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Abstract

The operation of water supply channel is threatened by the occasionally occurred slope damages.
Timely detection of their occurrence is critical for the rapid enforcement of mitigation measures.
However, current practices based on routine inspection and structural heath monitoring are
inefficient, laborious and tend to be biased. As an attempt to address the limitations, this paper
proposed a bottom-up image detection approach for slope damages, which includes four steps, i.e.
superpixel segmentation, feature handcrafting, superpixel classification based on support vector
machine (SVM), and slope damage recognition. The approach employs a bottom-up strategy to
infer the upper-level slope condition from the classification results of individual superpixels in the
bottom level. Experiments were conducted to demonstrate the effectiveness of the approach. The
handcrafted feature “LBP+HSV” was demonstrated to be effective in characterizing the image
features of slope damages. An SVM model with “LBP+HSV” as input can reliably identify the
slope condition in superpixels. Based on the SVM model, the bottom-up strategy achieved high
recognition performance, of which the overall accuracy can be up to 91.7%. The proposed approach
has a potential to facilitate the early and comprehensive awareness of slope damages along the

entire route of water channel by the integration with unmanned aerial vehicles.

Keywords: Mega infrastructure; Image detection; Unmanned aerial vehicles (UAV); Slope

damages; Machine learning; Superpixel segmentation.
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1. Introduction

Due to the complexity of geological condition along the route, the operation of water supply
channels is threatened by occasionally occurred slope damages [1, 2]. The slope damages, in this
study, refer to abnormal slope conditions induced by the loss of the structural stability, which ranges
from the relatively insignificant cracks to the complete failure such as landslides. Fig. 1 shows four
examples of typical slope damages, e.g. concrete cracks, spalling, concrete expansion and landslide.
According to statistics, the yearly reported slope damages could be over 100 cases for those water
channels located in expansive soil regions. In the event of slope damages, measures should be taken
in a timely manner to mitigate the hazard and potential loss. Without timely enforcement of the
mitigation measures, the continuously deteriorated slope structure can lead to a series of disastrous
consequences such as water contamination and reduction of water supply, thus resulting in huge

economic and social loss.

(a) Concrete cracks (b) Concrete spalling

Fig. 1. Typical forms of water channel slope damages.

Early awareness of the occurrence of slope damages is critical for the timely enforcement of the
mitigation measures. In current practice, prevalent methods for slope damage detection include two
aspects, 1.e., routine inspection and structural heath monitoring (SHM) [3, 4]. However, manual
routine inspection is inefficient and time-consuming, and hence usually fails to detect failure
incidents in a timely manner; SHM sensors can only be deployed in several typical cross sections
along the route, and thus might fail to identify structural damages occurred between the typical
cross sections. Compared with existing methods, vision-based defect detection/recognition stands

out for its potential integration with the rapidly developing robotic platforms such as unmanned
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aerial vehicles (UAV). Such integration provides a promising alternative by taking advantages of
both the mobility of UAV and the cost-effectiveness of visual recognition, which can not only
improve the timeliness, but also ensure the coverage of inspection. Due to the above merits, the
integration of UAV and image detection has been adopted in many areas to enable the improvement
of efficiency and productivity, such as post-disaster ground object detection [5], fagade inspection

for high-rise building [6, 7] and bridge inspection [8].

This study is part of a larger framework which aims to provide a UAV-enabled automated approach
for hazard detection of water supply channels. As shown by Fig. 2, the framework includes three
steps, i.e., UAV inspection, region of interest (ROI) extraction driven by BIM (building information
model), and hazard detection. Regarding the first step, UAV has been used for water channel
inspection to collect aerial images [3, 9, 10], from which the occurred hazards can be visually
pinpointed. In the second step, preprocessing is conducted to extract ROI, i.e. water channels, from
the large-scale aerial photographs for subsequent image detection. This has been completed by our
previous research [11, 12]. The research registers georeferenced aerial images into a corresponding
BIM model, from which the geometric properties of the structure can be exploited to guide the
extraction of water channels. The issue remained to be addressed is the third step, where typical
safety hazards such as slope damages, ice jam and foreign objects need to be automatically

detected/recognized from the extracted ROL.
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Fig. 2. Framework of UAV-enabled hazard detection for water supply channels.

This paper embarks on the detection of a specific category of hazard in the third step, i.e. slope
damages. To the best of the authors’ knowledge, the topic of detection of water channel slope
damages has not been specifically covered in previous studies. The most relevant studies were

those found in the field of defect recognition/detection for concrete civil structures such as buildings
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[13-15], bridges [16-20] and sewer pipe [21, 22]. However, these structures have many different
characteristics from water channels regarding texture, scale, appearance and shape, which include,
but not limited to, the following aspects. First, the slope of many water channels is normally
covered by concrete lining with hexagon texture while the concrete surface of bridge piers or others
is relatively plain and smooth. Second, channel slope damages can occur at quite a large scale, e.g.
landslides, which are not usually observed in other concrete civil structures. Third, while the water
contained in the channels could undermine the model performance due to reflection and the
constantly changing illumination, structures such as buildings do not seem to have experienced
such challenges in defect detection. Thus, the handcrafted features and the proposed image
processing approaches in existing researches [20-22] might not be feasible for the visual
recognition of channel slope damages. In addition, due to the scarcity of available training images
of slope damages, the newly emerged deep learning techniques are also not feasible. Therefore,
there is a need to handcraft high-level representations that can effectively characterize the features
of slope damages, and then develop a machine learning strategy that can be trained with limited

visual data to enable the visual recognition of water channel slope damages.

The primary contribution of this paper lies in the proposal of a bottom-up image detection approach
for water channel slope damages by integrating superpixel segmentation and support vector
machine (SVM). Specifically, the contribution can be illustrated from three aspects. First, the
combination of local binary pattern (LBP) and HSV color histogram was experimentally
demonstrated to be effective in characterizing the image features of slope damages. The
“LBP+HSV” features provide important high-level image representation of large-scale concrete
defects, and thus can not only be used in the scenario of water channels, but also potentially enable
the effective defect recognition of other mega concrete infrastructure such as dams. Second, the
simple linear iterative clustering (SLIC) algorithm was adopted to segment an image into hundreds
of superpixels that can be used for modeling training, thus mitigating the scarcity of available
training data. Third, a bottom-up strategy was developed to infer the upper-level slope condition
from the classification results of individual superpixels, which can effectively ensure the overall
recognition performance.

2. Literature review

2.1. UAV-enabled structural inspection

Unmanned aerial vehicle (UAV) has been widely used to replace humans to perform visual
inspection of civil structures such as buildings [6, 7, 23], bridges [24] and highways [25], and
perform post-disaster evaluation [5, 26-28]. The integration of UAV and image recognition
techniques frees engineers from the tiresome task of processing the massive visual data for defect

detection and condition assessment, thus leading to a dramatic improvement of efficiency. Choi
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and Kim [23] applied small drones for building inspection, and used image processing techniques
such as thresholding and edge detection to identify cracks from the acquired images. Eschmann et
al. [29] developed a building fagade inspection framework to stitch UAV-captured images together
to form a high-resolution image for automated crack recognition. Kim et al. [24] integrated several
emerging techniques such as UAV, point cloud generation, deep learning and photogrammetry to
enable the automated inspection and condition assessment of aging concrete bridges. Kang and
Cha [8] developed an autonomous UAV method using ultrasonic beacons to enable automated
bridge inspection in challenging scenarios where GPS signal is not available. Based on images
collected by the UAV, the research attained high crack detection performance with the usage of a

deep convolutional neural network.

UAV has also been used for the inspection of mega hydraulic infrastructure, such as water dams
[30] and water supply channels [3, 9, 10]. However, current practice still requires experts or
structural engineers to manually review the aerial images for defect recognition, which is laborious,

time-consuming and error-prone.

2.2. Vision-based structural defect detection

The adoption of UAV in structural inspection has resulted in a massive amount of visual data, which
is beyond the capability of manual processing for efficient defect recognition. Thanks to the
improvement of computing power and the emerging intelligent algorithms, it is now technically
feasible to automate the detection of structural defects from visual data. This section reviews
previous research in the field of vision-based structural defect detection (SDD), with an intention

to identify the knowledge gap regarding the detection of slope damages.

2.2.1. Deep learning-based methods

With the development of deep learning (DL) techniques [31, 32], most of recent research efforts
focus on training end-to-end neural networks for vision-based SDD. Cha et al. [13, 17] investigated
the application of convolutional neural networks (CNN) and Faster R-CNN in the structural heath
monitoring and condition assessment of bridges. Cheng and Wang [33] achieved automatic
detection of sewer pipe defects from closed-circuit television (CCTV) images based on DL. Gao
and Mosalam [14] created an online image dataset called Structural ImageNet, which consists of
images of concrete cracks, spalling and collapsing. Based on the dataset, the authors demonstrated
the feasibility of integrating VGGNet and transfer learning to recognize structural damages. Maeda
et al. [34] trained a DL model for the detection, recognition and classification of pavement surface
defects. Hiithwohl et al. [18] developed image classifiers for the recognition of different types of

defects for reinforced-concrete bridges.
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The training of DL models requires many labeled data to learn useful feature representations from
the bottom-level image pixels. However, in the scenario of water channel inspection, the available
positive samples, i.e. images of slope damages, are usually too limited to train implementable
classifiers. In addition, the training of DL models resembles a black box, where the learned features
and patterns are difficult to be perceived by humans. Due to this “black box” nature, DL models
usually fail to provide understandable engineering knowledge that can be easily generalized to the

varying application scenarios.

2.2.2. Image processing-based methods

Compared with DL-based methods, defect detection based on image processing is a rather old-
fashioned approach. This line of work usually involves a certain extent of human efforts to model
the features of structural defects by a series of image processing operations. Because the high-level
representations are directly handcrafted by human prior knowledge, this approach does not require
massive data to train a classification model from scratch. Existing image processing-based methods

[35] can be categorized into the following two types.

The first type of research endeavors to develop defect detection algorithms solely based on image
processing operations. Oh et al. [36] detected bridge cracks by subtracting the original image and
its corresponding filter image. German et al. [37] presented an approach for concrete spalling
detection and property measurement by integrating a local entropy-based thresholding algorithm,
template matching and morphological operations. Doycheva et al. [38] leveraged median filtering,
top-hat transform and wavelet transform to enable accurate pavement distress recognition in real
time. Tanaka and Uematsu [39] realized image detection of road surface cracks by applying a series
of image processing techniques, e.g. black pixel extraction, saddle point detection and linear

features extraction.

The other type of research, referred to as pattern-based approaches in [35], extracts high-level
features of the defects of interest using image processing techniques, and then feed the handcrafted
features to machine learning algorithms to train recognition models. Halfawy and Hengmeechai
[21] employed the histogram of oriented gradients (HOG) and the support vector machine (SVM)
collectively to detect defects in underground sewer images. Yang and Su [22] applied wavelet
transform and computed co-occurrence matrices to extract texture features of sewer pipe defects,
with which neural networks were trained for defect detection. Abdel-Qader et al. [20] integrated
features extracted by principle components analysis (PCA) and the nearest neighbor algorithm for
bridge crack detection. To extract micro image features of defects, some researches employed
segmentation techniques to allow feature extraction on the basis of superpixels, e.g. Kalke and
Loewen [40], and Xu and Huang [41].
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In this paper, the integration of image feature handcrafting and machine learning is adopted for the
detection of slope damages. Due to the different characteristics regarding scale, appearance and
texture, handcrafted features for defect recognition of other concrete structures [20-22] might not
be suitable for the characterization of slope damages in the water channel scenario. In addition, the
available images of slope damage are usually limited. To address the above issues, research efforts
are needed to identify effective features for slope damage characterization, and enable the training

of high-performance models with limited available data.

3. Research framework

Fig. 3 demonstrates the overall research framework of this paper. The objective is to provide a
binary classifier that can explicitly determine whether slope damages have occurred in a given
image. The research is based on a premise that the processed images only contain ROI, i.e. water
channels, to avoid the influence of irrelevant objects such as the sky and surrounding vegetations.
This premise can be met by preprocessing the images with the ROI extraction method proposed in
[11, 12]. Typical examples compliant with the premise can be found in Fig. 1, where irrelevant

backgrounds have been removed from the images.

Methodologies

Segment images into

Problem definition SLIC segmentation Experiments

| Superpixels
[ 1
Research objective ~~ Set out to understand:
* Binary classification Cl‘> Feature handcrafting | * Hanpchrag fﬁlast\;nes: L> « Influence of selected
(Slope damage/normal) | . Z features
<
Research premise | N P — ¢ Influence of dataset
i ) Superpixel nputs: features )
« The images only contain e i o Outputs: size
i i : \ classification DU \
regions of interest, i.e. Y/ damaged/normal §> o Performance of slope
water channel < damage recognition

Use a bottom-up
strategy to identify
slope damages

Slope damage
recognition

Fig. 3. Overall research framework of this paper.

To achieve the research objective, a bottom-up approach integrating superpixel segmentation and
support vector machine (SVM) is developed, which includes four steps, i.e. SLIC segmentation,
feature handcrafting, superpixel classification and slope damage recognition. The proposed
approach addresses the problem of slope damage detection from a bottom-up perspective, which
first focuses on micro features in the bottom level to determine the slope condition of individual
superpixels, and then comprehensively evaluate the overall slope condition in upper level based on

the classification results of all superpixels.
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Experiments are carried out to evaluate the proposed methodologies. First, experiments are
conducted to investigate the influence of the selected features and the size of datasets on the
performance of the superpixel classifier. Based on a fine-tuned superpixel classifier, the overall

accuracy of the bottom-up damage recognition strategy is evaluated.

4. Methodologies

4.1. SLIC superpixel segmentation

In order to extract micro features of slope damages in the bottom level, as well as to produce more
available data for training, original images are first segmented into superpixels. First proposed by
Ren et al. [42], the concept of superpixels refers to small polygonal regions that consist of
neighboring image pixels with similar color, texture and other properties. Among existing
superpixel algorithms such as SLIC [43], SEEDS [44], TurboPixel [45], ERS [46] and IER [47],
the simple linear iterative clustering (SLIC) [43] is the most popular one for the simplicity of its
rational and the robust performance. The algorithm first converts an RGB image into the CIELAB
color space. The three elements of the CIELAB are then assembled with coordinates of image
pixels to form a five-dimensional feature vector. Using the feature vector as a metric to measure
the distance, all pixels in the processed image are finally clustered into small superpixel regions
according to the K-means Clustering algorithm.

L Number = 100; Number = 700;
Original image Compactness = 20 Compactness = 20

Number = 400; Number = 400;
Compactness = 1 Compactness = 20 Compactness = 40

Fig. 4. SLIC segmentation results with different parameters.

The output of SLIC segmentation is controlled by two parameters, i.e. number of superpixels
(denoted by “number” in the following) and compactness. The number is used to designate the
desired number of superpixels after segmentation while the compactness controls the shape and
regularity of superpixels. Fig. 4 shows results of the SLIC algorithm under different parameters. In
general, the larger the number, the more superpixels will be resulted in, and accordingly more

delicate micro features can be extracted. However, a large superpixel number usually costs high
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computation time, e.g. the consumed time was 4.6 s, 3.3 s and 1.8 s, respectively, when the number
was set as 700, 400 and 100. As for compactness, the shape and contour of superpixels tend to be
more regular with the increase of the value (see the second row of Fig. 4), leading to less
consistency with the slope damage contours. After a tradeoft between the precision of the extracted
features and the computation time, the parameters of “number=400, compactness=20" were
adopted in this study.

4.2. Feature handcrafting for slope damages
In this section, image features are handcrafted from the perspectives of both the texture and the
color to characterize slope damages. The handcrafted features are extracted on the basis of each

individual superpixel To be more specific, the bounding box surrounding each superpixel,

because most feature extraction algorithms cannot properly process the raw superpixels with
irregular polygonal shape and require the input images to be rectangular. The extracted features

then serve as the input of the support vector machine introduced in next section.

4.2.1. Local binary pattern
Images of different slope condition usually present different texture patterns: In normal condition,
the concrete lining coated on the water channel slope is regularly distributed with a uniform pattern
of texture; Once slope damages occur, the original regularity is broken, and a coarser texture is
displayed with the occasional appearance of sawtooth-like features.
(a) Basic principle of original LBP
Raw image LBP code |mage

LBP histogram
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Fig. 5. Calculation principle of (a) original LBP and (b) rotation-invariant LBP.
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Local binary pattern (LBP) [48, 49] is used to characterize the above texture differences presented
by different slope conditions. As shown by Fig. 5 (a), the basic idea of LBP is to encode the 3x3
surrounding regions of all the pixels in an image. If a surrounding pixel has a gray scale lower than
that of the centric pixel, the surrounding pixel is encoded as 0; otherwise, it is encoded as 1. The
above encoding operation is repeatedly conducted to all the 8 surrounding pixels of the 3x3 region
to obtain an eight-digit binary number, which is then converted to a decimal number. The decimal
number gives the LBP value of the centric pixel. Repeat the above operation to all pixels in the raw
image, and a corresponding LBP code image can be obtained. As the last step, the LBP code image
is analyzed to generate an LBP histogram (with 256 elements) by accumulating the occurrence of
each LBP value.

Images LBP histogram Images LBP histogram

| N |
) — 02
b 1 !
\ ..1‘“. 01 : o
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-
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0.3

0.2

b | ‘
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0 s 0 15 20 25 % 35 s ) 5 10 5 20 25 3 35 0

(a) Normal Condition (b) Damaged Condition
Fig. 6. LBP histograms of different slope condition.

The LBP histogram obtained from the above procedure (denoted by original LBP [50]) is sensitive
to rotation. To achieve rotation invariance, the rotation-invariant LBP (RI-LBP) is adopted in this
study [51]. With this method, the code numbers surrounding the centric pixel are continuously
rotated to obtain a series of original LBP values, from which the minimum is selected as the RI-
LBP value of the centric pixel. Fig. 5 (b) shows an example of the above process, where the number
below each 3x3 region represents the corresponding original LBP value, and the eight types of
encoding patterns (before and after rotation) all share a same RI-LBP value, i.e. 15. As shown by
the graph on the right of Fig. 5 (b), the histogram of LBP under rotation-invariant mode only
contains 36 elements. Fig. 6 (a) and (b) show RI-LBP histograms of slope concrete lining under
normal and damaged condition, respectively, which demonstrate significant differentiation

between the histogram distributions.

4.2.2. Edge histogram descriptor

10
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As indicated by the images on the left of Fig. 7, the different condition of water channel slope can
also be characterized by the different edge texture orientation of concrete lining: In normal
condition, the edges of concrete lining usually present a hexagonal distribution pattern; Once
structural damages occur, the original pattern is interrupted, and edges with irregular orientation

are presented.

Edge histogram descriptor (EHD) is a feature descriptor to represent the distribution of edge texture
orientation [52]. As shown by Fig. 7, the algorithm first segments the processed image into 4x4
sub-images. The obtained sub-images are then processed to generate multiple edge histograms.
Each of the edge histograms consists of five bins, which respectively represent five types of edge
directions, i.e. vertical, horizontal, 45-degree diagonal, 135-degree diagonal and non-directional.
The type of edge direction is extracted on the basis of blocks, which are made up of 2x2 pixels.
The edge histogram of a sub-image is generated by accumulating the occurrence of the different
types of edge directions in that sub-image. At last, by concatenating the edge histograms of all the
16 sub-images, the final EHD with 5x16=80 elements can be obtained.

Edge EHD histogram
.............. 08
T Normal
. 06
|:> 04
Vertical 0
e £ 0 20 0 40 50 60 70 80
i8.2
‘ is@
45° diagonal E %
i3 g D d
. ; S amage
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=

Damaged 4x4 sub-images Determining edge types

-

Fig. 7. EHD calculation principle and histograms of different slope conditions.

The histograms of images with “normal” and “damaged” slope are, respectively, shown on the right
of Fig. 7. An observation consistent with our previous empirical analysis can be drawn from the
figure: In the EHD histogram of the “normal” image, a repeated distribution pattern is observed in
every 5 bins, which results from the repeated hexagonal patterns in the 16 sub-images; By contrast,

the EHD histogram of the “damaged” image is disorganized and no certain pattern can be observed.

4.2.3. HSV color histogram
Fig. 8 (a) shows images of slope damages under different lighting condition. It is observed that
superpixels wherein slope damages occur usually present a darker color while other superpixels

without damages normally look light gray, a color that most concrete structures display. This

11
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observation has been utilized by previous studies to detect concrete cracks in bridges, pavements
and pipelines, such as Sinha and Fieguth [53], and Tsai et al. [54]. However, as stated in [35],
depending solely on the absolute intensity values is subject to the influence of the changing lighting
condition. Therefore, the following observation should also be utilized: the occurrence of concrete
damages often tends to concentrate in certain areas; Hence, when damages occur in a superpixel,
the likelihood of damages in its surrounding superpixels is low. As a result, the adjacent superpixels
of the current “damaged” superpixel usually present a contrast color to the current superpixel. The
utilization of this pattern can improve the robustness to illumination, because the variant lighting

condition can only change the absolute intensity, but not the intensity differentiation between

superpixels.
-
o S channel -
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------ c
s s
- V channel §
o« e histogram I S
H .‘ S5 mil
‘ i - f:Jl>
3 S channel Z I I
\ = histogram I III
‘§\ uperplxel I - S l | | | ]
segmentation R > 20 4 8 12 16
Adjacent =
Overcast Strong Ilght superpixels | v channel I
histogram l . S
(a) Images of slope damage T J (b) Calculation pn.nap|e of
under different illumination HSV color histogram

Fig. 8. (a) Images of slope damages under variant lighting conditions; (b) Calculation principle of

HSV color histogram.

To leverage the above observations, the HSV color space is investigated to handcraft a feature

descriptor called HSV color histogram, as illustrated by Fig. 8 (b). The HSV color space includes

three channels, i.e. hue (H), saturation (S) and value (V), of which the S and V channels are used

to distinguish between dark colors and bright colors. When a superpixel shows up a great portion

of dark colors, the distribution of its V channel histogram tends to be concentrated on the low-value

area; On the contrary, if the superpixel shows up many bright color components, its V channel and

S channel histograms tend to be densely distributed in the high-value region and the low-value

region, respectively. Based on the analysis, HSV color histogram (denoted by HSV in the following)
is defined as Eq. (1).

{S _hist,,,V _hist,,,S _hist,V _hist,} (1)

Where, S_hist,, and V _hist,, are, respectively, the S channel histogram and the V channel

histogram of the current superpixel; S _hist,; and V _hist,, are, respectively, the S channel

histogram and the V channel histogram of all the superpixels adjacent to the current superpixel. In

order to control the dimension of the features, the number of bins of the histograms can be

12
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designated as a small number. In this study, the value is set as 4, and hence the dimension of the
HSV feature vector is 4 X4=16.

4.3. Superpixel classification based on SVM

In this section, a binary machine learning model is developed to classify superpixels into two
categories, i.e. “normal” and “damaged”, with the feature vectors proposed in last section as model
input. The machine learning technique used here is support vector machine (SVM), for its
capability to achieve robust performance with limited computation resources and training data. The
training of an SVM classifier is a process of finding the optimal hyperplane that can most
effectively separate the training data. Given a hyperplane, distances between the training samples
and the hyperplane can be calculated. The distances vary each time a hyperplane is randomly
generated, and the so-called optimal hyperplane is the one that has the maximum distances from

the nearest points of all categories.

Input: Output:
SuperPixel Normal
Feature vectors SuperPixel » Slope
(LBP, EHD, HSV, SVM Classifier condition
etc.) Damaged

Fig. 9. Model structure of the superpixel classifier for slope damages.

Fig. 9 shows the structure of the proposed SVM model for superpixel classification. The output of
the model is the slope condition of a superpixel, i.e., normal or damaged. The input of the model is
the arbitrary combination of the handcrafted image features, i1.e. “LBP”, “EHD”, “HSV”,
“LBP+EHD”, “LBP+HSV”, “EHD+HSV” and “LBP+EHD+HSV”. Among the seven feature
combinations, the most effective one will be experimentally determined in Chapter 5 by comparing
the classification performance. The SVM classifier is trained on a superpixel dataset of slope
condition. The dataset is created according to the following procedure: (a) segment images into
superpixels; (b) extract slope failure features, e.g. LBP, EHD and HSV, superpixel by superpixel,
(c) annotate the category of each superpixel, i.e. “normal” or “damaged”. Note that there might
also be water body in the image other than the concrete slope lining. The superpixels filled with

water body are annotated as “normal” in our study.

4.4. Bottom-up strategy for slope damage recognition

The developed SVM model can perform binary classification on the slope condition of a superpixel.
However, an image can be divided into hundreds of superpixels. Due to the existence of noise,
some of the superpixels will inevitably be misclassified; hence, it is unreliable to determine whether

or not slope damages have occurred in an image only based on the classification result of an
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individual superpixel.

To address the issue, a bottom-up strategy is developed to infer the upper-level slope condition by
comprehensively considering the classification results of all the bottom-level superpixels. The
strategy can be described as follows. Let’s assume the image being processed comprises N
superpixels, and use S; (i=1, 2, ...... , N) to denote a specific superpixel. The classification result of

Si can be expressed by Eq. (2).

1 S, is damaged
0, S; isnormal

Classifer _SVM (S;) :{ (2)

Then, when Eq. (3) holds, it will be deduced that slope damages have occurred in the given image;

otherwise, the slope in the image is in normal condition.

N
> Classifer _SVM (S;) >th (3)
i=1
Where, th is the threshold number of superpixels determined by statistics and experience. It
represents that the likelihood of slope damages is far larger than normal condition when the number
of superpixels recognized as “‘damaged” by the SVM classifier exceeds a certain degree (controlled
by th).

5. Experimental studies

5.1. Data collection and preprocessing

In order to validate the proposed methods, 88 images of water channel slope were collected, which
include 41 images of slope damages and 47 images of normal condition. The majority of the images
were collected by drones at a water supply channel in Northwest China, while the rest of them were

obtained by a manner of online searching or collected from relevant research publications.

As shown by the left-hand side of Table 1, the dataset was divided into three patrts, 1.e. a training
set, a validation set and a test set. Note that the validation set would be used to calibrate the model
by hyperparameter tuning, feature selection and evaluating the influence of dataset size, while the
test set would be used to evaluate the model performance after calibration. The dataset is relatively
small, and hence might not be able to yield desirable training outcomes. To address this potential
issue, the data augmentation technique was employed to expand the original dataset. In this study,
we used the ImageDataGenerator function [55] provided by Keras to realize data augmentation.
Specifically, each image in the original training set was processed to generate four variations of it,
by randomly combining the four basic types of transformation listed in Fig. 10. In the meantime,

no processing was performed to the validation and the test set. The composition of the dataset after
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417  augmentation (denoted by expanded dataset) is listed on the right-hand side of Table 1.

418 Table 1. Composition of image datasets.
Slope Original dataset Expanded dataset
condition Training Validation Test  Total Training Validation Test Total
Normal 35 6 6 47 175 6 6 187
Damaged 29 5 7 41 145 5 7 157
Total 64 11 13 88 320 11 13 344

* Note: The numbers in the table represent the quantities of images.

Horizontal flip Vertical flip

Original image

e etk

§hqar transform Color shift

kagh i -

419

420 Fig. 10. Basic transformation types of data augmentation.

421 Table 2. Composition of SLIC superpixel datasets.
Slope Original dataset Expanded dataset
condition  Training Validation Test Total Training  Validation Test  Total
Normal 14326 2328 2855 19509 72259 2328 2855 77442
Damaged 557 137 484 1178 2669 137 484 3290
Total 14883 2465 3339 20687 74928 2465 3339 80732
* Note: The numbers in the table represent the quantities of superpixels.

422

423 The images in the datasets were preprocessed according to the following steps to obtain datasets of
424  superpixels. First, the regions of interest, i.e. water channels, were extracted from the images. Note
425  that the extraction was conducted manually due to the absence of either the corresponding BIM
426  model or the georeferenced information required by the automated approach introduced in [11, 12].
427  Second, all images were resized to a width of 1600 pixels with the aspect ratio remained unchanged
428  to guarantee the resolution of superpixels after SLIC segmentation. Third, segment images into
429  superpixels using SLIC algorithm. Finally, assign a category to each superpixel, i.e. normal or

430  damaged. After preprocessing, two datasets of superpixels can be obtained (i.e. the original and the
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expanded), as listed in Table 2.

5.2. Performance metrics

Fig. 11 introduced metrics that will be used for performance evaluation in subsequent sections. On
the left side of the figure is a confusion matrix, which represents the dispositions of classification
results of data samples by a machine learning model. The positives in this study refer to the
“damaged” samples while the negatives refer to the “normal” samples. Based on the confusion
matrix, six different metrics can be defined on the right side of Fig. 11, where the recall, precision,
F1-score and accuracy are four common metrics for the evaluation of classification performance.
The TPR (true positive rate) and the probability of false alarms will be used collectively to evaluate
the influence of selected features and the dataset size on the performance of superpixel
classification. The TPR, along with FPR (false positive rate), will be used to evaluate the
performance of the bottom-up strategy as the threshold changes.

Predictive
Positive Negative = I ili = _FP
e (hapeal) FPR EP+TN probability of false alarms EpTP
-
e aps
5 Positive TP EN
> (damaged) s = TP = TP+TN
§ - recall = TPR = —5. 2N ACCUracy = e FPTNAFN
=1
O Negative, gp N ;o
G (normal) precision = S - Fl-score = 2 prec o> Ecal
TP+FP precision + recall

Fig. 11. Metrics used for performance evaluation in this study: TP, TN, FP and FN stand for true
positives, true negatives, false positives and false negatives, respectively; FPR and TPR stand for

false positive rate and true positive rate, respectively.

5.3. Influence of selected features

In this section, we used the original dataset in Table 2 to investigate the influence of the selected
features on the performance of the SVM models. The most effective features in discriminating
slope damages were determined by comparing the model performance on the validation set
resulting from different feature combinations, i.e. “LBP”, “EHD”, “HSV”, “LBP+EHD”,
“LBP+HSV”, “EHD+HSV” and “LBP+EHD+HSV”. The Python machine learning library scikit-
learn was used to train the binary SVM for superpixel slope condition classification. As shown by
Table 2, the quantity of “normal” superpixels is much greater than that of the “damaged”
superpixels. This imbalance between data samples can result in a model in favor of the majority
class. To address the problem, the parameter “class weight” in scikit-learn was designated as

“balanced” to assign different penalty parameters to different classes.

Fig. 12 shows the classification performance on validation set of SVM models with different

feature combinations as input. The curves in the figure graphically depict the relationship between

16



463
464
465
466
467
468
469
470
471
472

473

474
475
476
477
478
479
480
481
482
483
484
485
486
487

Bottom-Up Image Detection of Water Channel Slope Damages Based on Superpixel Segmentation and SVM

the TPR and the probability of false alarms with the variation of the SVM hyperparameters, i.e.
kernel, C and gamma. Obviously, a desirable classification model needs to attain a high TPR with
a relatively low probability of false alarms. Thus, the closer a curve in Fig. 12 is to the upper-left
corner, the better the performance is. According to the above principle, the effectiveness of the
selected features can be evaluated based on Fig. 12. Regarding the stand-alone features (i.e. LBP,
EHD and HSV), Fig. 12 (a) indicates that the HSV outperformed the other two features in the
characterization of slope damages. Regarding the combined features (i.e. “LBP+EHD”,
“LBP+HSV”, “EHD+HSV” and “LBP+EHD+HSV”), as shown by Fig. 12 (b), “LBP+HSV”
presents the best performance, followed by “LBP+EHD”. The outcomes from “EHD+HSV” and
“LBP+EHD-+HSV” are similar, both of which failed to achieve acceptable performance.

(a) —e HSV = =@~ = EHD LBP

m (c)

True positive rate

<
0.65 0.7 0.75

Probability of false alarms 0.4

True positive rate

08 0.85 09

Probability of false alarms

True positive rate
N
N
N
N
N
N
\
N
-
\
\
)

e | BP+HSV - == = LBP+EHD

Probability of false alarms EHD+HSV e L BP+EHD +HSV

Fig. 12. Performance curves of SVM models with different feature input: (a) stand-alone features;
(b) combined features; (c) all features.

Fig. 12 (c) displays results of both the stand-alone features and the combined features in a single
graph. By comparison, it is obvious that the “LBP+HSV” yields the optimal outcomes. With this
feature combination as input, the SVM model attained the highest prediction performance when

the hyperparameters were specified as kernel="rbf”’, C=100 and gamma=0.9.

5.4. Influence of dataset size

In this section, the influence of the size of training set on the performance was investigated. Due to
the scarcity of slope damage images, the available training data in the original dataset is limited.
From this limited amount of data, it is usually difficult to learn a model with strong generalization
ability. Hence, it is necessary to determine whether the model performance can be further improved

by the expansion of the training set.
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Fig. 13. Performance curves of SVM models trained on different datasets.

We used “LBP+EHD”, “LBP+HSV”, “EHD+HSV” and “LBP+EHD+HSV” as the input of the
models, and compared the performance of the models trained from the original dataset (comprising
14883 superpixels) and the expanded dataset (comprising 74928 superpixels). Fig. 13 shows the
resulting performance curves on the validation set, where, similar to Fig. 12, the relationship
between the TPR and the probability of false alarms is presented. As shown by Fig. 13, the models
with input features “EHD+HSV” and “LBP+EHD+HSV” experienced the most significant
improvement. The model with features “LBP+HSV” is the only one of which the performance was
not improved after data augmentation. The above observations can be explained by the collective
effect of feature dimensions and the amount of training data on the training performance. The
dimension of feature “LBP+HSV” is relatively low (36+16=52 elements), and thus its
corresponding model might have been well trained on the original dataset. Therefore, transferring
to an expanded dataset does not bring in much improvement. On the contrary, other features with
high dimensions, e.g. “LBP+EHD+HSV” with 132 elements, have high probability to lead to
overfitting with the limited training data provided by the original dataset. The expanded dataset
provides more available training data compared with the original one, which can mitigate the effect

of overfitting, and then result in better performance.
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5.5. Results of slope damage recognition

By comparing all the superpixel classifiers with different input features and trained on different
datasets, it can be observed that the optimal model is the one trained on the original dataset with
“LBP+HSV” as input. The performance of the optimal model on validation set is shown in Fig. 14.
The overall accuracy of the model is 90%. The precision of the “damaged” class is relatively low
at first sight; this is mainly because the quantity of “normal’ superpixels far outnumbers that of the
“damaged” superpixels, and the precision of the “damaged” class is lowered by the misclassified
“normal” superpixles. Fig. 15 shows the corresponding model performance on the test set, which
is comparable to that on the validation set. This indicates that the model has been trained well and

successfully attains a certain level of generalization ability to adapt to new dataset.

(a) Confusion matrix (b) Classification performance
Predictive

damaged normal
& - Precision Recall Fl-score Accuracy
=1
gdamaged Damaged 0.33 0.77 0.46
< 0.90
® normal| 212 Normal 0.99 0.91 0.95
G}

* Accuracy: 0.90

Fig. 14. Performance of the optimal superpixel classifier on validation set.

(a) Confusion matrix (b) Classification performance

Predictive

damaged normal

= Precision Recall Fl-score Accuracy
S damaged SN 197
=] Damaged 0.48 0.59 0.53
o 0.85
§ normall 309 E Normal 0.93 0.89 0.91
(C]

* Accuracy: 0.85

Fig. 15. Performance of the optimal superpixel classifier on test set.

* Note: N in image ID represents Normal, D represents Damaged.
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Fig. 16. (a) Number of superpixels recognized as “damaged” in images; (b) ROC curve of the
model with change of the threshold.

Based on the classification results of the optimal model, the proposed bottom-up strategy was
utilized to infer the overall slope condition. Fig. 16 (a) shows the number of superpixels classified
as “damaged” by the SVM model in images of both the validation and test set. As indicated by Eq.
(3), the determination of slope condition in an image is dependent on the relationship between the
number of “damaged” superpixels and the specified . With different 7, the model can yield

different classification results on the same image, resulting in different model performance.

As shown by Fig. 16 (b), the receiver operating characteristic (ROC) curve is adopted to evaluate
the proposed method under different #. The ROC curve is an intuitive tool to graphically present
the TPR of a model versus its FPR at varying thresholds. The ROC curve reflects model
performance by the area under the ROC curve (AUC), which measures the two-dimensional area
underneath the ROC curve. The AUC of our method is 0.964, which is close to the upper limit —
1, indicating a quite significant performance. Using the Youden Index, the optimal # is
recommended as a value between 30 and 37, when the FPR and the TPR of the method are 0.083
and 0.917, respectively.

Despite the #4 indicated by Youden Index, the tradeoff between the TPR and FPR is a complicated
issue subject to the specific application scenarios. A higher TPR can lead to a greater chance to
detect the occurred damages, which is beneficial to the maintenance of the structures. However, the
increase of TPR is usually, if not always, at the cost of the growth of FPR, meaning more false
alarms of slope damages will be issued. These false alarms could misguide relevant departments to
deploy resources in response to an emergency does not exist, leading to unnecessary waste and
economic loss. In our case of slope damage recognition, since the consequences brought by slope
damages (or even a failure) can be so catastrophic, it is our primary concerns to increase the TPR.
As shown by Fig. 16 (b), when TPR equals 1, the lowest FPR is 0.167, which is an acceptable value.
In practice, measures can be taken to avoid misguidance by the false alarms. For examples,
engineers can be asked to manually double-check the images classified as “damaged” by the model,

so that they can confirm the alarm before taking further reactive actions.
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#D-1 #D-2 #D-3

Original

#D-4 #D-5

Original
Image —
~ Normal condition
- Slope damages
Background
Detection
Results

Fig. 17. Part of detection results of “damaged” images.

Fig. 17 and Fig. 18 show the results of slope damage detection in a visualized way, where the
regions highlighted by green and red represent normal condition and slope damages, respectively.
The three “normal” images with the most misclassified superpixels (i.e. # N-7, # N-9 and # N-12)
are presented in the last two rows of Fig. 18. Regarding # N-7 and # N-9, the model appears to have
a tendency to recognize superpixels located between the slope and the water as “damaged”. As for
# N-12, it seems that the special illumination condition of sunset has confused the model, thus

resulting in nearly 50 superpixels misclassified as “damaged”.
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Results

~ Normal condition - Slope damages Background

Fig. 18. Part of detection results of “normal” images.

5.6. Discussion
The accuracy of the proposed slope damage detection approach can be discussed from two aspects,
i.e. the superpixel classification accuracy and the overall image recognition accuracy. Regarding

the former, the classification accuracy of the optimal SVM model is 85% (as shown by Fig. 15).
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The precision and recall of the “normal” class are 93% and 89%, respectively. The results are
significant at first sight. However, after considering the unbalanced distribution of the dataset and
the large amount of “normal” superpixels, the results should be analyzed from a different
perspective. The recall of “normal” superpixels is 89%: Assuming a “normal” image contains 300

superpixels, 33 false alarms of superpixels might be issued by the model.

Despite the existence of these false alarms, the developed bottom-up strategy ensures that the
evaluation of the overall channel slope condition is not influenced by the several misclassified
superpixels, and has attained reliable recognition of slope damages. With =25 (see Fig. 16), the
method correctly identified all the 12 images with slope damages while only issued 2 false alarms.
The overall recognition accuracy is 91.7%, which demonstrates the effectiveness and robustness of

the proposed method.

Table 3 lists the time performance of the proposed methods on ASUS VivoBook S15, with an Intel
Core 17-8550U processor and Nvidia GeForce MX150 GPU. The most time-consuming tasks are
from the preprocessing stage, where SLIC segmentation and feature extraction are performed. The
training process was quite efficient, which only took 6.3 s to complete a training on 14883
superpixels. After a model has been trained, the computation time required to identify the slope
condition in a newly given image was also evaluated: taking the optimal model as an example, the
total time cost is 33.99 s, which includes 3.9 s of SLIC segmentation, 12 s of LBP calculation, 18
s of HSV calculation and 0.09 s of SVM classification.

Table 3. Time performance of the proposed methods.

Processing time

Stage Task
Per superpixel Per image*
SLIC segmentation / 39s
) LBP calculation 0.04s 12s
Preprocessing
EHD calculation 0.03s 9s
HSV calculation 0.06 s 18 s
Training 6.3 s on 14883 superpixels
Classification
Testing 0.0003 s 0.09s

* Note: Assuming that each image comprises 300 superpixels.

Although the approach in this paper was primarily proposed for water channel slope damages, it
can also provide a useful reference for other mega concrete infrastructure to attain effective defect
recognition with limited training data. First, the handcrafted features — “LBP+HSV” — can
potentially be used to characterize large-scale concrete defects of other mega hydraulic structures

such as water dams, because the defects of these structures share many features in common with
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those of water channels regarding the scale, texture and appearance. Second, the combined usage
of SLIC segmentation and a bottom-up strategy has demonstrated its effectiveness in addressing
the issue of data scarcity, and thus can be generalized to tackle the problem of defect recognition in
other mega infrastructure, where sufficient defect images are usually difficult to be collected for

the training of implementable recognition models.

6. Conclusions

Timely and accurate detection of the occurred slope damages is crucial for the maintenance of water
supply channels. Current practices rely on manual inspection and SHM systems to identify slope
damages, which are inefficient, laborious and tends to be biased. This paper proposed a bottom-up
image detection approach for water channel slope damages, which has a potential to address the
limitations by the integration with emerging inspection platforms such as UAV. The proposed
approach consists of four steps, i.e. SLIC segmentation, feature handcrafting, superpixel
classification and slope damage recognition. The SLIC algorithm was employed to segment
original images into hundreds of superpixels for model training. Three feature descriptors, i.e. LBP,
EHD and HSV, have been handcrafted to characterize the image features of slope damages. A
binary SVM classifier with the above features as input was developed to classify superpixels into
two categories, i.e. “normal” and “damaged”. A bottom-up strategy was finally adopted to infer the
upper-level slope condition from the classification results of all individual superpixels.
Experiments were conducted to evaluate the performance of the proposed approach. Among all the
handcrafted features, the experiments indicate that “LBP+HSV” is the most effective one in
characterizing the image features of slope damages. The SVM model with “LBP+HSV” as input
can achieve a classification accuracy of up to 85%. Based on the SVM model, the bottom-up
strategy achieved high recognition performance for slope damages.
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