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1 | INTRODUCTION

As essential components of civil infrastructure, under-
ground sewer pipelines need regular inspections to ensure

DiSun® | YaozhiLv* | Honglie Li°® | Gang Pan'

Abstract

In sewer pipes, haze caused by the humid environment seriously impairs the
quality of closed-circuit television (CCTV) images, which leads to poor perfor-
mance of subsequent pipe defects detection. Meanwhile, the complexity of sewer
images, such as steep depth change and extensive textureless regions, brings
great challenges to the performance or application of general dehazing algo-
rithms. Therefore, this study estimates sewer depth maps first with the help of
the water—pipewall borderlines to produce the paired dehazing dataset. Then a
structure-aware nonlocal network (SANL-Net) is proposed with the detected bor-
derlines and the dehazing result as two supervisory signals. SANL-Net shows
its superiority over other state-of-the-art approaches with 147 in mean square
error (MSE), 27.28 in peak signal to noise ratio (PSNR), 0.8963 in structural sim-
ilarity index measure (SSIM), and 15.47M in parameters. Also, the outstanding
performance in real image dehazing implies the accuracy of depth estimation.
Experimental results indicate that SANL-Net significantly improves the per-
formance of defects detection tasks, such as an increase of 23.16% in mean
intersection over union (mIoU) for semantic segmentation.

normal operation. Closed-circuit television (CCTV) car-
ried by a robot vehicle is the most popular approach to
capture pictures of the sewer internal condition. How-
ever, the manual inspection and condition assessment

[Correction added on 22nd August 2022, after first online publication: The
acknowledgement section and the multiplication signs were updated.]

processes are low efficiency, error prone, and nonobjective
due to the lack of sophisticated automatic defects detection
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FIGURE 1
residual wastewater and based on the imaging model presented in
Figure 2. Note that V;,, is the vanishing point

An image captured in a sewer environment with

tools under current practice. In many other industries,
such as medical and construction fields, computer-aided
systems have reached great successes (Hassanpour et al.,
2019; Martins et al., 2020; Rafiei & Adeli, 2018). There-
fore, in recent years, many studies including nonlearning
methods (Iyer & Sinha, 2006) and machine learning meth-
ods (Cheng & Wang, 2018; Wang & Cheng, 2020) have
appeared based on semantic segmentation, object localiza-
tion, and image classification. All these methods need a
large number of clear and clean sewer images for feature
extraction (nonlearning-based methods) and for training
(learning-based methods). However, in reality, CCTV typ-
ically produces hazy images due to the humid sewer
environment. Although image dehazing in the computer
vision field is a common task that has been studied for
many years, there is a lack of published research on
learning-based image dehazing in sewers probably due to
its complexity and the lack of a public dataset.

The objective of image dehazing is to restore the
clean counterpart of a single hazy image by remov-
ing the haze noise. The atmospheric scattering model
(McCartney, 1976; Narasimhan & Nayar, 2001, 2002, 2003;
Nayar & Narasimhan, 1999) is a classical description of
haze degradation process

I(x) = J(x)t(x) + A1 — t(x)) ¢))

t(x) = e FdE) 2)

where x indicates the pixel coordinate within the image,
I(x) indicates the hazy image pictured by the camera, J(x)
indicates the clean counterpart, t(x) indicates the medium
transmission map, A indicates the atmospheric light, 8
indicates the scattering coefficient of the atmosphere, and
d(x) indicates the image depth, which represents the dis-
tance from the object to the camera. Compared with other
parameters, the image depth d(x) is closely related to
the hazy content. The far space in the image is full of
thick haze while the near space suffers less from the haze.
Figure 1 shows a clean image pictured in the sewer. It con-
tains a wide range in depth, which changes substantially
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FIGURE 2
Figure 1 shows one image example
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Scheme illustrating the back-projection of points.

in one direction. What’s more, similar colors and tex-
tures make it harder to obtain accurate depth information.
Hence, the complexity in establishing the depth distri-
bution makes the sewer image dehazing an engineering
challenge.

Image dehazing is a common task that has been widely
studied in the computer vision field and three types of
methods have been proposed including image enhance-
ment, prior-based algorithms, and learning-based algo-
rithms. As for sewer image dehazing, image enhancement
methods only improve the image clarity without consid-
ering the specific sewer environment and usually achieve
unsatisfactory results (Guo et al., 2009, 2008; Kunzel et al.,
2018). Prior-based algorithms have been widely applied but
only one paper (Li et al., 2020) that used dark channel prior
(DCP) to remove haze in sewer images has been found in
literatures. However, prior-based algorithms are sensitive
to the haze distribution, which results in their instability in
real scenes. Learning-based algorithms based on convolu-
tion neural network (CNN) models show their superiority
in many fields. In order to improve the performance of the
defect detection task, Li et al. (2022) employed one pre-
viously proposed dehazing algorithm called gated context
aggregation network (GCANet) (Chen et al., 2019) as a pre-
processing step to sewer images. GCANet was proposed for
general indoor and outdoor image dehazing and trained by
public datasets. To train a network for sewer image dehaz-
ing, there is a need for a paired dataset including hazy
images as inputs and clean counterparts as supervisory sig-
nals (Anvari & Athitsos, 2020). Although it is infeasible
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for CCTV cameras to capture paired images, it is common
to use the depth map to generate a hazy image via the
atmospheric scattering model. However, the complexity of
the sewer environment, such as darkness and extensive
similar texture regions, limits the performance or appli-
cation of most depth estimation algorithms. This paper
first solves the depth estimation problem based on sewers’
monocular cues.

This study introduces a learning-based method for sewer
image dehazing based on an accurate estimation of the
depth map of the sewer image. First, two borderlines serve
as main cues to compute the geometrical relations of the
sewer structure and then to construct the depth map. The
depth map is then utilized to produce the paired dataset.
Second, a learning-based method named structure-aware
nonlocal network (SANL-Net) is proposed. SANL-Net
not only takes advantage of CNN properties including
robustness and accuracy but also takes the sewer struc-
ture into account by using two borderlines as an addi-
tional supervisory signal. Third, to assess the contribution
of SANL-Net toward accuracy improvement of high-
level vision tasks in sewer images, this study uses nine
trained models to detect defects in hazy images, dehazed
images produced by SANL-Net, and clean images for
comparison.

2 | RELATED WORK

2.1 | Depth estimation

Depth estimation can be implemented via various visual
cues including monocular, stereo, motion parallax, and
focus cues. Unlike other approaches, methods based on
monocular cues have the advantage of requiring no addi-
tional inputs. Those methods conduct depth estimation by
utilizing texture cues, geometric cues, or the global struc-
ture. For example, Angot et al. (2010) proposed an initial
depth map (IDM) bank for images with global structures
(such as the image containing sky and ground or the image
containing the street and buildings). Ge et al. (2017) used
geometric cues including the vanishing line and vanishing
point to indicate depth direction. Su et al. (2021) regarded
the change from the vanishing point to other objects as
two-dimensional Gaussian distribution.

In sewers, an early work (Cooper et al., 1998) located
the vanishing point with the help of longitudinal mortar
lines for brick sewers. In the case of modern sewers, which
are mostly made of concrete, two water borderlines can
play the same role as longitudinal mortar lines to find the
vanishing point. Then, the depth map of a sewer image
can change from the margin to vanishing point follow-
ing a Gaussian distribution. To fine-tune the depth map,
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this work finds points on the same depth contour by using
imaging characteristics that are motivated by an image
stitching task proposed by Kunzel et al. (2018).

2.2 | Image dehazing

2.21 | Prior-based

There are plenty of conventional dehazing methods based
on prior information, such as DCP (He et al., 2011), color
attenuation prior (Zhu et al., 2015), and nonlocal color
prior (Berman et al., 2016). Those methods concentrated
on the estimation of the transmission map t(x), which is
used to recover the clean image via the atmospheric scat-
tering model. However, prior-based approaches have rare
applications in sewer images due to their instability and
nonrobustness for practical applications (Li et al., 2020).

2.2.2 | Learning-based

Learning-based methods have two main types: intermedi-
ate manner and end-to-end manner. Intermediate manner
represents approaches that combine conventional meth-
ods with CNN models, such as estimating transmission
map t(x) and/or atmospheric light A (Berman et al., 2016).
However, those methods are not always accurate and cause
suboptimal restoration performance. Instead of estimat-
ing intermediate parameters, AOD-Net (Li et al., 2017)
first optimizes the end-to-end network to directly restore
the clean image. Recent works, such as GCANet (Chen
et al., 2019), MSBDN-DFF (Dong et al., 2020), and MPR-
Net (Zamir et al., 2021), also conducted dehazing by the
end-to-end way. Those methods avoid inaccuracy when
recovering the final clean image but still remain unex-
pected noise-like artifacts. They concentrate on better
network architectures and fail to consider the information
of the image background. Therefore, another end-to-end
work (Hu et al., 2021) proposed the depth-guided nonlo-
cal network (DGNL-Net) to further improve the dehazing
effects by considering scene depth information. It used the
depth map to guide the whole network to remove haze.
As for sewer images, borderlines can play the same role to
guide CNN to realize a structure-aware dehazing.

2.3 | Multi-task learning (MTL)

MTL is a learning paradigm that learns multiple corre-
lated tasks jointly. The knowledge contained in a task can
be leveraged by other tasks. For example, joint training
between semantic segmentation and object localization is
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a typical multitask problem. Object localization provides
the prior information for semantic segmentation (He et al.,
2017; Pinheiro et al., 2016) while semantic segmentation
offers global information and local details for object local-
ization (Mao et al., 2017; Zhang, Qiao, et al., 2018). In
road images, a joint lane segmentation and lane bound-
ary detection (Zhang, Xu, et al., 2018) leverage a geometric
relationship that the outline of the lane is exactly the lane
boundary, while the area formed by the lane boundary
is exactly the lane. In sewer images, wastewater border-
lines are important cues for depth estimation to build
the depth map, which plays a dominant role in image
dehazing. Therefore, a joint network between water bor-
derlines detection and image dehazing can leverage this
geometric relationship.

3 | SEWER DEPTH ESTIMATION AND
DATASET

3.1 | Sewer image depth estimation

As a cylindrical structure, the sewer has circular cross-
sections, which are parallel with the camera plane. Image
points on one cross-section have the same depth value and
can be divided into two parts. The arc line part is com-
prised of sewer pipe points above the water surface and the
straight line part represents points on the water surface. As
shown in Figures 1 and 2, O, A,,, B, are 3D points in the
sewer, O;,,, Aim, Bi, are pixel points in the image.

O,A, =0yB, =7 3)
VwAw = VyBy 4)
dy =dp 5)

where r is the cross-section radius, d4 and dp are depth
values of the two points, V, is the 3D intersection point
between the optical axis and the cross-section. The inter-
section point between the optical axis and the camera
plane is the vanishing point V;,. Under the pinhole
camera model, the imaging characteristics can be given by:

OuwAy _ VA _ OwVy
OimAim VimAim OimVim
OimBim VimBim f
Hence, it is easy to get:
OimAim = OimBim @)
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(¢) y=0,0.1,0.2

FIGURE 3 Thefitting result for different y. The middle image
of each row indicates the best-fit

VimAim = VimBim (®
OimVim Ow Vw (9)
OimAim OwAw

Equation (5) can be generalized to any pair of points on
the same cross-section, so it can be deduced that the arc
line is a circular arc. Equation (6) helps to locate one pair
of points by finding two points that have the same dis-
tance to the vanishing point V;,,. The circle center O;,,
is on the angular bisector of 2£A;;,ViuBim- Equation (7)
helps to locate the exact position of the center. Specifying
y = g:;‘; , the center can be identified by a known y. Pos-
itive y means that the center is above the vanishing point.
Zero y indicates the center and the vanishing point are the
same. So depth contour for this pair of points is identified,
which can be generalized to any pair of points on the two
wastewater borderlines.

3.1.1 | Construct the depth map

This work chooses 19 alternative values in [—0.9, 0.9]
with the interval of 0.1 to find the best-fitting y for every
image. Figure 3 shows the fitting effects of some val-
ues. Two factors determine the best-fitting y: overlap
degree between circle joint and depth contour and the
identified y from adjacent frames. Then the depth map
is constructed with depth contours. The depth contour
near the vanishing point has the maximum depth value.
And depth values for depth contours take on a Gaus-
sian distribution (Su et al., 2021). Figure 4 shows some
examples.
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(b) depth contours

(a) clean image

(c) depth map (d) hazy image

FIGURE 4 Some examples of the generation process of the hazy image

3.2 | The sewer-with-2-borderlines (S2B)
dataset

Tianjin Municipal Engineering Design and Research Insti-
tute provides the CCTV videos, which were used for the
pipe defect detection. Experimental images are acquired
by capturing clean video frames, which come from differ-
ent CCTV devices, regions, and cities. Then, wastewater
borderlines are labeled manually to construct depth maps.
As a real hazy photo is always a distant view, it means
the vanishing point should be in the image center. Only
clean frames whose intersection point between two border-
lines is in the image center are remained. These remaining
images reach 1090 and meet the condition that they cover
various pipe materials and pipe diameters. Figure 6 shows
their distribution in y. It can be seen that the CCTV camera
mostly locates in the cross-section center.

These clean images and their depth maps generate syn-
thesized hazy images according to the atmospheric scatter-
ing model. Two sets of parameters (0.6, 0.8, 1), (1, 2, 3) are
used separately for the atmosphere light and the scattering
coefficient to simulate different degrees of haze. The com-
parison between simulation results and actual hazy images
is shown in Figure 5. Synthesized images generated by
these two sets of parameters can efficiently cover various
actual hazy images and also generate some extreme condi-
tions, which can help to enrich the dataset. Data augmen-
tation (i.e., flip, noise) is also randomly involved to improve
networks performance. Eventually, the S2B dataset con-
tains 11,426 training images (captured at 22 streets) and
1314 validation images (captured at four other different

streets), which are all resized to 480 x 272. The resolution
is sufficient for depth estimation, without requiring a large
amount of computation. Figure 4 shows some examples.

4 | DEHAZING METHODOLOGY

For image dehazing, high-level semantic information and
low-level spatial information are all demanded in a bal-
anced way (Zamir et al., 2021). As shown in Figure 7,
SANL-Net contains three parts. The Semantic Net acts as
an encoder—decoder architecture to learn the broad contex-
tual information with large receptive fields. In addition to
the high-level semantic information, this subnetwork also
fully considers the atmospheric scattering model as the
borderlines are important cues to estimate the depth map.
The Spatial Net implements pixel-to-pixel correspondence
from the input image to output image on the same resolu-
tion. The aim of the subnetwork is to preserve the desired
fine texture and low-level spatial details in the final output
image. Ultimately, the structure-aware nonlocal (SANL)
module is applied to combine the local position informa-
tion and the high-level semantic information by nonlocal
operations to catch long-range dependencies.

4.1 | Semantic Net

The Semantic Net is composed of two main parts: an
encoder-decoder network and deep Hough transform
(DHT) layers. The encoder-decoder network usees 10
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FIGURE 5
the last two rows are actual hazy images
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blocks to extract features. Every block contains a con-
volution layer, a group normalization (Wu & He, 2018),
and a scaled exponential linear unit (SELU) (Klambauer
et al., 2017). Ending blocks are connected by skip con-
nections to retain information. The group numbers of
group normalization of these blocks are all set to 32 and
Table 1 shows convolution details. Finally, the output of
the last block contacts with the output of Spatial Net in the
SANL module.

After the encoder-decoder network, the four layers
before the skip connections in the decoder are transformed
to four feature maps at the size of C X ® X R in parametric
space (Hough space) by DHT layers (Zhao et al., 2021).

Comparison between synthesized hazy images and actual hazy images. The first two rows are synthesized hazy images and

VW2 + H?
R= — an

where AO and Ar are the quantization interval for angle
0 and radius r, W and H are, respectively, the image width
and height, and C indicates the channel size. In this work,
C=32,A0= %, Ar = \/5 Then these four feature maps
are fused by concatenation. And, a 1 X 1 convolution layer
is applied to produce pointwise predictions in the paramet-
ric space. As a result, predicting a line becomes to predict a
point that can be represented by (6, 7). The reason for pre-
dicting in the Hough space is that the borderlines indicate
the boundary between the water surface and sewer wall
and have more semantic information rather than structure
information. The dashed line in Figure 7 is conducted only
during testing to visualize the predictions.

4.2 | Spatial Net

The Spatial Net starts with two identical blocks to decrease
the resolution. Each block has a convolution layer and
a rectified linear unit (ReLU) nonlinear function. Then,
another 11 residual blocks are used to increase the
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FIGURE 7

The overall architecture of the work contains two subnetworks and an SANL Module: (i) a Semantic Net, which predicts two

borderlines; (ii) a Spatial Net, which is used to obtain the residual map; (iii) an SANL module, which realizes feature fusion between two
subnetworks. The size format is channel X height X width. Note that the dashed line in the network indicates the step is only conducted

during testing

TABLE 1 Convolution layers in the Semantic Net
Layer Kernel Stride
Input
Convolutionl 4x4 2
Convolution2 4x4 2
Convolution3 4x4 2
Convolution4 4x4 2
Convolution5 3x3 1
Convolution6 3x3 1
Convolution7 3%3 1
Convolution8 4x4 2
Convolution9 4x4 2
Convolutionl0 4x4 2

receptive field without any downsampling operation on
account of preserving spatial information. As for each
residual block, there are a 3 x 3 dilated convolution (Chen,
Papandreou, et al., 2018), an ReLU nonlinear function,
another 3 X 3 dilated convolution, and a coordinate atten-
tion module (Hou et al., 2021). Then, a skip connection
is adopted to add the input and output of each residual
block. More details for convolution layers of 13 blocks in
the Spatial Net are shown in Table 2.

Additionally, the role of the coordinate module in
each residual block is to enhance positional informa-

Dilation Padding Output

3 X 272 X 480
1 1 32 X 136 X 240
1 1 64 X 68 X 120
1 1 128 X 34 X 60
1 1 256 X 17 X 30
2 2 256 X 17 X 30
4 4 256 X 17 X 30
2 2 256 X 17 X 30
1 1 128 X 34 X 60
1 1 64 X 68 X 120
1 1 32 X136 X 240

tion by embedding positional information into channel
information. First, this module adopts two global pool-
ing layers to the input with pooling kernels (H,1) and
(1,W) to yield two direction-aware tensors. Those two
tensors are concatenated and sent to a 1 X 1 convolution
followed by a nonlinear activation function to generate
the intermediate feature map. Then, the intermediate
feature map is split into two new tensors of the same
size as the two direction-aware tensors. Finally, another
1 X 1 convolution and an activation layer are used to
transform two new tensors into two attention weights.
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TABLE 2 Convolution layers in the Spatial Net
Layer Kernel Stride
Input
Convolutionl 4x4 2
Convolution2 1x1 1
Convolution3.1 3x3 1
Convolution3.2 3x3 1
Convolution4.1 3x3 1
Convolution4.2 3x3 1
Convolution5.1 3%3 1
Convolution5.2 3%x3 1
Convolution6.1 3x3 1
Convolution6.2 3x3 1
Convolution7.1 3x3 1
Convolution7.2 3x3 1
Convolution8.1 3x3 1
Convolution8.2 3x3 1
Convolution9.1 3%3 1
Convolution9.2 3%x3 1
Convolution10.1 3%x3 1
Convolution10.2 3x3 1
Convolutionll.1 3%3 1
Convolution11.2 3x3 1
Convolution12.1 3x3 1
Convolution12.2 3x3 1
Convolution13.1 3%3 1
Convolution13.2 3%x3 1

The output is the multiplication of the weights and the
input.

4.3 | SANL module

The SANL module aims to correlate the contextualized
information and positional information over the entire
feature maps. Before joining the SANL module, the Seman-
tic Net adopts a residual block, a 3 X 3 convolution with
padding = 1, a SELU, a 1 X 1 convolution with padding
= 1 followed by a sigmoid function, to downsample the
final output of the encoder-decoder network. The resid-
ual block is the same as the 11th block in the Spatial Net.
The result is in the same size as the initial input image. To
reduce the computation and memory cost, the height and
width of the result are then both reduced as 1/8 of original
values to get the feature map Se, which is realized by a 4 x
4 convolution with stride = 4. As for the output of the Spa-
tial Net, an interpolation is applied to downsample it to get
the feature map Sp.
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Dilation Padding Output
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32 X 136 X 240
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64 X 136 X 240
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64 X 136 X 240
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64 X 136 X 240
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64 X 136 X 240
64 X 136 X 240
64 X 136 X 240
64 X 136 X 240
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Three 1 X 1 convolution layers are applied to the feature
map Sp to separate the channels and get three components

©6,¢,8):

6 = Fo(Sp) (12)
¢ = Fy(Sp) (13)
&= Fg(Sp) (14)

where Fy 4/, implies a convolution operation. In Figure 7,
there are two relation maps at the same size of 34x60 x
34%60. The relation map Rsp is achieved by applying the
matrix multiplication and Softmax normalization to 8 and
¢. This step can be formulated as follows:

Rsp = Softmax(6 ® ¢) (15)

Another relation map Rse is extracted from the feature
map Se by computing the distance between each pair of
pixels and conducting a Softmax operation. Considering
huge spatial ranges of distance values, Rse is obtained in
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exponential value:
Rse = Softmax(e~*1ISe=5¢jly 16)

wherei € {1,...,34 x 60} and j € {1, ..., 34 X 60}.

Then the relation map Rse and Rsp are multiplied and
normalized by a Softmax layer. This operation aims to
model the feature interdependency. The result is multi-
plied with the component g then operated upon by another
1 X 1 convolution followed by the addition with Sp. The
above steps can be formulated as:

Sa = F(Softmax(Rse ® Rsp) ® g) + Sp (17)

where Sa indicates the feature map at the size of 64 X 136 X
120, F indicates a convolution layer. Ultimately, a 4 X 4
deconvolution layer, an RELU layer, and a 3 X 3 convolu-
tion layer are applied to resize Sa and the result is added
to the initial input image to get the final output image.

4.4 | Loss functions

There are two supervision signals in SANL-Net. The
structure loss of the Semantic Net is between the ground-
truth map H and the prediction H in the Hough space.
An operation is conducted to smooth the ground-truth
map H:

HK=H®K (18)

where K is a 5 X 5 Gaussian kernel, @ denotes the convo-
lution operation. Then, the structure loss Lg is given by a
cross-entropy loss:

Lg=-— EHlK -log(H;) + (1 — HX) - log(1 — H;) (19)

where i indicates the class index. The dehazing loss L of
the SANL module is between the clean ground-truth I and
the dehazed image I, which are all already normalized to
[0,1]. The dehazing loss £, can be given by:

Lp= Y YU —T(x)| (20)

ce(R,G,B) x
where c indicates the channel in the RGB space and x indi-
cates the pixel position in the image. The total loss £ can

be given by:

@ XIA ET AL.

Losses in training

10° - total loss in DHT-4
—— dehazing loss in DHT-4
structure loss in DHT-4
—— structure loss in DHT-2
—— structure loss in DHT-1

1071 4

loss

102 4

0 5000 10000 15000 20000 25000 30000 35000 40000
iters

FIGURE 8 Training losses. Note that DHT-4 indicates
SANL-Net while DHT-2 and DHT-1 are for ablation studies

5 | EXPERIMENTS

5.1 | Training strategies

The whole network is deployed in the PyTorch frame-
work (Paszke et al., 2019) while DHT layers are imple-
mented in native CUDA programming and others are
implemented based on framework level Python API. Adam
optimizer is used with decay and momentum of 0.9 at the
training stage. The initial learning rate is set to 5e-4 and
is decayed with the “poly” policy with the power of 0.9.
The batch size is 4 and the iteration step is 40,000. A sin-
gle NVidia 3090Ti GPU is used for training and testing. The
convergence situation of £, Lg, L in training can be seen
in Figure 8. All losses are decreased greatly within the first
2500 iterations.

5.2 | Verification

5.2.1 | Verification in the testing set

SANL-Net generates two outputs at the verification stage:
two borderlines and a dehazed image. Figure 9 shows some
verification examples of the testing set. The higher atmo-
sphere light A and scattering coefficient 5 result in a hazier
image (see the sixth and seventh rows). But the dehaz-
ing result does not depend on the degradation degree of
inputs. For example, the dehazed image in the sixth row
is not clearer than the one in the seventh row. Because
peak signal to noise ratio (PSNR) of the six row is 31.02
while it is 31.17 in the seventh row. Actually, the more
accurate the borderlines prediction is, the better the dehaz-
ing result is (see the first four and last four rows). As
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(a) hazy image (b) dehazed image

FIGURE 9 Results for the testing set

the S2B dataset contains synthesized hazy inputs with
relatively accurate depth maps, the models can handle
the thick haze around the vanishing point. Moreover, the
fourth row shows the model’s robustness in the extremely
hazy images.

(c) ground-truth (d) borderlines

Table 3 shows the comparison between SANL-Net
and other state-of-the-art dehazing methods. The metrics
include mean square error (MSE), PSNR, structural simi-
larity index measure (SSIM) (Sara et al., 2019; Wang et al.,
2004), and parameters of different models. GCANet is the
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TABLE 3 Methods comparison. MSE is calculated by the
squared intensity differences of hazy and dehazed image pixels.
PSNR is the ratio between the maximal of the image data and MSE.
SSIM gives normalized mean value of structural similarity between
the two images bold numbers: the first two results)

Method MSE PSNR SSIM Parameters
DCP(TPAMTI’10) 3660 1296  0.6843
AOD-Net(ICCV’17) 2012 15.65 0.7458  0.01M
GCANet(WACV’19) 2696 14.53 0.7496 2.68M
MSBDN-DFF(CVPR’20) 172 2710 0.9216 140.55M
MPRNet(CVPR’21) 655 20.72 0.8674 23.26M
DGNL-Net(TIP’21) 156 26.95 0.8921 15.40M
SANL-Net 147 27.28 0.8963 1547M

same as the original sewer image dehazing work (Li et al.,
2022). For a fair comparison (Luo et al., 2017; Xiao et al.,
2021), other models are trained with the same epochs (14
epochs) as SANL-Net. And, the parameters of SANL-Net
do not include parameters of DHT layers as these layers
only play a part at the training stage. The work outper-
forms other works in most cases and has a relatively lower
parameter size.

5.2.2 | Verification in the wild data

The wild data come from the real hazy photos without
ground truth. Figure 9 shows some verification examples.
The centers of most real photos are full of thick haze, which
is consistent with the synthesized images. So although
trained with synthesized images, SANL-Net is found to
perform well on real photos. Rich and saturated colors
have remained and color tones are also relatively realistic.
And dehazing effect is also related to borderline predic-
tion. For example, an accurate prediction in the second row
corresponds to a clear dehazed image.

5.3 | Application in the Pipe dataset

Haze affects the visibility of CCTV images and declines
the performance of sewer inspection. To assess how the
proposed method contributes to improving the accuracy of
sewer inspection, different defects detection methods (i.e.,
semantic segmentation, object localization, and image
classification) are applied to detect defects in synthe-
sized hazy images, in dehazed counterparts produced from
SANL-Net, and in ground-truth counterparts for compari-
son. First, SANL-Net is trained on the S2B dataset. Second,
detection models are trained on the training sets of sewer
defect datasets including clean images. Finally, the trained
models are used to detect defects in the validation set

/@ XIA ET AL.

TABLE 4 Sewer defect classes

Dataset Code Description
Pipe JO Joint offset
IL Intruding lateral
IN Infiltration

of the sewer defect datasets, including synthesized hazy
images, dehazed images by SANL-Net, and clean ground-
truth images. Synthesized images are obtained by the same
method used to produce the S2B data set.

These applications aim to analyze how haze affects dif-
ferent tasks. And the application results are assessed by
three quantities: the hazy value HV, dehazed value DV,
and nondehazed value UV, which can be given by:

HV = clean — hazy
DV = dehazed — hazy

UV = clean — dehazed

For example, “clean” indicates the original detection met-
ric (such as mean intersection over union [mIoU]%, mean
average precision [mAP]%, and F1%) for clean images.
A higher HV indicates that haze affects the detection
performance heavily. A higher DV indicates a better dehaz-
ing performance while a higher UV indicates a worse
dehazing performance. These three values are expected to
be positive.

This section illustrates the application results of the
dataset in our previous work (Pan et al., 2020) named Pipe
dataset. Table 4 shows the code description for every defect
class in the Pipe dataset. Because of their different source,
the aspect ratios of images in the S2B and Pipe differ. So two
strategies are used during depth estimation for the Pipe
dataset: one is estimating the depth map at the resolution
of 256 X 256 as same as the Pipe dataset; the other is at
the resolution of 480 X 272 as same as the training dataset.
Figure 11 shows these two strategies.

53.1 | Semantic segmentation

Table 5 offers semantic segmentation results of the Pipe
data set in mIoU% by different semantic segmentation
models. The caption “w/o resizing” means the depth map
is estimated using strategy shown in Figure 1la while
“w/ resizing” corresponds to Figure 11b. In the original
works where they appear, PipeUNet (Pan et al., 2020) is for
sewer defect segmentation, FCN (Yang et al., 2018) is for
crack inspection, and DeepLabv3+ (Chen, Zhu, et al., 2018)
is for general segmentation. In Table 5, although depth
maps of images w/o resizing are estimated at a resolution
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(a) hazy image (b) SANL-Net

(¢c) SANL-Net w/o d (d) SANL-Net (borderlines prediction)

FIGURE 10 Results for the wild data. “SANL-Net w/o d” means the dataset used to train is synthesized by adding even haze without
depth information and more details can be seen in Section 5.6. “SANL-Net (borderlines prediction)” represents the prediction result of two

water borderlines

(a) w/o resizing (b) w/ resizing

FIGURE 11 Two strategies applied during depth estimation
for the Pipe data set: (a) is at the resolution of 256 X 256, (b) is at the
resolution of 480 x 272

different from the S2B dataset, SANL-Net still performs
well. mIoU% of images w/o resizing is always higher than
image w/ resizing, which implies resizing operation results
in deformation and information loss. What is unexpected
is that mIoU% of clean images w/o resizing or w/ resizing
is different. It is probably that semantic segmentation mod-
els have better performances on the original resolution
of images.

DeepLabv3+ always performs better than the other
two models in mean mIoU% of three image types (hazy,
dehazed, and clean) and mean DV. FCN has a lower
mean HV, which implies FCN shows great robustness to
haze. And defect class JO is easier to be recognized than

other defect classes. In terms of DV for different classes,
PipeUNet and DeepLabv3+ perform better in class IL
while FCN performs better in class IN. What’s more, class
IL always has a higher HV than other defect classes, which
means that mIoU% of this class is affected significantly by
the unrealistic color zones caused by haze.

5.3.2 | Object localization

Table 6 shows object localization results of the Pipe data
set in mAP% by different object localization models. In
their originating works, YOLOv5s' is for general local-
ization while faster R-CNN (Kumar et al., 2020) and
SSD (Kumar et al., 2020) are for sewer defect localiza-
tion. In Table 6, at the same resolution as same as the
S2B data set, images w/ resizing achieve higher DV again
in object localization, which is similar to semantic seg-
mentation models. But objection localization models show
better adaptive capabilities to the resolution change than
semantic segmentation models.

I The code is from https://github.com/ultralytics/yolov5
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TABLE 5 Semantic segmentation results of the Pipe data set in mIoU%
PipeUNet FCN DeepLabv3+
Class Hazy”"" Dehazed?” Clean”” Hazy"" Dehazed”” Clean’” Hazy”" Dehazed®” CleanV"
w/o resizing JO 47.831442 574396 62.25*82  57.89547  59,78189 63.36>%  60.58%3%  63.522%4 69.96544
IL 21.68%045 32771109 48131536 2456214 36.26'17 46.01°75  16.54%%75 35,6691 452963
IN 8.772002  18.4963 28.791039  30.532041 44 5314 50.94541 42121671 53451133 58.83%38
Mean? 26.09%°3  36.210:11 46.39101% 37661578  46.86%2 53.44%%8 39751828 50 g71L13 58.037-16
w/ resizing  JO 29.08298 52132305 58.88675  47.851215  52,.89504 60711 40.24%56 56,1551 65.84°%9
IL 10.67°037 34942427 410451 16.03M1 33921789 3714322 9.49%11  40.7132 44.6*%
IN 5.532332  18.43129 28.851042  17.773402 48863107 51.79%9%  34.58%7%°  56.942236 62.17°%3
Mean?® 15.097783 35172007 4292775 27222242 4521801 49.64%42 28124 51272316 57.536:26
2Mean value for all defect classes.
TABLE 6 Object localization results of the Pipe dataset in mAP%
YOLOVS5s Faster R-CNN SSD
Class Hazy”V Dehazed?” Clean”” Hazy"”" Dehazed?” Clean’” Hazy”V Dehazed®” CleanV”
w/o resizing JO 74.16%%8  79.03487 80.04101 62,654 64.74%%° 72.1474 61.99%11 68,6556 70.1145
IL 42747005 59 9617:22 62.79%83  28.83872 59613081 67.527°1  31.44%279 52132069 54.23%1
IN 43881906 59231535 62.94371 33161828  41.14798 51.44103 28282323 447764 51.51674
Mean? 53.591° 66.071248 68.59%92  41.54%>16 5516363 63.754 40.5718:04 55181461 58.61343
w/ resizing  JO 61.491528 74631314 767771 42.19%16 4337118 46.352%  57.031332 68141111 70.35%21
IL 44481877 60.761628 63.25%4  29.523*17 56362084 63.69733 2955203 53772422 54.58081
IN 38.243422 63.84%56 72.46%62 21,4436 42252081 47.04*7°  30.182101  50,7320-% 51.19%46
Mean? 48.07%27°  66.41'83* 70.83%42  31.052131 47331628 52.36>03  38.92197° 57551863 58.711-16

2Mean value for all defect classes.

YOLOVS5s performs better in mean mAP% of three image
types. SSD performs better in mean DV, which implies
that SANL-Net shows a significant enhancement effect on
FCN. The higher mean UV of faster R-CNN also indicates
SANL-Net cannot improve FCN performance effectively.
And class JO is always easier to be localized than other
classes in most situations. This situation also happens
in semantic segmentation models. Therefore, improve-
ment is needed in both semantic segmentation and object
localization of class IL and IN.

5.4 | Application in sewer-ML dataset

The Sewer-MLdataset (Haurum & Moeslund, 2021) is
used for image classification. Depth maps of synthesized
hazy images are estimated at the resolution as same
as the Sewer-ML dataset. This section illustrates image
classification results of the Sewer-ML data set.

Table 7 shows classification results by different mod-
els. In their original works, GoogleNet InceptionV3 (Chen
et al., 2018) and IDCNN&NDCNN (Xie et al., 2019) are
for sewer defect classification while ResNet-101 (He et al.,
2016) is for general classification. In this work, the posi-

tive mean DV of three classification models implies the
effectiveness of SANL-Net. ResNet-101 outperforms the
other two methods in terms of F1% of three image types.
But the classification performance is significantly influ-
enced by thick haze. So F1% of dehazed images produced
by SANL-Net cannot be comparable with F1% of clean
images. For example, there are also negative HV, DV,
and UV for some defect classes, such as DV of class IN
by GoogleNet InceptionV3, HV and UV of class PF the
GoogleNet InceptionV3. One reason for this situation is
that the total number of defect classes is up to 15, while
images of some defect classes used in the work are not
enough.

5.5 | Application in the wild data

The wild data represent real hazy photos without defect
labels. So improvement by SANL-Net cannot be assessed
in terms of the above three quantitative metrics anymore.
Therefore, three trained semantic segmentation models
and three trained object localization models are applied in
real hazy photos and their dehazed counterparts produced
by SANL-Net.
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TABLE 7 Image classification results of the sewer-ML dataset in F1%
GoogleNet InceptionV3 ResNet-101 IDCNN&NDCNN

Class Hazy’V  Dehazed®?”  Clean”V = Hazy"V Dehazed®  CleanV” Hazy”’¥  Dehazed®”  CleanV”
RB 21.870% 26.2+33 311141 231481 18.45-465 27.91946 12.86°7 1116717 22.4311:27
OB 60.43%% 67.757-32 69.721-97 66.46577 72.36>° 75.23%87 27.33482 43271597 62.121885
PF 30477408 48541807 54.55601 40.541892 54, 74142 59.46%72 10343366 19,58%24 442942
DE 4866801 63.46148 66.67°21 63.117-71 71.7986° 80.81%02 5292928 40347 34.577543
FS 63.941225 6825431 76.197%4 64.4110-78 72.5181 75.19%-68 27.89%64 41631374 67.532%9
IS 7.7813%7 21.431365 20504 15.85>8 29.25134 21.437782 1.1810-8 8.16:92 11.76360
RO 25.77'127 39111334 37.047297 40227022 4878 4078 10.21%81 20.45'0-24 17.02734
IN 39.0173%  38.0670% 35.56723 42497063 4527278 41.867341 19.837181  13,027681 18.02°
AF 17.2216:11 11437579 33.33%19 18.951348 9.3479:61 32.432399 6.15%01 9.84369 8.167168
BE 43.485%2 41397209 50861 55.993:33 47.787821 59.521174 28.16774 34.816:6 35.91.09
FO 11.06533 1757551 17.397018 7.3713-68 19.91233 21.05115 14.417801 7637678 6.4712
GR 28.91938 52.02%12 4828737 4258742 53.8211:24 50382 11.16*37 17.415% 15.537188
PH 37.08%97 62.432535 461571628 42,657 57.75!51 444471331 4.49%8 12.5981 14.2917
OoP 19.57167° 23.29372 36.361307 44837847 2g.g-16.03 36.367-° 5267013 0.797447 513434
OK 22227793 14.47782 14.2970-1 65.937>9 495771636 601043 2.195% 3.6647 7.48%82
Mean®  31.83'068 39.697-86 42.51%82 42,3508 45.2929 48.38%0° 12.451224  18.93648 24.69>7°

2Mean value for all defect classes.

FCN PipeUNet  input image

DeepLabv3+

FIGURE 12

(a) haze image

(b) SANL-Net

(c) SANL-Net w/o d

Semantic segmentation results of the wild data

Figure 12 shows semantic segmentation results of the

input image

faster R-CNN  YOLOvS5s

FIGURE 13

5.6

ey

(a) hazy image

(b) SANL-Net

Ablation studies

(¢) SANL-Net w/o d

Object localization results of the wild data

wild data, in which red and blue pixels, respectively,
indicate class IN and JO. DeepLabv3+ shows excellent
performance in every image type (hazy and dehazed).
Class JO of dehazed images can be recognized more
accurately by every model. Although PipeUNet produces
poor results, its improvement from the hazy image to the
dehazed one is the greatest.

Figure 13 shows object localization results. YOLOVS5s
shows its superiority in every image type (hazy and
dehazed). Class JO of dehazed images achieves higher
confidence or can be localized.

Ablation studies are applied to verify the effectiveness of
depth estimation and components of network architecture.
The metrics MSE, PSNR, and SSIM are used to assess the
quantitative effects.

5.6.1 | W/ orw/odepth estimation

To prove the effectiveness of depth estimation, haze is
added to the clean image without depth information.
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TABLE 8 Ablation studies. Recall% is about the predictions of
two borderlines.

coor DHT-1 DHT-2 DHT-4 MSE PSNR SSIM Recall%
159 2695 0.8921

4 156  27.01 0.8956

4 4 177 26.59 0.8921 66.32
v/ v 155 2713 0.8953 66.93
v 4 147  27.28 0.8963 67.75

Those synthesized images and clean ones construct a new
dehazing dataset. The network in Figure 7 trained by this
dataset is called SANL-Net w/o d.

Figure 10 shows the dehazing results of SANL-Net w/o
d. The lack of depth information not only makes SANL-
Net w/o d unable to balance thick haze in the image center
(see the first row and the fourth row) but also causes unreal
color zones at the border of the image (the first three rows).

Figure 12 and Figure 13 show application results of
SANL-Net w/o d. In Figure 12, SANL-Net w/o d darkens
some regions and creates fake color tones, which makes
the segmentation result of the dehazed image even worse
than the original image’s. In Figure 13, the localization
results of the dehazed image have not been improved at
all. And, YOLOV5s even obtain a declined performance in
the dehazed image.

5.6.2 | Network architecture

In Table 8, “coor” represents the coordinate attention mod-
ule, which proved to be useful for image dehazing. DHT-n
indicates the last n feature maps in the decoder network
are used to produce the final prediction map in Hough
space. Figure 8 shows that more feature maps are better for
the convergence speed of the structure loss. Table 8 shows
more feature maps could improve the recall% of border-
lines. It is interesting to find that DHT-1and DHT-2 are not
enough to guide the Dehazing Net and their participation
misleads the model to yield a low SSIM value.

6 | CONCLUSION

To solve the sewer image dehazing problem caused by
complex sewer internal environment, this work first pro-
poses a depth estimation method using monocular cues
in the cylindrical sewer. A dehazeing dataset called S2B
dataset is built by synthesizing hazy images with clean
images and their depth maps. The proposed network called
SANL-Net acts as a joint network between image dehaz-
ing and water borderlines detection and is trained with
the S2B dataset. Compared with several state-of-the-art
methods, SANL-Net shows its superiority for sewer images

/@ XIA ET AL.

with 147 in MSE, 27.28 in PSNR, 0.8963 in SSIM, and
15.47M in parameters. In addition, the outstanding per-
formance on real photo dehazing indicates the accuracy
of depth estimation. Application experiments show how
SANL-Net contributes to different tasks for sewer inspec-
tion, such as an increase of 23.16% in mlIoU for semantic
segmentation. Ablation studies show the indispensability
of different components of this method. Therefore, the pro-
posed method can be used as a preprocessing step of sewer
automatic defects detection tools. In future, more power-
ful machine learning methods, such as probabilistic neural
network and dynamic neural network, will be considered
in sewer image dehazing to realize a real-time and more
accurate sewer inspection.
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APPENDIX A: MATHEMATICAL DERIVATION
FOR DEPTH ESTIMATION
In Figure 2, specify that

© AY =[x,y,2]"
* Bw = [_x’y’Z]T
+ O% =[0,0,z]"
s VW =10,tz]"

Because A and B are in the sewer wall, it is easy to get:
x?+y*=R? (A1)

After transformations of the camera matrix, the pixel
coordinates of these points are as follows:

1 fxcos® — fysinf + ftsinb

Aim —
Z | fxsinB + fycos® — ftcosO

(A2)

. —fxcos@ — fysin® + ftsind
gim_ 1 f . fy f (A3)
Z | —fxsind + fycos6 — ftcosd

. tsind
om= 111 (A4)
Z [—ftcos@
yim = 110 (A5)
Z |0

The euclidean distances between these points can be
given by:

OmAMm = é\/ f2R2 (A6)
O'™mB™ = 2\/ f2R2 (A7)

yimpim = é\/ f2R2 4 2f2t2 — 22yt (A8)

yimpim — é\/ f2R2 4 2f2t2 — 2f2yt (A9)

omyim = 2\/ f2r2 (A10)

It is easy to get:

OimAim — OimBim (All)
VimAim — VimBim (A12)
Finally,
OimVim é V f2t2
oimAim L /f2r2
z f R
_fid
R
_ I
R
= |yl (A13)
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