CM2 (f) CM3

Figure 9.1: Example of the results in crack detection.

Accuracy (ACC) and Intersection over Union (IoU) metrics assess the detection performance.

Furthermore, I compare my method with other comparative methods (CM), including CM1 (adopt-

ing the ASPP module only), CM2 (adopting the SA module only), and CM3 (baseline HRNet-W32

fine-tuned by my dataset).

The defect-detection performance of each method is listed in Table 9.1. According to this

table, the proposed method achieves a better or comparable performance than CMs 1-3. Next, the

proposed network outperforms some methods for detecting class 1 (cracks) as shown in Table 9.1,

Fig. 9.1 and Fig. 9.2. However, our method is inferior to the comparative methods in detecting

class 2. Pixels belonging to class 2 have missing detection and over-detection problems, as shown

in Fig. 9.3. According to Fig. 9.4, false detection is likely to occur when the background features

share specific characteristics with the defect features.
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(a) Origin image (b) Ground truth (c) PM

(d) CM1 (e) CM2 (f) CM3

Figure 9.2: Example of the results in crack (0.3mm - 0.5mm) detection.
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(a) Origin image (b) Ground truth (c) PM

(d) CM1 (e) CM2 (f) CM3

Figure 9.3: Example of the results in water leakage detection.
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(a) Origin image (b) Ground truth (c) PM

(d) CM1 (e) CM2 (f) CM3

Figure 9.4: Example of multi-scale defect detection results.
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Chapter 10

Summary

This chapter reviews the contribution and shows future tasks.

10.1 Overview of this thesis

This section provides a proposition overview of this thesis based on the background and pre-

vious sections. This thesis aims to develop an accurate defect detection method for supporting

infrastructure inspection. To achieve this goal, this thesis carries out the following explorations.

First, I continue constructing a defect classification model based on CNN based on the experiment

of previous research. As a preparatory experiment, I also carry out preparatory experiments on the

semantic segmentation architecture, FCN. Due to the different evaluation systems, despite prov-

ing the effectiveness of the classification model of the CNN, particularly the accuracy on smaller

targets, there are many problems with the FCN part. Therefore, in Chapter 5, I redesign the ex-

periments of the FCN part and attempt to combine the advantages of CNN and FCN to build a

composite model. In this attempt, the model achieve good results; however, the CNN part of the

training is more expensive, and the displayed results are not intuitive enough, so for more acces-

sible application in inspection operation, I choose to adopt the FCN architecture only in the next

stage. Therefore, in Chapters 6 and 7, I mainly focus on the initial improvement of the U-Net ar-

chitecture, explore the performance of the semantic segmentation model on infrastructure datasets,

and summarize its features and issues. In Chapters 8 and 9, I identify three major problems with

the current subway tunnel dataset, which are also the major problems most infrastructure datasets

face, and improve the network architecture to solve these problems. 1. foreground-background
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imbalance, 2. multi-scale defects, and 3. sub-pixel object. Below, the overview of each chapter of

this thesis is reviewed.

Chapter 1 introduces the research background and objectives. Chapter 2 provides the related

works of my thesis. Chapter 3 presents an overview of the dataset used in this study, highlighting

its key characteristics and information. In Chapter 4, the CNN-based defect detection method is

presented. Chapter 5 combines FCN and CNN methods for detecting defects from high-resolution

subway tunnel images. In Chapter 6, I discuss the limitations of CNN and FCN in defect detec-

tion using tunnel images and propose a new U-Net-based defect detection method. In Chapter

7, I compare the constructed U-Net-based defect detection method with various semantic seg-

mentation methods and confirm the effectiveness of my approach. In Chapter 8, I propose an

improved version of U-Net to enhance the defect detection method’s capability. Through the

experiments, the proposed method demonstrates its performance in identifying issues such as

foreground-background imbalance problems and the capacity to detect multi-scale objects dur-

ing the application process. In Chapter 9, I propose a new HRNet-based network architecture to

enhance the robustness of the defect detection method. Through these modifications, I confirm the

efficacy of the proposed enhancement approach in improving the detection accuracy of sub-pixel

objects.

In this thesis, I use the tunnel structure with a more complicated situation in the concrete struc-

ture as the basis to conduct experiments and verifications. Since types of defects in the concrete

structures are similar, the methods of this paper can still be applied to the defect detection of vari-

ous infrastructure surfaces, such as residential walls and dam surfaces. And it can also be applied

to road defect detection, such as highway and airport runways.

10.2 Further tasks

In this thesis, I present defect detection methods to support infrastructure maintenance and

evaluate it using infrastructure image datasets. However, in this task, I have enough labeled image

datasets to support full-supervised learning, and even in the case of sufficient data, the detection

accuracy of the network is still insufficient. When applying to other infrastructure maintenance

tasks, I will inevitably face datasets with few labeled and even unlabeled. The current methods
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are not enough to deal with this situation. These will be topics I will discuss in the future, namely

semi-supervised or unsupervised segmentation of multi-scale infrastructure defects.
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