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ABSTRACT

Abnormal swing angle detection of bucket grabs is crucial for efficient harbor operations. In this study, we
develop a practically convenient swing angle detection method for crane operation, requiring only a single
standard surveillance camera at the fly-jib head, without the need for sophisticated sensors or markers on
the payload. Specifically, our algorithm takes the video images from the camera as input. Next, a fine-tuned
‘the fifth version of the You Only Look Once algorithm’ (YOLOv5) model is used to automatically detect
the position of the bucket grab on the image plane. Subsequently, a novel geometric model is constructed,
which takes the pixel position of the bucket grab, the steel rope length provided by the Programmable Logic
Controller (PLC) system, and the optical lens information of the camera into consideration. The key parameters
of this geometric model are statistically estimated by a novel iterative algorithm. Once the key parameters are
estimated, the algorithm can automatically detect swing angles from video streams. Being analytically simple,
the computation of our algorithm is fast, as it takes about 0.01 s to process one single image generated
by the surveillance camera. Therefore, we are able to obtain an accurate and fast estimation of the swing
angle of an operating crane in real-time applications. Simulation studies are conducted to validate the model
and algorithm. Real video examples from Qingdao Seaport under various weather conditions are analyzed to

demonstrate its practical performance.

1. Introduction

Collisions caused by excessive swing of the payload of portal cranes,
as one of the main concerns for safe operation in seaport transporta-
tion, could result in severe human casualties and substantial financial
losses (Sadeghi et al., 2021). In this regard, an appropriate solution for
real time estimation of the swing is needed for day-to-day operation
in a seaport. This becomes the key motivation of this work and leads
to unique contributions to the literature. The details of our motivation
and contribution are separately presented below.

1.1. Motivation

As a crucial component in the global economy, sea transportation is
a highly complicated process with many critical stages, among which
seaport transportation is arguably the most important one. Seaport
transportation refers to the operation of transferring goods from the
seaport to waiting cargo ships, or vice versa. This is a very heavy-
duty process, which cannot be accomplished by manpower. Therefore,
a large number of portal cranes have to be used. Consider for example
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Qingdao Seaport, which is one of the largest seaports in China for
sea transportation and international trade. A total of 85 cranes have
been used by Qingdao Seaport. For day-to-day crane operation, the
arguably most critical concern is safety. As Lam et al. (2007) reported
in TOC ASIA, there were more than 12 accidents happened in the
year of 2006, which caused millions of dollars in loss at Portek. The
catastrophic outcomes of these accidents highlight the importance of
maintaining, designing, and implementing strict and robust processes
for safety assurance (Im and Park, 2020).

To gain some intuitive understanding, we provide in Fig. 1 a photo
taken from Qingdao Seaport. Note that there is a steel wire rope for
a standard portal crane, connecting the fly-jib head and the bucket
grab; see Fig. 1 for an illustration of the portal crane. Due to the effect
of gravity, the steel wire rope should be fully tightened. In an ideal
situation, we should expect the steel wire rope to be fully aligned
with the normal force of gravity. This is considered a safe situation.
However, for an operating portal crane, its steel wire rope can never
stay in a fully static position. The random swing of the steel wire rope
is inevitable, and it could be even worse with bad weather. The swing
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Fig. 1. An operating crane with all important features labeled by different colors.

Fig. 2. The graphical display of an image from a camera shooting to the bucket grab.

leads to a non-zero angle between the steel wire rope and the normal
force of gravity. For convenience, we refer to this angle as a swing
angle. It could be extremely dangerous if the swing angle is too large.
For safe operations, the swing angle should be controlled as small as
possible. If a too large swing angle happens, an alarm signal should
be generated. Accordingly, an appropriate anti-swing measure must be
undertaken immediately.

In this regard, practitioners in Qingdao Seaport face two challenges.
The first challenge is measuring. That is how to measure the swing
angle accurately. The second challenge is monitoring. That is how to
monitor the bucket grab working conditions (including the swing angle)
carefully and continuously. The common practice in this regard is sub-
jective eyeball inspection for both measuring and monitoring. This is
obviously an inaccurate and unreliable solution. Therefore, we are mo-
tivated to develop an automatic solution with the desired accuracy and
reliability. Our solution relies on a high-resolution surveillance camera
placed on the fly-jib head that captures the bucket grab continuously.
This leads to a streaming of high-resolution images; see Fig. 2 for some
illustrations. Meanwhile, the Programmable Logic Controller (PLC)
system provides the length of the steel wire rope. These two pieces
of information, together with the camera lens information, provide us
with a unique opportunity to measure the swing angle accurately. This
leads to a novel methodology to be presented subsequently.

1.2. Contributions

We attempt to make a very unique contribution to the existing
literature on safety assurance for portal crane operation. Compared

with the existing methods (both the sensor based and computer vision
based), the most important feature of our method is the easiness for
implementation. More specifically, implementing our method entails
neither sophisticated or expensive sensors nor professional cameras.
Instead, one single standard surveillance camera with the desired res-
olution level is all we need. Furthermore, since the camera is placed
on the fly-jib head and shoots directly on the bucket grab, the result-
ing images are highly informative and significantly less affected by
other noisy backgrounds due to (for example) another crane standing
nearby. Theoretically, we also contribute to the literature by providing
a novel geometric model, which integrates three pieces of information
neatly. These three pieces of information are, respectively, the image
information from the surveillance camera, the steel wire rope length
information from the PLC system, and the optical information of the
surveillance camera. With the geometric model, the relationship be-
tween the steel wire rope length and the swing angle can be analytically
derived. This leads to an accurate and fast estimate of the swing
angle. Our main contribution is the development of a computer-vision
based marker-free method for bucket grab swing angle estimation.
Compared with the existing methods, our method is: (1) working
environment friendly, (2) marker-free, and (3) highly accurate in swing
angle estimation.

The rest of the article is organized as follows. The related work
is reviewed in Section 2. Section 3 describes the dataset and explains
the procedure of data preparation. The main methodology is presented
in Section 4. The article is concluded with a short discussion and
future directions in Section 5. All technical details are provided in the
Appendices.

2. Related work

The current work is related to multiple scientific research fields.
They are, respectively, IT-based sea transportation management, deep
learning and machine learning methods, sensor based crane control
system, and computer-vision based crane control system. The relevant
literature of each research field is to be reviewed subsequently.

2.1. IT-based sea transportation management

Our research is related to information technology (IT) based sea
transportation management, where the key issue is how to utilize IT
to improve the effectiveness, efficiency, and reliability of sea trans-
portation (Chen et al., 2022). For example, Dubrovsky et al. (2002)
proposed an IT-based algorithm to generate a stowage scheme that
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minimizes container movements and thus reduces handling time at
berth. Maki et al. (2011) developed a generic algorithm to optimize
fuel cost and path safety. Ting et al. (2014) proposed a particle swarm
optimization approach to solve the berth allocation problem. Hottung
and Tierney (2016) developed an algorithm for solving the container
pre-scheduling problem. De et al. (2020) developed a model to capture
the complexities of the fueling issues, such as the selection of fueling
ports, total fueling amount at a port, and others. Mogale et al. (2023)
developed a mathematical model to minimize total costs encompassing
transportation cost, pipeline and retailers inventory cost, fixed cost of
cross-dock, and carbon emission costs.

2.2. Deep learning and machine learning methods

As a rising trend, various deep learning and machine learning mod-
els have been developed for transportation (Yin et al., 2021), supply
chains (Sharma et al., 2020), and logistics planning (Jahani et al.,
2023). For example, Melancon et al. (2021) used XGBoost (Chen and
Guestrin, 2016) to predict service failures so that supply chain reliabil-
ity can be improved. Qi et al. (2023) utilized a multiquantile recurrent
neural network (Wen et al., 2017; Fan et al., 2019) to predict inventory
replenishment amounts to reduce inventory costs and improve turnover
rates. (Mamoudan et al., 2023) used a convolutional neural network
with a bidirectional gated recurrent unit (Chakrabarty et al., 2017)
to predict fake signals from financial markets. Yang et al. (2023) ap-
plied the long short-term memory model (Hochreiter and Schmidhuber,
1997) to predict the traffic speed in a large traffic network. Ozarik et al.
(2024) adopted the LASSO method (Tibshirani, 1996) to predict the
score in candidate delivery sequences. Recently, Zhan et al. (2024) in-
tegrated deep learning models within a decision-making framework so
that the low-carbon transportation systems can be accurately assessed.

Moreover, several metaheuristic optimization and deep learning
methods in complex system optimization have been developed for
image data analysis. Abdollahzadeh et al. (2024) proposed the Puma
Optimizer (PO) with phase change mechanisms, which improved per-
formance across various optimization tasks. For reviews of the Moth—
Flame and Manta Ray Foraging optimization methods, we refer to Zamani
et al. (2024) and Gharehchopogh et al. (2024). Regarding image data
analysis, Ozbay and Ozbay (2023a) combined interpretability and
feature fusion for MRI brain tumor detection. Ozbay and Ozbay (2023b)
enhanced cervical cancer detection by using hybrid dilated convolution
and spatial attention.

2.3. Sensor based crane control system

The research objective of this work is related to safety assurance
for crane operation. There exist two different approaches. The first
approach is the sensor-based approach. For example, Kim et al. (2001)
proposed an acceleration sensor based anti-swing control system. The
swing angle can be estimated by data collected from the sensors
equipped on the trolley. Sano et al. (2010) proposed an anti-swing
crane control system, which used two state observer sensors to cor-
rect the swing angle. Matsunaga et al. (2018) proposed a deflection
angle measurement method by using two microphones attached to the
trolley. Miranda-Colorado and Aguilar (2019) designed a family of anti-
swing motion controllers for 2D cranes by integrating translational
motion and swing angle coordinates. Recently, Helma et al. (2021)
proposed a swing angle control system, where the raw acceleration
and angular rate data obtained from inertial measurement units are
used. Additionally, Miranda-Colorado (2021) presented a model-free
control scheme, which included a proportional derivative controller,
a disturbance observer, and a compensation term with a coupling
function.
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2.4. Computer-vision based crane control system

The merit of the sensor based anti-swing motion control approach
lies in its accuracy. However, the drawback is that they are rela-
tively expensive (Clark et al., 2020). As a useful alternative, computer-
vision based approaches are considerably more cost efficient. In this
regard, Matsuo et al. (2004) developed a crane load swing motion mea-
surement system. The system uses data collected from Video Tracker
G220 to compute the swing angle. Kawai et al. (2009) proposed an
anti-swing system, which measures the swing motion by a charge-
coupled device camera installed on the side of the trolley. Jung et al.
(2012) developed a robust sensing system, containing a smart vision
camera, an infrared rays pass filter lens, and two inertial measurement
units. Okubanjo et al. (2018) proposed a vision based crane control sys-
tem, which uses webcams for image data collection and uses high-speed
computers for image processing and crane control.

2.5. The limitation of the existing methods

Despite the practical usefulness of those existing computer-vision
based approaches, none of them can be readily used to solve the
problem from Qingdao Seaport due to the following reasons. First, some
are tailored to cranes of different designs and physical structures. For
example, the method of Kawai et al. (2009) is based on a mass damper
type anti-sway system, which is unfortunately not available at Qingdao
Seaport. Second, some require the camera to be installed at specific po-
sitions, which are very different from our case. For instance, Okubanjo
et al. (2018) required the high resolution camera to be installed under
the trolley of a crane. However, at Qingdao Seaport, the camera is
installed at the fly-jib head. Third, some require professional visual
sensors for visual information collection. For example, Matsuo et al.
(2004) utilized a video tracker to compute the swing angle. Moreover,
one can have markers painted on the bucket grab, which seemed to
be an easier solution. However, in practice, markers sometimes tend
to fade quickly, sometimes even before a single task is completed. In
contrast, our proposed algorithm requires only a standard surveillance
camera installed on the fly-jib head. Compared with these more com-
plex approaches, our proposed algorithm is much easier to implement.
Therefore, our method is working environment friendly. Additionally,
our algorithm is a marker-free method and requires no markers to be
painted on the bucket grab. Furthermore, our method produces swing
angle estimates with excellent accuracy.

3. Data collection and preparation

In this section, we describe in detail how the video data are col-
lected, and how the steel wire rope length and pixel positions of the
bucket grab are extracted.

3.1. Video data collection

The image data are collected by a high-resolution surveillance video
camera. The camera was installed on the fly-jib head of an operating
crane located at Qingdao Seaport. To gain an intuitive understanding,
we provide in Fig. 1 a real photo of an operating crane. In Fig. 1, the
large blue box frames the fly-jib, and the smaller green one frames the
head of the fly-jib. The bucket grab framed in the red box is the main
object captured by the video camera. Ideally, the placement angle of
the camera should be carefully adjusted so that the bucket grab sits
right in the center of the image; see Fig. 2 for illustration. Lastly, there
is a steel wire rope connecting the fly-jib and the bucket grab.

As mentioned before, the camera should be carefully installed so
that the bucket grab in the video frame can be centered as much as
possible; see Fig. 2 for illustration. Once installed, the camera generates
video files in MP4 format with 9 frames recorded per second. This leads
to a total of 3699 frames lasting over 6 min. The date and time are
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Fig. 3. Illustration of the digital samples extracted from the images.

also displayed in the image in Chinese; see the blue box in the top left
corner of Fig. 2. In addition to that, the length of the steel wire ropes is
displayed in the green box of the video. As mentioned before, this is a
piece of information provided by the PLC system. We next consider how
to transfer the video data into structured data for subsequent analysis.

3.2. Steel wire rope length extraction

The first piece of information needs to be extracted from the video
frames is the length of the steel wire ropes. That is the digital informa-
tion displayed in the green box in Fig. 2. Note that this information
is displayed at a fixed pixel position in the image with a total of 8
digits. Since their positions are fixed, we can easily extract the cor-
responding sub-images for every single digit as independent samples;
see Fig. 3. This leads to a total of 29,592 sub-images, among which 320
are manually labeled according to their digit categories. The labeled
dataset is then randomly split into a training dataset and a testing
dataset. The training dataset accounts for about 80% of the labeled
samples, while the rest are used for testing. Next, a classical LeNet-5
model of LeCun et al. (1998) can be trained on the training dataset.
The resulting prediction accuracy is 100% on the testing set. We then
apply the model to all the images so that the length information of steel
wire ropes at each time could be exactly extracted.

3.3. Pixel positions of the bucket grab extraction

We next consider how to capture the pixel position of the bucket
grab. To this end, we need to detect in the image the bucket grab
automatically and accurately. Unlike the rope length digits, the pixel
location of the bucket grab is random due to operation, weather con-
ditions, or possibly other factors. To solve this problem, a total of 340
images are used for model building. Those 340 images are randomly
extracted from an independent clip of continuous video record without
any subjective selection. They are then manually annotated with the
position of the bucket grab by tight bounding boxes. The position and
the size of the bounding boxes are accurately recorded; see the left
panel of Fig. 4 for illustration. The annotated dataset is then randomly
split into a training dataset and a validation dataset. The training
dataset contains about 80% of the annotated samples, while the rest
are used for validation. A pre-trained ‘the fifth version of the You Only
Look Once algorithm’ (YOLOv5) model of Jocher (2020) is fine-tuned
on the training dataset, starting from the pre-trained model parameters
trained on the Common Objects in Context (COCO) dataset (Lin et al.,
2014). The resulting model is then validated on the validation dataset
with an mAP@50:95 metric (mean Average Precision among different
Intersection Over Union from 50% to 95%) as high as 0.948. It seems
that the accuracy level is already sufficient for addressing the real
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application we are currently dealing with, even though a larger sample
size might yield better results.

With the help of the fine-tuned YOLOv5 model, a bounding box can
be accurately generated for each image in the video frames. Then, the
center of the YOLOv5 bounding box estimated by the YOLOv5 model
(i.e., the red cross in the right panel of Fig. 4) is recorded as the center
of the bucket grab. The pixel coordinate of this center is recorded and
matched with the length of the steel wire rope for each image. Recall
that we have a total of 3699 images. This leads to a dataset with 3699
records of the lengths of steel wire ropes and the pixel positions of
bucket grab centers.

4. Methodology

We develop here a novel algorithm for swing angle estimation. The
algorithm integrates information from both the surveillance camera
(installed on the fly-jib head) and the steel wire rope length from the
PLC system. A detailed flowchart is given in Fig. 5.

4.1. A geometric model

Recall that the swing angle is defined to be the angle formed by
the steel wire rope and the direction of gravity. To estimate the swing
angle, we only have two pieces of information in hand. One is the
length of the steel wire rope and the other is the pixel position of the
bucket grab center. Then how to estimate the angle with only these two
pieces of information becomes the key issue.

To solve the problem, we develop here a geometric model as fol-
lows. The details are graphically displayed in Fig. 6. Specifically, we
use a point O to represent the fly-jib head of the crane. That is the
place to have one end of the steel wire rope connected. That is also
the place having the video camera installed. Next, we use a vertical
line OG to represent the gravity direction. Therefore, OG should be
perpendicular to the ground plane. Then, we use line OA to represent
the steel wire rope connecting the fly-jib head and bucket grab. Here
we use point A to represent the center of the bucket grab. If there is
no random perturbation, we should expect that the direction of both
OA and OG to be perfectly overlapped with each other due to gravity.
However, there exists a non-zero and random error « between OA and
OG due to random swing. Note that OA represents the length of the
steel wire rope, which is known to us. Lastly, the point G is particularly
selected so that OG is perpendicular to GA.

We next study the geometric properties of the video camera and the
resulting image. Recall that the camera is installed on the fly-jib head,
which is denoted by the point O. We use a straight line OC to represent
the principal axis of the camera. The point C is selected so that OG
is perpendicular to GC. Ideally, we wish that the camera should be
carefully installed so that OC is also vertical to the ground plane as OG
does. However, non-negligible discrepancy seems inevitable in practice.
Consequently, there also exists a non-zero but fixed angle g between
OC and OG. Obviously, we should expect f to be fairly small as long
as the camera is installed carefully. Nevertheless, we can never assume
it to be exactly 0. A piece of empirical evidence supporting this claim
is that the actually observed pixel positions of the bucket grabs are
never perfectly overlapped with the center of the images. Instead, the
probability distribution of the observed pixel positions for the bucket
grab center seems obviously biased with respect to the image center.
Once the camera is fixed, the line OC is fixed so that the value of f§ is
also fixed without any further randomness. It is remarkable that in a
3-dimensional Euclidean space with a randomly swing bucket grab, it
is extremely hard to have the three points G, A, and C perfectly aligned
in one straight line. Consequently, another non-zero and random angle
y should be formed between GA and GC.

Lastly, we shall consider how the random position of the real
bucket grab point A to be projected onto the image. Here we use
an ellipse contour on the top of Fig. 6 to represent a 2-dimensional
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Fig. 5. Main steps of the proposed algorithm.

plane, which represents an image with infinite size. By definition, the
image plane should be perpendicular to the principle axis of the video
camera. Due to the fact that the camera’s principle axis is not perfectly
overlapped with the gravity direction as we explained in the previous
paragraph, we cannot expect that the image plane and the ground
plane to perfectly parallel with each other. We next extend the line
OA to intersect with the image plane at point A’. To accurately reflect
its position, an appropriate coordinate system needs to be defined for
the images. To this end, we extend OC to intersect with the image
plane at point C’. We then treat C’ as the origin of the image plane.
Note that the length of OC’ reflects the focal length of the camera
and is a fixed but unknown constant. Moreover, we extend G to G’
on the image plane. Then we use C’G’ to represent the 0-degree angle.
Once the origin C’ and the 0-degree reflection line C'G’ is given, the
relative position of the projected bucket grab center on the image can
be accurately described. Its analytical relationship with the swing angle
can be derived subsequently. In addition, the minimal angle in our
model is 0°, which happens when the crane is not operating and in a
steady state. With reference to a technical protocol used by Shandong

Port Group Co. Ltd (i.e. the company running the Qingdao Seaport),
any swing angle larger than 10° should be considered as a danger. We
therefore set the maximum angle of our algorithm to be 20°.

4.2. A geometric analysis

Note that the swing angle « is the key variable of interest, which
is unfortunately not directly measurable. Our ultimate goal is to accu-
rately recover the value of « by making use of the information from
the image plane. To this end, two critical parameters are inevitably
involved. The first parameter is the angle formed by the principle
axis of the video camera and the gravity direction. For convenience,
we refer to this as a camera angle and write it as , which should
be estimated by the information reflected on the image plane. The
second parameter is the focal length 2 = OC’, which can be obtained
subsequently in Section 4.3. Then, the sophisticated relationship needs
to be analytically derived for the swing angle «, the camera angle g,
the random angle y formed by GA and GC, the focal length 4, and the
observed distance on the image plane m = A’C’.
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Image Plane

Fig. 7. The extracted 2-dimensional plane formed by two intersected straight lines AA’
and CC’ at point O. OC’ is perpendicular to A'C’" at C'.

Write / as the length of steel wire rope OA. Note that OG is
the gravity direction and thus is perpendicular to GC and GA. Then
we have GA = Isina and OG = Icosa in the right triangle A
OGA. Next, considering the right triangle A OGC, we have OC =
Icosa/cos p and GC = Icosatanf. Then we apply the law of cosine
in A AOC and A AGC respectively, and obtain AC? = /% cos? a/ cos? f +
12 — 21> cosacos LAOC/cos f in A AOC and AC? = [*cos’> atan® § +
2 sin® @ — 212 cos a tan fsina cos y in A AGC, which leads to cos LAOC =
cosacos f + sinasin fcosy. Note that ZLAOC and £A’OC’ are vertical
angles, so the values of which are equal. In the right triangle a
A'0C’, OC’ is perpendicular to A’C’. Then, we have cos zA'OC’ =
h/V/m? + h?; see Fig. 7 for a more detailed graphical illustration. We
then have

(m2 + hz)(cos acos ff + sina sin f cos y)2 = h% (@D)]

Consider an ideal case with g = 0. This is the case when the video
camera is perfectly installed so that the principle axis of the camera per-
fectly overlaps with the gravity direction. Then, (1) can be simplified
as (m* + h%)cos? « = h?. This further suggests that cosa = h//m? + h2.

Through Eq. (1), we are able to estimate the value of . However, we
could not solve the value of « since the value of angle y is not observed.
Write § = £A’C’G’. Note that OC’ is the principle axis of the camera
and thus is perpendicular to both C'G’ and C’ A’. Therefore, we should
have OG’ = h/cosp and C'G’ = htan g in A OC’G’. Recall that in the
right triangle A OC’A’, OA’ = Vm? + h2. Apply the law of cosine, we
have A’G'> = m® + h* + h?/ cos? p — 2h\/m? + h2 cosa/ cos ff in A A’OG’
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Fig. 8. The graphical geometric illustration containing the camera O the image plane
A'C'G’. OC’ is perpendicular to plane A'C’'G’ at C'.

and A’G'? = m* + h* tan® f —mhtan fcos @ in A A’C'G’ (see Fig. 8), then
we could derive that

cosa:(msinﬂcosG+hcosﬂ)/\/m2+h2. 2

4.3. The focal length and the camera angle

By Eq. (2), we know that the swing angle a can be estimated as long
as the values of m, 8, h and p can be obtained. The values of m and 6 can
be directly measured on the image plane. Since y on the ground plane
follows a uniform distribution, the median of y as well as 6 should be 0
simultaneously. Therefore, we could empirically find a line through the
center of the image plane, so that the sample median of the intersection
angles formed by this line and C’ A’ is as close as possible to 0. Then,
the value of 0 for each image can be estimated. Next, how to estimate
the camera angle f and focal length » becomes the key issue.

We start with the focal length. The focal length of a camera should
be the distance between the center position of a group of lenses and
the image sensor when the subject is focused. This is a key parameter
about the camera and should be well specified in the manual of the
video camera. In our case, the digital camera installed at the fly-jib
head is produced by Hikvision (https://www.hikvision.com/en/), and
its focal length should be #* = 4.8 mm. Unfortunately, the focal length
h* given in the manual directly is not exactly what we want. The focal
length provided in the manual is measured in terms of millimeter (mm).
However, to make use of the geometric model in Fig. 6, we need to
transfer this length into pixel distance on the image plane. In other
words, we can treat the distance between two consecutive pixels on the
image place as one basic distance unit. We use d,, to denote the pixel
length for 1 mm. Then, the focal length we need is given by 4 = h*d,.
Subsequently, we need to calculate d,, accurately. Fortunately, we know
the image plane is on a 1/2.8” type CMOS image sensor, from which
we have computed the diagonal length of the CMOS image sensor to be
6.43 mm. With a 1920 x 1080 pixel size of the video, we could calculate
that 1 mm in our geometric model means d,, = 342.67 lengths in terms
of pixel distance. Therefore, we have h = h*d, = 1644.82.

We next consider how to estimate the camera angle . We propose
here a statistical estimation method. In this regard, appropriate prob-
ability distribution assumptions need to be made for random variables
a and y. Specifically, we assume for y a uniform distribution in [0, 27).
This seems to be a reasonable assumption since no direction should
be particularly favored by the swing motion. Next, we consider how
to make a sensible assumption for the swing angle a. Intuitively, the
swing angle a should be more likely to be of small values than larger
values due to the gravity effect. Therefore, we assume for it an absolute
normal distribution. In other words, we assume that a« can be written
as « = |Z| for some Z following a normal distribution with mean
0 and variance ¢2. Furthermore, we assume a and y are mutually
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independent of each other. We made this independent assumption for
two reasons. Practically, this independent assumption seems to be a
fairly reasonable assumption. Recall that a« and y stand for the swing
angle and the random swing position angle on the ground plane.
Therefore, regardless of the rotating position of the bucket grab (i.e., y
changes), the swing angle a could be of any possible value without any
particular preference related to y. Theoretically, this assumption is also
necessarily needed for simplifying the theoretical treatment. Otherwise,
the derivation of Eq. (3) will not hold and then no statistical estimates
can be obtained; see Eq. (A.1) in Appendix A. The consequence is that
no statistical estimates can be obtained. In contrast, with the help of
this assumption, we could then estimate the camera angle § and the
unknown variance parameter o°.

To estimate g and o2, we develop here a novel iterative algorithm.
To motivate our method, we take expectation at both sides of Eq. (1).
That leads to the following equation:

E(h/Vm? + h2) = cos fexp (672 /2), 3

where the technical verification can be found in Appendix A. Then, the
Egs. (2), (3) and the fact E(a?) = o2 inspire the following iterative
estimation method. Specifically, we assume a total of » independent
observations are generated and indexed by i. For the ith observation,
we have random variables a;,m; and 6,. To estimate f#, we start with
assigning for § an initial value as §© = 0. Next, we use f© and 62 to
represent the estimator obtained in the rth step. Then the estimator in
the next step can be obtained as

&f”’l) = arccos { (m,» sin f® cos 0; + hcos ﬁ(’>) /\ / ml2 + h2} s @

n
2
2+ _ -1 Z {&Igm)} . 5)
i=1

D = arccos {n_1 Z h/\/m[2 + h2exp (&2('“)/2) } s 6)
i=1

where Eq. (4) should be executed for every 1 < i < n. As one can see,
Eq. (4) is the empirical version of Eq. (2) but has the unknown parame-
ter g replaced by ). Eq. (5) is a standard moment estimator for 62 due
to the fact E(a?) = ¢2. Ideally, we should use ¢; in Eq. (5). However,
they are not directly observed. Therefore, they are replaced by their
estimates &}’“). Eq. (6) is the moment estimation of g due to (3) with
the unknown parameter o2 replaced by 62/+D. The algorithm should
be iteratively executed till convergence. Specifically, the termination
criterion of the iterative algorithm is given by |fU*D — f| < ¢ and
[62+D — 520 < ¢, where € = 1070 is set to be a tiny constant. By the
time of convergence, we obtain the final estimators § and 2.

4.4. A simulation study

To demonstrate the finite sample performance of the resulting esti-
mators f and 42, we present here a simulation study. Specifically, we
fix h = 1,600, § = 5°, and ¢ = 2°. Those parameters are particularly
selected to be fairly close to the real situation. Thereafter, ¢;s and y;s are
randomly generated from the absolute normal distribution and uniform
distribution respectively for every 1 < i < n, where n denotes the
sample size. The values of cos ZAOC and m;s are calculated according to
the equations in Section 4.2. Moreover, the value of cos # is calculated
by Eq. (2). A

Next, we apply the proposed iterative algorithm to compute f and
62. Then the estimating errors are measured by |f — §| and |62/c2 — 1|
for f and 62 respectively. For a fixed n, the experiment is randomly
replicated for a total of M = 1000 times. That leads to a total of M
values for the estimation error | — | and |62/c2 — 1|. They are then
log-transformed and box-plotted in Fig. 9. By Fig. 9, we find that the
proposed algorithm is very accurate to estimate the unknown parame-
ters. Specifically, as the sample size n increases, the estimation errors
for both f and 42 steadily decrease towards 0. Therefore, the statistical
consistency of the proposed estimations is numerically confirmed.
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Table 1
Prediction results of the YOLOv5 model on the validation dataset.

Initial learning rate Final OneCycle learning rate

SGD Adam

0.001 0.005 0.01 0.001 0.005 0.01
0.0005 85.0 84.6 84.6 93.1 92.7 92.6
0.001 86.4 87.2 87.0 93.8 93.5 93.4
0.005 92.9 92.6 92.9 91.7 91.3 92.0
0.01 93.8 94.5 94.2 90.1 90.5 90.5

Next, we want to demonstrate the numerical convergence properties
of the proposed iterative algorithm. Recall that the experiment is
randomly replicated for a total of M = 1000 times. For a given random
replication m, we use /?2 and &2,2’) to denote the estimators §® and 62
obtained in the rth iteration of the mth random replication. We should
have ﬂA((Z)—> Bim) and &(2;’;—» 6(2m) as t— oo, where f,, and &(Zm) stand for
the final estimators § and 2 obtained in the mth random replication.
Then, the numerical convergence rate of the proposed algorithm can
be demonstrated by studying the numerical convergence errors given
by | ﬁEZ) — Bim) and |&(2:)) /&(Zm) —1]. For each fixed ¢, we have a total of
M numerical errors. They are then log-transformed and box-plotted in
Fig. 10. By Fig. 10, we find that both the two parameters of interest
converge within a total of 8 iteration steps for sufficient numerical
accuracy. This implies that the proposed iterative algorithm converges
at a very fast speed. Meanwhile, the CPU time consumed by each
random replication is recorded. We find that the CPU time ranges from
0.026 s to 0.065 s with the median given by 0.028 s, which is fast
enough for real time processing. Moreover, various initial values §©
are tested. We find that the final estimator always converges to the
same numerical result.

4.5. Empirical data analysis and results

We next apply the proposed method to the empirical data in hand.
Recall that this is a video record lasting over 6 min. It is collected
from Qingdao Seaport (https://www.qingdao-port.com/portal/en). It
contains a total of n = 3,699 images with a 1920 x 1080 pixel size. As
mentioned before in Section 3, the detailed information about m; and
0; is extracted from each image. For YOLOv5 implementation, various
combinations of the optimizers are tested in this regard for param-
eter sensitivity. Specifically, different initial learning rates and final
OneCycle learning rates are experimented for two popular optimizers,
i.e., stochastic gradient descent (SGD, Shalev-Shwartz and Ben-David,
2014), and Adam of Kingma (2014). The best mAP@50:95 values on
the validation dataset are recorded in Table 1. By Table 1, we find
that the optimizer of a combination for SGD with an initial learning
rate of 0.01 and the final OneCycle learning rate of 0.005 performs the
best. Therefore, we use this combination of learning rates for position
extraction.

For illustration purpose, the histograms of length m; and angle 6,
extracted from those images are plotted in the left and middle panels
in Fig. 11. In By Fig. 11(a), we find that the values of m;s mainly
concentrate with the interval [28,182] with a 90% coverage. A small
proportion of the m; values is larger than 300, which accounts for about
0.8% of the total samples. By Fig. 11(b), we find that the estimated
0 values are fairly symmetric about 0. For the sake of completeness,
information on the length of steel wire rope is also extracted from
video images and plotted in the right panel of Fig. 11. By Fig. 11(c),
we find that the length of the steel wire rope appears to be uniformly
distributed, except when the rope is at its minimal length during the
rotation of the bucket grab.

We then apply the iterative estimating algorithm (4), (5), (6) to this
dataset. The algorithm is executed for a total of T = 8 iterations. The
final numerical error measured by two consecutive estimators is given
by |AT-D - M| = 2.987 x 107 and |62T-D /62T — 1| = 2.131 x 107°.
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Fig. 11. The numerical information extracted from the video dataset.

The final estimators are given by § = 2.530° and é = 2.664°. This
implies that the camera angle f is clearly not 0 even though small. The
estimated value of 6 provides us a principal benchmark to construct
a normal range for the swing angle. With the value of f§, we are able
to estimate for each image the swing angle o;. This leads to a total of
3699 values of &; according to Eq. (4). Their histogram is given in the
left panel of Fig. 12. By Fig. 12, we find that the estimated swing angle
is no larger than 5° for most cases. This accounts for over 95% of the
total samples. This implies that in most cases the swing angle «; is not
large enough to pose a serious safety risk to the crane. However, we also
notice that there do exist some cases with the estimated swing angle as
large as @ = 10.010°. The image with the largest estimated swing angle
@ is provided in the right panel of Fig. 12. It seems to us this is indeed
a situation with an almost abnormally large swing angle. For the model
training stage, the total CPU time consumed for training the model is
2.878 s. Once the model parameters are estimated, they can be readily
used to compute the swing angle for each image. For this stage, it takes
about 0.009 s to process one single image.

4.6. Model validation

It is remarkable that the proposed method is developed based on
a number of assumptions. Specifically, the empirical accuracy of the

proposed method relies on both the geometric model in Section 4.2
and the statistical model in Section 4.3. Obviously, neither of them
can be viewed as a perfect reflection of the real situation. They can
only be regarded as approximations of reality. Therefore, we should
reasonably expect that the true swing angle «;s should be different from
the estimators &;s to some extent. However, how large is the difference?
This is the most critical issue that calls for a method for validation.
To this end, we develop here a simple validation method as follows.
We show in Fig. 13 an enlarged figure about the bucket grab as
captured by the video image, which is a figure manually selected. The
width of the bucket grab is framed by the red box in Fig. 13. The
top, bottom and central points of the grab width are represented by
T, B, and C, respectively. The purpose here is to select an image with
the bucket grab as close to the image center as possible. Furthermore,
we wish the bucket grab is not arbitrarily rotated. Once this image is
selected, the bucket grab width in terms of pixel distance, as shown
by the red box in Fig. 13, can be measured manually. We find its
width is about 141 units in pixel distance. Meanwhile, we know that
the actual width of this bucket grab is 2.9 m. Then, the question is:
can we provide another estimate for the swing angle by studying the
geometric relationship between the width of the bucket grab in the
ground plane in terms of meters and that in the image plane in terms



B. Yu et al.

Frequency
300 500

100

(a) Histogram of estimated &;s

Engineering Applications of Artificial Intelligence 139 (2025) 109481

(b) The frame with largest &

Fig. 12. The left panel demonstrates the histogram of the estimated &:s, and the image with the largest estimated & is shown in the right panel.

Fig. 13. An enlarged bucket grab in the center of the figure.
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Fig. 14. The illustration of the relationship considering the length of bucket grab in
an ideal case with camera angle g = 0.

of pixel distance? The answer is positive. A graphical illustration of this
model is given in Fig. 14. For simplicity, we assume an ideal case with
p = 0. Otherwise, the geometric relationship could be too complicated
to be analytically tractable. Next, we use T and B to stand for the top
and bottom endpoint of the bucket grab; see Figs. 13 and 14. We use
C to stand for the central point of the grab. Next, we use B’,T’ and
C’ to stand for their projections on the image plane. The pixel length
of B'T’ can be observed on the image plane written as x. Since OG
is perpendicular to GC, we could simply derive that OG = [ cos @ and
GC = Isina, then GT = Isina — b/2 and GB = Isina + b/2. Then,
considering the similar right triangle A B'OG’ and A BOG, we have
xlcosa = hb. Also, by tana = m/h on the image plane, we obtain
sina = mb/xl. Here we find that the focal length 4 is not involved in
the estimator @ = arcsin (mb/xI) since the bucket grab width b is used
instead.

Thereafter, another estimate for the swing angle for Fig. 13 can be
obtained, which is given by & = 1.337°. In contrast, the swing angle

estimated by our iterative algorithm is @, = 0.867°. The difference

between @; and @; is about |&; — &| = 0.470°, which seems a practically
accepted difference. To further validate our model, we manually select
a total of 40 images with different estimated swing angles. A snapshot
of these images is given in Fig. 15. We then compute both the validated
swing angle @; and the estimated swing angle @; for each image. Then
the scatter plot can be obtained; see the left panel of Fig. 16. We find
that the two estimates tend to be more consistent with each other for
situations with large swing angles. This happens to be the situation
of the most practical importance. Moreover, the absolute differences
|&; — &;| are then boxplotted in the right panel of Fig. 16. We find that
the largest difference is smaller than 2°, which seems practically very
acceptable.

4.7. Managerial implication

As we have stated, the automated portal crane control system in
Qingdao Seaport does not have any anti-swing ability. In order to avoid
abnormal swings of the bucket grab, a field technician has to sit in front
of the screens to monitor the entire operation process and manually
control the bucket grab if an abnormal swing occurs. Obviously, the
total number of cranes that can be monitored by one single technician
is very limited. To solve this problem, the company running the seaport
has to hire a large number of technicians to accomplish the task.
This leads to a high cost in the labor force. Furthermore, the quality
assurance across different technicians is another challenging issue.
Consequently, we are motivated to develop here a computer vision
based method for automatic swing angle detection.

To practically implement our method, a standard protocol can
be developed; see Fig. 17 for a graphical illustration. Specifically, it
contains a total of three steps. In the first step, our algorithm should be
continuously executed for swing angle estimation. Once an abnormally
large swing angle is detected (e.g., larger than 10° according to the
technical protocol at Qingdao Seaport), the system should immediately
trigger an alarm for the staff. Then in the second step, the staff man-
aging the crane should further confirm whether the situation is indeed
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Fig. 17. The flowchart of the managerial protocol of the seaport.

dangerous or not. For the dangerous case, the staff should control the
PLC system to drag the bucket grab back to its normal status. This
anti-swing protocol is a standard operating procedure, which has been
regularly used in the part. Our model helps to improve this protocol
from a fully manual one to a partially automatic one, in the sense that
the swing angle detection part becomes automatic but the anti-swing
part remains to be manual.

4.8. Comparison with existing methods

To conclude this section, we provide here a brief comparison be-
tween our algorithm and other methods in the literature. For a fair
comparison, we only focus on those computer vision based methods.

The first method to compare is the method of Okubanjo et al.
(2018). This is a method based on the detection of the rope as well as
the payload from video images. To implement this method, one needs
to have a camera placed on the side of the overhead crane; see the
left panel in Fig. 18 from Fig. 1 of Okubanjo et al. (2018) and the right
panel in Fig. 18 from Fig. 4 of Matsuo et al. (2004) for some illustration.
By doing so, the swing motion can be fully captured. Unfortunately,
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their methods are tested only in laboratory environments like the left
panel in Fig. 18. Their practical performances remain unknown. There-
fore, they cannot be used to solve our problem in Qingdao Seaport,
since we do not have such a surveillance camera installed at the
required position. Moreover, we suspect that placing the camera on
the side of the overhead crane might not be a practically preferable
choice. This is because there are too many cranes consecutively placed
and operating simultaneously on the coast line at Qingdao Seaport;
see Fig. 19 for some illustration from the official website of Qingdao
Seaport (https://www.qingdao-port.com/portal/en). A camera placed
on the side of the crane should inevitably capture noisy information
due to other non-target cranes. That makes the subsequent image data
analysis difficult and inaccurate. In contrast, our method only utilizes
an existing camera installed on the fly-jib head. The image signals
collected at this position are much cleaner and more informative; see
Fig. 2 for some illustration.

The second method to compare is the method of Wu et al. (2020).
This is a method based on a simpler geometric model but without bias
correction for the camera angle. It is remarkable that their overhead
crane has a different physical structure from ours; see Fig. 20 from Fig.
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Fig. 18. The methods of Okubanjo et al. (2018) and Matsuo et al. (2004) for payload swing detection and anti-sway control with different camera positions.

Fig. 19. A number of cranes working simultaneously at Qingdao Seaport.
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Fig. 20. The method of Wu et al. (2020) for payload swing detection and anti-sway
control with markers painted on the payload for location.

19 of Wu et al. (2020). Furthermore, their method requires markers
to be painted on the payload for easy detection. Unfortunately, we do
not have markers painted on the bucket grabs in Qingdao Seaport for
three reasons. First, the markers can be difficult to be detected if the
grabs fall inside the bulk cargo, which is often the case for sea portal
transportation. Second, the markers on the grab will inevitably be worn
out with heavy-duty tasks. It is a time-consuming and costly task to
fix the worn out markers by field technicians. Lastly, due to the safety
regulations, the equipment and infrastructures at the port should be
modified as little as possible.

To conclude this subsection, we compare our methods with the
existing methods in Table 2. Specifically, we focus on: (1) working
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Table 2

Comparison between the proposed method and existing methods in the literature.
Method Okubanjo et al. (2018) Wu et al. (2020) Ours
Working environment Lab Lab Seaport
Marker-free or not Yes No Yes
Estimation accuracy High Relatively low High

environment request, (2) marker free or not, and (3) estimation accu-
racy. As shown in Table 2, we find that both the methods of Okubanjo
et al. (2018) and Wu et al. (2020) are not environment friendly. They
can only be tested in a laboratory environment. Moreover, the method
of Okubanjo et al. (2018) requires placing the camera on the side of the
crane, which is practically infeasible at Qingdao Seaport. The method
of Wu et al. (2020) is marker-based, which cannot be implemented
without painted markers. Additionally, the model does not account for
potential camera angles in real seaport practice, which might lead to
reduced estimation accuracy.

5. Conclusion and future work

We develop in this work a novel spatial geometric model to describe
the swing motion of a portal crane. This model takes the camera angle,
camera focal length, and the random swing of the bucket grab into
consideration. It can estimate the swing angle of an operating crane
in real time. The most important feature of our method is the easiness
of implementation. Our main contribution is the development of a
computer-vision based marker-free method for bucket grab swing angle
estimation. Compared with the existing methods, our method is: (1)
working environment friendly, (2) marker-free, and (3) highly accurate
in swing angle estimation. Overall, the proposed method can be safely
implemented to obtain an accurate and fast estimation of the swing
angle of an operating crane.

The main limitations of our method are as follows. First, since our
method relies on a surveillance camera installed on the fly-jib head, it
is difficult to adapt it to other applications with no cameras installed.
Second, to validate the results produced by our algorithm, we require
information about the steel wire rope length from the PLC system.
For those applications without PLC systems, our method cannot be
implemented directly.

To conclude this article, we present here a few directions for future
work. First, it should be of great interest to test our model under
various weather conditions. This is critically important for developing
a practically robust algorithm. To partially address this issue, we have
tested our model in two new experiments with snowy, windy, and
dark conditions; see Appendix B for a detailed discussion. Without
any doubt, testing our model under even more diversified operation
conditions is critically important. A significant amount of future re-
search is inevitably needed. Second, it would be of great value if the
bucket grab rotation angle can be estimated. This information is useful
for integrating the shape of the bucket grab into our model. Third, it
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Fig. B.21. The left panel shows a video frame taken under a dark and light snowy condition. The right panel is taken under a heavy snowy and windy condition.

is remarkable that the image samples are extracted from a video of
consecutive frames. There may exist a time series dependence for both
the length of the steel wire rope and the swing angle. Taking the time
series dependence into consideration might be helpful to estimate the
swing angle with better accuracy. Fourth, it is of interest to establish
the numerical convergence theories for our novel iterative estimating
algorithm, even if both our simulation studies and real data analysis
suggest that the resulting estimates are sufficiently accurate. Last but
not least, it would be great if a golden standard about the swing angle
can be practically developed.
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Appendix A. Technical derivations in Section 4.3

The Eq. (3) in Section 4.3 can be rigorously derived as follows

E(h/Vm? + h%) = E(cos acos f + sina sin f cos y)
= cos fE(cos a) + sin fE(sin @) E(cos y)

= cos ﬁ/ \/2/(x62) cos x exp {—xz/(ZGZ)}dx

= cos ff exp (—0'2/2),

(A1)

where the second equality (A.1) holds since that a« and y are assumed
to be independent of each other.
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Appendix B. Two additional experiments

To test our method under various weather conditions, we collect
two additional video records from Qingdao Seaport. The first video
record lasts for about 2 min and the second one for about 3 min.
The first record is taken at night under a light snowy condition. The
second one is taken in the daytime but under a heavy snowy and windy
condition; see the two panels of Fig. B.21 for some illustrations. The
two video records are then proceeded in the same way as Section 4.5.

Specifically, we randomly extract a total of 220 images from each
of the two video records. Bounding boxes are then provided for each
image in each dataset. Both datasets are then randomly split into a
training dataset with 80% samples and a testing dataset with 20%
samples. Subsequently, the YOLOv5 model can be fine-tuned on the
training datasets with excellent performance on the testing datasets
(i.e., mAP@50:95s of 0.950 and 0.964 for each video record). Next, we
apply the iterative estimating algorithm (4), (5), (6) to both datasets.
The algorithm converges in a total of T = 7 and T' = 9 iterations for each
dataset, respectively. The final estimators are given by § = 3.005° and
6 =3.020° for the first video record, and § = 4.221° and & = 3.177° for
the second one. The results from the first video record are quite close
to the estimator obtained in the previous video record as reported in
Section 4.5. The estimated camera angle from the second experiment
is much larger than the other two due to the heavy windy condition.
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