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Abstract 10 

The operation of water supply channel is threatened by the occasionally occurred slope damages. 11 

Timely detection of their occurrence is critical for the rapid enforcement of mitigation measures. 12 

However, current practices based on routine inspection and structural heath monitoring are 13 

inefficient, laborious and tend to be biased. As an attempt to address the limitations, this paper 14 

proposed a bottom-up image detection approach for slope damages, which includes four steps, i.e. 15 

superpixel segmentation, feature handcrafting, superpixel classification based on support vector 16 

machine (SVM), and slope damage recognition. The approach employs a bottom-up strategy to 17 

infer the upper-level slope condition from the classification results of individual superpixels in the 18 

bottom level. Experiments were conducted to demonstrate the effectiveness of the approach. The 19 

handcrafted feature “LBP+HSV” was demonstrated to be effective in characterizing the image 20 

features of slope damages. An SVM model with “LBP+HSV” as input can reliably identify the 21 

slope condition in superpixels. Based on the SVM model, the bottom-up strategy achieved high 22 

recognition performance, of which the overall accuracy can be up to 91.7%. The proposed approach 23 

has a potential to facilitate the early and comprehensive awareness of slope damages along the 24 

entire route of water channel by the integration with unmanned aerial vehicles. 25 

 26 

Keywords: Mega infrastructure; Image detection; Unmanned aerial vehicles (UAV); Slope 27 

damages; Machine learning; Superpixel segmentation. 28 
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1. Introduction 30 

Due to the complexity of geological condition along the route, the operation of water supply 31 

channels is threatened by occasionally occurred slope damages [1, 2]. The slope damages, in this 32 

study, refer to abnormal slope conditions induced by the loss of the structural stability, which ranges 33 

from the relatively insignificant cracks to the complete failure such as landslides. Fig. 1 shows four 34 

examples of typical slope damages, e.g. concrete cracks, spalling, concrete expansion and landslide. 35 

According to statistics, the yearly reported slope damages could be over 100 cases for those water 36 

channels located in expansive soil regions. In the event of slope damages, measures should be taken 37 

in a timely manner to mitigate the hazard and potential loss. Without timely enforcement of the 38 

mitigation measures, the continuously deteriorated slope structure can lead to a series of disastrous 39 

consequences such as water contamination and reduction of water supply, thus resulting in huge 40 

economic and social loss. 41 

 42 

Fig. 1. Typical forms of water channel slope damages. 43 

 44 

Early awareness of the occurrence of slope damages is critical for the timely enforcement of the 45 

mitigation measures. In current practice, prevalent methods for slope damage detection include two 46 

aspects, i.e., routine inspection and structural heath monitoring (SHM) [3, 4]. However, manual 47 

routine inspection is inefficient and time-consuming, and hence usually fails to detect failure 48 

incidents in a timely manner; SHM sensors can only be deployed in several typical cross sections 49 

along the route, and thus might fail to identify structural damages occurred between the typical 50 

cross sections. Compared with existing methods, vision-based defect detection/recognition stands 51 

out for its potential integration with the rapidly developing robotic platforms such as unmanned 52 

 (a) Concrete cracks  (a) Concrete cracks  (b) Concrete spalling  (b) Concrete spalling 

 (c) Concrete expansion  (c) Concrete expansion  (d) Landslide  (d) Landslide 
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aerial vehicles (UAV). Such integration provides a promising alternative by taking advantages of 53 

both the mobility of UAV and the cost-effectiveness of visual recognition, which can not only 54 

improve the timeliness, but also ensure the coverage of inspection. Due to the above merits, the 55 

integration of UAV and image detection has been adopted in many areas to enable the improvement 56 

of efficiency and productivity, such as post-disaster ground object detection [5], façade inspection 57 

for high-rise building [6, 7] and bridge inspection [8]. 58 

 59 

This study is part of a larger framework which aims to provide a UAV-enabled automated approach 60 

for hazard detection of water supply channels. As shown by Fig. 2, the framework includes three 61 

steps, i.e., UAV inspection, region of interest (ROI) extraction driven by BIM (building information 62 

model), and hazard detection. Regarding the first step, UAV has been used for water channel 63 

inspection to collect aerial images [3, 9, 10], from which the occurred hazards can be visually 64 

pinpointed. In the second step, preprocessing is conducted to extract ROI, i.e. water channels, from 65 

the large-scale aerial photographs for subsequent image detection. This has been completed by our 66 

previous research [11, 12]. The research registers georeferenced aerial images into a corresponding 67 

BIM model, from which the geometric properties of the structure can be exploited to guide the 68 

extraction of water channels. The issue remained to be addressed is the third step, where typical 69 

safety hazards such as slope damages, ice jam and foreign objects need to be automatically 70 

detected/recognized from the extracted ROI. 71 

 72 

Fig. 2. Framework of UAV-enabled hazard detection for water supply channels. 73 

 74 

This paper embarks on the detection of a specific category of hazard in the third step, i.e. slope 75 

damages. To the best of the authors’ knowledge, the topic of detection of water channel slope 76 

damages has not been specifically covered in previous studies. The most relevant studies were 77 

those found in the field of defect recognition/detection for concrete civil structures such as buildings 78 
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[13-15], bridges [16-20] and sewer pipe [21, 22]. However, these structures have many different 79 

characteristics from water channels regarding texture, scale, appearance and shape, which include, 80 

but not limited to, the following aspects. First, the slope of many water channels is normally 81 

covered by concrete lining with hexagon texture while the concrete surface of bridge piers or others 82 

is relatively plain and smooth. Second, channel slope damages can occur at quite a large scale, e.g. 83 

landslides, which are not usually observed in other concrete civil structures. Third, while the water 84 

contained in the channels could undermine the model performance due to reflection and the 85 

constantly changing illumination, structures such as buildings do not seem to have experienced 86 

such challenges in defect detection. Thus, the handcrafted features and the proposed image 87 

processing approaches in existing researches [20-22] might not be feasible for the visual 88 

recognition of channel slope damages. In addition, due to the scarcity of available training images 89 

of slope damages, the newly emerged deep learning techniques are also not feasible. Therefore, 90 

there is a need to handcraft high-level representations that can effectively characterize the features 91 

of slope damages, and then develop a machine learning strategy that can be trained with limited 92 

visual data to enable the visual recognition of water channel slope damages. 93 

 94 

The primary contribution of this paper lies in the proposal of a bottom-up image detection approach 95 

for water channel slope damages by integrating superpixel segmentation and support vector 96 

machine (SVM). Specifically, the contribution can be illustrated from three aspects. First, the 97 

combination of local binary pattern (LBP) and HSV color histogram was experimentally 98 

demonstrated to be effective in characterizing the image features of slope damages. The 99 

“LBP+HSV” features provide important high-level image representation of large-scale concrete 100 

defects, and thus can not only be used in the scenario of water channels, but also potentially enable 101 

the effective defect recognition of other mega concrete infrastructure such as dams. Second, the 102 

simple linear iterative clustering (SLIC) algorithm was adopted to segment an image into hundreds 103 

of superpixels that can be used for modeling training, thus mitigating the scarcity of available 104 

training data. Third, a bottom-up strategy was developed to infer the upper-level slope condition 105 

from the classification results of individual superpixels, which can effectively ensure the overall 106 

recognition performance. 107 

 108 

2. Literature review 109 

2.1. UAV-enabled structural inspection 110 

Unmanned aerial vehicle (UAV) has been widely used to replace humans to perform visual 111 

inspection of civil structures such as buildings [6, 7, 23], bridges [24] and highways [25], and 112 

perform post-disaster evaluation [5, 26-28]. The integration of UAV and image recognition 113 

techniques frees engineers from the tiresome task of processing the massive visual data for defect 114 

detection and condition assessment, thus leading to a dramatic improvement of efficiency. Choi 115 
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and Kim [23] applied small drones for building inspection, and used image processing techniques 116 

such as thresholding and edge detection to identify cracks from the acquired images. Eschmann et 117 

al. [29] developed a building façade inspection framework to stitch UAV-captured images together 118 

to form a high-resolution image for automated crack recognition. Kim et al. [24] integrated several 119 

emerging techniques such as UAV, point cloud generation, deep learning and photogrammetry to 120 

enable the automated inspection and condition assessment of aging concrete bridges. Kang and 121 

Cha [8] developed an autonomous UAV method using ultrasonic beacons to enable automated 122 

bridge inspection in challenging scenarios where GPS signal is not available. Based on images 123 

collected by the UAV, the research attained high crack detection performance with the usage of a 124 

deep convolutional neural network. 125 

 126 

UAV has also been used for the inspection of mega hydraulic infrastructure, such as water dams 127 

[30] and water supply channels [3, 9, 10]. However, current practice still requires experts or 128 

structural engineers to manually review the aerial images for defect recognition, which is laborious, 129 

time-consuming and error-prone. 130 

 131 

2.2. Vision-based structural defect detection 132 

The adoption of UAV in structural inspection has resulted in a massive amount of visual data, which 133 

is beyond the capability of manual processing for efficient defect recognition. Thanks to the 134 

improvement of computing power and the emerging intelligent algorithms, it is now technically 135 

feasible to automate the detection of structural defects from visual data. This section reviews 136 

previous research in the field of vision-based structural defect detection (SDD), with an intention 137 

to identify the knowledge gap regarding the detection of slope damages. 138 

 139 

2.2.1. Deep learning-based methods 140 

With the development of deep learning (DL) techniques [31, 32], most of recent research efforts 141 

focus on training end-to-end neural networks for vision-based SDD. Cha et al. [13, 17] investigated 142 

the application of convolutional neural networks (CNN) and Faster R-CNN in the structural heath 143 

monitoring and condition assessment of bridges. Cheng and Wang [33] achieved automatic 144 

detection of sewer pipe defects from closed-circuit television (CCTV) images based on DL. Gao 145 

and Mosalam [14] created an online image dataset called Structural ImageNet, which consists of 146 

images of concrete cracks, spalling and collapsing. Based on the dataset, the authors demonstrated 147 

the feasibility of integrating VGGNet and transfer learning to recognize structural damages. Maeda 148 

et al. [34] trained a DL model for the detection, recognition and classification of pavement surface 149 

defects. Hüthwohl et al. [18] developed image classifiers for the recognition of different types of 150 

defects for reinforced-concrete bridges. 151 

 152 
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The training of DL models requires many labeled data to learn useful feature representations from 153 

the bottom-level image pixels. However, in the scenario of water channel inspection, the available 154 

positive samples, i.e. images of slope damages, are usually too limited to train implementable 155 

classifiers. In addition, the training of DL models resembles a black box, where the learned features 156 

and patterns are difficult to be perceived by humans. Due to this “black box” nature, DL models 157 

usually fail to provide understandable engineering knowledge that can be easily generalized to the 158 

varying application scenarios. 159 

 160 

2.2.2. Image processing-based methods 161 

Compared with DL-based methods, defect detection based on image processing  is a rather old-162 

fashioned approach. This line of work usually involves a certain extent of human efforts to model 163 

the features of structural defects by a series of image processing operations. Because the high-level 164 

representations are directly handcrafted by human prior knowledge, this approach does not require 165 

massive data to train a classification model from scratch. Existing image processing-based methods 166 

[35] can be categorized into the following two types. 167 

 168 

The first type of research endeavors to develop defect detection algorithms solely based on image 169 

processing operations. Oh et al. [36] detected bridge cracks by subtracting the original image and 170 

its corresponding filter image. German et al. [37] presented an approach for concrete spalling 171 

detection and property measurement by integrating a local entropy-based thresholding algorithm, 172 

template matching and morphological operations. Doycheva et al. [38] leveraged median filtering, 173 

top-hat transform and wavelet transform to enable accurate pavement distress recognition in real 174 

time. Tanaka and Uematsu [39] realized image detection of road surface cracks by applying a series 175 

of image processing techniques, e.g. black pixel extraction, saddle point detection and linear 176 

features extraction. 177 

 178 

The other type of research, referred to as pattern-based approaches in [35], extracts high-level 179 

features of the defects of interest using image processing techniques, and then feed the handcrafted 180 

features to machine learning algorithms to train recognition models. Halfawy and Hengmeechai 181 

[21] employed the histogram of oriented gradients (HOG) and the support vector machine (SVM) 182 

collectively to detect defects in underground sewer images. Yang and Su [22] applied wavelet 183 

transform and computed co-occurrence matrices to extract texture features of sewer pipe defects, 184 

with which neural networks were trained for defect detection. Abdel-Qader et al. [20] integrated 185 

features extracted by principle components analysis (PCA) and the nearest neighbor algorithm for 186 

bridge crack detection. To extract micro image features of defects, some researches employed 187 

segmentation techniques to allow feature extraction on the basis of superpixels, e.g. Kalke and 188 

Loewen [40], and Xu and Huang [41].  189 

https://www.sciencedirect.com/topics/engineering/template-matching
https://www.sciencedirect.com/topics/engineering/morphological-operations


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

7 

 

 190 

In this paper, the integration of image feature handcrafting and machine learning is adopted for the 191 

detection of slope damages. Due to the different characteristics regarding scale, appearance and 192 

texture, handcrafted features for defect recognition of other concrete structures [20-22] might not 193 

be suitable for the characterization of slope damages in the water channel scenario. In addition, the 194 

available images of slope damage are usually limited. To address the above issues, research efforts 195 

are needed to identify effective features for slope damage characterization, and enable the training 196 

of high-performance models with limited available data. 197 

 198 

3. Research framework 199 

Fig. 3 demonstrates the overall research framework of this paper. The objective is to provide a 200 

binary classifier that can explicitly determine whether slope damages have occurred in a given 201 

image. The research is based on a premise that the processed images only contain ROI, i.e. water 202 

channels, to avoid the influence of irrelevant objects such as the sky and surrounding vegetations. 203 

This premise can be met by preprocessing the images with the ROI extraction method proposed in 204 

[11, 12]. Typical examples compliant with the premise can be found in Fig. 1, where irrelevant 205 

backgrounds have been removed from the images. 206 

 207 

Fig. 3. Overall research framework of this paper. 208 

 209 

To achieve the research objective, a bottom-up approach integrating superpixel segmentation and 210 

support vector machine (SVM) is developed, which includes four steps, i.e. SLIC segmentation, 211 

feature handcrafting, superpixel classification and slope damage recognition. The proposed 212 

approach addresses the problem of slope damage detection from a bottom-up perspective, which 213 

first focuses on micro features in the bottom level to determine the slope condition of individual 214 

superpixels, and then comprehensively evaluate the overall slope condition in upper level based on 215 

the classification results of all superpixels. 216 

 217 



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

8 

 

Experiments are carried out to evaluate the proposed methodologies. First, experiments are 218 

conducted to investigate the influence of the selected features and the size of datasets on the 219 

performance of the superpixel classifier. Based on a fine-tuned superpixel classifier, the overall 220 

accuracy of the bottom-up damage recognition strategy is evaluated. 221 

 222 

4. Methodologies 223 

4.1. SLIC superpixel segmentation 224 

In order to extract micro features of slope damages in the bottom level, as well as to produce more 225 

available data for training, original images are first segmented into superpixels. First proposed by 226 

Ren et al. [42], the concept of superpixels refers to small polygonal regions that consist of 227 

neighboring image pixels with similar color, texture and other properties. Among existing 228 

superpixel algorithms such as SLIC [43], SEEDS [44], TurboPixel [45], ERS [46] and IER [47], 229 

the simple linear iterative clustering (SLIC) [43] is the most popular one for the simplicity of its 230 

rational and the robust performance. The algorithm first converts an RGB image into the CIELAB 231 

color space. The three elements of the CIELAB are then assembled with coordinates of image 232 

pixels to form a five-dimensional feature vector. Using the feature vector as a metric to measure 233 

the distance, all pixels in the processed image are finally clustered into small superpixel regions 234 

according to the K-means Clustering algorithm. 235 

 236 

Fig. 4. SLIC segmentation results with different parameters. 237 

 238 

The output of SLIC segmentation is controlled by two parameters, i.e. number of superpixels 239 

(denoted by “number” in the following) and compactness. The number is used to designate the 240 

desired number of superpixels after segmentation while the compactness controls the shape and 241 

regularity of superpixels. Fig. 4 shows results of the SLIC algorithm under different parameters. In 242 

general, the larger the number, the more superpixels will be resulted in, and accordingly more 243 

delicate micro features can be extracted. However, a large superpixel number usually costs high 244 
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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 245 

was set as 700, 400 and 100. As for compactness, the shape and contour of superpixels tend to be 246 

more regular with the increase of the value (see the second row of Fig. 4), leading to less 247 

consistency with the slope damage contours. After a tradeoff between the precision of the extracted 248 

features and the computation time, the parameters of “number=400, compactness=20” were 249 

adopted in this study. 250 

 251 

4.2. Feature handcrafting for slope damages 252 

In this section, image features are handcrafted from the perspectives of both the texture and the 253 

color to characterize slope damages. The handcrafted features are extracted on the basis of each 254 

individual superpixel —— To be more specific, the bounding box surrounding each superpixel, 255 

because most feature extraction algorithms cannot properly process the raw superpixels with 256 

irregular polygonal shape and require the input images to be rectangular. The extracted features 257 

then serve as the input of the support vector machine introduced in next section. 258 

 259 

4.2.1. Local binary pattern 260 

Images of different slope condition usually present different texture patterns: In normal condition, 261 

the concrete lining coated on the water channel slope is regularly distributed with a uniform pattern 262 

of texture; Once slope damages occur, the original regularity is broken, and a coarser texture is 263 

displayed with the occasional appearance of sawtooth-like features. 264 

 265 

Fig. 5. Calculation principle of (a) original LBP and (b) rotation-invariant LBP. 266 
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 267 

Local binary pattern (LBP) [48, 49] is used to characterize the above texture differences presented 268 

by different slope conditions. As shown by Fig. 5 (a), the basic idea of LBP is to encode the 3×3 269 

surrounding regions of all the pixels in an image. If a surrounding pixel has a gray scale lower than 270 

that of the centric pixel, the surrounding pixel is encoded as 0; otherwise, it is encoded as 1. The 271 

above encoding operation is repeatedly conducted to all the 8 surrounding pixels of the 3×3 region 272 

to obtain an eight-digit binary number, which is then converted to a decimal number. The decimal 273 

number gives the LBP value of the centric pixel. Repeat the above operation to all pixels in the raw 274 

image, and a corresponding LBP code image can be obtained. As the last step, the LBP code image 275 

is analyzed to generate an LBP histogram (with 256 elements) by accumulating the occurrence of 276 

each LBP value. 277 

 278 

Fig. 6. LBP histograms of different slope condition. 279 

 280 

The LBP histogram obtained from the above procedure (denoted by original LBP [50]) is sensitive 281 

to rotation. To achieve rotation invariance, the rotation-invariant LBP (RI-LBP) is adopted in this 282 

study [51]. With this method, the code numbers surrounding the centric pixel are continuously 283 

rotated to obtain a series of original LBP values, from which the minimum is selected as the RI-284 

LBP value of the centric pixel. Fig. 5 (b) shows an example of the above process, where the number 285 

below each 3×3 region represents the corresponding original LBP value, and the eight types of 286 

encoding patterns (before and after rotation) all share a same RI-LBP value, i.e. 15. As shown by 287 

the graph on the right of Fig. 5 (b), the histogram of LBP under rotation-invariant mode only 288 

contains 36 elements. Fig. 6 (a) and (b) show RI-LBP histograms of slope concrete lining under 289 

normal and damaged condition, respectively, which demonstrate significant differentiation 290 

between the histogram distributions. 291 

 292 

4.2.2. Edge histogram descriptor 293 
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As indicated by the images on the left of Fig. 7, the different condition of water channel slope can 294 

also be characterized by the different edge texture orientation of concrete lining: In normal 295 

condition, the edges of concrete lining usually present a hexagonal distribution pattern; Once 296 

structural damages occur, the original pattern is interrupted, and edges with irregular orientation 297 

are presented. 298 

 299 

Edge histogram descriptor (EHD) is a feature descriptor to represent the distribution of edge texture 300 

orientation [52]. As shown by Fig. 7, the algorithm first segments the processed image into 4×4 301 

sub-images. The obtained sub-images are then processed to generate multiple edge histograms. 302 

Each of the edge histograms consists of five bins, which respectively represent five types of edge 303 

directions, i.e. vertical, horizontal, 45-degree diagonal, 135-degree diagonal and non-directional. 304 

The type of edge direction is extracted on the basis of blocks, which are made up of 2×2 pixels. 305 

The edge histogram of a sub-image is generated by accumulating the occurrence of the different 306 

types of edge directions in that sub-image. At last, by concatenating the edge histograms of all the 307 

16 sub-images, the final EHD with 5×16=80 elements can be obtained. 308 

 309 

Fig. 7. EHD calculation principle and histograms of different slope conditions. 310 

 311 

The histograms of images with “normal” and “damaged” slope are, respectively, shown on the right 312 

of Fig. 7. An observation consistent with our previous empirical analysis can be drawn from the 313 

figure: In the EHD histogram of the “normal” image, a repeated distribution pattern is observed in 314 

every 5 bins, which results from the repeated hexagonal patterns in the 16 sub-images; By contrast, 315 

the EHD histogram of the “damaged” image is disorganized and no certain pattern can be observed. 316 

 317 

4.2.3. HSV color histogram 318 

Fig. 8 (a) shows images of slope damages under different lighting condition. It is observed that 319 

superpixels wherein slope damages occur usually present a darker color while other superpixels 320 

without damages normally look light gray, a color that most concrete structures display. This 321 
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observation has been utilized by previous studies to detect concrete cracks in bridges, pavements 322 

and pipelines, such as Sinha and Fieguth [53], and Tsai et al. [54]. However, as stated in [35], 323 

depending solely on the absolute intensity values is subject to the influence of the changing lighting 324 

condition. Therefore, the following observation should also be utilized: the occurrence of concrete 325 

damages often tends to concentrate in certain areas; Hence, when damages occur in a superpixel, 326 

the likelihood of damages in its surrounding superpixels is low. As a result, the adjacent superpixels 327 

of the current “damaged” superpixel usually present a contrast color to the current superpixel. The 328 

utilization of this pattern can improve the robustness to illumination, because the variant lighting 329 

condition can only change the absolute intensity, but not the intensity differentiation between 330 

superpixels. 331 

332 

Fig. 8. (a) Images of slope damages under variant lighting conditions; (b) Calculation principle of 333 

HSV color histogram. 334 

 335 

To leverage the above observations, the HSV color space is investigated to handcraft a feature 336 

descriptor called HSV color histogram, as illustrated by Fig. 8 (b). The HSV color space includes 337 

three channels, i.e. hue (H), saturation (S) and value (V), of which the S and V channels are used 338 

to distinguish between dark colors and bright colors. When a superpixel shows up a great portion 339 

of dark colors, the distribution of its V channel histogram tends to be concentrated on the low-value 340 

area; On the contrary, if the superpixel shows up many bright color components, its V channel and 341 

S channel histograms tend to be densely distributed in the high-value region and the low-value 342 

region, respectively. Based on the analysis, HSV color histogram (denoted by HSV in the following) 343 

is defined as Eq. (1). 344 

cur cur adj adj{ _ , _ , _ , _ }S hist V hist S hist V hist                 (1) 345 

Where, cur_S hist  and cur_V hist  are, respectively, the S channel histogram and the V channel 346 

histogram of the current superpixel; adj_S hist   and adj_V hist   are, respectively, the S channel 347 

histogram and the V channel histogram of all the superpixels adjacent to the current superpixel. In 348 

order to control the dimension of the features, the number of bins of the histograms can be 349 
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designated as a small number. In this study, the value is set as 4, and hence the dimension of the 350 

HSV feature vector is 44=16. 351 

 352 

4.3. Superpixel classification based on SVM 353 

In this section, a binary machine learning model is developed to classify superpixels into two 354 

categories, i.e. “normal” and “damaged”, with the feature vectors proposed in last section as model 355 

input. The machine learning technique used here is support vector machine (SVM), for its 356 

capability to achieve robust performance with limited computation resources and training data. The 357 

training of an SVM classifier is a process of finding the optimal hyperplane that can most 358 

effectively separate the training data. Given a hyperplane, distances between the training samples 359 

and the hyperplane can be calculated. The distances vary each time a hyperplane is randomly 360 

generated, and the so-called optimal hyperplane is the one that has the maximum distances from 361 

the nearest points of all categories. 362 

 363 

Fig. 9. Model structure of the superpixel classifier for slope damages. 364 

 365 

Fig. 9 shows the structure of the proposed SVM model for superpixel classification. The output of 366 

the model is the slope condition of a superpixel, i.e., normal or damaged. The input of the model is 367 

the arbitrary combination of the handcrafted image features, i.e. “LBP”, “EHD”, “HSV”, 368 

“LBP+EHD”, “LBP+HSV”, “EHD+HSV” and “LBP+EHD+HSV”. Among the seven feature 369 

combinations, the most effective one will be experimentally determined in Chapter 5 by comparing 370 

the classification performance. The SVM classifier is trained on a superpixel dataset of slope 371 

condition. The dataset is created according to the following procedure: (a) segment images into 372 

superpixels; (b) extract slope failure features, e.g. LBP, EHD and HSV, superpixel by superpixel; 373 

(c) annotate the category of each superpixel, i.e. “normal” or “damaged”. Note that there might 374 

also be water body in the image other than the concrete slope lining. The superpixels filled with 375 

water body are annotated as “normal” in our study. 376 

 377 

4.4. Bottom-up strategy for slope damage recognition 378 

The developed SVM model can perform binary classification on the slope condition of a superpixel. 379 

However, an image can be divided into hundreds of superpixels. Due to the existence of noise, 380 

some of the superpixels will inevitably be misclassified; hence, it is unreliable to determine whether 381 

or not slope damages have occurred in an image only based on the classification result of an 382 
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individual superpixel. 383 

 384 

To address the issue, a bottom-up strategy is developed to infer the upper-level slope condition by 385 

comprehensively considering the classification results of all the bottom-level superpixels. The 386 

strategy can be described as follows. Let’s assume the image being processed comprises N 387 

superpixels, and use Si (i=1, 2, ……, N) to denote a specific superpixel. The classification result of 388 

Si can be expressed by Eq. (2). 389 

1   is damaged
_ ( )

0 is normal


= 


，  

，  

i

i

i

S
Classifer SVM S

S
                   (2) 390 

 391 

Then, when Eq. (3) holds, it will be deduced that slope damages have occurred in the given image; 392 

otherwise, the slope in the image is in normal condition. 393 

1

_ ( )
=


N

i

i

Classifer SVM S th                         (3) 394 

Where, th is the threshold number of superpixels determined by statistics and experience. It 395 

represents that the likelihood of slope damages is far larger than normal condition when the number 396 

of superpixels recognized as “damaged” by the SVM classifier exceeds a certain degree (controlled 397 

by th). 398 

 399 

5. Experimental studies 400 

5.1. Data collection and preprocessing 401 

In order to validate the proposed methods, 88 images of water channel slope were collected, which 402 

include 41 images of slope damages and 47 images of normal condition. The majority of the images 403 

were collected by drones at a water supply channel in Northwest China, while the rest of them were 404 

obtained by a manner of online searching or collected from relevant research publications.  405 

 406 

As shown by the left-hand side of Table 1, the dataset was divided into three parts, i.e. a training 407 

set, a validation set and a test set. Note that the validation set would be used to calibrate the model 408 

by hyperparameter tuning, feature selection and evaluating the influence of dataset size, while the 409 

test set would be used to evaluate the model performance after calibration. The dataset is relatively 410 

small, and hence might not be able to yield desirable training outcomes. To address this potential 411 

issue, the data augmentation technique was employed to expand the original dataset. In this study, 412 

we used the ImageDataGenerator function [55] provided by Keras to realize data augmentation. 413 

Specifically, each image in the original training set was processed to generate four variations of it, 414 

by randomly combining the four basic types of transformation listed in Fig. 10. In the meantime, 415 

no processing was performed to the validation and the test set. The composition of the dataset after 416 
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augmentation (denoted by expanded dataset) is listed on the right-hand side of Table 1. 417 

Table 1. Composition of image datasets. 418 

Slope 

condition 

Original dataset  Expanded dataset 

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. 

 419 

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

Table 2. Composition of SLIC superpixel datasets. 421 

Slope 

condition 

Original dataset  Expanded dataset 

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 

The images in the datasets were preprocessed according to the following steps to obtain datasets of 423 

superpixels. First, the regions of interest, i.e. water channels, were extracted from the images. Note 424 

that the extraction was conducted manually due to the absence of either the corresponding BIM 425 

model or the georeferenced information required by the automated approach introduced in [11, 12]. 426 

Second, all images were resized to a width of 1600 pixels with the aspect ratio remained unchanged 427 

to guarantee the resolution of superpixels after SLIC segmentation. Third, segment images into 428 

superpixels using SLIC algorithm. Finally, assign a category to each superpixel, i.e. normal or 429 

damaged. After preprocessing, two datasets of superpixels can be obtained (i.e. the original and the 430 
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expanded), as listed in Table 2. 431 

 432 

5.2. Performance metrics 433 

Fig. 11 introduced metrics that will be used for performance evaluation in subsequent sections. On 434 

the left side of the figure is a confusion matrix, which represents the dispositions of classification 435 

results of data samples by a machine learning model. The positives in this study refer to the 436 

“damaged” samples while the negatives refer to the “normal” samples. Based on the confusion 437 

matrix, six different metrics can be defined on the right side of Fig. 11, where the recall, precision, 438 

F1-score and accuracy are four common metrics for the evaluation of classification performance. 439 

The TPR (true positive rate) and the probability of false alarms will be used collectively to evaluate 440 

the influence of selected features and the dataset size on the performance of superpixel 441 

classification. The TPR, along with FPR (false positive rate), will be used to evaluate the 442 

performance of the bottom-up strategy as the threshold changes. 443 

 444 

Fig. 11. Metrics used for performance evaluation in this study: TP, TN, FP and FN stand for true 445 

positives, true negatives, false positives and false negatives, respectively; FPR and TPR stand for 446 

false positive rate and true positive rate, respectively. 447 

 448 

5.3. Influence of selected features 449 

In this section, we used the original dataset in Table 2 to investigate the influence of the selected 450 

features on the performance of the SVM models. The most effective features in discriminating 451 

slope damages were determined by comparing the model performance on the validation set 452 

resulting from different feature combinations, i.e. “LBP”, “EHD”, “HSV”, “LBP+EHD”, 453 

“LBP+HSV”, “EHD+HSV” and “LBP+EHD+HSV”. The Python machine learning library scikit-454 

learn was used to train the binary SVM for superpixel slope condition classification. As shown by 455 

Table 2, the quantity of “normal” superpixels is much greater than that of the “damaged” 456 

superpixels. This imbalance between data samples can result in a model in favor of the majority 457 

class. To address the problem, the parameter “class_weight” in scikit-learn was designated as 458 

“balanced” to assign different penalty parameters to different classes. 459 

 460 

Fig. 12 shows the classification performance on validation set of SVM models with different 461 

feature combinations as input. The curves in the figure graphically depict the relationship between 462 
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the TPR and the probability of false alarms with the variation of the SVM hyperparameters, i.e. 463 

kernel, C and gamma. Obviously, a desirable classification model needs to attain a high TPR with 464 

a relatively low probability of false alarms. Thus, the closer a curve in Fig. 12 is to the upper-left 465 

corner, the better the performance is. According to the above principle, the effectiveness of the 466 

selected features can be evaluated based on Fig. 12. Regarding the stand-alone features (i.e. LBP, 467 

EHD and HSV), Fig. 12 (a) indicates that the HSV outperformed the other two features in the 468 

characterization of slope damages. Regarding the combined features (i.e. “LBP+EHD”, 469 

“LBP+HSV”, “EHD+HSV” and “LBP+EHD+HSV”), as shown by Fig. 12 (b), “LBP+HSV” 470 

presents the best performance, followed by “LBP+EHD”. The outcomes from “EHD+HSV” and 471 

“LBP+EHD+HSV” are similar, both of which failed to achieve acceptable performance. 472 

 473 

Fig. 12. Performance curves of SVM models with different feature input: (a) stand-alone features; 474 

(b) combined features; (c) all features. 475 

 476 

Fig. 12 (c) displays results of both the stand-alone features and the combined features in a single 477 

graph. By comparison, it is obvious that the “LBP+HSV” yields the optimal outcomes. With this 478 

feature combination as input, the SVM model attained the highest prediction performance when 479 

the hyperparameters were specified as kernel=“rbf”, C=100 and gamma=0.9. 480 

 481 

5.4. Influence of dataset size 482 

In this section, the influence of the size of training set on the performance was investigated. Due to 483 

the scarcity of slope damage images, the available training data in the original dataset is limited. 484 

From this limited amount of data, it is usually difficult to learn a model with strong generalization 485 

ability. Hence, it is necessary to determine whether the model performance can be further improved 486 

by the expansion of the training set. 487 
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 488 

Fig. 13. Performance curves of SVM models trained on different datasets. 489 

 490 

We used “LBP+EHD”, “LBP+HSV”, “EHD+HSV” and “LBP+EHD+HSV” as the input of the 491 

models, and compared the performance of the models trained from the original dataset (comprising 492 

14883 superpixels) and the expanded dataset (comprising 74928 superpixels). Fig. 13 shows the 493 

resulting performance curves on the validation set, where, similar to Fig. 12, the relationship 494 

between the TPR and the probability of false alarms is presented. As shown by Fig. 13, the models 495 

with input features “EHD+HSV” and “LBP+EHD+HSV” experienced the most significant 496 

improvement. The model with features “LBP+HSV” is the only one of which the performance was 497 

not improved after data augmentation. The above observations can be explained by the collective 498 

effect of feature dimensions and the amount of training data on the training performance. The 499 

dimension of feature “LBP+HSV” is relatively low (36+16=52 elements), and thus its 500 

corresponding model might have been well trained on the original dataset. Therefore, transferring 501 

to an expanded dataset does not bring in much improvement. On the contrary, other features with 502 

high dimensions, e.g. “LBP+EHD+HSV” with 132 elements, have high probability to lead to 503 

overfitting with the limited training data provided by the original dataset. The expanded dataset 504 

provides more available training data compared with the original one, which can mitigate the effect 505 

of overfitting, and then result in better performance. 506 
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 507 

5.5. Results of slope damage recognition 508 

By comparing all the superpixel classifiers with different input features and trained on different 509 

datasets, it can be observed that the optimal model is the one trained on the original dataset with 510 

“LBP+HSV” as input. The performance of the optimal model on validation set is shown in Fig. 14. 511 

The overall accuracy of the model is 90%. The precision of the “damaged” class is relatively low 512 

at first sight; this is mainly because the quantity of “normal” superpixels far outnumbers that of the 513 

“damaged” superpixels, and the precision of the “damaged” class is lowered by the misclassified 514 

“normal” superpixles. Fig. 15 shows the corresponding model performance on the test set, which 515 

is comparable to that on the validation set. This indicates that the model has been trained well and 516 

successfully attains a certain level of generalization ability to adapt to new dataset. 517 

 518 

Fig. 14. Performance of the optimal superpixel classifier on validation set. 519 

 520 

Fig. 15. Performance of the optimal superpixel classifier on test set. 521 

 522 
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Fig. 16. (a) Number of superpixels recognized as “damaged” in images; (b) ROC curve of the 523 

model with change of the threshold. 524 

 525 

Based on the classification results of the optimal model, the proposed bottom-up strategy was 526 

utilized to infer the overall slope condition. Fig. 16 (a) shows the number of superpixels classified 527 

as “damaged” by the SVM model in images of both the validation and test set. As indicated by Eq. 528 

(3), the determination of slope condition in an image is dependent on the relationship between the 529 

number of “damaged” superpixels and the specified th. With different th, the model can yield 530 

different classification results on the same image, resulting in different model performance.  531 

 532 

As shown by Fig. 16 (b), the receiver operating characteristic (ROC) curve is adopted to evaluate 533 

the proposed method under different th. The ROC curve is an intuitive tool to graphically present 534 

the TPR of a model versus its FPR at varying thresholds. The ROC curve reflects model 535 

performance by the area under the ROC curve (AUC), which measures the two-dimensional area 536 

underneath the ROC curve. The AUC of our method is 0.964, which is close to the upper limit — 537 

1, indicating a quite significant performance. Using the Youden Index, the optimal th is 538 

recommended as a value between 30 and 37, when the FPR and the TPR of the method are 0.083 539 

and 0.917, respectively. 540 

 541 

Despite the th indicated by Youden Index, the tradeoff between the TPR and FPR is a complicated 542 

issue subject to the specific application scenarios. A higher TPR can lead to a greater chance to 543 

detect the occurred damages, which is beneficial to the maintenance of the structures. However, the 544 

increase of TPR is usually, if not always, at the cost of the growth of FPR, meaning more false 545 

alarms of slope damages will be issued. These false alarms could misguide relevant departments to 546 

deploy resources in response to an emergency does not exist, leading to unnecessary waste and 547 

economic loss. In our case of slope damage recognition, since the consequences brought by slope 548 

damages (or even a failure) can be so catastrophic, it is our primary concerns to increase the TPR. 549 

As shown by Fig. 16 (b), when TPR equals 1, the lowest FPR is 0.167, which is an acceptable value. 550 

In practice, measures can be taken to avoid misguidance by the false alarms. For examples, 551 

engineers can be asked to manually double-check the images classified as “damaged” by the model, 552 

so that they can confirm the alarm before taking further reactive actions.  553 
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 554 

Fig. 17. Part of detection results of “damaged” images. 555 

 556 

Fig. 17 and Fig. 18 show the results of slope damage detection in a visualized way, where the 557 

regions highlighted by green and red represent normal condition and slope damages, respectively. 558 

The three “normal” images with the most misclassified superpixels (i.e. # N-7, # N-9 and # N-12) 559 

are presented in the last two rows of Fig. 18. Regarding # N-7 and # N-9, the model appears to have 560 

a tendency to recognize superpixels located between the slope and the water as “damaged”. As for 561 

# N-12, it seems that the special illumination condition of sunset has confused the model, thus 562 

resulting in nearly 50 superpixels misclassified as “damaged”. 563 
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 564 

Fig. 18. Part of detection results of “normal” images. 565 

 566 

5.6. Discussion 567 

The accuracy of the proposed slope damage detection approach can be discussed from two aspects, 568 

i.e. the superpixel classification accuracy and the overall image recognition accuracy. Regarding 569 

the former, the classification accuracy of the optimal SVM model is 85% (as shown by Fig. 15). 570 
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The precision and recall of the “normal” class are 93% and 89%, respectively. The results are 571 

significant at first sight. However, after considering the unbalanced distribution of the dataset and 572 

the large amount of “normal” superpixels, the results should be analyzed from a different 573 

perspective. The recall of “normal” superpixels is 89%: Assuming a “normal” image contains 300 574 

superpixels, 33 false alarms of superpixels might be issued by the model. 575 

 576 

Despite the existence of these false alarms, the developed bottom-up strategy ensures that the 577 

evaluation of the overall channel slope condition is not influenced by the several misclassified 578 

superpixels, and has attained reliable recognition of slope damages. With th=25 (see Fig. 16), the 579 

method correctly identified all the 12 images with slope damages while only issued 2 false alarms. 580 

The overall recognition accuracy is 91.7%, which demonstrates the effectiveness and robustness of 581 

the proposed method. 582 

 583 

Table 3 lists the time performance of the proposed methods on ASUS VivoBook S15, with an Intel 584 

Core i7-8550U processor and Nvidia GeForce MX150 GPU. The most time-consuming tasks are 585 

from the preprocessing stage, where SLIC segmentation and feature extraction are performed. The 586 

training process was quite efficient, which only took 6.3 s to complete a training on 14883 587 

superpixels. After a model has been trained, the computation time required to identify the slope 588 

condition in a newly given image was also evaluated: taking the optimal model as an example, the 589 

total time cost is 33.99 s, which includes 3.9 s of SLIC segmentation, 12 s of LBP calculation, 18 590 

s of HSV calculation and 0.09 s of SVM classification. 591 

Table 3. Time performance of the proposed methods. 592 

Stage Task 
Processing time 

Per superpixel Per image* 

Preprocessing 

SLIC segmentation / 3.9 s 

LBP calculation 0.04 s 12 s 

EHD calculation 0.03 s 9 s 

HSV calculation 0.06 s 18 s 

Classification 
Training 6.3 s on 14883 superpixels 

Testing 0.0003 s 0.09 s 

* Note: Assuming that each image comprises 300 superpixels. 

 593 

Although the approach in this paper was primarily proposed for water channel slope damages, it 594 

can also provide a useful reference for other mega concrete infrastructure to attain effective defect 595 

recognition with limited training data. First, the handcrafted features — “LBP+HSV” — can 596 

potentially be used to characterize large-scale concrete defects of other mega hydraulic structures 597 

such as water dams, because the defects of these structures share many features in common with 598 
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those of water channels regarding the scale, texture and appearance. Second, the combined usage 599 

of SLIC segmentation and a bottom-up strategy has demonstrated its effectiveness in addressing 600 

the issue of data scarcity, and thus can be generalized to tackle the problem of defect recognition in 601 

other mega infrastructure, where sufficient defect images are usually difficult to be collected for 602 

the training of implementable recognition models. 603 

 604 

6. Conclusions 605 

Timely and accurate detection of the occurred slope damages is crucial for the maintenance of water 606 

supply channels. Current practices rely on manual inspection and SHM systems to identify slope 607 

damages, which are inefficient, laborious and tends to be biased. This paper proposed a bottom-up 608 

image detection approach for water channel slope damages, which has a potential to address the 609 

limitations by the integration with emerging inspection platforms such as UAV. The proposed 610 

approach consists of four steps, i.e. SLIC segmentation, feature handcrafting, superpixel 611 

classification and slope damage recognition. The SLIC algorithm was employed to segment 612 

original images into hundreds of superpixels for model training. Three feature descriptors, i.e. LBP, 613 

EHD and HSV, have been handcrafted to characterize the image features of slope damages. A 614 

binary SVM classifier with the above features as input was developed to classify superpixels into 615 

two categories, i.e. “normal” and “damaged”. A bottom-up strategy was finally adopted to infer the 616 

upper-level slope condition from the classification results of all individual superpixels. 617 

Experiments were conducted to evaluate the performance of the proposed approach. Among all the 618 

handcrafted features, the experiments indicate that “LBP+HSV” is the most effective one in 619 

characterizing the image features of slope damages. The SVM model with “LBP+HSV” as input 620 

can achieve a classification accuracy of up to 85%. Based on the SVM model, the bottom-up 621 

strategy achieved high recognition performance for slope damages. 622 
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