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Extracting Water Channels from Aerial Videos based on Image-to-BIM Registration and
Spatio-Temporal Continuity

Abstract

Unmanned aerial vehicles (UAV) are increasingly being used in water supply infrastructure
inspection, resulting in a large volume of aerial visual assets (static photographs or videos). How
to efficiently extract water channels from such assets for the benefits of hazard detection remains a
challenge. This paper provides an aerial video processing approach for the extraction of various
water channel structures, which includes a main algorithm based on the registration of video frames
into a building information model (BIM), and a complementary algorithm enabled by aerial video
spatio-temporal continuity. Experimental results demonstrate the effectiveness of the proposed
approach, which can reliably extract water channels with least manual intervention. The results
reveal the promise of exploiting readily-available information from BIM to automate aerial video
processing. Future research is suggested to further explore the generalizability of the approach

concerning variant flight settings and external environments.

Keywords: Water supply infrastructure; Unmanned aerial vehicle (UAV); Region of interest;

Building information model (BIM); Computer vision; Image-to-BIM registration.



34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67

Extracting Water Channels from Aerial Videos by Image-to-BIM Registration and Spatio-Temporal Continuity

1. Introduction

In recent years, the adoption of unmanned aerial vehicles (UAV) is a major trend in building or
infrastructure inspection [1]. As mega infrastructure with crucial role in the well-being of society,
water channels are no exception. In China, UAVs have been used to perform daily inspection in the
South-to-North Water Diversion project [2,3]. Similar cases are also reported from the rest of the
world [4-6]. These practices produced a great number of visual assets, e.g., aerial videos or
photographs, which are traditionally reviewed by engineers to manually identify safety hazards
such as slope failure, water contamination and ice jam. A promising alternative to this manual
processing is the application of machine learning for automated hazard detection [7]. One challenge
hindering the delivery of the prospect is the large-scale nature of aerial videos/photographs, which
not only contain the regions of interest (ROI) relevant to hazard detection, i.e., water channels, but

also irrelevant background areas that can potentially impair detection performance.

To achieve robust hazard detection, the extraction of water channels is important. First, it can reduce
the occurrence of false positives (FP) and lead to better detection performance. In a machine
learning task, FP refers to samples that are misclassified as positives (i.e., hazards in our case).
Without extracting the ROI in advance, patterns with similar features in the cluttered background
can be incorrectly identified as hazards, thus inducing false alarms. Such false alarms can be
avoided if the candidate area for detection is confined to the water channel of interest. Second, it
can improve the time performance by narrowing the scope of searching. Prevalent object detection
algorithms usually use the sliding window strategy to search the entire image for the target objects.
Since the hazards to be detected can only occur in water channels, it is a waste of computation to
scan areas beyond the channel boundaries . If the water channel of interest has been extracted in
advance, the sliding window can be assigned to scan only the ROI rather than the entire image,

dramatically reducing the processing time.

Many research works have been done in the field of ROI extraction. Researchers in geomatics [8,9]
developed approaches to extracting man-made objects such as buildings and roads from remote
sensing orthoimages; in civil engineering, research efforts have been made to segment 2D visual
data into pixel regions containing various structures of interest [10-12]. Existing ROI extraction
methods rely on human’s prior knowledge of the objects of interest [13], which brings two aspects
of limitations. First, manual efforts are required to either handcraft features for extraction [8-10] or
annotate image datasets for training semantic segmentation models [11,12,14,15]. Such labor-

intensive practice consumes a lot of time and resources, which can delay subsequent object
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detection. Second, existing methods might not be transferable to different types of structures with
variant visual features regarding colors, shapes and texture. A water channel project involves many
types of structures such as sluice gates, bridges, and high slope. With existing methods, each type
of the structures would require separate efforts on feature handcrafting, resulting in tremendous

repeated labor work each time the structure of interest (SOI) is changed.

The limitations of existing methods call for the need of an automated ROI extraction approach that
is generically applicable to the various structures involved in a water channel project. The key to
addressing the limitations lies in whether there is a readily available replacement of the human prior
knowledge to enable the automatic ROI extraction. The question was partially answered by Chen
et al. [13], which registers georeferenced images to a building information model (BIM) to guide
the extraction of SOI. The paper argued that BIM provides readily available information about the
relationship between the sematic attributes (e.g., types of elements) and the geometric layout of the
SOI, and the utilization of this contextual knowledge has potential to replace human’s prior
knowledge to enable the SOI extraction. Based on the argument, an automatic image-to-BIM
registration algorithm was proposed, with which the subsequent SOI extraction was automated for

various types of structures.

However, the efficacy of the approach [13] is not necessarily generalizable to water channel
extraction from aerial videos. Due to distinctive differences of application scenarios, significant
research efforts are required to address the following challenges. First, compared with building
photos captured by handheld cameras in [13], the scale of linearly distributed water channels in
aerial videos (or photos) is significantly larger. Thus, it remains unclear how image-to-BIM
registration can be robustly incorporated in the scenario of water channel extraction. Second, the
materials to be processed in this study are aerial videos, which differ from static photos for potential
blurring effects caused by the UAV motion. Third, other than channel structures, detecting hazards
such as water contamination and ice jam relies on the extraction of water body contained in the
channel. This calls for a new approach to further segmenting water body after the channel structure

1s extracted.

To tackle the aforementioned challenges, this study aims to develop an automated approach based
on image-to-BIM registration and spatio-temporal continuity that is generically suitable for the
extraction of various water channel structures from aerial videos. The rest of this paper is organized

as follows. Subsequent to this introductory section is Section 2 to delineate the state of the art of
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related research areas. Section 3 is an overview of the proposed approach, followed by the main
algorithm based on image-to-BIM registration in Section 4, the complementary algorithm based
on spatio-temporal continuity in Section 5, and water body extraction algorithm in Section 6.
Section 7 is to articulate the results of our experimental studies, and conclusions are drawn in

Section 8.

2. Literature review

2.1. Region of interest extraction

Existing ROI extraction methods can be divided into two categories, i.e., image processing based
on handcrafted features and semantic segmentation based on machine learning. The former uses
image processing techniques to extract ROI or remove the irrelevant background according to
certain image features. These features are usually handcrafted based on empirical observations, e.g.,
“a building generally has straight contour” and “vegetations have green color”. Mueller et al. [8]
proposed a method to extract houses, streets and other man-made objects from satellite imagery
based on the observation that most artificial landscape has regular regions and straight edges. Sidike
et al. [9] applied adaptive thresholding and color features to remove irrelevant elements in the
background (e.g. vegetations) from aerial photos. Hamledari et al. [10] applied a series of image
processing operations and shallow machine learning techniques to extract under-construction
components from video frames, where, for example, the relatively high brightness and the slender

shape of studs were utilized as useful features for extraction.

The other line of research efforts employs machine learning to train semantic segmentation models
on manually annotated datasets. The models automatically segment an image into regions with
different semantic meanings, from which the regions of interest can be selected for further
application. Golparvar-Fard et al. [11,12] leveraged the semantic texton forest and the lazy scheme
to semantically segment images into different types of highway assets. Kalke and Loewen [14]
devised a water-ice binary segmentation algorithm by integrating simple linear iterative clustering
(SLIC) segmentation and support vector machine, which paved the way for further ice condition
analysis. Wu et al. [15] used DeepLabv3+, a state-of-the-art semantic segmentation network, to
automatically extract pixel areas of candidate potholes from road surface imagery. The extracted
2D regions are then processed along with 3D laser scan data to derive geometric characteristics of
the potholes. Atkinson et al. [16] developed an image segmentation method based on mask region-
convolutional neural network (R-CNN) to enable robot navigation in underfloor scenarios. Similar

research also includes Wei et al. [17] and Ansari et al [18].
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Both categories of existing methods, either feature-based image processing or training-based
semantic segmentation, are driven by human’s prior knowledge. In other words, they all involve a
certain extent of manual processing, e.g., feature handcrafting or image annotation. As a result, it
is difficult to generalize existing methods to automating the extraction of the various types of water
channel structures, which present significantly different features regarding shapes, colors and

texture.

2.2. Image-to-BIM registration

Image-to-BIM registration, or 2D-to-3D registration in a broader sense, refers to the technique of
registering two-dimensional images into a three-dimensional geometric model. BIM is an
integration of the geometric model and semantic properties of the structure of interest. The image-
to-BIM registration can enable usage of the geometric and semantic information from BIM, and
thus has potential to benefit many applications such as progress monitoring [19,20] and asset

management [21,22].

In order to intuitively visualize the construction progress, Golparvar-Fard et al. [23] developed
methodologies to register time-lapsed photographs of construction sites to 4D BIM. With the as-
planned BIM images overlaid onto the as-built photos, users can easily identify the lag-behind
construction operations. Karsch et al. [24] and Forsyth et al. [25] further developed methods to
allow the registration of arbitrary unorder photos. Park et al. [26] brought object properties (e.g.,
types of elements, materials and progress) in 4D BIM to the field crews by developing a content-

based image retrieval approach.

In augmented reality (AR)-assisted asset management, image-to-BIM registration also plays an
important role. Due to the global navigation satellite system (GNSS) occlusion in indoor
environment, Diao and Shih [21] developed an image-based registration approach to retrieving
relevant information (e.g., plumbing layout) from BIM for facility maintenance in AR
environments. Kwon et al. [22] applied marker-based AR and image-matching techniques for
onsite defect management, where a BIM model was used to create AR markers and virtual 2D
images. In a review conducted by Palmarini [27], vision-based registration was considered an

important technique for AR applications in infrastructure and building facility maintenance.

Enlightened by the above studies, Chen et al. [13] made an attempt to address the issue of ROI
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extraction by image-to-BIM registration. By registering a georeferenced image into BIM, the
geometric-semantic corresponding relationship of the structure of interest can be directly retrieved
to replace hand-engineered features or semantic segmentation models for ROI extraction. Since no
human prior knowledge is required for structure-specific feature handcrafting or image annotation,
the research provides a generic algorithm pipeline to automate the extraction of various SOI from

georeferenced images when a corresponding BIM model is available.

2.3. Video spatio-temporal reasoning

Videos are inherently continuous in both spatial and temporal dimensions. This characteristic
makes it viable to continuously track objects across consecutive video sequences, rather than
making excessive efforts to process each individual frame separately. Chen et al. [28] incorporated
a spatio-temporal module into a deep neural network for video semantic segmentation, which
effectively reduced the complexity of the problem. Lezama et al. [29] explored the long-range
temporal interactions among objects in a video sequence, and developed an efficient video
segmentation algorithm. Sun et al. [30] proposed an object tracking algorithm by taking both
continuity and discontinuity information into account, which addressed the issue of occlusion
through the modeling of the occlusion consistency across frames. Based on the assumption that
consistent image sequences might contain information about certain motion patterns , Laptev et al.
[31] considered the problem of motion recognition as a matching of corresponding events across
different video frames. Rui and Anandan [32] developed a video processing method for human

action segmentation based on spatio-temporal characteristic analysis.

Similar to the works mentioned above, the spatio-temporal continuity can also be exploited to
enable the processing of the aerial video sequence for ROI extraction. By accepting a manually
specified ROI as a prior, the regions of interest in its adjacent frames can be automatically inferred

based on feature correspondences detected from the continuous video sequence.

3. Overview of the proposed approach

This paper presents an automated approach to extracting water channels from aerial videos. The
approach can be generically applied to the extraction of different channel structures with variant
appearance and layout. This is made possible by the retrieval of useful contextual knowledge from
BIM via the registration of video frames into the corresponding BIM model. In addition, the
approach also exploits aerial videos’ spatio-temporal continuity to ensure the extraction

performance.
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Enabled by image-to-BIM registration

Input
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Aerial video of =y
water channels i Channel structure Water body
i extraction extraction
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Based on spatio-temporal continuity

Fig. 1. Overview of the proposed water channel extraction approach.

Fig. 1 shows the overall procedure of the proposed approach, of which the input is the aerial videos
of water channels and the corresponding georeferenced information (e.g., coordinates, camera
posture). The approach outputs ROI extracted from the video frames, which includes two aspects,
i.e., channel structures and water body. The former refers to the linear water channel and the
hydraulic structures built over the channel, e.g., sluices and bridges, which are extracted as a whole
for the detection of structural distress such as landslide and slope failure. The latter refers to the
water in different states of matter contained in the channel structures, which is extracted for the

detection of ice jam and water contamination.

Two algorithms have been devised to ensure the robustness of the approach, i.e., a main algorithm
designed for most common situations, and a complementary algorithm for occasions where the
main algorithm malfunctions. In Fig. 1, the flowchart of the main algorithm is represented by solid
lines. The main algorithm was developed based on the concept of image-to-BIM registration [13],

and thus is fully automated without requiring any human interference.

The main algorithm is sensitive to factors such as positioning errors and image registration failure,
and hence may fail to attain reliable extraction performance in some occasions. To address the
limitation, a complementary algorithm is developed by exploiting the video spatial-temporal
continuity. As marked by dash lines in Fig. 1, the complementary algorithm includes the processing
of key frames and the processing of adjacent frames. Since processing the key frames requires a
small extent of human intervention, it is worth noting that the algorithm only provides a semi-
automatic alternative for channel structure extraction when the main algorithm does not perform
well. In actual implementation, the major and complementary algorithms can be instantiated as two

separate modules of the same software. Users are first suggested to try automatic processing based
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on the major algorithm, and if the returned results are not satisfactory, they can then activate the

complementary algorithm to refine the results in a semi-automatic way.

4. Channel structure extraction by image-to-BIM registration
In this section, the image-to-BIM registration is used to develop a generic and fully automated

algorithm for channel structure extraction.

4.1. BIM visibility control

The visibility of BIM elements is specified to ensure only the structure of interest is displayed. As
shown in Fig. 2, the structure of interest in this paper is the water channel; therefore, irrelevant
elements such as topography are all hidden. This operation ensures background areas irrelevant to
ROI extraction are presented in a unified simple color (e.g., pure white in Fig. 2 (b)), paving the
way for subsequent image registration and mask generation.

(a) All elements visible (b) With topography hidden

©
=
]
c
o
o
>
‘=
e)
s
>

Fig. 2. Element visibility control in BIM scenario.

4.2. Registering aerial images to BIM

After visibility control of BIM elements, the video frame being processed is registered to BIM in
order to generate a corresponding BIM mask for subsequent ROI extraction. As shown by Fig. 3,
the registration includes two steps, i.e., coarse alignment based on georeferenced information and

precise alignment based on image registration.

4.2.1. Coarse alignment

The aerial videos collected by the UAV are georeferenced. The georeferenced information is
collected by a bunch of onboard sensors such as the GNSS positioning unit and the gyroscope, and
is stored in the flight record during the inspection process. The collected information includes 3D
coordinates (longitude, latitude, altitude), camera posture (yaw, pitch, roll), focal length and the
image resolution. Note that we assume the distance between the onboard camera and the GNSS

unit is neglectable and thus the UAV coordinates can be used to represent the geolocation of the
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camera.
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(b) Precise alignment

Fig. 3. Process of registering aerial photographs into BIM. Note: The rotation of the aerial image
in the second row is not a result of the proposed method but by the imbedded middleware of the

UAV system. A clip of aerial video is provided in [33] for reader’s reference.

This study renders BIM images on WEB browsers via Autodesk Forge Viewer [34], which is an
encapsulation of the WEB-based 3D interactive rendering library — WebGL [35]. When rendering
the BIM model, perspective projection is used to simulate the pin-hole imaging system, which is
an imaging model used by most airborne cameras. Autodesk Forge Viewer defines a virtual camera
in a straightforward way, with which users only need to specify the camera location in the 3D
scenario (xpm, VM, zaim), the camera orientation represented by normalized vectors of the look-at
direction v, and up direction v,,, and imaging parameters such as field of view and aspect [2].
Issues such as projective transformation and view matrix calculation [35] will be automatically
handled by lower-level functions of the library. Nevertheless, the parameters required by the BIM
engine are presented in different forms than the georeferenced information collected by the UAV:

for example, while the BIM usually uses local coordinates as its spatial reference system, the

10
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coordinates of UAV are in the forms of WGS-84 [2]; In addition, the posture of airborne camera is
represented by Euler angles, while the orientation of the virtual camera in BIM is characterized by
Veye and vyp. Thus, the georeferenced parameters provided by UAV need to be transformed to a
format that can be parsed correctly by the BIM engine. The specific transformation algorithm has

been illustrated in the previous paper [13].

Using the transformed georeferenced parameters, a BIM-rendered image, which matches the
current aerial video frame, can be obtained at the same position in BIM with the same camera
posture and imaging parameters. Thus, a coarse alignment is achieved by overlaying the obtained
BIM image onto the corresponding aerial image. The bottom of Fig. 3 (a) visualizes the result of
coarse alignment with two different modes, of which the “falsecolor mode” displays the level of
alignment by a composite RGB image and the “blend mode” presents the image pairs by adjusting
the alpha channel [36]. As presented by the figure, significant inconsistent areas still exist on the

image pairs.

4.2.2. Precise alignment
Due to factors such as GNSS positioning errors and imaging distortion, the BIM-rendered image
needs further processing to improve the level of alignment. Hence, the image registration technique

is adopted for precise alignment.

Image registration refers to a process of aligning two different images of the same scene.
Specifically, spatial transformation is performed to the image to be registered according to a certain
criterion for the alignment with a reference image. Affine transformation, which comprehensively
involves the operations of translation, rotation, scaling and shearing, is adopted to ensure the
degrees of freedom for effective registration. The affine transformation is applied to the BIM-

rendered image, which can be expressed by Eq. (1).

Xgimt a 4 by Xgim
yeimt |=|d;, @, b2 || yeim (1)
1 0 0 1 1

T T
Where, [XBIM Yam 1] and [XB,Mt Yamt l] are homogeneous coordinates of pixels on the

a,
BIM image before and after transformation, respectively; L\ } is a matrix that defines
3 %

11
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transfomation operations such as rotaion, scalling and shearing; { } is the translation vector.

bZ

The registration criterion is to maximize an index called mutual information [37]. Thus, the issue

of image registration is essentially an optimization problem, where variables of the problem are

L . . C e
parameters [81 a, a a b bz] in the transformation matrix, and the objective is to

maximize the mutual information. As mentioned in [13], the problem is usually solved by the
genetic algorithm. In actual operation, the function “imregister()” [38] in MATLAB can be called

to realize image registration.

4.3. BIM mask generation

After precise alignment, the BIM image after registration is processed to generate a mask for ROI
extraction. In the field of digital image processing, a mask is a binary image composed of pixels
with values of either zero or one. Fig. 4 shows the three basic steps to generate the BIM mask. First,
the original BIM image in RGB mode is converted to a grayscale format. Second, the grayscale
image is turned into a binary image by a simple thresholding operation. At last, morphology-based
operations (e.g., dilation and opening) are performed to remove noise. The final BIM mask, which

can be used for subsequent ROI extraction, is shown in Fig. 4 (d).

— ;_-:,] ]

(b) Grayscale d (d) BIM mask

Fig. 4. BIM mask generation process.

4.4. Extracting channel structures
On the generated BIM mask, pixels with the value of one (the white area in Fig. 4 (d)) constitute
the estimated ROI, while pixels with the value of zero (black area in Fig. 4 (d)) represent the

estimated background. Let (Mi}) and (0ii), respectively, denote the matrix of the BIM mask and
the original aerial image. Then, the channel structures in the aerial image can be extracted by

multiplying the corresponding elements in (Mi) and (0ij).

5. Channel structure extraction based on spatio-temporal continuity

12
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Due to errors induced by GNSS positioning errors, magnetic disturbances and imprecise image
registration, the algorithm introduced above might not perform well in some occasions. Therefore,
it is necessary to develop a complementary algorithm to improve the extraction accuracy when the
main algorithm malfunctions. As shown by Fig. 5, the algorithm comprises two primary modules,
i.e., the processing of key frames and the processing of adjacent frames. Taking two frames of an

aerial video (i.e., Fig. 6 (a) and (g)) as examples, the algorithm is introduced as follows.
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Fig. 5. Channel structure extraction based on the spatial-temporal continuity. / aerial; and
I aerial+a represent aerial video frames at time ¢ and ++A¢, respectively; [ bim; and M bim,
denote, respectively, the BIM-rendered image and its corresponding BIM mask at time #; Mt _bim;,
and Mt_bim;+a: are BIM masks after transformation at time # and #+A¢, respectively, which are
used for ROI extraction from I _aerial; and I aeriali+as; Torac 1s the transformation matrix from
I aerial;to I aerialias, “Pts_aerl manu; vs Pts_bim_manu,’ and “Pts_aerl surf; vs
Pts_aerl surfi+a are feature correspondences specified manually between I aerial; and I _bimy,

and detected based on SURF from / aerial; and I aerial;+as, respectively.

5.1. Processing of key frames

A key frame is selected from the image sequence to be processed. The key frame is recommended
to be selected from the middle of the sequence so that it can have sufficient overlap with both its
previous and subsequent frames. This allows the key frame to cover as many of its adjacent frames
as possible. Note that if a frame does not contain any overlap region with the key frame, it falls
beyond the coverage of the key frame and will not be properly processed by the algorithm. Thus,
for a video with long duration, it should be segmented into multiple sequences, where key frames

are separately designated to cover each individual sequence. Although this process is manually

13



Extracting Water Channels from Aerial Videos by Image-to-BIM Registration and Spatio-Temporal Continuity

359  performed in the present paper, future study can automate it in actual application by segmenting
360 the lengthy video into many sub-footages (image sequences) according to a certain time interval,

361  and then designating the frames in the middle of the corresponding sequences as their key frames.

Key frame #1 AU Adjacent frame #2 t=17s

(a)
I _aerial, I _aerial;
I _aerial,
I _bim, V.S.
I aerial;.y,
I aerial; Channelin_Z2@. . . It aerial,’
V.S. realima /g : = s
M _bim, I aerial,
I _aerial, i .. L
V.S. ( Channel in . : It—ae”al’
Mt_ bim' /BIM mask
Mt _bim, Mt_bim.x,
ROI of ROI of
I aerial, \: I aerial;.y,
362 * Note: It_aerial, represents the transformed I _aerial, after registration to I_aerial,.
363 Fig. 6. An example showing how the complementary algorithm works: the left and the right
364 column display results in the processing of a key frame and its adjacent frame, respectively.

365
366  After the key frame (denoted by I aerial;) is determined, its corresponding BIM image I bim; is

367 retrieved by the method introduced in section 4.2.1. Then, the feature correspondences between
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1 aerial; and I bim; are manually specified, as highlighted by the blue lines connecting Fig. 6 (a)
and (b). The selected feature points should be distinctive enough for humans to accurately locate
from both images. Examples of such features include convex points along the channel (P3, PS5 and
P6 in Fig. 6 (b)), intersections between the main channel and its branch (P4 in Fig. 6 (b)) and
transition points with the underground tunnel (P1 and P2 in Fig. 6 (b)). In addition, it is
recommended to have the feature points as scattered as possible so as to achieve better registration

performance.

The manually specified feature correspondences are processed by the M-estimator Sample
Consensus (MSAC) algorithm [39], a variant of the Random Sample Consensus (RANSAC), to
remove outliers. Using inliers of the feature correspondences, the corresponding BIM mask M bim;,
is registered onto / aerial; with affine transformation illustrated by Eq. (1). Note that the affine
transformation requires at least three pairs of feature correspondences. As a result, given that the
MSAC would remove some outliers, it is recommended to specify at least 5 or 6 pairs of feature
correspondences. Fig. 6 (c) and (d) show, respectively, the results of overlying the aerial image with
the mask before (i.e., M bim;) and after registration (i.e., M¢ bim;). It can be observed that the level
of alignment is improved after registration. Finally, the channel structures (Fig. 6 (f)) can be
extracted from the key frame / aerial; using the registered mask (Fig. 6 (e)).

5.2. Processing of adjacent frames
While the key frame requires manual intervention to specify feature correspondences, its adjacent

frames in the image sequence are automatically processed based on the spatio-temporal continuity.

Assuming that the time interval between an adjacent frame and the corresponding key frame is Az,
the adjacent frame can be denoted by / aerial;+a. Because of the continuity of the aerial video,
corresponding points with similar features exist between I aerial+a and I _aerial;, which can be
extracted automatically by matching local distinctive features such as SURF. SURF (Speeded Up
Robust Features) algorithm [40] is an improvement of the scale-invariant feature transform (SIFT)
[41], which dramatically improves the processing speed while maintains the performance in

detecting features robust to rotation, scale and the change of viewpoints.
This paper adopts SURF algorithm to identify key points with distinctive features, based on which
feature correspondences can be automatically detected from adjacent video frames. The feature

correspondences are processed by the MSAC algorithm for outlier removal. Fig. 6 (a) and (g) show
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five pairs of SURF feature correspondences (points connected by the red lines) extracted from the
images. Based on the extracted feature points, image / aerial; can be registered onto I _aeriali+:.
Projective transformation, which is a type of 3D geometric transformation, is applied for the
registration of /_aerial; to I aerial;i+as, as shown by Eq. (2).

Xiat a a bifXx

Yoar |5 & 84 b2 || yt ()
1 c, ¢ 11

Where, [Xt Y, 1]T and [Xt+At Yoot 1]T are homogeneous coordinates of pixels on aerial

a4 9
a 4,

image I aerial; and |_aeriali+at, respectively; other than matrix { } and translation vector

2

{El} , Eq. (2) also includes projection vector [C1 Cz] [42].

Fig. 6 (h) and (i) show the results of overlaying I aerial;+a; with I aerial; before and after

registration, respectively. Let 7Tx/+a, denote the transformation matrix for the registration of I_aerial;
onto I aeriali+a. Then, a map can be defined as le v -A—B, where A represents a images set,
and B respresents a set of resulting images by processing the original images with transformation
matrix Tpr+a. With the map, the following can be obtained:

It _aerial, = f, (I _aerial,) 3)

Mt_bim,, = f,_(Mt_bim,) )

align
Let img, <img, denote that image img4 and imgp are equivalent to each other in the sense of

alignment. Mt bim, is the registered BIM mask used to extract ROI from key frame / aerial;, and

thus it must have been aligned with I aerial;:

align

Mt _bim, < | _ aerial, (5)

The results of applying an identical transformation to two equivalent images must also be

equivalent; thus, Mt _bims-a, is equivalent to It_aerial; (see Fig. 6 (j) and (k)):

align

Mt _bim,,,, < It _aerial, (6)

In addition, it 1s obvious that:
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align

It _aerial, < | _aerial,,,, 7

This leads to:

align align

Mt _bim,, < It_aerial, < | _aerial,, (8)

As aresult, Mt bima is well aligned with the current adjacent frame /_aerial;+as; thus, the channel

structures from [/ _aerial;+a: can be extracted with Mt _bimsa,, as shown by Fig. 6 (1).

6. Water body extraction
The extraction of water body (including different states of matter, e.g., water or ice) is based on the

previously extracted channel structures, which includes the four steps:

(1) The input ROI image of the channel structures is converted from RGB mode to HSV mode,
which separates an image into three channels, i.e., H (hue), S (saturation) and V (value). The HSV
model is adopted, because it can effectively extract essential color information of an image into the

H channel, thus avoiding the influence of other external factors such as illumination and shadows.

(2) The Otsu algorithm [43] is applied to segment the H channel image according to an adaptively
determined threshold. Because the color displayed by water body or channel slopes varies with the
change of the state of matter or the specific projects, it is difficult to determine a fixed threshold
suitable for all images captured from different working conditions. The problem can be effectively
addressed by the adoption of Otsu algorithm, which adaptively determines the threshold (denoted

by Th) value based on the statistical characteristics of an image’s color histogram.

(3) The result of Otsu segmentation has discontinuously distributed noise such as black holes in the
foreground. The noise is processed and eliminated by a series of morphological operations such as

dilation, opening and hole filling.

(4) The largest disconnected region from the denoised binary image is used as a mask to extract the

water body from channel structures.

7. Experimental studies
7.1. Evaluation metric
In order to quantitatively evaluate the accuracy, an index commonly used in the field of image

segmentation and object detection — Intersection over Union (IoU) — is adopted to determine the
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level of alignment between the ground truth ROI (denoted by R_ ) and the extracted ROI (denoted

gro

by R,,). The IoU is defined as follows:

_ A(Rgro m Rext)

loU =
A( Rgro U Rext)

©)

Where A(x) is the area of region x, which can be reflected by the quantity of pixels in the region. In
[44], the performance of several image segmentation algorithms was compared, of which the
resulting IoU was around 60%~70%. The algorithm based on image-to-BIM registration proposed
in [13] achieved an average IoU of 79.21% for building extraction. These statistics will serve as

baselines to evaluate the proposed algorithms for water channel extraction.

7.2. Results of channel structure extraction

The performance of channel structure extraction was demonstrated in a water diversion channel in
Northwest China. The channel is 34 meters wide at the top and the overall length is over 100 km.
A drone, CW-10D from JOUAYV [45], was used to perform inspection along the channel. The UAV
is equipped with a differential GNSS module, an optical camera with 30x optical zoom and an
infrared camera. During inspection, the UAV was set to automatically navigate 200 m over the
channel with a speed of around 60 km/h. A one-hour long aerial video of 1920X 1080 resolution
was recorded, which covers about 32 km of the water channel. The BIM model of the water channel
was created based on the Beijing-54 coordinate system. The MATLAB image processing toolbox
was used for image registration. The proposed algorithms were run on a laptop ASUS VivoBook
S15 with an Intel Core 17-8550U processor and a Nvidia GeForce MX150 GPU.

Straight ‘ Curved

Channel complex High slope

Fig. 7. Examples of different types of testing samples.

18



481
482
483
484
485
486
487
488
489
490

491
492
493
494
495
496

497
498

499
500

Extracting Water Channels from Aerial Videos by Image-to-BIM Registration and Spatio-Temporal Continuity

To ensure the robustness of the evaluation, testing samples were deliberately extracted from the
aerial video so that they can cover as many different forms of channel layout and types of structure
as possible. As listed in Table. 1, the final test set includes 41 frames of aerial photographs.
According to the types of structures, the testing samples can be divided into the “channel complex”
and the “high slope™: the former refers to the linear water channel and the bridges and sluices built
over it, while the latter refers to the high slope at the entrance of a tunnel. According to the forms
of layout, the testing samples can be divided into the “straight” and the “curved”. Examples of the
above four different categories are shown in Fig. 7.

Table. 1. Composition of the test samples for channel structure extraction.

Forms of layout

Structure types Total
Straight Curved

Channel complex 9 21 30

High slope 10 1 11

Total 19 22 41

* Note: the numbers represent quantities of image samples.

7.2.1. Original results by image-to-BIM registration

Fig. 8 ~ Fig. 10 show ROI extraction results for different types of structure and forms of layout.
The first row of each image pair is the original aerial image in which the ground truth ROI has been
highlighted with yellow lines, and the second row shows the extracted ROI on which the extraction

IoU has been annotated.

~~~~~~~~

..........

Image b, T\ e :_,
N y y

I loU: 67.9%

High slope.

loU: 81.0% loU: 83.0% loU: 91.7%

\ 7 &

Fig. 8. Channel structure extraction results

v
a3 P

Result

loU: 72.0%

Image

. ‘ i
Result / /
loU: 73.6% loU: 71.8% JoU: 70.3% e loU: 76.0% JoU: 68.9%

Fig. 9. Channel structure extraction results

Channel complex with straight layout.
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loU: 71.2% loU; 68.8% loU: 66.8%

......

Image

&
Result )
loU: 61.9%

Fig. 10. Channel structure extraction results

loU:

10U 30.1%

59.6%
1oU:533% loU:42.8%

Channel complex with curved layout.

Fig. 11 (a) statistically analyzes the distribution of IoU for the extraction of different structure types,
i.e., high slope and channel complex. As can be seen from the figure, the extraction IoU of the
“high slope” and the “channel complex” is 77.0% and 72.8%, respectively, both exceeding the
range of performance (60% ~ 70%) of algorithms introduced in [44]. The results indicate that the
algorithm can achieve reliable and effective ROI extraction for both two types of structures.
Nevertheless, the extraction precision of high slope is slightly higher than that of channel complex,
which might be related to the differences in scale of the two structure types. High slope occupies a
larger area than the channel complex does, and thus its corresponding image area is larger given
that the images are captured by the same camera from the same height and with the same view
angle. As a result, compared with channel complex, the extraction of high slope is less sensitive to
influencing factors such as GNSS errors and imaging distortion, leading to a higher average

extraction IoU.

Fig. 11 (b) statistically analyzes the IoU distribution of channel structures in different forms of
layout. The average extraction IoU of the “straight” channel and the “curved” channel is 72.8%
and 54.4%, respectively. The extraction IoU of straight channels is higher than that of the curved
channels. This is probably because of the irregularity of channels with curved layout, which can

increase the sensibility of extraction to error factors such as inaccurate GNSS positioning.
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Fig. 11. Distribution of extraction IoU for different (a) structure types and (b) forms of layout; (c)

extraction IoU of all testing samples.

Fig. 11 (c) summarizes the extraction IoU of all testing samples based on coarse alignment and
precise alignment. As can be seen from the figure, by directly using a coarsely aligned BIM mask
(see section 4.2.1) to extract channel structures, an average loU of 59.4% was achieved. After
image registration, the average extraction IoU based on the precise alignment is increased to 64.4%,
which is comparable to the performance of most ROI extraction algorithms in [44]. These results
demonstrate the feasibility and efficacy of the algorithm in processing large-scale aerial video for
automated channel structure extraction. It took averagely 250.4 s for the algorithm to process a
video frame. Note that most of the computation time was spent on the precise alignment, which

usually requires extensive computation to converge.

7.2.2. Improved results based on spatio-temporal continuity

The main algorithm failed to attain desired extraction accuracy for some testing samples. Fig. 12
lists the images with poor extraction accuracy and their adjacent frames, where the ID number on
the top left of each image is in accord with that in Fig. 11 (c), and on the top right is the playing
progress of the frame in the aerial video. The complementary algorithm based on spatio-temporal
continuity was used to process these images, of which the results are compared with those of the

main algorithm to quantitatively evaluate the level of improvement.
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The images in Fig. 12 are divided into three sequences, i.e., sequence I, sequence II and sequence
M1, of which the key frames are, respectively, specified as image #1, #4 and #19. Fig. 13 shows a
comparison between the extraction results by the main algorithm and the complementary algorithm.
Before improvement, seven out of nine images had IoU values below 50%, while after
improvement the number significantly dropped to one. The only one image with IoU below 50%
is image #3. As shown by the third row of Fig. 13, the ROI extracted by the complementary
algorithm actually matches better with the ground truth. However, due to the large variation of view
angles, the BIM mask of the key frame (i.e., image #4) after transformation can only extract part
of the ROI from image #3, resulting in a relatively low IoU. The average extraction loU attained
by the complementary algorithm is 63.5%, which is significantly higher than the original average
IoU (37.8%). The level of improvement is 25.7%. The algorithm only took 1.1 s to extract channel
structures from an adjacent frame, given that the corresponding key frame had been previously

processed.

#1 0s #2 7s #3 14s #4 21s #5 28s

109s #20 111s #21 1135

#18 1065 #19

Fig. 12. Poorly processed images and their adjacent frames by the main algorithm.
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562  7.3. Results of water body extraction

563  The effectiveness of the water body extraction algorithm was quantitatively evaluated in a water
564 channel in Tianjin, China. Because the demonstration project does not have an available BIM
565  model, the previously proposed algorithm for channel structure extraction is not applicable. Hence,
566  the ROI of channel structures was extracted manually in advance from the collected aerial video.
567  Note that channel structures were not extracted exactly the same as ground-truth; instead, we
568  deliberately included a certain level of background regions to simulate the results given by the
569  BIM-enabled approach. The average IoU of the manually extracted channel structures is 74.7%,
570  which can allow an evaluation of the water body extraction results based on the same correctness

571  level.
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Image

Result

Image

Result

Fig. 14. Extraction results of water body.

Fig. 14 shows the results of water body extraction. In the figure, the first row of each image pair is
the manually extracted channel structures, where ground truth water body has been highlighted by
yellow dash lines. The second row shows the extracted water body with the IoU value annotated
on the image. The average IoU value is 86.8%. On hardware environment of ASUS VivoBook S15,
the algorithm only took around 0.4 s in average to process each frame. The satisfactory performance

demonstrates both effectiveness and efficiency of the algorithm.

7.4. Discussion

7.4.1 Comparison with previous study

Table 2 summarizes extraction accuracy of the proposed approach. With both the main and
complementary algorithms applied, the average loU of extracted channel structures reached 70.0%.
As for water body, the average extraction accuracy is 86.8%. The results indicate a robust
performance of the proposed approach. The average accuracy of the main algorithm in extracting
channel structures is 64.4%, which is nearly 15% lower than that (i.e., 79.21%) of the previous
study [13] in building extraction. The reduction in performance can be related to the different scales
of the processed images in different scenarios. In previous study, the image samples used for
evaluation were captured on the ground and from a distance close to the buildings of interest, which,
hence, have a much smaller scale than the aerial photographs used for the extraction of water
channels. In these small-scale images, the structure of interest usually covers a large proportion,
and thus the ROI extraction from these images is less sensitive to factors that tend to undermine
the performance, e.g., GNSS positioning error and imaging distortion. This consequently leads to

a better extraction performance. The argument is consistent with the observation in the distribution
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of IoU of different channel structures in Fig. 11 (a), where the large-scale high slope presents a
higher extraction IoU than the others. Note that the average IoU of high slope is 77%, which is
quite close to that of previous study.

Table. 2. Summary of extraction accuracy of the proposed approach.

IoU of extracted channels structures

Extraction target IoU of extracted water body
MA MA +CA

Channel structures 64.4% 70.0% /

Water body / / 86.8%

* Note: MA and CA stand for the main algorithm and the complementary algorithm, respectively.

7.4.2 Influencing factors

The performance of the proposed algorithm can be influenced by three aspects of factors, i.e.,
extraction targets, UAV flight settings and environmental factors. First, the scale, dimension and
geometric layout of the extraction targets play an important role in determining the performance.
This has been demonstrated in section 7.2.1, where the IoU values of structures with different scales
and forms of layout are directly compared. The results imply that structures with larger scale (e.g.,

high slope) and more regular layout (straight channel) tend to yield better performance.

The UAV flight settings (e.g., UAV height and speed) and environmental factors (e.g., lighting
condition and weather) might affect performance as well. One critical factor is the height of UAV
above the ground. Just as the scale of extraction targets, UAV height influences extraction accuracy
in a similar way: a smaller UAV height makes the extraction targets appear larger on the images,
and thus is more likely to result in a higher IoU value. While the UAV height directly affects
extraction accuracy, the UAV speed determines the range of image sequence a key frame can cover
when the complementary algorithm is used. The greater the UAV speed, the fewer adjacent frames
can a key frame cover, thus leading to more image sequences given the videos have the same
duration. This would, as a result, require more manual efforts on the processing of the key frames.
Environmental factors such as the variant illumination condition and uneven lighting also have
influences, because they can directly affect the performance of image processing operations

involved in the algorithms, such as image registration and water body extraction.

7.4.3 Analysis of erroneous cases
There are several cases where the main algorithm failed to yield desired accuracy for channel

structure extraction, i.e., image #1, image #4~#5, and image #18~#21 in Fig. 11 (c). The extraction
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failures could result from two aspects of reasons. First, the image registration introduced in section
4.2.2 could have negative effects on the alignment between the real and BIM image pairs under
certain circumstances, which subsequently leads to a low extraction accuracy. Examples of such
errors include image #4, #20 and #21, of which the IoU values witnessed a dramatic decrease after
the image registration was performed. Fig. 15 visualizes the change of alignment level of image #4,

#20 and #21 before and after registration.

(a) Before registration
#4

=== Channel in real image ] Channel in BIM image

Fig. 15. Erroneous cases where the image registration undermines the level of alignment.

The second reason that could have induced the failure of extraction is the imprecise georeferenced
information provided by the UAV sensors. As shown by Fig. 11 (c), the IoU values based on coarse
alignment are low for image #1, #5, #18 and #19. Since the coarse alignment is based on the
georeferenced information to render corresponding BIM image, the observation indicates the
highly possible deviation of the provided georeferenced information. Such deviation of
georeferenced information can be the result of magnetic disturbances, or GNSS positioning errors

induced by atmospheric effects, multipath and noise.

The erroneous cases have been successfully rectified by the complementary algorithm, as shown
by Fig. 13. The algorithm addresses the issue of registration failure and incorrect georeferenced
information by exploiting both the manually specified features and the spatio-temporal continuity
of aerial videos. The manual designation of feature correspondences can guarantee the performance
of registration to the utmost; thus, it is able to effectively re-align the deviation between the image
pairs caused by the imprecise georeferenced information. On the other hand, the change of spatial
layout of channel structures in the adjacent frames can be automatically inferred based on the

spatio-temporal continuity of the video sequence. This inference allows to apply the well re-aligned
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BIM mask of the key frame to guide the ROI extraction of its adjacent frames, which can not only

enable automated processing but also guarantee the extraction accuracy.

8. Conclusions

This paper presents an automated approach to extracting water channels from aerial videos, which
does not require human prior knowledge to handcraft structure-specific features, and hence is
generically suitable for the extraction of different structures with variant visual features. A main
algorithm based on the concept of image-to-BIM registration is developed to meet the needs and
characteristics of water channel extraction from aerial videos. The main algorithm can extract
channel structures and water body with an accuracy of 64.4% and 86.8%, respectively. To provide
an alternative when the main algorithm does not perform well, a complementary algorithm is
devised based on aerial video spatio-temporal continuity, which only requires little manual efforts
in the processing of key frames but is fully automated in the stage of adjacent frame processing.
The incorporation of the complementary algorithm considerably improved the channel structure
extraction performance, leading to an overall accuracy of 70.0%. The solid performance
demonstrates the effectiveness of the proposed approach to process aerial videos for water channel
extraction, paving the way for timely and reliable hazard detection via the application of unmanned

aerial vehicles in the future.

The study also makes theoretical contributions to the field of region of interest extraction from
aerial videos. First, it experimentally demonstrates the effectiveness of image-to-BIM approach in
processing large-scale aerial videos for the extraction of linear distributed objects such as water
channels. Second, the present study shows how the property of spatio-temporal continuity of videos
can be exploited and incorporated in the pipeline of water channel extraction to improve the
performance and robustness. The general concept and findings provide a useful reference for the
extraction of other mega infrastructure, such as water dams, bridges and highways, from aerial

videos as effective preprocessing tools.

Although satisfactory performance has been achieved, future studies are suggested to investigate
how the channel extraction accuracy can be further improved. In addition, the generalization ability
of the proposed approach concerning variant UAV flight settings and the changing environmental
factors is yet to be explored due to the limited available data. In the future, more aerial videos of
water channels should be collected in different weather conditions with various flight settings to

further validate and generalize the robustness and effectiveness of the proposed method.

27



Extracting Water Channels from Aerial Videos by Image-to-BIM Registration and Spatio-Temporal Continuity

685

686  Acknowledgement

687  This research was supported by the National Key Research and Development Program of China
688  (No. 2017YFC0405105, No. 2018YFC0406903) and the Innovative Research Groups of the
689  National Natural Science Foundation of China (No. 51621092).

690

691  References

692 [1] S. Cai, Z. Ma, M.J. Skibniewski, S. Bao, Construction automation and robotics for high-

693 rise buildings over the past decades: A comprehensive review, Advanced Engineering
694 Informatics 42 (2019) 100989. https://doi.org/10.1016/].2e1.2019.100989.

695  [2] D. Liu, J. Chen, D. Hu, Z. Zhang, Dynamic BIM-augmented UAV safety inspection for
696 water diversion project, Computers in Industry 108 (2019) pp. 163-177.
697 https://doi.org/10.1016/j.compind.2019.03.004.

698  [3] Y. Sun, T. Tang, New technologies and equipment for dealing with water quality emergency
699 accidents along the Middle Route of South-to-North Water Diversion Project, China Water
700 Resources (08) (2018) Pp- 18-21.
701 https://kns.cnki.net/kcms/detail/detail.aspx ?FileName=SLZG201808013&DbName=CJF
702 Q2018.

703 [4] FlyByBye, X-UAV Talon - Channel inspection, 2015, https://vimeo.com/99428088
704 (Accessed Apr. 13 2020).

705 [3] P. Janardhanan, Using drones to undertake inspections of open stormwater channels, 2017,

706 https://www.slideshare.net/PramodJanardhanan/using-drones-to-undertake-inspections-

707 of-open-stormwater-channels (Accessed Apr. 13 2020).

708  [6] A.S. Brandao, F.N. Martins, H.B. Soneguetti, A vision-based line following strategy for an

709 autonomous UAV, 2015 12th International Conference on Informatics in Control,
710 Automation and Robotics (ICINCO), Vol. 02, 2015, pp. 314-310.
711 https://ieeexplore.ieee.org/document/7347786.

712 [7] C. Koch, K. Georgieva, V. Kasireddy, B. Akinci, P. Fieguth, A review on computer vision

713 based defect detection and condition assessment of concrete and asphalt civil infrastructure,
714 Advanced  Engineering  Informatics 29 (2) (2015)  pp. 196-210.
715 https://doi.org/10.1016/1.2€1.2015.01.008.

716 [8] M. Mueller, K. Segl, H. Kaufmann, Edge- and region-based segmentation technique for
717 the extraction of large, man-made objects in high-resolution satellite imagery, Pattern
718 Recognition 37 (8) (2004) pp. 1619-1628. https://doi.org/10.1016/].patcog.2004.03.001.

28


https://doi.org/10.1016/j.aei.2019.100989
https://doi.org/10.1016/j.compind.2019.03.004
https://kns.cnki.net/kcms/detail/detail.aspx?FileName=SLZG201808013&DbName=CJFQ2018
https://kns.cnki.net/kcms/detail/detail.aspx?FileName=SLZG201808013&DbName=CJFQ2018
https://vimeo.com/99428088
https://www.slideshare.net/PramodJanardhanan/using-drones-to-undertake-inspections-of-open-stormwater-channels
https://www.slideshare.net/PramodJanardhanan/using-drones-to-undertake-inspections-of-open-stormwater-channels
https://ieeexplore.ieee.org/document/7347786
https://doi.org/10.1016/j.aei.2015.01.008
https://doi.org/10.1016/j.patcog.2004.03.001

719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752

Extracting Water Channels from Aerial Videos by Image-to-BIM Registration and Spatio-Temporal Continuity

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

P. Sidike, D. Prince, A. Essa, V.K. Asari, Automatic Building Change Detection through
Adaptive Local Textural Features and Sequential Background Removal, 2016 IEEE
International Geoscience and Remote Sensing Symposium (Igarss), 2016, pp. 2857-2860.
https://doi.org/10.1109/Igarss.2016.7729738.

H. Hamledari, B. McCabe, S. Davari, Automated computer vision-based detection of
components of under-construction indoor partitions, Automation in Construction 74 (2017)

pp. 78-94. https://doi.org/10.1016/j.autcon.2016.11.009.

V. Balali, M. Golparvar-Fard, Segmentation and recognition of roadway assets from car-
mounted camera video streams using a scalable non-parametric image parsing method,
Automation in Construction 49 (2015) pp- 27-39.
https://doi.org/10.1016/j.autcon.2014.09.007.

M. Golparvar-Fard, V. Balali, J.M. de 1a Garza, Segmentation and Recognition of Highway
Assets Using Image-Based 3D Point Clouds and Semantic Texton Forests, Journal of
Computing in Civil Engineering 29 (1) (2015). https://doi.org/10.1061/(Asce)Cp.1943-
5487.0000283.

J. Chen, D. Liu, S. Li, D. Hu, Registering georeferenced photos to a building information
model to extract structures of interest, Advanced Engineering Informatics 42 (2019)

100937. https://doi.ore/10.1016/1.ae1.2019.100937.

H. Kalke, M. Loewen, Support vector machine learning applied to digital images of river
ice conditions, Cold Regions Science and Technology 155 (2018) pp. 225-236.
https://doi.org/10.1016/j.coldregions.2018.08.014.

H. Wu, L. Yao, Z. Xu, Y. Li, X. Ao, Q. Chen, Z. Li, B. Meng, Road pothole extraction and

safety evaluation by integration of point cloud and images derived from mobile mapping
sensors,  Advanced  Engineering  Informatics 42  (2019) 100936.
https://doi.org/10.1016/j.2€1.2019.100936.

G.A. Atkinson, W. Zhang, M.F. Hansen, M.L. Holloway, A.A. Napier, Image segmentation

of underfloor scenes using a mask regions convolutional neural network with two-stage
transfer learning, Automation in Construction 113 (2020) 103118.
https://doi.org/10.1016/j.autcon.2020.103118.

F. Wei, G. Yao, Y. Yang, Y. Sun, Instance-level recognition and quantification for concrete
surface bughole based on deep learning, Automation in Construction 107 (2019) 102920.
https://doi.org/10.1016/j.autcon.2019.102920.

S. Ansari, C.D. Rennie, S.P. Clark, O. Seidou, Application of a Fast Superpixel
Segmentation Algorithm in River Ice Classification, The 20th Workshop on the Hydraulics

29


https://doi.org/10.1109/Igarss.2016.7729738
https://doi.org/10.1016/j.autcon.2016.11.009
https://doi.org/10.1016/j.autcon.2014.09.007
https://doi.org/10.1061/(Asce)Cp.1943-5487.0000283
https://doi.org/10.1061/(Asce)Cp.1943-5487.0000283
https://doi.org/10.1016/j.aei.2019.100937
https://doi.org/10.1016/j.coldregions.2018.08.014
https://doi.org/10.1016/j.aei.2019.100936
https://doi.org/10.1016/j.autcon.2020.103118
https://doi.org/10.1016/j.autcon.2019.102920

753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786

Extracting Water Channels from Aerial Videos by Image-to-BIM Registration and Spatio-Temporal Continuity

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

of Ice Covered Rivers, Ontario, Canada, 2019.
http://www.cripe.ca/docs/proceedings/20/Ansari-et-al-2019.pdf.
Y.M. Ibrahim, T.C. Lukins, X. Zhang, E. Trucco, A.P. Kaka, Towards automated progress

assessment of workpackage components in construction projects using computer vision,
Advanced  Engineering  Informatics 23 (1) (2009) pp. 93-103.
https://doi.org/10.1016/1.2€1.2008.07.002.

J. Yang, M.-W. Park, P.A. Vela, M. Golparvar-Fard, Construction performance monitoring
via still images, time-lapse photos, and video streams: Now, tomorrow, and the future,
Advanced  Engineering  Informatics 29 2) (2015)  pp. 211-224.
https://doi.org/10.1016/j.a¢1.2015.01.011.

P.H. Diao, N.J. Shih, BIM-Based AR Maintenance System (BARMS) as an Intelligent

Instruction Platform for Complex Plumbing Facilities, Applied Sciences-Basel 9 (8) (2019).
https://doi.org/10.3390/app9081592.

O.-S. Kwon, C.-S. Park, C.-R. Lim, A defect management system for reinforced concrete
work utilizing BIM, image-matching and augmented reality, Automation in Construction
46 (2014) pp. 74-81. https://doi.org/10.1016/j.autcon.2014.05.005.

M. Golparvar-Fard, F. Pena-Mora, C.A. Arboleda, S. Lee, Visualization of Construction

Progress Monitoring with 4D Simulation Model Overlaid on Time-Lapsed Photographs,
Journal of Computing in Civil Engineering 23 (6) (2009) pp. 391-404.
https://doi.org/10.1061/(Asce)0887-3801(2009)23:6(391).

K. Karsch, M. Golparvar-Fard, D. Forsyth, ConstructAide: Analyzing and Visualizing

Construction Sites through Photographs and Building Models, ACM Transactions on
Graphics 33 (6) (2014). https://doi.org/10.1145/2661229.2661256.

D.A. Forsyth, K. Karsch, M. Golparvar-Fard, 4D vizualization of building design and
construction modeling with photographs, 2015,
https://patents.google.com/patent/US20150310135 (Accessed Sep. 17 2021).

J. Park, H.B. Cai, D. Perissin, Bringing Information to the Field: Automated Photo

Registration and 4D BIM, Journal of Computing in Civil Engineering 32 (2) (2018).
https://doi.org/10.1061/(Asce)Cp.1943-5487.0000740.

R. Palmarini, J.A. Erkoyuncu, R. Roy, H. Torabmostaedi, A systematic review of
augmented reality applications in maintenance, Robotics and Computer-Integrated

Manufacturing 49 (2018) pp. 215-228. https://doi.org/10.1016/j.rcim.2017.06.002.

X. Chen, A. Wu, Y.J.L.L.P. Han, Capturing the spatio-temporal continuity for video semantic
segmentation, IET Image Processing 13 (14) (2019) pp. 2813-2820.

30


http://www.cripe.ca/docs/proceedings/20/Ansari-et-al-2019.pdf
https://doi.org/10.1016/j.aei.2008.07.002
https://doi.org/10.1016/j.aei.2015.01.011
https://doi.org/10.3390/app9081592
https://doi.org/10.1016/j.autcon.2014.05.005
https://doi.org/10.1061/(Asce)0887-3801(2009)23:6(391
https://doi.org/10.1145/2661229.2661256
https://patents.google.com/patent/US20150310135
https://doi.org/10.1061/(Asce)Cp.1943-5487.0000740
https://doi.org/10.1016/j.rcim.2017.06.002

787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812
813
814
815
816
817
818
819
820

Extracting Water Channels from Aerial Videos by Image-to-BIM Registration and Spatio-Temporal Continuity

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

https://doi.ore/10.1049/iet-ipr.2018.6479.

J. Lezama, K. Alahari, J. Sivic, I. Laptev, Track to the future: Spatio-temporal video
segmentation with long-range motion cues, CVPR 2011, 2011, pp. 3369-3376.
https://doi.org/10.1109/CVPR.2011.6044588.

C. Sun, D. Wang, H. Lu, Occlusion-Aware Fragment-Based Tracking With Spatial-
Temporal Consistency, IEEE Transactions on Image Processing 25 (8) (2016) pp. 3814-
3825. https://doi.org/10.1109/T1P.2016.2580463.

L. Laptev, B. Caputo, C. Schiildt, T. Lindeberg, Local velocity-adapted motion events for
spatio-temporal recognition, Computer Vision and Image Understanding 108 (3) (2007) pp.
207-229. https://doi.org/10.1016/j.cviu.2006.11.023.

Y. Rui, P. Anandan, Segmenting visual actions based on spatio-temporal motion patterns,
IEEE Conference on Computer Vision and Pattern Recognition. CVPR 2000 (Cat.
No.PR00662), Vol. 1, 2000, pp. 111-118. https://doi.org/10.1109/CVPR.2000.855807.

J. Chen, A demo footage of using UAV for water channel inspection, 2020,
https://youtu.be/BxONJEmIGcl (Accessed Aug. 24 2020).

Autodesk, Autodesk Forge Viewer Documentation: Autodesk. Viewing.Navigation(), 2020,
https://forge.autodesk.com/en/docs/viewer/v7/reference/Viewing/Navigation/ (Accessed

Aug. 17 2020).

MDN web docs, WebGL model view projection, 2020, https://developer.mozilla.org/en-
US/docs/Web/API/WebGL_API/WebGL_model view_projection (Accessed Aug. 17

2020).
The MathWorks Inc., imshowpair: Compare differences between images, 2020,

https://www.mathworks.com/help/images/ref/imshowpair.html?s_tid=srchtitle (Accessed

Aug. 17 2020).

F. Maes, A. Collignon, D. Vandermeulen, G. Marchal, P. Suetens, Multimodality image
registration by maximization of mutual information, IEEE Transactions on Medical

Imaging 16 (2) (1997) pp. 187-198. https://doi.org/10.1109/42.563664.

The MathWorks Inc., imregister: Intensity-based image registration, 2020,
https://www.mathworks.com/help/images/ref/imregister.html (Accessed Aug. 13 2020).

P.H. Torr, A. Zisserman, MLESAC: A new robust estimator with application to estimating
image geometry, Computer Vision and Image Understanding 78 (1) (2000) pp. 138-156.
https://doi.org/10.1006/cviu.1999.0832.

H. Bay, A. Ess, T. Tuytelaars, L. Van Gool, Speeded-Up Robust Features (SURF),
Computer Vision and Image Understanding 110 (3) (2008) pp. 346-359.

31


https://doi.org/10.1049/iet-ipr.2018.6479
https://doi.org/10.1109/CVPR.2011.6044588
https://doi.org/10.1109/TIP.2016.2580463
https://doi.org/10.1016/j.cviu.2006.11.023
https://doi.org/10.1109/CVPR.2000.855807
https://youtu.be/Bx0NJEmIGcI
https://forge.autodesk.com/en/docs/viewer/v7/reference/Viewing/Navigation/
https://developer.mozilla.org/en-US/docs/Web/API/WebGL_API/WebGL_model_view_projection
https://developer.mozilla.org/en-US/docs/Web/API/WebGL_API/WebGL_model_view_projection
https://www.mathworks.com/help/images/ref/imshowpair.html?s_tid=srchtitle
https://doi.org/10.1109/42.563664
https://www.mathworks.com/help/images/ref/imregister.html
https://doi.org/10.1006/cviu.1999.0832

821
822
823
824
825
826
827
828
829
830
831
832
833
834

Extracting Water Channels from Aerial Videos by Image-to-BIM Registration and Spatio-Temporal Continuity

[41]

[42]

[43]

[44]

[45]

https://doi.org/10.1016/j.cviu.2007.09.014.

D.G. Lowe, Distinctive image features from scale-invariant keypoints, International
Journal of Computer Vision 60 2) (2004) pp. 91-110.
https://doi.org/10.1023/B:VIS1.0000029664.99615.94.

A. Inc., Affine and Projective Transformations, 2020,
https://www.graphicsmill.com/docs/gm5/Transformations.htm (Accessed Aug. 26 2020).
N. Otsu, A Threshold Selection Method from Gray-Level Histograms, IEEE Transactions
on Systems, Man and Cybernetics 9 (1979) pp. 62-66.
https://doi.org/10.1109/TSMC.1979.4310076.

Q. Li, Z. Wei, C. Zhao, Optimized Automatic Seeded Region Growing Algorithm with

Application to ROI Extraction, International Journal of Image and Graphics 17 (4) (2017).
https://doi.org/10.1142/s0219467817500243.

JOUAV Inc., CW-10, 2020, https://www.jouav.com/flightSystem/cw-10.html (Accessed
Aug. 17 2020).

32


https://doi.org/10.1016/j.cviu.2007.09.014
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://www.graphicsmill.com/docs/gm5/Transformations.htm
https://doi.org/10.1109/TSMC.1979.4310076
https://doi.org/10.1142/s0219467817500243
https://www.jouav.com/flightSystem/cw-10.html

