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ARTICLE INFO ABSTRACT

Keywords: Sewage pipe defects can significantly affect the urban water environment, like leakage of pollutants through pipe
Automated quantification cracks to groundwater. Currently, sewage pipe defects are detected mainly through closed-circuit television
CCTV

inspection, which is conducted manually and is time-consuming. This study proposes an integrated deep-
learning-based algorithm to detect and quantify pipe cracks from images, namely the Crack Detection and
Characterization (CDC) method. The method is based on models created in two steps (i) crack detection by
semantic segmentation, and (ii) crack length quantification using an innovative algorithm. The CDC algorithm is
verified by images both artificially created in the laboratory and from actual inspection. For both laboratory and
field cases, the CDC method is verified precisely. From the results, the CDC method exhibited a higher accuracy
in crack identification and length quantification than other existing models. The results also show that the
deblurring process can greatly improve accuracy. This study can contribute to decision-making in sewage pipe
maintenance and water environment management by providing an innovative way of more efficient and accurate

Deep learning
Pipe defect
Urban water environment management

pipe defect assessment compared with traditional labor-intensive work.

1. Introduction

Urban sewage pipes are important urban infrastructures, which
collect and transport industrial wastewater and domestic sewage for
treatment and safe disposal. Because of pipe aging and inadequate
maintenance, defects in sewage pipes, including deposits, cracks, root
intrusion and infiltration, are increasingly severe (Okwori et al., 2021).
These pipe defects can cause adverse environmental impacts like un-
expected sewage leakage, water pollution, urban facility failure risks,
etc. (Xu et al., 2019; Harpaz et al., 2022; Shi et al., 2023). Closed-circuit
television (CCTV) is a typical underground sewage pipe inspection
method. Currently, pipe defect detection from CCTV images is mostly
conducted manually, which is time-consuming and labor-intensive.
Also, due to the broad definition of pipe defect severity grades in the

* Corresponding author.

current standards, the pipe assessment results mainly depend on the
inspectors’ experience. Thus, manual interpretation of CCTV inspection
images can usually be subjective and inaccurate (Sun et al., 2023).
Considering the rapid development of pipe networks during urbaniza-
tion processes, especially in developing countries, high-efficiency is
urgently requested for maintenance and renewal of sewage pipes (Sun
et al., 2023).

Lately, deep-learning-based algorithms have been proposed for
automated detection of sewage pipe defects based on images extracted
from CCTV videos to improve efficiency (Xie et al., 2019; Moradi et al.,
2020; Haurum and Moeslund, 2020). Convolutional Neural Network
(CNN) is one of the deep learning techniques. Plenty of CNN models
have been developed to achieve the following: (1) object classification,
which detects whether there are sewage pipe defects in CCTV images but
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cannot locate the defects precisely (Kumar et al., 2018; Xie et al., 2019;
Meijer et al., 2019; Hassan et al., 2019); (2) object localization, which
can automatically detect, classify and locate pipe defects within the
CCTV image (Wang et al., 2021; Guo et al., 2022; Wang et al., 2022); (3)
semantic segmentation, which can identify/segment pipe defects at
pixel-level (Pan et al., 2020; Li et al., 2022). However, object localiza-
tion algorithms are commonly time-consuming to develop and use
(Cheng and Wang, 2018; Oh et al., 2022; Wang et al., 2023; Yin et al.,
2020; Zhao et al., 2023). In comparison, semantic segmentation can
extract features of pipe defects more precisely (e.g., recognizing more
details of the shape of defects) and can assist system inspectors in
assessing the status of sewage pipes.

CNN-based algorithms, like fully convolutional networks (FCN),
SegNet, U-Net, etc., have shown good performance in semantic seg-
mentation (Pan et al., 2020; Ma et al., 2022), which can provide details
of features such as the edge of cracks (He et al., 2022). However, it is
difficult to make these methods accurate for simultaneous classification
and segmentation. Even with proper segmentation of pipe images,
assessing the severity of pipe defects manually is still labor-intensive.
Automated characterization of sewage pipe defects (e.g., location,
shape, orientation, and quantification of defects) is needed for more
efficient pipe condition assessment.

Recently, 3D point cloud technology has been applied for automated
characterization of sewage pipe defects (Li et al., 2023; Wang et al.,
2024; Yin et al., 2022; Zhao et al., 2023). It can capture the geometry of
objects and reconstruct the surface texture of objects, thus making it
available for quantifying pipe defects. However, errors can be generated
while constructing point cloud models due to the poor shooting envi-
ronment inside pipes. Also, the model development requires many video
data, which is usually not feasible. Automated characterization of pipe
defects based on CCTV images can also be achieved by developing ac-
curate segmentation algorithms along with characterization algorithms,
although the number of relevant studies is small. Wang et al. (2021) and
Guo et al. (2022) reported an area ratio calculating algorithm based on
Faster R-CNN, which automatically quantified the severity of obstacles
by scaling the obstacle size from the known pipe joint size. But its ac-
curacy is affected dramatically by the distance between the obstacle and
pipe joint, and does not perform well in some cases (Wang et al., 2021;
Jia et al., 2023). Even so, it provides an innovative method for the
automated characterization of sewage pipe defects based on CCTV
images.

Summarized from the literature review, the major problems in the
detection and characterization of sewage defects from CCTV images
using deep-learning-based technologies include (1) inadequate accuracy
of detection due to the complex environment inside sewage pipes, (2)
slow computation speed due to extensive cost of computational re-
sources, and (3) a lack of accurate quantification methods for pipe
defects.

Cracks are one of the most frequently observed defects in urban
sewage pipes. They can cause adverse environmental impacts through
exfiltration of sewage, which leads to urban water environment pollu-
tion and thus threats human health (Baah et al., 2015; Wang et al.,
2023). This study aims to address the problem of automated quantifi-
cation of sewage pipe defects, taking cracks as an example, to provide an
efficient and accurate method for pipe condition evaluation. To address
the above the accuracy and cost problem occurring to the area ratio
calculating methods and 3D reconstruction, an integrated algorithm is
developed in this study, which consists of both pipe crack detection and
innovative characterization models. The main aim is to demonstrate that
the new algorithm can improve accuracy over the existing approaches,
accelerate the computation processes, achieve better transfer learning,
and reduce the need for manual interventions.
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Fig. 1. Proposed algorithm for automated quantification of sewage pipe cracks.
2. Methodology
2.1. Architecture of the proposed method

The integrated algorithm proposed in this study is named the Crack
Detection and Characterization (CDC) method. The algorithm combines
computer vision techniques and innovative characterization algorithms,
as illustrated in Fig. 1. The overall workflow of the integrated algorithm
includes the following steps: (1) dataset augmentation and enhance-
ment, i.e., using the geometric transformation and a deblurring algo-
rithm for dataset expansion and CCTV image pre-processing; (2) crack
detection from images via semantic segmentation; (3) pipe joint detec-
tion, i.e., identifying the center of the pipe cross-section and establishing
the coordinate in CCTV images; and (4) crack characterization, i.e.,
quantifying the crack length. The details of the proposed algorithms are
introduced in the following sections.

2.1.1. Datasets augmentation and enhancement

Since the internal environment of sewage pipes is usually causing
blurry images, deblurring is required (Li et al., 2022; Ma et al., 2022).
FFANet (Qin et al., 2020) is the deblurring algorithm applied in this
study to improve the image quality. Additionally, the training of deep
learning algorithms needs a large number of annotated images, while
available data is often limited. It is, therefore, helpful to expand the
existing dataset to obtain more available images for training (Altabey
et al., 2021). In this study, to expand the datasets, geometric trans-
formation of CCTV images is conducted, such as rotation, width shift,
height shift, shear and zoom. The maximum rotation angle is set to 40°,
and the range of shift, shear and zoom are set to 0.1, 0.2, 0.2 times the
original image size. The datasets are then randomly divided into the
training subset, the validation subset, and the test subset. The specific
groupings for different cases are illustrated in the subsequent sections.

2.1.2. Crack detection

In this study, we use DeepLab V3 + detection model (i.e., segmen-
tation model) to locate pipe cracks within the CCTV images (Chen et al.,
2018). DeepLab V3 + is designed in Encoder-Decoder mode, as shown in
Fig. 2(a). Encoder outputs low-level features (i.e., overall shape features
of pipe cracks) and high-level features (i.e., detailed edge features of
pipe cracks). Decoder is used to recover the crack feature image. The
backbone is the main structure of DeepLab V3 + for extracting features
from images. Different structures of the backbone can lead to various
results of semantic segmentation. In this study, two classical types of
backbones, namely, Xception-65 and MobileNet V2, are tested and their
performance in semantic segmentation is compared. The image features
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Fig. 2. Architecture of DeepLab V3+: (a) Encoder-Decoder mode; (b) backbone Xception-65; (c) backbone MobileNet V2; (d) ASPP; (e) decoder.
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Fig. 2. (continued).

extracted from the backbone structure are then passed to ASPP archi- combines different information of crack features from different per-
tecture for further processing, which connects all the convolution op- spectives). Details of the backbone, ASPP, decoder, and other main pa-
erations in parallel and then concatenates them in the Concat layer (i.e., rameters used in the proposed algorithm are introduced below.
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£s
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Fig. 3. Example of pipe joint detection using Hough transformation.

2.1.2.1. Backbone: Xception-65. As shown in Fig. 2(b), there are three
main parts in Xception-65, including Entry flow, Middle flow and Exit
flow. In Entry flow, the CCTV image passes two common convolution
layers first. Then, the crack features are extracted preliminarily by three
residual connection structures to initiate the network of the algorithm.
In the Middle flow, a large number of crack features are extracted and
integrated. In Exit flow, the low-level and high-level features are
transmitted from Decoder structure and ASPP architecture. The
Xception-65 with its complex architecture can extract more complicated
crack features, and thus, a more realistic crack segmentation image can
be obtained.

2.1.2.2. Backbone: MobileNet V2. As shown in Fig. 2(c), MobileNet V2
utilizes an inverted residual block for a better feature fusion of cracks (i.
e., integrating the information from nearby layers), and makes the al-
gorithm efficient for processing complex cracks. Meanwhile, ReLU6 is
used as an activation function which can be calculated as follows:

y = min(max(x, 0), 6)

@

In ReLU6, the maximum output value is limited to 6, alleviating the
accuracy degradation problem in training (Ravanbakhsh et al., 2016). It
also solves the problem of activation function failure caused by the
highly inaccurate segmentation to cracks when many complex struc-
tures are used at the same time. Because of the more straightforward
structure, MobileNet V2 calculations are fast but less precise than
Xception-65.

2.1.2.3. ASPP. As shown in Fig. 2(d), DeepLab V3 + applies the ASPP

to extract features further. The ASPP consists of the average pooling
layer, convolutional layer, batch normalization (BN) layer, ReLU layer
and bilinear interpolation. It performs better and can obtain more details
of crack features (e.g., crack edge details) than other CNN-based models,
like FCN and U-Net. Meanwhile, different dilated rates are set to each
branch in ASPP, making the algorithm capable of extracting different
features from various receptive-field sizes.

2.1.2.4. Decoder. In the Encoder structure, as shown in Fig. 2(e), low-
level and high-level features are transmitted to the Decoder structure
from the backbone and ASPP architecture, respectively. Then, they are
integrated to re-construct the pipe crack.

2.1.3. Pipe joint detection

In this study, Hough transformation (Duda and Hart, 1972) is utilized
to detect the pipe joint and get the center coordinates of the pipe cross-
section from images. Fig. 3 shows an example of pipe joint detection by
the Hough transformation. Specifically, before the transformation, the
Canny edge detection (Canny, 1986) is used to extract the edges from the
pipe photo (a group of points shown in Fig. 3b). Then, three points on
the identified edges were randomly selected by applying Hough trans-
formation, and a circle could be fitted using these three points. After
repeating such fitting processes, many circles could be obtained. Among
them, the one passing through the maximum points is considered as the
detected pipe joint. That is then used as the length scale for the subse-
quent crack characterization considering the known diameter. It should
be mentioned that although the least square algorithm is also capable of
pipe joints detection (Wang et al., 2021), for discontinuous edge

A al [ A | as
B|C|D a2 | a3 | a4 bl | B | b5
E|F |G |m =) | b2 | b3 | b4
H|I
J
Original image Pixel number Step 1 Step 2
1
B dt | D | d5 cl c5
E | | feeeees Q|| d4| ¢ 2 el et
H
I
Processed image Step 6 Step 5 Step 3

Fig. 4. Processing crack to unit width.
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Fig. 5. Principle of crack characterization.

scenarios, like the current case shown in Fig. 3b, Hough transformation
is more accurate and more robust to noise.

2.1.4. Crack characterization

The crack characterization algorithm is developed to quantify the
pipe crack length from CCTV images, as illustrated in Fig. 1. It consists of
two steps involving crack pixel processing and characterization,
respectively. The crack shown in Fig. 4 is taken as an example. The
image is black and white, so the values of the pixels on the crack are 1 (e.
g., pixels A-J in Fig. 4) while the others are 0. Scan the pixels on the
crack from left to right. For a specific pixel, if there are at least three non-
zero pixels concavely surrounding it, the value of this pixel is manually
set to 0, as the pixel A in step 1 (a2, a3 and a4 among al-a5 are non-zero
pixels). In step 2, since only two non-zero pixels concavely surround the
pixel B (i.e., b4 and b5), its value keeps 1. In step 3, there are four non-
zero pixels (i.e., c1, ¢3, c4, and c5), the value of the pixel C is set to 0.

Learning rate

0.00010 §

0.00008 4

0.00006 4

0.00004 4

0.00002 A

0.00000 -
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Similarly, in step 4, three non-zero pixels are around the pixel D, and it is
assigned to 0. After processing all the pixels on the crack in sequence, the
crack width is finally reduced to one pixel (i.e., unit width), as shown in
step 6 in Fig. 4. Then, the crack length can be obtained as the number of
the remaining pixels.

Once the coordinates of the pipe joint center O(x,, y.) are determined
with the Hough circle detection algorithm, the crack length is then
quantified using the following procedure. As shown in Fig. 5, consid-
ering the pixel A(x;, y;) on the crack, a new circle is drawn with the
center is O and the radius is the distance between A and O. Then the
perimeters of the circle C; (unit: pixel) and that of the actual drainage
pipe Cs (unit: mm) are calculated as:

{ C= Zﬂ\/(yi —¥)7 + (6 —x)? )
Cs = 27R;

where R (unit: mm) is the real inner radius of the sewage pipe and is
known. The actual length of each pixel on this circle representing (i.e.,
the length scale) is calculated as follows:

C R

h=2= : ®)
G0y + - %)

where, /; is the length scale, mm/pixel. The actual length of the pixel A
representing is then calculated. By repeating calculating the actual
length of every pixel on the crack (L;), the crack length then can be
obtained as follows:

L= (IZLi @

where N is the total amount of pixels on the crack in the segmentation
image. Since the image resolution can bring some uncertainties in crack
length quantification, a correction factor a is introduced in Eq. (4). The
value of a is determined by the quality of crack images. In this study, the
correction factor will be tested preliminarily in the experiment. It is
noted that the crack characterization algorithm proposed in this study is
realized by scaling each pixel in the image to the actual length. Since the
“pixel” is the minimum unit of the image, the width, height, and diag-
onal size of a single pixel are considered the same.

-

0 10000 20000 30000

- . . » .
40000 50000 60000 70000 Iteration

Fig. 6. Learning Rate Policy in the training process of DeepLab V3+.
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2.2. Training and validation of crack detection model

The loss in training and validation is an indicator of the error in
training a model. The loss calculation is based on the Cross-Entropy loss
function, as follows:

L= —[ylogy + (1 —y)log(1 —¥)] (6)

where y is the real label value in images (y = 1 for true value and 0 for
false value), and y’€(0, 1) is the predicted probability (e.g., if y’ = 0.8,
there is a possibility of 80 % that the value of the crack pixel is correct).
Applying the Cross-Entropy loss function can prevent gradient disper-
sion and abnormal changes in learning rate. Additionally, in DeepLab
V3+, the crop size is set to 520 x 520, which can improve the crack
segmentation accuracy significantly.

The Learning Rate Policy is introduced when setting the learning rate
for the DeepLab V3 + model. Validated by Pascal VOC 2012 dataset
(Everingham et al., 2010), the Learning Rate Policy can improve the
accuracy. The equation for Learning Rate Policy is as follows:

Step

Lr=1L 1——F————
r=Lrx( Total_Step

) x Power @)

where Power is the learning rate correction factor (Power = 0.9 is used in
this study for a stable training process). The learning rate is upgraded at
every step. In addition, the warm-up method (He et al., 2016) is utilized
in determining the learning rate. As shown in Fig. 6, with the warm-up
method, the learning rate increases sharply from O to the pre-set value
and then decreases gradually. This approach can alleviate the overfitting
phenomenon and stabilize the algorithm for better segmentation in
crack detection.

Crack detection models were trained and validated on a Windows
system with 12th Gen Intel® Core™ i7-12700KF (20 CPUs) and NVIDIA
GeForce RTX 3080 with 10G memory. Considering the image resolu-
tions, the batch size was set to 2 after various tests, which made the most
of the GPU (8.8G). For the model optimizer, SGD and Adam (Diederik
and Jimmy, 2014) are both widely used. In this study, Adam with an
initial learning rate of 0.0001 was utilized for the model. It can auto-
matically adjust the learning rate during training, which is more effi-
cient than SGD optimizer, especially for the training of complex models
and datasets (Pan et al. 2020, Xie et al. 2019, Dang et al. 2021, and Oh
et al. 2022). With the Learning Rate Policy and the warm-up method,
Adam optimizer can further improve the training efficiency.

2.3. Performance evaluation method

2.3.1. Evaluation method for crack detection models

Intersection over union (IoU) and mean intersection over union
(mloU) are indexes for evaluating the effectiveness of models (Wang and
Cheng, 2019; Pan et al., 2020), which are calculated based on a confu-
sion matrix. In the confusion matrix, four parameters present the rela-
tionship between real values and predicted values, including True
Positive (TP), False Negative (FN), False Positive (FP), and True Nega-
tive (TN). Both FN (i.e., a pixel outside the crack zone is recognized as a
part of the crack) and FP (i.e., a pixel on the crack is not recognized)
represent false predictions, while TP and TN represent the correct pre-
diction. IoU represents the similarity between predicted results and true
values, calculated as Eq. (8):

TP;

oUj=— L
O = Tp, T FN, + FP,

®

mloU indicates the mean IoU of each category, which is calculated as Eq.

9):

i JoU; .
mmuzzéfguszmm) 9)
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Table 1
Specifications of urban drainage pipe crack grade*.

Grade  Definition Sample image

1 Crack length is less than one-quarter of a pipe
section.

2 Crack length is one-quarter to two-quarters
of a pipe section.

3 Crack length is two-quarters to three-
quarters of a pipe section.

4 Crack length is more than three-quarters of a MTI"
pipe section.

* The table is based on Technical Specification for Inspection and Evaluation
of Urban Drainage CJJ 181-2012 (National Development and Reform Com-
mission of the People’s Republic of China, 2012).

(a) Longitudinally curved
crack of 100mm

(b) Circumferentially straight
crack of 30mm

(c) Longitudinally undulating
crack of 100mm

(d) Slanted crack of 60mm

Fig. 7. Artificially-created cracks of different forms and lengths.
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Fig. 8. Variation of mIoUs of three models during the training process.

A higher value of IoU or mIoU means a higher model accuracy.

2.3.2. Evaluation method for crack characterization algorithm

It is challenging to measure the lengths of cracks directly from actual
sewage pipes. Grades of pipe crack lengths are usually identified from
CCTV images manually and recorded in the field reports. In China, the
pipe crack length is graded based on Technical Specification for Inspection
and Evaluation of Urban Drainage CJJ 181-2012 (National Development
and Reform Commission of the People’s Republic of China, 2012), ac-
cording to the crack length estimated from CCTV inspection images, as
shown in Table 1. In this study, the crack length results calculated by the

(b) DeepLab V3+

(a) Original Picture (MobileNet V2)

[
el
L]

(c) DeepLab V3+
(Xception-65)

proposed algorithm from actual CCTV images are validated against the
field inspection reports where crack grades are provided according to
the above technical specifications.

3. Results and discussion

In this section, we verify the performance of the proposed CDC al-
gorithm with both laboratory cases and field cases, where the pipe
cracks are artificially created and from real CCTV inspection projects,
respectively. In the laboratory cases, the forms of cracks are control-
lable, and their lengths are known precisely. The laboratory cases are

(d) FCN-32s

(e) Ground truth

Fig. 9. Semantic segmentation results of the three models.
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(c) DeepLab V3+
(MobileNet V2)
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() FFA - DeepLab V3+
(MobileNet V2)

(g) FFA - DeepLab V3+

N
(Xception-65) (h) FFA - FCN-32s

(1) Ground truth

Fig. 10. Results of the semantic segmentation model.

used to verify the accuracy of the CDC algorithm with known crack
lengths precisely, which has not been conducted by previous studies.
The pipe crack images of the field cases (with lower resolution and
usually foggy conditions) are used to test the performance of the CDC
algorithm in real scenarios.

3.1. Laboratory cases

3.1.1. Dataset preparation

To verify the performance of the proposed algorithm, cracks in
various directions and of different lengths were artificially created in a
100-mm-diameter PVC pipe in the laboratory, and their photos were
recorded, as shown in Fig. 7. When taking photos, the camera was
aligned with the longitudinal central axis of the pipe. The images were
taken at a resolution of 3024 x 3024 pixels, and there is no blur in the
view under the laboratory condition. The images obtained from the
laboratory experiments are high-quality; thus, the number of images
used for model training can be reduced. In this study, a total of 100 such
images were utilized to train the segmentation model, of which 70 im-
ages were used for training and 30 for validation. With the geometric
transformation of the images, the training data were augmented to 350.
The images were annotated using a graphical image annotation tool
Labelme, which exports documents for establishing datasets containing
the information on background and cracks (Torralba et al., 2010).

3.1.2. Eyaluation of crack detection models

Two DeepLab V3 + segmentation models with MobileNet V2 and
Xception-65 backbones were tested to optimize the crack detection al-
gorithm. The FCN-32 s model with ResNet101 backbone was trained to
compare with the performance of DeepLab V3 + . Eventually, the three

models were trained for 1,500 iterations, sufficient for stabilizing the
training process based on loss calculation and mIoU development, as
shown in Fig. 8. The training process took 40 h of computational time for
each model. The semantic segmentation results are shown in Fig. 9.

Fig. 8 shows that the curves corresponding to mIoUs of DeepLab V3
-+ models are located above that of FCN-32 s model, indicating a more
accurate crack detection by DeepLab V3 + models. Also, the two
DeepLab V3 + models with MobileNet V2 and Xception-65 backbones
have similar segmentation accuracies. However, the training of DeepLab
V3+ (Xception-65) tends to overfit, as shown in Fig. 8 (enlarged section
of the figure), indicating poorer stability than DeepLab V3+ (MobileNet
V2) model in the first 500 iterations.

As seen from Fig. 9, the cracks segmented by the FCN-32 s model are
incomplete compared to those segmented by the DeepLab V3 + models
and ground truth images (cracks outlined manually from images).

3.1.3. Evaluation of crack characterization algorithm

The performance of the CDC algorithm in pipe crack characterization
is first tested with various forms of artificially created cracks along
different directions, including curved cracks, undulating cracks, and
oblique cracks (Fig. 10). The lengths of these cracks were set to be 30
mm, 60 mm and 100 mm in the laboratory, which are typical lengths of
three different crack grades identified in Technical Specification for
Inspection and Evaluation of Urban Drainage CJJ 181-2012 (National
Development and Reform Commission of the People’s Republic of
China, 2012). Images taken from four different perspectives were
selected for each specific crack, and the averaged value calculated from
the four images was used for model validation. Under the laboratory
condition, images were captured with a resolution of 3024 x 3024
pixels. To measure the accuracy of the proposed algorithm for crack

Table 2

Crack characterization results by various models (unit: mm).
Crack lengths 30 mm 60 mm 100 mm
Crack forms DL (M) * DL (X) * FCN* DL (M) DL (X) FCN DL (M) DL (X) FCN
Vertically straight crack 25.17 25.45 17.00 49.09 66.55 33.00 71.72 75.04 58.00
Vertically curved crack 36.26 36.38 21.00 46.38 46.14 36.00 93.09 91.48 64.00
Vertically undulating crack 28.17 28.49 24.00 65.17 67.14 38.00 102.62 99.93 57.00
Slanted crack 37.67 38.15 24.00 79.86 74.11 45.00 129.30 129.46 82.00
Horizontally straight crack 37.79 32.76 39.00 79.55 84.74 52.00 129.06 131.33 115.00
Horizontally curved crack 37.62 37.80 41.00 77.44 78.81 68.00 127.47 125.14 137.00
Horizontally undulating crack 36.76 35.92 36.00 73.57 74.60 53.00 127.66 126.47 83.00
MSE 41.30 33.37 80.00 228.08 237.76 313.00 582.40 553.96 1016.57
“ DL (M) = CDC algorithm combined with DeepLab V3 + (MobileNet V2); DL (X) = CDC algorithm combined with DeepLab V3 + (Xception-65); FCN = CDC al-

gorithm combined with FCN-32 s.
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Table 3
Dataset of the field cases.
Guangzhou Hangzhou Sewer-ML Total
Training 350 115 445 910
Validation 30 10 60 100
Total 380 125 505 1010

length quantification, mean squared error (MSE) is used, which is
calculated as follows:

MSE =

2=

N
Z (observed; — predicted;)’ (10)
i=1

where N is the total number of all the cracks of the same length but
different morphologies, observed; and predicted; are the actual and
calculated crack lengths, respectively.

The MSEs of the CDC algorithm, combined with different crack
detection models, for different pipe cracks are listed in Table 2. The
results indicate that the CDC algorithm based on the DeepLab V3 +
model has a higher accuracy (i.e., lower MSE values) under all the
conditions than the model combined with the FCN-32 s algorithm. Also,
for the CDC algorithm based on the DeepLab V3 + models of MobileNet
V2 and Xception-65 backbones, the values of MSEs are similar. This is
because the accuracy of crack length quantification depends signifi-
cantly on the segmentation accuracy. It also needs to be noted that the
crack characterization accuracy of the proposed CDC algorithm for
longitudinal cracks (Fig. 7a) was lower than that for circumferential
cracks (Fig. 7b). Such uncertainties are mainly caused by the limitation
of CCTV cameras. When the end of the longitudinal crack is far from the
camera focal plane, it appears blurred in the image. But the uncertainties
are still under control. The results in Table 2 show that the maximum
deviation between the prediction and the actual crack length is less than
30 %. This is because, in the length quantification algorithm, each pixel
in the crack segmentation images was scaled to its actual length based on
the pipe joints. Most of the longitudinal cracks can be captured clearly,
and the blurry part occupies only a tiny portion of the total length.
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To further verify the applicability of the proposed CDC algorithm in
practice, its performance is checked with actual CCTV images, of which
the image resolution is much lower and with more noise present in the
view. It will be discussed in Section 3.2.

3.2. Field validation

3.2.1. Dataset preparation

The actual CCTV inspection images of sewage pipes in Guangzhou
and Hangzhou, China, were used to further verify the performance of the
CDC algorithm. Additionally, CCTV images from the Sewer-ML dataset
(Haurum and Moeslund, 2021) were used for model training, too. The
282 images, of which 100 were from Guangzhou, 33 from Hangzhou and
149 from Sewer-ML, were mixed and divided into training and valida-
tion datasets. A total of 182 images (70 from Guangzhou, 23 from
Hangzhou and 89 from Sewer-ML) were used for training, while 100
images (30 from Guangzhou, 10 from Hangzhou and 60 from Sewer-ML)
were used for validation. As shown in Table 3, using the geometric
transformation method introduced in Section 3.1.1, the training data
was expanded to 1,010 images. Due to the blur in the actual CCTV im-
ages, before model training, FFANet was used to deblur the images. The
effect of FFANet is significant, as shown in Fig. 10 (a) and Fig. 10 (b).
The images were then labeled by the Labelme software for subsequent
analysis.

3.2.2. Eyaluation of crack detection models

Similar to the laboratory cases, two DeepLab V3 + models with
MobileNet V2 and Xception-65 backbones and the FCN-32 s model with
the ResNet101 backbone are trained and compared. The effect of the
deblurring process on the crack detection was also checked by applying
FFANet before segmentation.

In this section, a total of six models were validated and the semantic
segmentation results of these models are shown in Fig. 10. The six
models were trained for 1,500 iterations each, which took 40 h per
model using our computer. As shown from Fig. 10, the cracks segmented
by FFA-DeepLab V3 + models are more complete compared to those
without deblurring processing. Among all the models, the FCN-32 s

75
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Fig. 11. Variation of mIoU in validation set.



C. Yang et al.

Table 4
Prediction results of different CDC algorithms with actual CCTV images.

Tunnelling and Underground Space Technology incorporating Trenchless Technology Research 155 (2025) 106195

Img ID Image Resolution and Crack evaluation from Crack length calculated by CDC with various crack detection models (mm)
Correction factor value field reports

DeepLab V3+  DeepLab FCN-32 FFA- DeepLab FFA- DeepLab FFA-FCN-

(MobileNet V3+ s V3+ V3+ 32s

V2) (Xception- (MobileNet V2) (Xception-65)

65)

1 480 x 260, 2.0 Grade 1, 0-250 mm 302.56 294.68 154.99 357.88 402.83 208.89
2 480 x 260, 2.0 Grade 2, 250-500 mm 267.65 496.76 204.54 319.43 383.55 223.00
3 480 x 260, 2.0 Grade 2, 250-500 mm 551.25 654.25 501.66 611.31 663.59 443.39
4 480 x 260, 2.0 Grade 3, 500-750 mm 655.90 698.68 453.21 617.36 666.22 501.61
5 480 x 260, 2.0 Grade 2, 250-500 mm 127.11 148.82 70.79 132.47 130.71 49.76
6 480 x 260, 2.0 Grade 2, 250-500 mm 427.29 662.87 206.99 423.13 513.66 222.10
7 480 x 260, 2.0 Grade 2, 250-500 mm 610.72 773.27 559.80 846.64 830.85 589.93
8 480 x 260, 2.0 Grade 3, 500-750 mm 811.16 867.37 661.04 783.64 782.94 577.69
9 480 x 260, 2.0 Grade 3, 500-750 mm 850.08 906.77 695.78 753.85 754.89 652.51
10 480 x 260, 2.0 Grade 2, 250-500 mm 325.26 308.68 208.06 335.01 298.87 232.85
11 480 x 260, 2.0 Grade 2, 250-500 mm 316.14 305.33 155.01 273.17 278.50 205.36
12 480 x 260, 2.0 Grade 3, 500-750 mm 272.45 288.01 121.36 298.91 260.30 136.00
13 480 x 260, 2.0 Grade 3, 500-750 mm 890.90 923.65 520.84 694.17 718.53 600.96
14 480 x 260, 2.0 Grade 3, 500-750 mm 354.17 429.76 367.06 412.78 451.24 367.73
15 480 x 260, 2.0 Grade 3, 500-750 mm 485.43 641.98 454.55 712.99 746.93 493.66
16 480 x 260, 2.0 Grade 1, 0-250 mm 259.18 251.80 179.17 241.77 236.70 220.01
17 480 x 260, 2.0 Grade 2, 250-500 mm 328.26 260.82 134.29 433.01 427.57 185.17
18 480 x 260, 2.0 Grade 3, 500-750 mm 614.00 512.24 391.01 563.66 528.01 437.36
19 480 x 260, 2.0 Grade 3, 500-750 mm 688.08 719.41 513.42 617.80 652.47 533.36
20 480 x 260, 2.0 Grade 3, 500-750 mm 721.19 705.61 220.79 679.74 667.31 392.24
21 480 x 260, 2.0 Grade 3, 500-750 mm 805.12 703.99 279.57 706.05 741.48 288.46
22 480 x 260, 2.0 Grade 2, 250-500 mm 375.18 526.51 115.22 381.14 382.62 189.35
23 480 x 260, 2.0 Grade 3, 500-750 mm 566.46 595.21 349.53 738.37 570.36 414.67
24 480 x 260, 2.0 Grade 1, 0-250 mm 123.29 151.26 84.89 144.09 166.02 101.90
25 480 x 260, 2.0 Grade 2, 250-500 mm 547.62 505.68 328.89 598.36 511.93 400.98
26 1920 x 1080, 1.0 Grade 3, 500-750 mm 572.01 570.08 463.76 507.65 545.59 493.42
27 1920 x 1080, 1.0 Grade 2, 250-500 mm 624.25 596.94 490.11 562.83 599.03 496.68
28 1920 x 1080, 1.0 Grade 1, 0-250 mm 151.18 147.31 86.18 132.11 138.61 84.05
29 1920 x 1080, 1.0 Grade 2, 250-500 mm 223.18 208.36 124.92 276.75 301.95 147.83
30 1920 x 1080, 1.0 Grade 3, 500-750 mm 511.19 479.86 441.89 526.37 505.06 404.45
31 1920 x 1080, 1.0 Grade 1, 0-250 mm 297.18 300.97 228.06 322.43 322.55 250.90
32 1920 x 1080, 1.0 Grade 1, 0-250 mm 113.46 125.68 74.21 130.70 134.58 93.57
33 1920 x 1080, 1.0 Grade 2, 250-500 mm 362.26 374.23 242.66 400.22 422.73 289.84
34 1920 x 1080, 1.0 Grade 3, 500-750 mm 452.37 436.48 393.91 525.02 518.51 411.47
35 1920 x 1080, 1.0 Grade 2, 250-500 mm 258.62 234.08 177.89 290.32 288.28 261.33
36 1920 x 1080, 1.0 Grade 3, 500-750 mm 804.41 817.66 799.15 791.28 843.63 784.79
37 1920 x 1080, 1.0 Grade 2, 250-500 mm 418.01 433.69 352.15 445.38 415.85 359.31
38 1920 x 1080, 1.0 Grade 3, 500-750 mm 768.54 772.46 763.58 807.00 815.57 795.95
39 1920 x 1080, 1.0 Grade 3, 500-750 mm 692.10 686.41 541.93 729.50 733.80 606.71
40 1920 x 1080, 1.0 Grade 3, 500-750 mm 580.28 591.90 438.52 526.62 549.30 459.22
41 1920 x 1080, 1.0 Grade 2, 250-500 mm 254.48 265.09 189.86 286.38 251.27 199.99
42 1920 x 1080, 1.0 Grade 3, 500-750 mm 556.66 559.61 487.31 520.43 539.70 494.89
43 1920 x 1080, 1.0 Grade 1, 0-250 mm 301.48 339.78 239.42 244.67 274.16 208.21
44 1920 x 1080, 1.0 Grade 3, 500-750 mm 433.19 435.76 407.87 471.66 455.88 424.37
45 1920 x 1080, 1.0 Grade 2, 250-500 mm 184.73 166.13 50.47 170.47 188.17 62.19
46 1920 x 1080, 1.0 Grade 3, 500-750 mm 581.04 572.11 389.63 530.76 555.23 426.10
47 1920 x 1080, 1.0 Grade 2, 250-500 mm 450.14 427.46 315.17 424.59 393.37 349.17
48 1920 x 1080, 1.0 Grade 1, 0-250 mm 242.96 244.81 214.02 244.80 216.13 218.67
49 1920 x 1080, 1.0 Grade 2, 250-500 mm 314.49 322.96 180.79 337.34 320.49 186.11
50 1920 x 1080, 1.0 Grade 3, 500-750 mm 591.12 600.02 303.40 557.38 575.51 327.53
Accuracy / / 28/50 26/50 18/50 35/50 33/50 21/50

*Grades of cracks in the field reports are identified based on Technical Specification for Inspection and Evaluation of Urban Drainage CJJ 181-2012 (National Development

and Reform Commission of the People’s Republic of China, 2012).

model has the lowest accuracy, which cannot even detect cracks in some
images.

Fig. 11 shows the evaluation of different models based on the mIoU
performance metric for the validation dataset. As can be seen from this
figure, the DeepLab V3 + models have a higher mIoU accuracy than the
FCN-32 s models. This indicates that the DeepLab V3 + algorithm,
especially when the backbone is MobileNet V2, has better semantic
segmentation performance for sewage pipe cracks than FCN-32 s algo-
rithms. With the deblurring algorithm FFANet, the mloUs of the two
DeepLab V3 + models and FCN-32 s models are improved by 0.7 %, 1.2
% and 0.5 %, respectively, compared to those without FFANet. In all,
DeepLab V3 + model with MobileNet V2 backbone and FFANet model
has the highest semantic segmentation performance.
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3.2.3. Evaluation of crack characterization algorithm

To verify the crack characterization accuracy of the proposed CDC
algorithm for the actual CCTV images, 50 images were selected from the
validation dataset (35 from Guangzhou and 15 from Hangzhou). The
images include various cracks of different morphologies and lengths,
and they are accompanied by the field reports provided by the local
municipal departments. In this section, the lengths of pipe cracks were
calculated by the proposed CDC algorithm based on the actual 1.0-m-
diameter pipe. The quality of the CCTV images can cause errors in
pipe crack characterization. Therefore, the correction factor @ was set to
2.0 for the CCTV images with a resolution of 480 x 266 pixels, and 1.0
for the CCTV images with a resolution of 1920 x 1080 pixels.

The crack characterization results are shown in Table 4. From this
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table, the CDC algorithms combined with the DeepLab V3 + models
have a better quantification performance than those combined with the
FCN-32 s model (which has a quantification accuracy below 50 %). The
CDC algorithm with FFANet and DeepLab V3+ (MobileNet V2) performs
best by correctly grading 35 out of 50 cracks (i.e., 70 % accuracy), as
shown in Table 1. This CDC algorithm also shows the least cases of
length prediction deviations over 100 mm (only 5 cases in total)
compared to other models. The proposed CDC algorithm performs better
than the existing methods the existing methods in Wang et al. (2021)
and Jia et al. (2023) (60 % accuracy on average).

In summary, although the calculated crack lengths cannot be directly
compared with the real values owing to data limitations, the results of
the proposed CDC algorithm are satisfactory with most crack lengths
estimated falling within the range specified in the field reports.

4. Conclusions

In this study, we proposed an innovative crack quantification algo-
rithm. Combined with carefully chosen detection model, the new CDC
algorithm is proposed to automatically detect and characterize cracks in
sewage pipes based on CCTV images for more efficient and accurate pipe
defect assessment, contributing to urban water environment
management.

The CDC algorithm contains the crack detection model and a newly
developed crack characterization algorithm. Its performance was veri-
fied using images of pipe cracks created artificially (in the laboratory)
and from actual field CCTV inspections. In the laboratory cases, the CDC
algorithms with various segmentation models effectively detected and
quantified the length of pipe cracks from images. Of these, the CDC al-
gorithm with the DeepLab V3 + segmentation model performed the
best. For the filed cases, the CDC algorithm with the DeepLab V3 +
segmentation model was also found to be the best-performing algorithm
for detecting and characterizing pipe cracks. Additionally, to deal with
the blurry images which are commonly seen in real CCTV images, the
FFANet deblurring algorithm was introduced. The results showed that
the FFANet deblurring algorithm could improve the performance of the
CDC algorithms. In summary, the CDC algorithm based on the FFANet
and DeepLab V3+ (MobileNet V2) exhibited the best performance. It
was considered the optimized model for automated detection and
characterization of pipe cracks from CCTV images. Using this method to
process the actual CCTV images, 35 out of 50 cracks were correctly
graded (i.e., 70 % accuracy), which is better than the existing methods.

The proposed deep-learning-based CDC algorithm was verified on
automated quantification of sewage pipe cracks from CCTV images,
which can improve the efficiency and accuracy of sewage pipe inspec-
tion significantly. Although there are still some uncertainties in calcu-
lating longitudinal crack lengths by the proposed method caused by the
limitation of CCTV cameras, the deviations are still under control, with a
maximum value of less than 30 % in this study. In engineering practice,
the CCTV camera can move along the pipe to take photos from different
perspectives. The estimation of longitudinal crack lengths by the CDC
algorithm can be further reduced using images where most of the cracks
were captured near the camera focal plane. In this study, the detection of
other pipe defects, like blockage, deformation, etc., is not included. In
the future, a more comprehensive algorithm capable of identifying these
other pipe defects needs to be developed. Additionally, there is still
space for improving the DeepLab V3 + algorithm to improve its accu-
racy in crack characterization. Also, the correction factor introduced in
this study to reduce the effects of image resolution on crack character-
ization requires further investigation. In future work, we will further
optimize the CDC algorithm and the selection principle of correction
factors under different image quality conditions.
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