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Abstract: Newly build offshore wind farms (OWFs) render a collision risk between ships and installations. The paper
proposed a real-time traffic monitoring method based on machine vision and deep learning technology to improve
the efficiency and accuracy of the traffic monitoring system in the vicinity of offshore wind farms. Specifically, the
method employs real automatic identification system (AIS) data to train a machine vision model, which is then used
to identify passing ships in OWF waters. Furthermore, the system utilizes stereo vision techniques to track and locate
the positions of passing ships. The method is tested in offshore water in China to validate its reliability. The results
prove that the system sensitively detects the dynamic information of the passing ships, such as the distance between
ships and OWFs, ship speed and course. Overall, this study provides a novel approach to enhancing the safety of
OWFs, which is increasingly important as the number of such installations continues to grow. By employing advanced
machine vision and deep learning techniques, the proposed monitoring system offers an effective means of improving
the accuracy and efficiency of ship monitoring in challenging offshore environments.
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1. Introduction

Motivated by the demands for clean energy in the context of ongoing climate change, offshore wind farms (OWFs)
grow rapidly in lots of coastal countries. [1]. The present development shows the advantages of offshore wind farms,
for example, delivering secure, affordable, and clean energy while fostering industrial development and job creation.
Based on the annual report from the Global Wind Energy Council, 2021 becomes the best year in the offshore wind
industry, in which 21.1GW of offshore wind capacity was commissioned, bringing global offshore wind capacity reach
to 56 GW, three times more than in 2020. GWEC Market Intelligence forecasts that 260 GW of new offshore wind capac-
ity could be added in 2022-2030 under the current positive policies, bringing total global offshore wind installations to
grow from 23% in 2021 to at least 30% by 2031. In the year 2021, China constructed 80% of new offshore installations
worldwide becoming the world’s largest offshore market [2].

However, this trend of increasing numbers of offshore wind farms puts pressure on local water traffic manage-
ment. For example, the newly added obstacles increase difficulties of navigation for passing vessels [3] and improve the
difficulties of Search and Rescue (SAR). Once an accident happens, it results in water pollution, significant damage of
facilities and other catastrophic causalities and economic losses. In 2021 year, the Global Offshore Wind Health & Safety
Organisation (G+) report pointed out there were a total of 204 high-potential incidents and injuries recorded [4]. Re-
cently, some collision accidents were also reported in the UK, China, and the Netherlands, leading to shipping hull and
turbine damage, and electric power loss, especially for construction and fishing ships. For instance, On January 31, 2021,
the drifting bulk carrier Julietta D collied a transformer platform in the Hollandse Kust Zuid wind farm, which is under
construction period. On July 2, 2022, a dragging accident in southern waters leads to 25 causalities and a vessel sunk.
Thereby, monitoring vessels in the offshore wind farm waters and detecting potential hazards becomes an urgent ques-
tion for stakeholders of offshore wind farms.

The current monitoring system for water traffic is Vessel Traffic Services (VTS), which uses Automatic Identifica-
tion System (AIS), radar and other detection sensors to show the water traffic situation dynamically. The VTS has been
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studied on the topic of technology developing, information collection, communication, and system design. However,
its limitations of using in offshore wind farms waters are noted due to trespasses and turning off the AIS deliberately.
Developing a reliable monitoring system can aid the safety of navigation of passing vessels, as well as in offshore wind
farms. In the previous studies, several novel methodologies have been proposed to develop a reliable monitoring model.
This might include other maritime activities in different waters. For instance, Priakanth et al. proposed a hybrid system
by using wireless and IoT technology to avoid boundary invasions [5]. Ouelmokhtar et al. suggest using Unmanned
Surface Vehicles (USV) to monitor waters, in which an on-board LiDAR is used to detect the targets. [6]. Nyman dis-
cussed the possibility of using satellites to monitor, which allows for the visual surveillance of a large area [7]. The
relatively low cost of data acquisition makes the use of satellites appealing. But some prior theory or knowledge is
needed to sort through the vast collection of satellite data and images. Although these studies show their advantages,
these technologies may typically focus on large waters, increasing the financial burden for offshore wind farms.
Thereby, low-cost, high efficiency and reliable systems are still needed. As a low cost of equipment, video surveillance
technologies become a possible way to monitor the water traffic at a close distance. However, original video surveillance
requires human supervision to achieve continuous monitoring, consuming a large number of human resources. More-
over, the challenges that the offshore wind farm operators and managers face within the settings and high workload of
their daily work leads to error-prone and tedious. Nowadays, automated surveillance systems observing the environ-
ment utilizing cameras are widely used. These automatic systems can accomplish a multitude of tasks which include,
detection, interpretation, understanding, recording, and creating alarms based on the analysis. They are widely used in
different areas, for instance, in road traffic, Pawar and Attar get detection and localization of road accidents from traffic
surveillance videos [8]. Vieira et al. and Thallinger et al. quantitatively evaluate the safety of traffic by the application of
utilization of security cameras [1,9]. A video surveillance-based system that can detect the pre-events, with an automatic
alarm generated in the control room was proposed for improving road safety [10].

Motivated by the above-mentioned difficulties and superiorities, this study aims to pioneer the use of machine
vision technologies to aid traffic monitoring in offshore wind farm waters. Specifically, a vision-based monitoring sys-
tem is developed for OWFs to improve the reliability and efficiency of ship traffic detection and tracking. The system
trains a “YOLOv3” machine visual model using automatic identification system (AIS) data. The fine-trained model can
identify the passing ship in OWF waters, not only provide the identified target, but also the degree of confidence during
the monitoring process. Then a stereo vision algorithm is applied in the model to locate and track positions of the pass-
ing ships. So that the dynamic information (e.g., speed, course and position) for each target can be provided by the
system. In addition, the proposed system is validated by comparing the provided dynamic information with AIS data
to ensure the reliability of the results. The contributions of this work are highlighted as follows. The study pioneers the
uses of machine visual to aid traffic monitoring in the offshore wind farm waters, covers the gap for current VIS system
and provide a novel way for offshore water traffic management. In addition, the model can prove more efficient and
reliable dynamic data for individual and overall traffic, so that can be expanded for ship risk early warning and accident
prevent. The main contributions of this work are summarized as follows:

(1) The performance of three state-of-the-art attention modules for ship detection with YOLOV3 is evaluated in
offshore wind farm water to aid traffic monitoring, demonstrates its superiorities of accuracy and high update frequency
for ship position tracking.

(2) An optimization strategy for training visual based identification model is presented. The study collects hybrid
data sources (e.g., AIS data, images) to develop the model training database, and validated the model by comparing the
positions between AIS data and detecting results. So that ensures the performance of continuous target detection targets
with significant accuracy.

(3) The proposed target identification system is further tested in an offshore case. By using an embedded device,
the inference time reached real-time performance (less than 0.1 s) and the overall processing time for one frame 0.76s,
proves it possibility of implications in real-time ship traffic monitoring.

The remainder of this paper is organized as follows: Section 2 outlines a review of related research. In Section 3,
the framework of the system is introduced in detail. The experimental data and the test results are reported in Section
4. The obtained results are discussed in Section 5. Finally, conclusions are draw in Section 6.

2. Literature review

This study can be categorized into three groups based on the method of the studies: the ship monitoring, machine
vision in target detections and machine vision in target tracking respectively.
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2.1. Ship monitoring technology

Implemented to promote safe and efficient marine traffic, VIS are typically the widely used technology for ship
supervision. It is a shoreside service within a country’s territorial waters by detecting and tracking the ship, aiming to
monitor the traffic, assist the traffic control and manage in navigational matters, provide support, and required infor-
mation for passing ships. The VTS collects the dynamic data via two sensors, the radar and AIS. However, both have
their limitations. For instance, the radar echo can be interfered under an environment with external noise of RF inter-
ference and clutter, which create potentially dangerous situations and decrease VTS functionality. In this matter, Root
proposed high-frequency radar ship detection through the form of clutter elimination [11]. Dzvonkovskaya et al. pio-
neered a new detection algorithm in ship detection and tracking but ignored the external influences position [12]. An-
other question is the limitations of detecting small ships in the coastal waters (e.g., offshore wind farm water). For this
point of view, Margarit et al. proposes a ship operation monitoring system based on SAR image processing to achieve
inferred ship monitoring and classification information, which to further improve the SAR from the new sensor data
[13]. Moreover, radar is unable to provide sufficient static information such as ship type and size, which means other
systems (e.g. AIS) are need. AIS is another important piece of information for ship monitoring, which can compensate
for the shortages of radar. It achieves the automatic exchange of ship information and navigation status between ships
and shore. As a type of reliable data source, AIS data has been widely used in lots of studies to analyze the ship traffic,
makes it important for water traffic management. For instance, Brekke et al. combined AIS data with satellite SAR im-
ages to detect ship dynamic information (e.g., speed, course) [14]. To improve the reliability of radar, Stateczny collects
sets of data from AIS and radar, then applies numerical model to compare the covariance between two types of data
[15]. Pan and Deng propose a real-time monitoring system for shore-based ships traffic monitoring [16]. Although the
AIS data are valuable for ship traffic management, several questions are remaining. For instance, the AIS can be closed
manually. AIS is not mandatory for some small ships such as dinghies and fishing boats [17].

In coastal waters, the offshore wind farm is relative new installations that influencing the existing ship traffics, not
only occupied the navigable waters, but also creating blind areas by sheltering the radio signals, reducing the ability of
detecting and tracking small targets. Relevant studies using traditional data sources (e.g., AIS, radar) including Yu et,
al. use AIS to analyse the characteristics of the ship traffic in the vicinity of the offshore wind farms [18] and then devel-
oped models to assess the risk for individual ship [19] or for the ship traffic flows [20].With the development of the
information technologies, which is capable of meeting the current needs for ship detection and tracking in offshore
wind farms, new vision-based technologies are constantly being applied to enhance the maritime target detection, mak-
ing video based monitoring becomes a viable way for maritime target identification and tracking. For instance, to over-
come the difficulty of remote ship control and monitor in harsh traffic waters, Liu et al. designed a portable integrated
ship monitoring and commanding system [21]. To test the data availability, Shao et al. used images data captured from
surveillance cameras to achieve target detection [22]. To improve the function of the target automatic monitoring and
tracking, Chen et al. proposed a mean-shift ship monitoring and tracking system [23], which showing possibility of
using machine visual technologies for water traffic monitoring. In this study, yolov3 detection is relatively fast and real-
time.

2.2. Applications of machine vision in target detections

Machine vision technology enables the machine with a visual perception system, with aids of hardware (e.g., cam-
era, infrared thermal imager, night vision device) and software program. It has the ability to recognize and manipulate
the activities and perform image-based process control and surveillance for traffic monitoring, manufacture inspection,
autopilot and other scene perception usages [24,25]. A widely used applications of machine vision is Tesla driverless
system, which equipped with the hardware needed for Autopilot and the software program to realise Full Self-Driving.
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Figure 1. development of machine vision for object detection.

One of the cores for machine vision is the target recognition and detection algorithms, Figure 1 shows the devel-
opment of recognition and detection algorithms that used for object detection. The early studies of machine vision come
up with Scale Invariant Feature Transform, which involved five steps to match the similarity of two images and to
detect targets [26]. Then SIFT has been upgraded to Viola-Jones detection algorithm [27], histogram of oriented gradi-
ents (HOG) [28], Data Management Platform (DMP), and so on.

However, the above-mentioned algorithms extract target features manually, can only perform well when they are
guaranteed to extract sufficiently accurate features, so that inapplicable for a large number of targets existed. They are
replaced by applying deep learning approaches to detect targets. The deep learning-based detection algorithms have
their advantages of extracting features in complex images. The deep learning-based methods can be grouped into two
categories based on the way they extract target features extraction: the anchor-based methods (i.e., Convolutional Neu-
ral Network (CNN) methods and You Only Look Once (YOLO) methods) and the anchor-free methods (e.g., adaptively
spatial feature fusion methods [29], CornerNet methods [30]). The Anchor-based algorithms are further classified into
single-stage detection and two-stage detection. Due to stability and accuracy, anchor-based methods become more pop-
ular in recent years. Typical methods include YOLOv1- v5 [11,31,32], single shot multibox detector [33], and Region
CNN etc. For instance, Girshick et al. [34] proposed a novel method of R-CNN for target detection. The method uses
image segmentation combining region and CNNs to improve accuracy. However, it requires a larger dataset to train
the detection model, which reduces the detection speed. To improve detection speed, Meng et al. develop an improved
Mask R-CNN, which ignores the RolAlign layer in the R-CNN [35]. Zhao et al. suggest enhancing the relationship among
non-local features and refine the information on different feature maps to improve the detection performance of R-CNN
[36]. Redmon and Farhadi proposed a joint training method to improve the traditional YOLOv1 model [37]. The up-
graded YOLOv3 model use binary cross-entropy loss and scale prediction to improve the accuracy of the model, while
ensure the detection speed of detection [11]. The YOLOvV3 model is adopted in vision detection studies include Gong et
al [38]; Li et al [39] and etc, which prove its fast speed in convergence and detection process. The applications of vision
detection have been done on various domain, as well as the water traffic management. To design a deep learning-based
detector for ship detection, Li et al. apply Faster-CNN algorithm to train the ship target detection model, which achieves
higher accuracy [40]. To address the shortcomings of the region proposal computation, Ren et al. introduce a region
proposal network (RPN) by sharing the convolutional features of Fast R-CNN and RPN to further merge the two into
one network [41]. However, the accuracy of binocular vision positioning is not high enough.

2.3. Applications of machine vision in target tracking

Machine vision methods used for target tracking can be categorized as monocular vision and binocular vision
based on the tracking mechanism [42, 43]. Monocular vision was first proposed by Davison [44], who used overall
decomposition sampling to solve the challenge of real-time feature initialization. The core of monocular vision systems
is the simultaneous localization and mapping (SLAM) method, which calculates the distance of the target within the
camera's field of view. Although monocular visual localization is simple to operate and does not require feature point
matching, it is less accurate and only suitable for specific environments. Therefore, it is not suitable for use in complex
environments such as maritime target localization and tracking. To solve these problems, binocular vision positioning
has been proposed and is widely used in many fields. However, binocular vision pre-localization only works on a flat
surface and cannot accurately localize objects, so scholars have extended binocular vision to stereoscopic vision [45, 46].

Binocular stereo vision technology can simulate the human eye to perceive the surrounding environment in three
dimensions, making it widely used in various fields [47-50]. To reduce errors in the localization part of binocular stereo
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vision systems due to interference from complex environments, Zou et al. proposed a binocular stereo vision system
based on a virtual manipulator and the localization principle [51]. They designed a binocular stereo vision measurement
system to achieve accurate estimation of target object positions. Zuo et al. used binoculars to capture point and line
features and selected orthogonality as the minimum parameter for feature extraction, which solved the problem of
unreliability of binocular stereo vision in detecting objects [52]. Thereby, compared to monocular vision techniques,
binocular stereo vision is a more effective technique for target tracking. It is more accurate, simpler to operate, and
suitable for dynamic environments, making binocular vision systems more appropriate for ship supervision in offshore
wind farms than monocular vision systems. Video tracking allows for continuous monitoring of the ship, which is very
helpful.

3. Methods

This section proposes a framework to implement a study aimed at protecting the safety of ships in the waters near
the OWFs. The YOLOV3 algorithm is applied as a key component to detect ships in dynamic situations, while binocular
stereo vision is applied to track the ships. The ship's dynamic parameters such as speed and course can be produced
based on the proposed model. The framework structure is shown in Figure 2.
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Figure 2. the framework and the sub-model for the monitoring system.

The system consists of seven steps. 1) to collect real-time ship video from the waters in the vicinity of the OWFs; 2)
to processes the collected ship video and picture information; 3) to set the relevant parameters; 4) to construct the train-
ing database from the collected video and AIS data; 5) to train the ship detection model using the YOLOv3 approach;
6) to map the ship location from videos into the physical world with the aid of binocular stereo vision and 7) to validates
and outputs the results. The details of those steps are introduced as follows.

Step 1: To train the ship classifier in the detection model, it is necessary to collect images of various types of ships
as samples. Live videos of ships can be captured at OWFs for ship labeling purposes. Then target ships used for training
were selected from the video, and five samples were taken every second to form the raw database. Additionally, AIS
data of the corresponding target was collected during the time of photographing to provide valuable information, such
as the ship's type and position, for subsequent ship marking.

Step 2: Deep training and hyper-parameter settings significantly affect the performance of YOLOv3. Therefore, this
step involves setting up the required parameters that are used in the YOLOv3 deep learning system. The camera's
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parameters are necessary for ship positioning. The internal parameter transforms the ship's position from pixel coordi-
nates to camera coordinates, and the external parameter transforms the ship's position from camera coordinates to
world coordinates. The internal and external camera parameters are obtained by simultaneously calibrating the left and
right cameras.

In addition, three parameters are used to evaluate the performance of learning: learning rate, momentum, and
decay. The learning rate determines how quickly the parameters move towards the optimal value and affects the mod-
el's effective tolerance capability. Momentum calculates the sliding average of the parameters continuously during
training to maintain stability. Decay is set to prevent overfitting.

Step 3: Establish the initial training samples for YOLO model training, which is used to obtain the object imaging
size in the port videos (i.e., generate a bounding box for each ship in the video). Before training, the ship pictures need
to be processed through annotation using an image annotation tool. In this study, each ship in the picture is selected,
and the corresponding AIS data is input to develop the database. The database includes the position coordinates of the
corners of the ship's box, as well as the width and height of the ship in the picture. In the training process, standard
techniques such as multi-scale training, data augmentation, and batch normalization are used to train the ship detector.

Figure 3 shows the training process of the YOLOv3 model, which consists of the backbone network, a convolutional
feature fusion network, and the decoding processing.

(ba2,52,33)
convolutional
feature fusion :
network [ i — Decoding
(batch_size,26,26,33)

(FPN)
(ba&,ﬁ,w,ﬁ)

Result

backbone
network
(DarkNet-53)

i Ship category
Input image +
(416,416)

ship confidence

Feature map

Figure 3. This is a figure describing the structure of the YOLOv3 model.

As shown in Figure 3, YOLOv3 uses DarkNet-53 networks for feature extraction. The algorithm includes 53 con-
volutional layers and 5 residual modules to extract the shallow features and semantic features of ship targets. In addi-
tion, to solve the gradient disappearance or explosion caused by the deep network structure, YOLOv3 uses deeper
feature extraction layers to extract feature information. Then, a convolutional Feature fusion network (FPN) uses to
enhance the sensitivity of small targets. At last, this study divides the input image into three grid scales to detecting
targets. a large scale of 13 row x13 columns for big target detection, a middle scale of 26 rowx26 columns to detect
middle target and a small scale of 52 rowx52 columns to detect small target. An example is given in Figure 4. As pre-
diction result, the YOLOv3 output the pixel coordinates of the detected ships, their category (e.g., general cargo ship,
container ship), and confidence level (how likely the detection is correct). This information is used to track and analyze
the movement of ships in the video frames.

(a) (b)

Figure 4. (a) This is a figure describing the prediction result of 13x13 scale; (b) This is a figure describing the prediction
result of 26x26 scale; (c) This is a figure describing the prediction result of 52x52 scale.
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Step 4: This research utilizes stereo vision technology to achieve ship positioning. Stereo vision is a technique that
involves detecting objects using two or more images. By simultaneously calibrating the left and right cameras, the in-
ternal and external parameters of both cameras can be determined. To obtain the position of the ship, the target coordi-
nates are mapped from the video to the physical world using imaging principles. This involves transforming the ship
position from pixel coordinates to world coordinates, see Figure 5.

Input image Input image
(left camera) (right camera)
YOLOv3 Matching
’ Left pixel coordinates ‘ Right pixel coordinates ’
f' u >
\ > ‘ Left image coordinates |

‘ Right image coordinates

l Camera position

| latitude, longitude

Figure 5. This is a figure describing the structure of the locating model.

This research realizes ship positioning with the help of stereo vision technology, the whole structure is shown in
Figure 5. The stereo vision is employed to infer objects from two or more images. By calibrating the left and right cam-
eras simultaneously, the internal and external parameters of the two cameras can be obtained. In order to capture the
position of the ship, the target coordinate is mapped from video into physical world with the support of imaging prin-
ciples (i.e., transformed ship position from pixel coordinate to world coordinate).

In the proposed system, the left pixel coordinate (s, Viere) is obtained after input image captured by the left
camera into YOLOv3. Meanwhile, the right pixel coordinate(u,igns, Trigne) is obtained after matching image captured
by right camera and left camera.

The pixel point is denoted by m = [u, v]”. The world point is denoted by M = [X,Y,Z]". We use X to denote the
augmented vector by adding 1 as the last element: i = [u, v, 1], M =1[X,Y,2,1]". The relationship between the world
point M and its pixel projection m is given by.

a vy U
sii = A[R T M, with A = [O B vo] 1)
0 0 1

Where s is an arbitrary scale factor, the extrinsic parameters(R,T) is the rotation and translation which related the
world coordinate system to the camera coordinate system, and A is the camera intrinsic matrix, with (uy, vy) the coor-
dinates of the principal point, @ and g the scale factorsin u and v axes, and y the parameter describing the skew of
the two axes.
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Figure 6. This is a figure describing the checkerboard calibration.

In order to obtain the relative position relations between any two coordinate systems, the rotation R and translation
T need to be acquired by calibrating the left and right cameras, simultaneously. This calibration process involves cap-
turing images of a checkerboard pattern at different orientations, as shown in Figure 6. The images are then processed
using the "Stereo Camera Calibrator" tool in MATLAB to obtain the camera parameters, including the rotation and
translation matrices.

As a result, the world coordinate [X,Y,Z]” of the ship is obtained. The latitude-longitude coordinate of the ship is
denoted by P = [Plan-tude, Plongitude]T can be formulated as follows:

P =Pcamera + [ﬂ )

T . . . .
Where P gmera = |[PEATRETE, Pfo‘}i’gfgfde] is the latitude-longitude coordinate of the camera.

4. Case study

4.1. Dataset and processing

In this experiment, our team collected a total of 1000 images of inland ships to form the MYSHIP dataset'. The
images were captured at Bay Park, Xiamen Bridge, and Gao Qi Wharf in Xiamen City, Fujian Province, and had a
resolution of either 1920x1080 or 2840x2160. Since training a convolutional neural network requires a considerable num-
ber of samples, we also added the SEASHIP dataset to our dataset. The SEASHIP dataset consists of a total of 7000
images with a resolution of 1920x1080. As shown in Table 1, the dataset is divided into six categories of ship: ore carriers,
bulk cargo carriers, general cargo ships, container ships, fishing boats, and passenger ships.

Table 1. This is a table shows the six typical ships in the sample set.

Ore carrier General cargo ship

e l HN'H""“
ok Prasatene »

T

1 1000 images of inland ships were captured at Bay Park, Xiamen Bridge, and Gao Qi Wharf in Xiamen City, Fujian

Province
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Bulk cargo carrier Fishing boat

Container ship

We divide the dataset into 3 parts: the training set, the validation set and the test set in the proportion 6:2:2. The
division of the dataset is shown in Table 2.

Table 2. This is a table shows the division of the dataset.

Number of samples Number of ships
Dataset
MYSHIP SEASHIP MYSHIP SEASHIP
Training set 600 4200 1334 4934
Validation set 200 1400 444 1610
Test set 200 1400 446 1669

Total 1000 7000 2224 8213
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4.2. Parameter setting

In this experiment, gopro camera is used to capture ship video and image data. The hardware parameters of the
camera are shown in the Table 3.

Table 3. This is a table shows the hardware parameters of the camera.

Parameter name Parameter Unit
wide-angle 135 °
Focal-length 534.31 1/mm

Principal-point (342.64,234.42) mm

The internal and external parameters of the two cameras are shown in the Table 4.

Table 4. This is a table shows the calibration parameters.

. Intrinsic Matrix Rotation Translation Distortion
Setting -
pixel m

534.31 0.00 342.64 1.00 1.00 1.00 1. 00 —0. 29 0 00

Left camera | 0.00 534.31 234.42 1.00 1.00 1.00 1.00 0.11 0 00
0.00 0.00 1.00 1.00 1.00 1.00 1.00 0.00

537.39 0.00 326.62][ 1.00 0.00 0.01 —99.72 -0.29 0 00

Right camera| 0.00 537.01 250.58{|—0.00 1.00 250.58 1.27 0.10 0 00
0.00 0.00 1.00 11-0.01 0.01 1.00 0.05 0.00

The experiments are carried out on a platform configured with 64G memory, an
Intel Core 19-12900kF CPU and a NVIDIA GeForce RTX 3090 Ti GPU for training and
testing. The system of the experiment platform is Windows 10.
The training parameters of our model are set as follows: an asynchronous stochastic gradient descent with a mo-
mentum term of 0.9 is used, the initial learning rate of the weight is 0.001, the learning change epochs is 0.0005, the
epoch is 1000.

4.3. Construction of training database

In this paper, we use the image annotation tool Labelimg to manually annotate the boxes of each ship in the images
(https: //github.com/tzutalin/labelimg). Labelimg is the most widely used image annotation tool for creating custom
datasets. Once the images are annotated, a .xml file is generated that contains the category of the ship, the position of
the corners of the ship's box, as well as the width and height of the ship. An example of the labeling process for the
ship's boxes is shown in Figure 7.

(@) (b)
Figure 7. (a) This is a figure describing the labeling of video; (b) This is a figure describing the labeling of video.

To prevent overfitting and improve target detection accuracy, data augmentation strategies were applied to the
images in the dataset, which increased sample diversity and improved the robustness of the model. In the experiment,
we use several augmentation techniques such as horizontal flipping, vertical flipping, random rotation, Mosaic, or cut-
out to enrich the training samples.


https://doi.org/10.20944/preprints202304.0401.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 April 2023 d0i:10.20944/preprints202304.0401.v1

4.4. Detection

Four video clips were collected to detect the effect of the model, and details for the video clips are shown in Table

Table 5. This is a table shows the details for the collected video clips.

No. Frame rate(fps) Image resolution Duration(s) Category Ship status
video#1 30 720x1280 150 Container ship Moving
video#2 30 2160x3840 60 Bulk cargo carrier ~ Static
video#3 30 2160x3840 480 Passenger ship Static

. Passenger ship Moving
video#4 30 2160x3840 60
Fishing boat Static

Video #1 shows a container ship in motion, with a frame rate of 30 per second (fps) and a duration of 150 seconds.
The image resolution for video #1 is 720x1280.

Video #2 and #3 were taken under similar conditions as video #1. Video #2 shows a static bulk cargo ship, while
video #3 shows a static passenger ship. Both videos have a frame rate of 30 fps, with video #2 having a duration of 60
seconds and video #3 having a duration of 480 seconds. The image resolution for video #2 and #3 is 2160x3840.

Video #4 involves a passenger ship in motion and a static fishing boat. It has a frame rate of 30 per second (fps) and
a duration of 60 seconds. The image resolution for video #1 is 2160x3840.

Typical samples for each video clip are shown in Figure 8.
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Figure 8. (a)This is a figure describing the typical detection results of ship category on the collected video #1; (b)This is a
figure describing the typical detection results of ship category on the collected video #2; (c)This is a figure describing the
typical detection results of ship category on the collected video #3; (d)This is a figure describing the typical detection
results of ship category on the collected video #4.

Figure 9 shows typical object detection results and the confidence of the results for each video. Specifically, Figure
9(a) to 9(d) demonstrate results for videos #1, #2, #3, and #4, respectively.
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Figure 9. (a)This is a figure describing the typical detection result of ship category and confidence of the collected video
#1; (b)This is a figure describing the typical detection result of ship category and confidence of the collected video #2;
(c)This is a figure describing the typical detection result of ship category and confidence of the collected video #3; (d)This
is a figure describing the typical detection result of ship category and confidence of the collected video #4;.

In most cases, the detection results given by proposed system are accurate. However, noted that the ships in the
lower left corner of Figure 9 (c) have not been detected, and the small ships in the distance in video#4(c) have not been
detected.

The details of the confidence level of ship detection are shown in the Table 6.

Table 6. This is a table shows the confidence results for the four videos.

No. Minimum confidence Maximum confidence Average confidence
Video#1 0.95 1.00 0.97
Video#2 0.99 1.00 0.99
Video#3 0.50 0.94 0.76
Video#4 0.53 0.84 0.72

In video #3, the minimum confidence level for detecting a ship is 0.50, while the maximum confidence level is 1.00
in videos #1 and #2. The average confidence level for ship detection across all videos is 0.72. The proposed system
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provided bounding box sizes (i.e., object detection results) that were close to the actual object sizes in most cases, demon-
strating satisfactory detection performance. As such, we believe that the proposed system is capable of successfully
detecting target objects in a typical offshore wind farm.

4.5. Location

Figure 10 shows typical object location results for each video, with Figure 10(a) to 10(d) demonstrating results for
videos #1, #2, #3, and #4, respectively. The figure may need to be partially enlarged to clearly see the accompanying text.

Figure 10. (a)This is a figure describing the typical detection and location result of the collected video #1.

Figure 10. (b)This is a figure describing the typical detection and location result of the collected video #2.

Figure 10. (c)This is a figure describing the typical detection and location result of the collected video #3.

T— “W—

- T

Figure 10. (d)This is a figure describing the typical detection and location result of the collected video #4.

The position distribution of the ships in the world coordinates were shown in Figure 11.
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(b)

(d)

Figure 11. (a)This is a figure shows the ship position distributions in world coordinates of the collected video #1; (b)This
is a figure shows the ship position distributions in world coordinates of the collected video #2; (c)This is a figure shows
the ship position distributions in world coordinates of the collected video #3; (d)This is a figure shows the ship position
distributions in world coordinates of the collected video #4.

Figure 11 depicts the real-world ship movement, represented by the blue point in each subplot. The curve is formed
by connecting the points that correspond to the ship's position in the video.

5. Validation

5.1. Detection validation

The experiment uses the YOLOv3 model to train and verify the two datasets, MYSHIP and SEASHIP, and considers
the detection capabilities of the model from the multiple evaluation indexes. To effectively evaluate the performance of
the network model, we selected the accuracy rate (P), recall rate (R), false alarm rate (F), miss alarm rate (M), and average

precision (AP) to assess the model's detection capability. The formulas for these metrics are as follows:
TP

TP + FP
TP

P =

F=——+—=1-P 3)

M=mpsn =1~
1

Asz P(R)dR
0

where:
True Positive (TP): correctly predicts positive samples as positive samples;
True Negative (TN): correctly predicts negative samples as negative samples;
False Positive (FP): incorrectly predicts negative samples as positive samples;
False Negative (FN): incorrectly predicts positive samples as negative samples;
We use these metrics to calculate the following performance metrics:
Accuracy rate (P): proportion of samples that are correctly detected in all test results.
Recall rate (R): proportion of actual positive samples that are correctly detected;
False alarm rate (F): proportion of negative samples that are incorrectly detected as positive samples;
Miss alarm rate (M): proportion of actual positive samples that are incorrectly detected as negative samples;
Average precision (AP): the integral value of the Precision Rate-Recall rate curve (P-R curve);
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By using these metrics, we can comprehensively evaluate the detection capability of the network model. The per-
formance of the model on the MYSHIP and SEASHIP dataset are shown in Table 7.

Table 7. This is a table shows the performance of the YOLOv3 model on the dataset.

Dataset Precision/% False/% Miss/% AP/%
MYSHIP 87.64 12.36 15.7 81.24
SEASHIP 89.23 10.77 10.07 89.67

Table 7 shows that the evaluation metrics of the YOLOv3 model are better on the SEASHIP dataset than on the
MYSHIP dataset. This suggests that the model performs better in identifying ships in the SEASHIP dataset. It's worth
noting that the system has high recognition accuracy and precision for ships in general. The MYSHIP dataset includes
more distant and overlapping ships, making identification more challenging. To validate the accuracy of the model's
predictions, we collected AIS data for the ships in the videos used for training and testing. This data provided accurate
information about the ship types and positions.

Table 8 displays the ship categories predicted by the proposed system and the corresponding AIS data. By com-
paring the two datasets, we can evaluate the accuracy of the model's predictions and determine any areas for improve-
ment.

Table 8. This is a table shows the ship category of proposed system results and AIS data.

Video #1 Video #2 Video #3 Video #4
Passenger shipx5 Fishing boat

System result Container ship General cargo ship . .
General cargo shipx2 Passenger ship

AlSdata  Container ship General cargo ship  Passenger shipx2  Passenger ship

Comparison with the AIS data indicates that the proposed system has a high accuracy in ship identification in
actual scenes. The system can even detect some ships that do not have AIS equipment, such as the passenger ships in
video #3 and the fishing boat in video #4. However, there are still some ships that the system fails to detect or misclas-
sifies.

These results suggest that the proposed system has good potential for use in real-world scenarios. However, further
improvements are needed to increase the accuracy of ship detection and classification. By analyzing the errors made by
the system, we can identify areas for improvement and refine the model to improve its overall performance.

5.2. Location validation

The AIS terminal of the ship transmits the position at a slower rate, typically once every 10 seconds or every 2
minutes, while the proposed system detects the ship at a frequency of 30 times per second. To evaluate the accuracy of
the proposed system's predictions, we extracted data for ships with AIS equipment from four videos and compared
their positioning results with the corresponding AIS data. By comparing the position differences and analyzing the
residual distribution, we can evaluate the accuracy of the proposed system's predictions and identify any areas for
improvement.
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Figure 12. the comparison between the AIS data and the system output result.

Figure 12 includes four subplots that compare the ship position distributions of the AIS data and the proposed
system's output results in video #1. The first subplot compares the ship positions predicted by the system with the ais
positions mentioned in the ais data. Due to the low frequency of ais, the data points obtained are significantly less than
the data provided by our system, in order to compare the error between the two more obviously, we connect the ais
data points and take the points on the connecting line to compare with the ship position predicted by our system. The
second subplot and the third subplot are the longitude and latitude errors of the two comparisons, respectively, and the
orange line represents the finite difference. The fourth subplot is a box plot of the longitude and latitude errors. Notably,
the route formed by the continuous positioning of the system in the figure closely matches the driving route connected
by the ship's AIS data. The residual distributions between the two indicate that the positioning accuracy of the system
is con-trolled at about 1/10000 of longitude and latitude.

Table 9 provides the typical locations of ships in the four videos that the proposed system analyzed, along with
their corresponding AIS data and the error between them. This data provides additional insights into the accuracy of
the proposed system's predictions and can be used to further refine the model.

Table 9. This is a table shows the comparison between the AIS data and the system output result.

Sample#1  Sample#2  Sample#3  Sample#4
System Longitude 118.0796 E  118.1074E  118.1081E  118.1117E
output Latitude 244806 N 245521 N 245466 N  24.5579N
AIS data(®) Longitude 118.07962 E  118.10737 E  118.10814 E  118.11169E
Latitude 2448064 N 24.55212N  24.54661 N  24.55791N
Error(* Longitude 0.00002 -0.00003 0.00004 -0.00001
Latitude 0.00004 0.00002 0.00001 0.00001

Based on the comparison between the system positioning and AIS positioning in the four videos, it is evident that
the system positioning accuracy is relatively high, the proposed system can achieve continuous tracking with an accu-

racy of +0. 0001°.
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6. Discussion

A ship detection and positioning system based on machine vision is proposed to monitor and identify ships around
the waters of offshore wind farms. As mentioned in Chapter 4, the proposed system has a high frequency, reaching
10fps. In terms of positioning accuracy, the results obtained by the proposed system can be accurate to 0. 0001°. Thus,
the system can be used to prevent of collisions between ships and OWFs. In addition, achieving 24-hour detection and
positioning of ships can reduce labor and management costs.

Compared with AIS, which is the most popular transmission detection method so far, the proposed system detects
in more scenarios because small fishing boats are not obliged to install the AIS system, and AIS can be shut off. However,
the proposed system is installed in the 24-hour monitoring camera outside the waters of the offshore wind farm, which
will not be closed due to ships. As mentioned in Chapter 4, compared with the AIS system, the proposed system has a
higher frequency, reaching 10fps. In terms of positioning accuracy, the results obtained by the proposed system can be
accurate to 10 meters.

However, the proposed system above also has shortcomings. Some ships may not be recognized due to their posi-
tion and orientation. When the ship drives independently and laterally, it is easy to be detected by the system. However,
when the ship is longitudinal and multiple ships overlap, the system may regard these ships as obstacles and ignore
them. For example, the ship in the video #3 has the lowest confidence, because among the ships detected by the system,
the ship with lower confidence is characterized by a longitudinal face to the camera. This orientation makes the charac-
teristics of the ship less obvious, so it is easy to be ignored by the system.

The solution is to add the labeled samples of each position and attitude of the ship to the training set. We will
collect more data to enrich the system database and train better classifiers in the following research.

7. Conclusions

This paper proposed a ship detection and positioning system based on the YOLOV3 algorithm and stereo vision
technologies, in which the framework and detailed methods used in this system are introduced. In addition, this study
suggests a novel concept of using AIS data as the training resource for model training, which ensure the feasibility of
using YOLOV3 and stereo vision algorithms in ship detection and tracking. By applying the proposed model in a real
ship case study validates the possibility of using the YOLOV3 algorithm to track and identify ships, while the stereo
vision algorithm is applied to locate ship positions. The benefit of the proposed system is that it can detect vessels
automatically, achieve real-time tracking and positioning. In future work, the accuracy of ship detection and locating
will be verified and the images of the ships in the MYSHIP dataset will be enriched to improve the training effect, for
instance, using AIS data. The proposed system not only eases the workload of OWF operators during CCTV monitoring
but also provides a possible way for ship traffic management in the water in the vicinity of OWFs. Moreover, the novel
system shares the idea of using machine vision technology for ship allision prevention. Based on the analysis of the
proposed system, further study can investigate applying the proposed system in ships to achieve situation forecasting.
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