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ABSTRACT

Foreign objects (e.g., livestock, rafting, and vehicles) intruded into inter-basin channels pose threats to water quality and water supply safety.
Timely detection of the foreign objects and acquiring relevant information (e.g., quantities, geometry, and types) is a premise to enforce
proactive measures to control potential loss. Large-scale water channels usually span a long distance and hence are difficult to be efficiently
covered by manual inspection. Applying unmanned aerial vehicles for inspection can provide time-sensitive aerial images, from which intru-
sion incidents can be visually pinpointed. To automate the processing of such aerial images, this paper aims to propose a method based on
computer vision to detect, extract, and classify foreign objects in water channels. The proposed approach includes four steps, i.e., aerial
image preprocessing, abnormal region detection, instance extraction, and foreign object classification. Experiments demonstrate the efficacy
of the approach, which can recognize three typical foreign objects (i.e., livestock, rafting, and vehicle) with a robust performance. The pro-
posed approach can raise early awareness of intrusion incidents in water channels for water quality assurance.
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HIGHLIGHTS

® This study proposes an aerial image processing method to recognize foreign objects (FOSs).

® Simultaneously detect, extract, and classify FO in water channel.

® |ntegrate superpixel segmentation and support vector machine for abnormal region detection.
® Propose a distance-aware algorithm to cluster abnormal regions.

® Develop a hierarchical voting mechanism for FO classification.
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INTRODUCTION

Inter-basin water channels play an important role in allocating water resources across regions and maintaining the well-being
of society (Zhang ef al. 2015; Jia 2016). The operation of these water channels is threatened by occasionally occurring safety
hazards (Norvanchig & Randhir 2021), such as water contamination, ice jam, and structural damages (Zhang et al. 2021).
Although non-point sources such as stormwater runoff is notably an important risk factor (Wang et al. 2013; Norvanchig
& Randhir 2021), the adverse influence of foreign object intrusion should not be ignored, especially for long-distance
inter-basin water channels. Foreign objects are defined as those alien objects intruding into the water body. Typical foreign
objects include livestock when the channel spans pastures (Lucey & Glennon 2021), vehicles fallen into the channel due to
traffic accidents (Desh Deep 2019), and floating raft driven by external visitors (Farooquee et al. 2008). The intrusion of these
foreign objects poses great threats to the channel operation. First, microbes carried by the livestock and petroleum leaked out
from the vehicles can contaminate the water, thus degrading the water quality (Schumacher 2002). On the contrary, those
external visitors breaking into the periphery of water channel for rafting can get drowned in the channel, raising subsequent
judicial disputes.

To mitigate potential loss, timely detection of the intruded foreign objects is crucial. Current practice relies on inspectors or
relevant personnel to patrol along the route to manually identify foreign objects. Such manual practice is labor-intensive and
time-consuming. The deficiency is further enlarged by the fact that inter-basin channels usually span large geospatial areas
(e.g., pasture, alpine region, or even desert) with enormous differences regarding natural and cultural characteristics.
Recent advancements of unmanned aerial vehicles (UAVs) have potential to address the limitations. The high mobility of
UAVs can significantly improve the efficiency by shortening the time spent on inspection and increasing the frequency of
inspection. From aerial videos/photographs recorded by the airborne cameras, computer vision can be used to automatically
detect foreign objects in a timely manner.

Equally important is to acquire relevant information of the intrusion incidents. For example, the quantity and geometry of
the detected foreign objects can provide decision-makers with an overview of the scale and degree of severity of an incident,
based on which a corresponding level of alarm can be issued. On the contrary, information about the types (e.g., livestock,
vehicles, and rafting) of foreign objects is important for the determination of corresponding counter-measures, as different
foreign objects bring different adverse impacts and maintain different characteristics. For example, when the detected objects
are livestock bodies or vehicle fragments, they should be salvaged as soon as possible; however, if illegal rafting is identified,
the break-in visitors should be ejected.

Detecting, extracting, and classifying objects of interest from images are not a unique problem in water quality manage-
ment. Rather, the problem is widely encountered in various domains such as urban planning (Li & Yang 2020) and
vegetation management (Carlier ef al. 2020). In computer vision, it is usually formulated as a problem of object detection
or instance segmentation, which aims not only to tell if certain objects exist, but also locate the pixel area of each object
of different classes on given images. A solution to the problem is deep learning (DL), which has gained momentum since
AlexNet’s great success in the ILSVRC 2012 (Alom et al. 2018). However, the training of DL models relies on a massive
amount of data, which are difficult or even impossible to collect. Annotating such magnitude of data is extremely laborious.
For object detection, the annotation is done by designating bounding boxes around the objects of interest, which is already
onerous enough. Let alone the time and efforts required to assign pixelwise labels in the scenario of instance segmentation.
Even if the onerous data annotation jobs are doable, one might find it difficult to obtain sufficient images of the objects of
interest from the outset, as they only appear when some infrequent accidental events happen. This is especially true in the
scenario of water supply channels, where the occurrence of foreign object intrusion is an accidental event, and thus available
aerial photographs of such adverse situations are usually too limited to allow the training of an actionable DL model.

To ensure water supply safety, this paper aims to provide a computer vision method that can automatically detect, extract,
and classify foreign objects from aerial photographs. The proposed solution is expected to enable early awareness of the intru-
sion incidents and thus improve the capability of emergency response for water supply channels. The research is confined to
the water channel inspection under normal operation. For extreme cases such as flooding, the special weather and hydraulic
condition might pose additional challenges to aerial image collection and processing, which are not considered in this study.
The contributions can be articulated from two aspects. From a theoretical perspective, this study makes contributions to the
problem of vision-based foreign objects recognition from aerial images. It proposes a novel method including image prepro-
cessing, abnormal detection, instance extraction, and foreign object classification to simultaneously detect, extract, and
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classify foreign objects under the constraints of data scarcity. The effectiveness of the method is demonstrated by comprehen-
sive experimental studies. From a practical point of view, the proposed method provides a post-processing tool of aerial
images to enable a more efficient practice of water safety management. With UAV and our method integrated, the timeliness
and coverage of foreign objects detection can be significantly improved. The source code of our method has been shared on
GitHub for possible reuse by the research community (civilServant-666 2021).

LITERATURE REVIEW

Timely detection of foreign objects in the water body and acquiring their relevant information are important for ensuring
water quality. The development of machine vision makes it possible to automatically detect foreign objects from images.
Du et al. (2020) investigated the spatio-temporal pattern of total suspended matter in water by the combined application
of time-series Landsat images and field survey. Lei (2019) compared the performance of three different object detection
models, in detecting float objects on man-made landscape lake. Lin (2020) integrated a series of image processing algorithms
to detect and track floating foreign objects on urban river surface under complex background noises. Current studies mainly
focused on detecting small floating contaminants (e.g., plastic bags, leaves, and float grass) on small water area (e.g., man-
made landscape lake, and urban canal/river). However, such small contaminants generated from the municipal sector are
not usually observed in the case of inter-basin water channels as these projects are normally located at remote regions. In
contrast, more typical objects are those with bulky size such as livestock, fallen vehicles, and rafting, the detection of
which has seldom been investigated. In addition, images processed by existing studies are usually collected by stationary
or slow-moving platforms (e.g., autonomous patrolling ship) close to water surface. These methods are difficult to efficiently
cover the range of large-scale water channels, as they usually span a long distance.

With the proliferation of commercial drones in recent years, the application of UAV has been gaining momentum. Because
of its mobility, flexibility, and wide coverage, UAV is competent to undertake time-sensitive and hazardous tasks such as
building and infrastructure inspection (Kim ef al. 2018; Cai et al. 2019; Liu et al. 2019; Deng et al. 2020), power grid manage-
ment (Jones 2007; Rengaraju et al. 2014; Bhola et al. 2018), progress monitoring (Wang et al. 2015), and construction safety
evaluation (Melo ef al. 2017). Computer vision has been used to automatically detect, extract, or segment objects of interest
from aerial photographs collected by UAV. Kim et al. (2019) applied a deep neural network, YOLO-V3, to detect and localize
construction resources at the jobsite for the prevention against struck-by hazards. Pi ef al. (2020) investigated the application
of convolutional neural network (CNN) for the detection of ground objects such as roofs, cars, vegetation, debris, and flooded
areas from aerial imagery. Zhu ef al. (2020) presented a large-scale vehicle detection and counting benchmark dataset, which
includes 15,532 pairs of RGB and infrared images collected by camera-equipped drones. Yu et al. (2016) proposed an
approach to extracting airplanes from satellite images based on the deep Hough-Forests method. Similar to the above scen-
arios, the integration of UAV and vision-based object detection can be expected to address the limitations of manual
inspection in water supply channels. By exploiting the UAV-collected photographs with machine vision, foreign objects
and their relevant information regarding quantities and geometry can be automatically identified in a timely manner.

DL requires large amounts of data to enable model training in an end-to-end manner. Such big datasets are difficult to col-
lect in many scenarios including water supply channels. Under the constraints of limited available data, classical machine
learning and image processing approaches can serve as potential alternatives. For example, Bhola et al. (2018) proposed a
method integrating spectral clustering and spatial segmentation to detect power lines, which was evaluated on a small collec-
tion of aerial images. Carlier et al. (2020) investigated the feasibility of using morphological spatial pattern analysis to replace
manual visual estimation for plant cover measurement on a collection of 30 images. Chen & Liu (2021) trained a bottom-up
model for slope damage detection with a dataset consisting of <100 photos. Enlightened by these researches, this study
intends to devise a foreign object detection approach suitable for small datasets by integrating image processing operations,
feature handcrafting, and classical machine learning algorithms.

METHODOLOGY

Procedure of the proposed method

Figure 1 shows an overview of the proposed approach. To avoid the influence of irrelevant background objects (e.g., sky, veg-
etations, and surrounding buildings), regions of interest (ROI), i.e., water body, have been extracted from the input aerial
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Figure 1 | Overview of the proposed approach.

images in advance. The process can be automated by the approach proposed in Chen et al. (2021), which aligns the geo-refer-
enced aerial photos with a readily available 3D model for ROI extraction.

The proposed method includes the following four steps. First, preprocessing is performed to segment the input aerial
images into superpixels, which converts the original images with macrofeatures into small subpixels with microfeature
and expands the available training data. The second step addresses the question of whether foreign object intrusion has
occurred. A support vector machine (SVM) is trained to iterate over all superpixels on an image for normal/abnormal
binary classification. The third step addresses the question of how many foreign objects exist in an image. It does so by clus-
tering abnormal regions detected in the second step into individual instances based on their spatial distance. The fourth step
addresses the question of what the detected foreign objects are. This is realized by training another SVM and devising a hier-
archical voting mechanism. Following the above steps, the approach finally outputs information on whether intrusion
incidents have occurred, and if so, how many foreign objects have been detected, where they are on the images, and the
specific types of them.

Image preprocessing

The collected aerial photographs are first segmented into superpixels, which refer to small polygonal regions comprising
neighboring pixels with similar color and texture (Ren & Malik 2003). The operation allows the extraction of microfeatures
concerning either foreign objects or pure water. In addition, since subsequent model training is based on these small super-
pixels, it significantly expands the available amount of training data as compared to the original number of images before
segmentation (Chen & Liu 2021). We use an algorithm called Simple Linear Iterative Clustering (SLIC; Achanta et al.
2012) for superpixel segmentation, because of its simplicity and robust performance. The algorithm includes the following
four steps:

* Seed initialization: Evenly place initial seed points on the image based on a fixed interval.

* Seed points optimization: Re-assign pixels with the lowest gradients in the neighboring regions of the initial seed points as
the new seed points.

* K-means clustering: Using the seed points after optimization as initial clustering centers, perform K-means clustering to all
image pixels.
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* Improve the connectivity: Re-assign superpixels with small area to their neighboring superpixels by transversal from the
upper-left corner of the image to its bottom-right corner.

Detecting abnormal regions by SVM

After superpixel segmentation, abnormal regions that contain foreign objects are detected from the aerial images. To do so, a
SVM classifier (denoted by SVM classifier #1) is trained to determine whether individual superpixels on the input image con-
tain foreign objects. SVM is a widely used machine learning model, the training of which aims to search for a hyperplane that
can best separate samples of different classes in the dataset (Yan ef al. 2017). The model can produce precise prediction
results based on relatively small datasets and therefore is adopted in this study for foreign object detection.

The SVM classifier #1 takes features extracted from a superpixel as input, and output a label indicating whether the super-
pixel is normal (water body) or abnormal (foreign objects). The extracted features comprise two parts, i.e., local binary pattern
(LBP) and boundary indicator (BI). The LBP, proposed by Ojala et al. (2002), is an image descriptor for characterizing texture
features. Since water body usually presents a simple but repetitive pattern of ripples, which is quite different from the texture
displayed by foreign objects such as vehicles and rafting, the LBP can be used to effectively characterize such differences
(Pietikdinen ef al. 2000). Other than the LBP, an index called BI is also integrated as part of the feature. The BI is a Boolean
value indicating whether a concerned superpixel is at the boundary of water channel. Such information on spatial layout is
considered because the water body at the channel boundary is subject to the influence of reflection of near-shore objects, and
thus, the corresponding superpixels might display a different texture pattern than that in the normal situation.

The features extracted from all superpixels in the image collection, together with their class labels, form a training set on
which the SVM can be trained. After training, the model can be deployed in the testing/operational stage: given a newly col-
lected image, it iterates over all the superpixels on the image for normal/abnormal classification, and then output a binary
map with the detected abnormal regions highlighted.

Clustering abnormal regions into foreign instances

The binary map obtained from the last step provides image regions containing foreign objects, but cannot distinguish between
different individual foreign objects (or the so-called instances). Two disconnected regions on the binary map can either cor-
respond to two individual instances, or belong to an identical instance.

It is observed that disconnected regions of the same instance are usually closer from each other than those of different
instances. Based on the observation, an algorithm is developed to cluster disconnected regions into individual instances
according to their relative spatial distribution. The algorithm includes two sub-algorithms, i.e., adjacency matrix generation
and instance annotation. Figure 2 shows the general procedure of the algorithm with an example.

Sub-algorithm #1: adjacency matrix generation

The spatial relationship between regions plays an important role in determining whether they belong to the same instance.
Such a relationship can be formulated as whether the regions are close enough that they can be deemed ‘adjacent’. From this
perspective, sub-algorithm #1 intends to generate a matrix that reflects the adjacency relation between any two arbitrary
regions on an image. More details of the algorithm can be found in Section S1 of the Supplementary Material.

Sub-algorithm #2: instance annotation

If two disconnected regions are adjacent to each other, they belong to the same instance. The adjacency relationship can be
retrieved from the adjacency matrix M: when two rows in M have elements equal to 1 at the same column, the regions rep-
resented by the two rows are either directly adjacent to each other, or adjacent to an identical third-party region (see the
example in Figure 2); thus, they belong to the same instance. Based on the above pattern, an instance annotation algorithm
is devised to assign instance ID to each disconnected region for instance extraction. Refer to Section S2 of the Supplementary
Material for more details of the algorithm.

Classifying foreign instances by a hierarchical voting mechanism

After extracting individual instances, the classes of these instances are recognized to provide actionable information for
timely implementation of mitigation measures. According to project managers and stakeholders we have approached,
small contaminants generated from the municipal sector are not usually observed in inter-basin water channels. In contrast,
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Figure 2 | Schematic diagram illustrating the general procedure of instance extraction.

more typical objects are those with bulky size such as livestock, fallen vehicles, and rafting, which, therefore, will be con-
sidered as three candidates to be classified in this study.

Another SVM classifier (denoted by SVM classifier #2) is created, of which the input is LBP descriptors of an image patch
occupied by a single or multiple superpixels, and the output is the type of foreign objects corresponding to the image patch.
The training of SVM classifier #2 follows the strategy mentioned in Section S3 of the Supplementary Material.

A hierarchical voting mechanism is devised to decide the class of an instance based on the results given by SVM classifier
#2, as shown in Figure 3. Suppose an extracted instance comprises Ny,pix superpixels. With SVM classifier #2, each of the
Nsupix superpixels can be classified as a specific type of foreign objects. For example, in the bottom layer of Figure 3, the
four superpixels are, respectively, recognized as ‘vehicle’, ‘vehicle’, ‘livestock’, and ‘rafting’. Let the superpixels be combined
in pairs, which will then result in Cﬁ,supix combinations. Image areas inside the bounding boxes surrounding the superpixel
combinations are successively fed to the SVM classifier #2 to obtain the corresponding classification results (as shown by
the second layer from bottom-up in Figure 3). Likewise, one can select any r superpixels in the instance to form new combi-
nations, and then perform classification. For an instance with Ng,pix superpixels, we can obtain Zi\ﬁ“l"“ CI’\,S“piX classification
results for all possible superpixel combinations. Calculate the number of votes for each class, and the one with the largest
number of votes is assigned as the class of the instance. Note that when the largest votes are observed at multiple classes,
the output class is set as ‘uncertain’. The hierarchical mechanism allows a comprehensive consideration of the instance

Classification based on SVM classifier #2
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Figure 3 | Hierarchical voting mechanism for instance classification.
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features at different levels of details (from micro to macro), which can avoid bias brought by only taking the microfeatures of a
single superpixel into account.

EXPERIMENTAL STUDIES
Data collection and preprocessing

A dataset was obtained to evaluate the performance of the proposed approach, which was mainly collected in two ways. First,
we reached out to competent departments of two water supply projects in China, both of which have experience in using
UAVs for channel inspection (Liu ef al. 2019; Chen & Liu 2021), to obtain relevant photos they previously collected.
Second, online searching was performed on the Google, Baidu, and aerial photography forums. The dataset comprises
145 aerial images of water channels containing solely water body, and both water body and foreign objects. Section S4 of
the Supplementary Material shows the statistical distribution of the dataset over different aspects of variations, demonstrating
that the dataset has encompassed typical variations to ensure the model’s generalizability.

The dataset was randomly split into a training set and a test set, respectively, for subsequent model training and evaluation.
A 5-fold cross-validation is used for hyperparameter tuning on the training set. A training/testing split ratio of 8.5:1.5 was
adopted by referring to previous studies (Cha ef al. 2017; Chen & Liu 2021). Table 1 shows the detailed composition of
the dataset. The collected images after background removal were segmented into superpixels with the SLIC algorithm.
Data annotation was conducted to assign each superpixel to one of the following class labels, i.e., water, livestock, rafting,
and vehicle, after which a dataset of superpixels can be obtained.

Results of abnormal region detection

The SVM classifier #1 for abnormal detection was trained on the 13,212 superpixels. The training was implemented with a
Python machine learning library called scikit-learn. The quantity of ‘water’ superpixels (i.e., 12,716) far outnumbers that of the
abnormal superpixels with foreign objects (i.e., 496). Machine learning models trained on such imbalanced dataset would
tend to overfit the majority class, but perform poorly on the minority class. To mitigate such adverse effects, a higher penalty
coefficient can be assigned to the minority class when training the model. With the scikit-learn library, this can be realized by
setting the ‘class-weight’ parameter as ‘balanced’. When training SVM classifiers, three hyperparameters need to be specified,
i.e.,, kernel, C, and gamma. Values of the hyperparameters were determined by a 5-fold cross-validation, as introduced in Sec-
tion S5 of the Supplementary Material. The performance of the calibrated SVM is compared with that of two other popular

Table 1 | Detailed composition of the image dataset?

Foreign objects intrusion

Dataset split \':'voa::I: ::ody Livestock + Water body Rafting + Water body Vehicle + Water body Total
Training 33 32 19 37 121
Test 7 6 5 6 24
Total 40 38 24 43 145

aThe numbers in the table represent the quantities of images.

Table 2 | Abnormal detection performance of different machine learning models®

sVvm kNN DT
Metrics Abnormal Normal Abnormal Normal Abnormal Normal
Precision 0.49 0.99 0.43 0.98 0.50 0.99
Recall 0.73 0.98 0.27 0.99 0.30 0.99
Fl-score 0.58 0.99 0.33 0.99 0.37 0.99

2performance of different models in the table has been calibrated by cross-validation.
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Figure 4 | Detected abnormal regions by SVM classifier #1 from (a) abnormal samples and (b) normal samples in the test set. Please refer to
the online version of this paper to see this figure in colour: https: //d0| org/10.2166/hydro. 2021 118.
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machine learning models, i.e., k-nearest neighbors (kNN) and decision tree (DT). As shown in Table 2, while the evaluation
metrics for the ‘normal’ class are all at a high level for the three models, SVM is found to have attained the best ‘abnormal’
detection performance.

With the classification results given by the SVM model, abnormal regions on images from the test set can be detected, as
shown in Figure 4. In each image pair, the first row is the original image with ground-truth foreign objects highlighted by
green polygons, and the second row is the resulting binary image with abnormal regions detected. The model successfully
detected the existence of foreign objects in all the abnormal image samples in the test set (Figure 4(a)). As for the seven
normal image samples (Figure 4(b)), the model only misclassified a single image (#N-3) as containing foreign objects.

Results of instance clustering

The detected abnormal regions need to be clustered into individual instances of foreign objects. Figure 5 demonstrates results
of instance extraction by applying the clustering algorithm proposed in the section ‘Clustering abnormal regions into foreign
instances’. The f in the figure is the scale factor in Equation (A2) in the Supplementary Material. With the increase of f, the
algorithm tends to merge different regions into a handful of instances with large coverage (e.g., the most extreme case when
f=2.5 in Figure 5). However, if f is too small, the algorithm might fail to merge regions that are supposed to belong to iden-
tical instances, and even extract each region as an individual instance, as is observed when f = 0.5. When f is specified as 1.0,
the algorithm yields the most reasonable results, as the two rafts in #A-R-3 were successfully separated and the two regions of
an identical vehicle in #A-V-5 were correctly merged. Hence, the instances extracted with f = 1.0 will be used to evaluate the
performance of foreign object classification in the subsequent section.

Results of instance classification

To classify the detected instance, SVM classifier #2 for foreign object classification was first trained. There are 496 individual super-
pixels of foreign objects in the training set. After combining superpixels belonging to identical instances, another 2,047 image
patches were generated, thus expanding the original training set to one with 496 + 2,047 = 2,543 samples. Similar to SVM classi-
fier #1, cross-validation was performed to tune the hyperparameters of SVM classifier #2, as introduced in Section S6 of the
Supplementary Material. After hyperparameter tuning, the selected optimal model was used to predict the classes of foreign
instances in test images with the proposed hierarchical voting mechanism. As demonstrated by Figure 6(a), our approach success-
fully identified the classes of 80% (8 out of 10) of the foreign instances. For comparison, we also calculated the results without

f=0.5 f=1.0 f=15 f=25

#A-L-2

#A-R-3

- >
~ 4 o’

F=saa
N
> 4

Background - Foreign objects - Water body | Instance

Figure 5 | Results of instance clustering under different scale ratios f.
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Figure 6 | Instance classification results (a) with applying the hierarchical voting mechanism and (b) without applying the hierarchical
mechanism.

applying the hierarchical mechanism (neither train SVM classifier #2 with superpixel combinations nor vote for class hierarchi-
cally), which is listed in Figure 6(b). The accuracy is observed to drop significantly if the hierarchical mechanism was not applied.

Figure 6 only considers if an instance sample has been correctly classified. However, it is a common practice in the area of
object detection and instance segmentation to also consider if a sample has been localized properly. To evaluate the localiz-
ation precision, an index called intersection over union (IoU) is adopted, which is defined as follows:

toU = R Rored (1)

Rgt U Rpred
where R, and Rp,.q are respectively the ground-truth and predicted regions of foreign objects. In object detection, the region
R is represented by bounding boxes. In instance segmentation, it is an irregular polygon occupied by corresponding labeled
pixels. As widely accepted by previous studies (Rezazadeh Azar & McCabe 2012; Pi ef al. 2020), an IoU value not <50%
indicates a correct localization. By combining the classification metric and localization metric together, an instance of foreign
objects is deemed as a true positive (TP) only when it is classified correctly, and reaches an IoU of not <50%; otherwise, it
would be considered as a false negative (FN). A detection is deemed as a false positive (FP) when it is originally water body
but incorrectly identified as the abnormal region.

Figure 7 shows predicted bounding boxes and classes of the detected instances (including those incorrectly detected) on the
test images. Section S7 of the Supplementary Material provides detailed performance metrics of all the foreign instances in
the test samples. Recall, or also called true positive rate in some cases (Azar & McCabe 2012; Rezazadeh Azar & McCabe
2012), is defined as ‘TP/(TP + EN)’, whereas precision is defined as ‘TP/(TP + FP)’. Our approach achieved 70% for both
recall and precision, while the false positives per image is 0.25 (=6/24). The proposed approach goes further in the level
of granularity by providing boundary information of the detected instances. Figure 8 shows pixelwise results of instance seg-
mentation, where we used all the detected superpixels in an instance as its geometry and considered class of the instance as its
semantic label.

Time performance

The efficiency of the proposed approach at each step is evaluated in this section. The most two time-consuming tasks are,
respectively, SLIC segmentation in the preprocessing stage and LBP calculation in the detection stage. The former on an aver-
age takes 2.7 s to segment an image into superpixels, while the latter costs 30 s per image, given it comprises 300 superpixels,
for LBP feature calculation. The training of SVM classifier #1 and classifier #2 is quite efficient, which took <1s (0.84 +
0.12=0.96 s) in total. An important factor to consider when evaluating the efficacy of an algorithm is its consuming time
to process each image in the deployment stage. Given a newly collected image comprising 300 superpixels and containing
a foreign instance made up of four superpixels, it will first consume 2.7 s at the preprocessing stage, 30 + 0.03 = 30.03 s for
abnormal detection, 0.0003 s for instance extraction, and 1.5 + 0.06 = 1.56 s for foreign object classification, which sums
up to 34.29 s in total.
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Figure 7 | Bounding boxes and classification results of detected foreign instances in the test set.

DISCUSSION

Computer vision-enabled foreign objects detection

The study contributes to the problem of vision-based foreign object detection from the following aspects. On the one hand, the
adopted superpixel segmentation technique breaks down the original problem of processing the entire image into hundreds of
small problems of superpixel classification. This reduces the complexity of the problem and expands the original dataset by
hundreds of times. On the other hand, the involvement of human knowledge mitigates the reliance on data volume. A high-
level feature descriptor LBP was handcrafted to characterize the differentiation between water body and foreign objects, and
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Figure 8 | Pixelwise segmentation results of the detected instances in the test set.

among different types of foreign objects. In the instance extraction stage, an unsupervised clustering algorithm was provided
to cluster detected abnormal regions into individual instances based on the spatial distance. The proposed approach is appli-
cable to the detection of other objects of interest in water as well. For example, our approach and findings would be of value
to scenarios such as search and rescue operations at sea/desert and garbage salvage in the municipal water area. This study
mainly focused on three typical foreign objects during the operation of water channels (i.e., livestock, vehicle, and rafting),
which, certainly, are not exhaustive. However, with the proposed approach, the same paradigm of ‘data preprocessing-
anomaly detection-instance clustering-instance classification’ can be extended to detect, extract, and classify other types
of foreign objects once relevant training data are available.

Downloaded from http://iwaponline.com/jh/article-pdf/24/1/113/996079/jh0240113.pdf
bv auest



Journal of Hydroinformatics Vol 24 No 1, 125

The proposed approach provides a promising alternative to current manual inspection for foreign object detection. With
UAV applied, the condition of the entire span of a water channel can be recorded by an airborne camera in a timely
manner. The recorded aerial photographs can be automatically processed by our approach to identify if an intrusion incident
has occurred, and if so, the number and categories of foreign objects can also be automatically extracted for the reference of
decision-makers. Another advantage of the proposed approach is that it provides geometric information of the foreign objects’
boundary. Based on the geolocation of the UAV and the rationale of photogrammetry, such information can be used to esti-
mate the actual dimensions of detected objects, which is of importance for decision-makers to evaluate the scale of intrusion.
If integrated into a real-life process, the approach can be expected to streamline the current practice of water quality manage-
ment in water supply channel, and thus dramatically improve the efficiency and timeliness.

Limitations and future work

Despite the efficacy demonstrated by the experimental studies, future research is recommended to address the following limit-
ations. First, to avoid the adverse influence of irrelevant objects, this study assumes the images being processed only contain
the RO], i.e., water body. Even though the process of ROI extraction can be automated by the method introduced in Chen
et al. (2019), it is difficult to guarantee that such extraction can completely remove the irrelevant background. As a result, in
future study, it is necessary to comprehensively evaluate the performance by integrating the previous ROI extraction method
and the proposed foreign object detection approach in a unified case study.

Second, criticism might be raised concerning the generalizability of the model, which was trained on a relatively small data-
set. Even though relevant measures have been taken to ensure the collected dataset encompasses as many variations as
possible (see Section S4 of the Supplementary Material), the model’s robustness still requires further evaluation and improve-
ment. One possible way to do that is to continuously calibrate and update the model as more and more real-life data are
collected in production.

Third, while the model successfully detected most of the foreign objects, it also issued several false alarms. Such false
alarms can cause unnecessary waste of resources for emergency response. Measures can be taken to minimize the negative
effects of false alarms from both technical and managerial perspectives. From technical perspective, more features (e.g., color
histogram) can be incorporated to the SVM model to further facilitate the performance in discriminating between water body
and foreign objects. From a managerial perspective, specific personnel can be assigned to double-check if the issued alarms
are correct before further reactive measures are taken.

CONCLUSION

Timely detection of foreign objects in water channel and acquiring their relevant information are of great importance to
ensure water supply safety. Current practice of foreign object detection relies on manual onsite patrolling, which is inefficient,
laborious, and time-consuming. UAVs can serve as a promising alternative by providing time-sensitive and actional aerial
images, from which information of intrusion can be automatically extracted. This paper presents a novel approach to detect-
ing, extracting, and classifying foreign objects from aerial images for hazard management of water channels. The collected
aerial images are first preprocessed by a superpixel segmentation algorithm. A SVM is trained to detect abnormal regions,
which are then clustered into individual instances based on the spatial distance. Finally, a hierarchical voting mechanism
is devised to classify the extracted foreign instances. Experimental studies were implemented to evaluate the proposed
approach step by step. With a small collection of 121 training samples, a well-performed model was successfully constructed,
which can detect, extract, and classify three types of foreign objects (i.e., livestock, rafting, and vehicle) in the test set with a
robust performance. The proposed foreign object detection approach, integrated with UAVs, is expected to raise early and
comprehensive awareness of the intrusion incidents in water channels, thus providing technical tools to ensure the water
supply safety.
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