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Summary

Autonomous ship navigation will play an important role in the future of marine
transportation systems. This dissertation proposal a human-in-the-loop decision-
making conversion model and a human-out-of-the-loop risk perception model,
provides the whole deep learning-based Generative Adversarial Network (GAN)
model with risk scenario image dataset generation, presents an image-based
situation awareness and a real Automatic Identification System (AIS) environment
description, construct an autonomous collision avoidance decision system using
deep reinforcement learning. Also approaches target detection with real navigation
images/videos, and end-to-end deep reinforcement learning training with a real
AIS navigation environment.

As shown in Fig.1.1, this study can be divided into two parts. The upper section is
data processing, including AIS data and image / video data processing, using the
data obtained by the sensors to identify obstacles and perceive the risk around the
ship navigation environment. The lower section is representation learning, which
is the autonomous decision-making process. Using the obtained data, it is
abstracted into a suitable mathematical model and described as the environmental
characteristics that the agent (own ship) can perceive. Approaches various deep
reinforcement learning algorithms as the core to make risk perception and collision
avoidance decisions: Use AIS data, combined with other data such as video,
images, and radar, to approximately describe the environment of ship navigation,
and use different evaluate methods to optimize decision performance. Our research
results showed that the decision neural network trained with AIS data has good
robustness and a high ability to collision avoidance or many other tasks.
Furthermore, instructive guidance for processing visible camera, radar, VHF, and
other training data types has been illustrated. It has important implications for the
realization of fully autonomous unmanned navigation.

AIS data: using historical AIS data to extract geographic location information
(Time, LAT, LON), encounter ships navigation state information (MMSI, SOG,
COG, Heading, Vessel type, etc.), in the order of time flow, presented on the
electronic chart, which can approximately describe the encounter state of the ship



navigation. Take the image (frame) of the electronic chart as the input of the
decision neural network and train the neural network. In future research, the author
will use the Gym-Gazebo package to describe the ship's navigation states more
accurately and achieve better decision-making results.

Image / Video: The cost of using cameras to obtain ship navigation data is
relatively low. Deep learning has made great achievements in the fields of image
recognition and target detection. Image-based environmental perception will
definitely play an important role in the future research of unmanned ships. In this
study, image data from a real ship bridge perspective was used to label the target
ship and obstacles, train a deep neural network, identify and perceive the ship
environment. The results obtained were higher than traditional methods.

Training Processing and Vision Perception: This study uses images (frames)
obtained by AIS data as input and trains a deep reinforcement learning network
(Deep-Q Network) to achieve end-to-end decision output. Deep reinforcement
learning requires strong computing power support. One of the goals of this
research includes the training of end-to-end decision networks for autonomous
ship navigation. More optimized input is necessary, so direct vision perception can
help make faster decisions.
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Chapter 1

Introduction

1.1 Background

1.1.1 Seafarer and navigation aids interaction

Equipment on modern ships requires internal and external information that helps
the Officer of the Watch (OOW) determine the current situation and make the
appropriate decisions, enabling ships to reach their destinations safely and
economically. The total shipborne equipment can be divided into two categories:
equipment such as GPS, compass, and logs, which can sense the state of navigation
of the ship; other devices such as radar, Automatic Identification System data (AIS),
Very High Frequency communication (VHF), and Camera, which sense the
surrounding environment and target the ship’s state. All kinds of equipment have
their own characteristics, and the OOW must consider several factors to engage in
decision-making according to the advantages, disadvantages, and credibility of
different equipment. On the one hand, ship navigation data is diversified, and rule-
based decision-making presents new challenges to the OOW. On the other hand,
the rise in computing capacity and the growing amount of data become conducive
to the development of autonomous navigation systems. Combined basic COLREG

rules and neural networks are the future developing tendency.

Humans can exhibit the most intuitive feelings concerning data such as images and
videos. Computers receive a significant amount of pixel information, and it can be
difficult for computers to form their own perceptions. The current focus of
convolutional neural networks is to identify a target and perform image
classification, and it can be difficult to determine the motion pattern of the target
ship. Menze and Geiger proposed a novel model and dataset for 3D scene flow

estimation, which can be applied for autonomous driving [1]. In the field of radar



target detection, methods such as those proposed by Nayyar et al. include a
System-on-a-Chip (SOC) that performs the initial steps of signal processing for
object detection on digital beat signals generated by multiple receive radar
channels [2]. However, as an analog signal input, the radar data can only roughly
determine the motion state of the target ship. It is easy to lose the target when there

1s an obstruction in the surrounding environment.

1.1.2 Different way to achieve collision avoidance

The seafarers using their experience and their excellent seamanship can make
appropriate decisions to avoid collisions. Ozoga and Montewka using a case study
to present a Multi-ARPA system on the basis of an algorithm, designating direct
hazards for the own ship in a heavily trafficked basins situation for numerous ships
[3]. Perera and Zhao et al. has discussed the application of deep learning in
autonomous ship navigation, which is a general framework to support the
navigation need to require some of the various maritime technologies, such as
situation awareness, collision avoidance, COLREGs etc. all of the ocean autonomy
levels need to be considered [4] [5]. Perera and Soares also from the internal
environment and Integrated Bridge Systems (IBS) discussed the collision risk and
quantification in ship navigation, illustrate that it is an important part of e-

navigation [6].

And there have other examples, Xiang and Zhang proposed an underwater robotic
vehicle intelligent risk analysis and critical decision [7]. Two-layer fault treatment
system including risk analysis subsystem and intelligent decision subsystem
proposed to enhance the onboard safety. Hou et al. presents an agent-based
communication called Vehicular fog computing, the authors conceive the idea of
utilizing vehicles as the infrastructures for communication and computation,
utilizes a collaborative multitude of end-user clients or near-user edge devices to
carry out communication and computation [8]. However, IBS also requires human
participation, seafarer interaction. At the current navigation stage, it can cover a

higher level of automation, and even continue to achieve shore-based remote



control through some methods, such as optimization collision avoidance

algorithms, but it cannot achieve fully autonomous unmanned navigation.

1.1.3 Modern approaches for risk perception

Recently, deep reinforcement learning in artificial intelligence has defeated human
champions in strategy games and Go competition, making related algorithms
applications widely used in other fields. Especially in the field of autonomous
transportation, situation awareness, risk perception and so on. Autonomous driving
requires a sequence of decision-making controls. For example, Jaradat et al. solved
the problem of mobile robot path planning in an unknown dynamic environment
[9]. This chapter approach has a high Hit rate and that the robot succeeded to reach
its target in a collision-free path. However, Q-table stores limited state, which is
feasible for simple environments, but for unknown dynamic environments,
searching will take a lot of time and it is difficult to satisfy the requirements of
collision avoidance operations. Duguleana and Mogan has the same problem issue
[10]. Li et al. explores unmanned free-flight traffic that may operate in dense
airspace [11]. The authors using deep reinforcement learning to compute

corrections to account for dense airspace.

Arel et al. and Chinchali et al. demonstrate multi-agent reinforcement-based
control over longest-queue-first governed isolated single-intersection traffic signal
control and multi-objective optimal control [12] [13]. Illustrate data-driven
strategies enable safe interaction, model identification, and dimensionality
reduction. Wang et al. Cheng and Zhang using deep reinforcement learning
obstacle avoidance decision-making (DRLOAD) algorithm solve the unmanned
ships collision avoidance in unknown environments|[14] [15]. The authors use the
combination of Long Short-Term Memory (LSTM) and deep reinforcement
learning to deal with the collision avoidance of dynamic unknown environments,
but this simulated unknown environment is still not a real navigation environment.
This chapter presents a real automatic identification data environment, combined

with a rule-based decision and a neural-based decision, and construct an
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autonomous collision avoidance decision system. The authors present a discussion
on the various training requirements and different training precisions for text data

and frame data.

1.2 Objectives

The objective of this study is that detect the ship's navigation environment by
different shipborne sensors, collect various navigation data sets (images / video,
AIS, radar, etc.), use the collected data to describe the ship state during navigation,
establish dynamic equations and mathematical models. A series of autonomous
decision-making processes such as end-to-end risk perception and collision

avoidance is implemented using deep reinforcement learning methods.

1.3 Methodology

These are the step conducting this work:

- Literature review and motivation.

Introduce the current situation of research on environment perception and
autonomous decision-making based on deep learning and reinforcement learning,
and introduce the motivation of this work.

- Data collection.

Collect actual raw AIS, images / video data, fake image data from generative model.
Using different data from sensors to describe the ship navigation state (for example:
collision, fire disaster, etc.)

- Experiment.

Use the adversarial generation network to create fake image data that is difficult to
obtain in reality navigation situation; labeling the image data obtained from the
perspective of the ship bridge, use the deep learning method to train a real-time
detection model, perceive the ship's navigation environment; use QGIS software to
visualize the AIS data, and then use the screen frame as the input, train our deep
reinforcement learning network using discrete actions as output, achieve intelligent

agent autonomous decision-making.
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1.4 Dissertation Structure

This dissertation detail has 7 chapters and is arranged as explained below. The

whole structure of each chapter shown as Fig.1.2.
Chapter 1 — Introduction

This chapter presents the whole research background, objective, methodology, the
summary of each chapter, the overall structure of the dissertation. The significance
of this study is introduced in terms of the interaction between seafarers and
navigation aids, the method of ship collision avoidance, and how to realize risk
perception. At this stage, the development direction of ships is automation and
unmanned navigation. Currently, many challenges are still being faced. However,
the accumulation of technology in various aspects is ready for achieve autonomous

ship navigation.
Chapter 2 — Human-in-the-loop decision and risk perception.

A risk perception and decision framework are proposed. The aim of this chapter is
to construct an unmanned ship swarms monitoring model to improve autonomous
decision-making efficiency and perception performance of unmanned ship
navigation, figure out the relationship between on-board decision-making (agent-
based) and shore side monitoring (human-in-the-loop). The process of ship data
detection, tracking, analysis and loss, and the application of decision-making
algorithm, discuss the different risk responses of specific unmanned ship types
under various latent hazard environments, particularly in terms of precise
conversion timing in switching over to remote control and full manual monitoring,
to ensure safe navigation when the capability of autonomous risk response
inadequate. This framework makes it easier to train data and the adjustment for
machine learning based risk prediction. It can be concluded that the automation
level can be increased and the workload of shore-based seafarers can be reduced

easily.
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Chapter 3 —Theoretical foundations and applications of deep reinforcement

learning

This chapter provides the theoretical foundations of deep reinforcement learning
(DRL), the autonomous decision-making architecture of unmanned vessel
navigation has been formulated. The main purpose of this chapter is to explain the
principles of Markov Decision Process (MDP) and DRL and their applications.
Show the advancement of mathematical methods in the ship transportation field
with relevance to collision avoidance scenario applications. Using this method
(reinforcement learning mathematical formalized by MDP), the appropriate action
order based on a seafarer’s experience not necessary. The model scores each step’s
reward by its action behavior and learns how to avoid obstacles by itself. By
deploying decision timing, state, reward, and digitizing the seafarer’s decision, a
reinforcement learning algorithm based on MDP has been established. In the
model training, under a single factor influence, the vessel tends to change course
with the best appropriate action behavior, which is almost consistent with decision-

making behavior based on actual experience at sea.
Chapter 4 — extend training images sets using generative adversarial nets

Throughout the doctoral phase, the data used in the research included real ocean
navigation image / video data and AIS data. This chapter mainly introduces another
data acquisition method: Generative Adversarial Networks (GANs) generation
method. This part solves two crucial problems in the unmanned ship navigation:
insufficient training data for neural networks and convergence of optimal actions
under discrete conditions. To achieve smart collision avoidance of unmanned ships
in various sea environments, first, this study proposes a collision avoidance
decision model based on a deep reinforcement learning method. Then, it utilizes
GANSs to generate enough realistic image training sets to train the decision model.
According to generative network learning, the conditional probability distribution
of ship maneuvers is learnt (action units). Subsequently, the decision system can

select a reasonable action to avoid the obstacles due to the discrete responses of

13



the generated model to different actions and achieve the effect of intelligent
collision avoidance. The experimental results showed that the generated target ship

image set can be used as the training set of decision neural networks.
Chapter 5 — Autonomous decision approach in a real AIS environment

This chapter applies the decision neural network training. The authors proposed a
real automatic identification system (AIS) environment, combined with a rule-
based decision and a neural-based decision, and construct an autonomous collision
avoidance decision system. Rule based decision-making has several applications
in the field of adaptive systems, expert systems, and decision support systems,
including automatic ship navigation. However, with the growing amount of data
and the expansion of some complex application scenarios, including automation
and unmanned situation requirements, it has become progressively challenging to
satisfy autonomous decision-making development requirements. In this chapter,
the authors examine the performance of decision neural networks under different
input types of AIS data. A discussion on the various training requirements and

different training precisions for text data and frame data has been presented.
Chapter 6 — Ocean target detection for perception-oriented ship navigation

In this chapter, a proprietary ocean dataset is proposed that uses deep learning
methods to achieve automatic ship classification and target recognition, especially
the risk perception of tiny targets. In recent years, the application of convolutional
backbone-based network in various fields has gradually increased. However, most
neural network algorithms and frameworks still use ImageNet, COCO, and other
public datasets to train and verify their accuracy, efficiency, and other performance.
Ocean targets have their own characteristics. For unmanned ship navigation, long-
distance targets, tiny targets, and large maneuverability gaps between different
targets should be considered. These factors have important evaluation value for
target detection and risk perception. Therefore, it is necessary to construct

proprietary dataset to design and train our ocean target detection model. In this
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study, the author use transfer learning to train and compare various neural network
models for ocean target classification, analyze the deep residual network and
YOLO v3 framework, implement real-time ocean target detection. Considering the
results of the analysis, the reliable risk perception capability, the performance, and
efficiency of the modified model by improving the actual collected ocean target
dataset can be verified. The proposed dataset and approach can be used for ship

autonomous navigation or assistant navigation.
Chapter 7 — Conclusion

This last chapter concludes with an explanation of the autonomous decision-
making level, unmanned ship navigation, visual-based target classification,
detection and deep reinforcement learning for risk perception oriented ship
navigation. How to use the collected data to describe the ship state during
navigation, establish dynamic equations and mathematical models. A series of
autonomous decision-making processes such as end-to-end risk perception and

collision avoidance are implemented using earlier mentioned methods.
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Chapter 2

Human-in-the-loop decision-making and risk
perception

2.1 Literature review and motivation

The study of autopilot aircraft and vehicles has entered a period of vigorous
development in the aviation and land transportation industries. Artificial
Intelligence (AI) has begun to play a major role in these industries [1]. The research
trend has been moving toward the conception of robotic vehicles capable of
making spontaneous and effective decisions in demanding or uncertain situations.
Considering the depression of the current shipping industry, optimizing and
adjusting the industrial structure is crucial, in cases where the over-head of
seafarer’s expenditure and crew company management account for a large part of
the payment. Unlike Unmanned Aerial Vehicles (UAVs) and unmanned vehicles,
unmanned ship swarms may have a higher superiority for certain ship types such

as regular container ships for certain voyages [2].

The real demanding circumstance of Vehicle to Everything (V2X) scenarios
demands the need of handling fully automatic driving, remote management
personnel in the state of surveillance, as well as any latent hazard requiring the car
(where there is the possibility of the driver being involved) to take their own
effective action at the critical instant. Undoubtedly, the current technical and legal
aspects are still facing enormous changes. Many difficulties must be overcome for
including fully automatic navigation in unmanned ship swarms, remote multi-
agent monitoring, and efficient transportation of goods. On the other hand, in
specific transport areas, under remote monitoring and perception, multi-agent
transportation is technically advanced [3]. Therefore, Autonomous Ship Swarms

Transportation is a very promising field of research for unmanned ships [4].
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The study objective of this chapter is unmanned container ship swarms. Container
ships, especially regular container ships, have characteristics such as standardized
operations schedule, high level of automation in the process of loading and
unloading of containers, and easy remote monitoring of goods condition. Upon
removal of the bridge, an unmanned container ship can expand its packing capacity,
improve enterprise business income, and reduce seafarer costs, in order to facilitate
the shipping of large-scale company cargo dispatch, resulting in significantly
improved efficiency [5]. Yang and Wang designed a fully automated loading and
unloading platform specifically for an unmanned container ship. When in a
specific terminal wharf, both sides of the ship can load and unload simultaneously,
thus improving ship loading and unloading efficiency, increasing wharf benefits
and reducing the stagnation time of ships in the anchorage, it also allows the
optimization of the port traffic flow [6]. Nonetheless, market factors determine the
research prospects of unmanned container ships. The container ship traffic is a
huge business, even considering that a tiny accident may cause immeasurable
disaster and loss. Therefore, it is necessary to construct the Autonomous Ship
Swarms monitoring model before proceeding with the technical details. The ship
itself has a limited ability to resist risks, especially under demanding or uncertain
environment. Therefore, the decision-making cycle by itself may not have
adequate capacity to avoid hazards. However, frequently invoking decision-
making resources from the expert system of shore station may cause remote
monitoring capacity insufficient, and shore-based monitoring seafarers may lead
to more human errors or other latent failures. Therefore, it is necessary to maintain
the resource balance between the decision-making cycle and the remote
monitoring of unmanned ships, thereby optimizing the structure of the decision

model.

Autonomous risk prediction and autonomous decision-making are genuine and
significant parts of the unmanned ship swarms monitoring model [7]. They are

effective ways to diminish the workload of shore-based seafarers, reduce human
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error and improve commercial interests, by maximizing the risk prediction ability

and risk avoidance decision-making of unmanned ships.

Even if the relationship between decision and maneuvering automation has already
been proposed, if high automation is selected for the action part, then designers
should resist the temptation of high automation levels of decision-making [8].
Even the real “noisiness” world always has some kind of unexpected situation
emerged [9]. The purpose of this chapter is to build an automatic decision cycle
model to improve the decision-making efficiency and safety performance of
unmanned ships. According to the previous assumptions, with unmanned container
ship response to various hazards, calculated training data and parameter
adjustment, the performance of automatic decision-making can be improved. The
situation of remote human intervention will then become less significant. When a
new uncertainty situation appears, original data tracking and analysis and handling
of data loss are required. In this case, the insufficient ability of automatically
respond to facing hazards will cause the model to shift to manual monitoring and

remote control to ensure safe navigation.

2.2 Autonomous decision-making level

Because the term “automation” has been used in many different ways, the British

Dictionary defines automation as:

- The use of methods for controlling industrial processes automatically, esp. by

electronically controlled systems, often reducing manpower.
- The extent to which a process is so controlled.

Autonomous decision-making should have a new implication, which the authors
defined as automaticity between the different decision-making cycles. Although
researchers have already described the conflict between high automation levels

and the automation of decision-making [8], their opinions are focused mainly on

21



high levels of automation, and do not considered the decision-making aspect
mistake. Moreover, "error-trapping" shows that lower link communication
automation can allow more action errors. When high automation is selected for
maneuvering, researchers should resist the temptation for high automation levels
of decision-making. Therefore, high levels should be executed only for low-risk
situation awareness; for all other situations, the level of automation decision should

not exceed the level of the computer suggesting a preferred alternative to controller.

On the other hand, with the improvement of machine learning algorithms, more
unlabeled data can be used, and more reliable automatic decision-making does not
require human intervention, considering mainly the concept of "human-centered
automation" re-understanding [10]. As there are two distinct centers (ship swarms
and shore expert station) for the autonomous decision-making of unmanned
container ship groups, and more decisions can be made by the cycle itself before
the "human-centered" is involved [11], the environment for automatic decision-

making has become easier.

2.2.1 The levels of autonomous decision-making

The basis for automatic decision-making must be based on a good automaticity
classification (see Table 2.1). From low to high, automated carry forward also
shows the development of ship automation decision-making process, which proves
that the direction towards automation is inevitable. It can be seen from the table
that the lowest level, level 1, is completely comprised of manual operations; the
second level of the decision-making system can provide all the decision options,
but at this level, the system doesn’t make its own decisions (data learning and
training process); The third level can optimize the selection and reduce the possible
decisions output (perception process); the fourth level can provide an optimal
decision-making program, but still cannot take action (optimization process); The
fifth level of decision-making is a conversion point, in which the system usually
needs to be agreed with the seafarer to take action, but this level of decision-

making is able to provide a decision-making operation by itself, so any level of
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automaticity higher than this can be considered as completely autonomous
decision-making. Note that the decision of the fifth level according to this table is
important for this chapter, as it is also a turning point for the ships own decision-
making cycle and shore-based decision-making. For decisions taken at a level
higher than this, such as the sixth level, the system can take action on its own, and
only part of the uncertain data is sent to the shore-based seafarer for record; for
seventh level and above decision-making, the system can recognize the timing of

conversion by itself, and take action, without human involvement.

Table 2.1 Automaticity selection by ship decision & shore-based monitoring

9 - Full decision making and take actions autonomously,
8 - Informs the seafarers if interrogated, or

7 + Conversiontiming permitted automatically, take maneuvering, or

6 - Autonomous decision making, data presented to the seafarers, and

5 - Executes the optimal action if the seafarers approve, or

4 « Presentan optimal solution automatically but no action,

Automaticity Levels

3 + Optimization options, compression all results, or

2 - The system offers a complete set of decision/action alternatives,

Low 1 - Seafarers take all decisions and Maneuvering

There is a problem that must be noted: when an unmanned container ship
encounters a totally new situation, automaticity can transit from a high level to a
lower level; thus, automaticity can change dynamically according to the ship
navigation. The following discussion of the different target ships for the object of

the decision-making will use this table 2.1 as standard to illustrate.

2.2.2 Markov Decision Process for target perception

In prior research [11], the authors used the Robot Operating System as a tool,
extended the Markov Decision-making (MDM) and supported the decision-
making methodologies based on Markov Decision Process (MDP) The aim of the
MDP is to provide an action set of decision-making for the on-board cycle. When

an action is executed, marine areas whose state changes according to a known

23



probability distribution, are converted to another state, and the probability
distribution is related to the actions performed. As shown in Fig.2.1, three different
target ships can be considered as three continuously changing MDP by detecting,
tracking, analyzing and losing. According to the data obtained from the sensors of
the ship (unmanned container ship), in order to observe the navigational status of
the target ships, the table 2.2 was obtained. MDP3 is a large-scale ship, and, as
such, the course of navigation is always within the scope of the own ships control,
and the target ship can be completely in accordance with the navigation rules and
decision-making procedures for collision avoidance or other actions; MDPI
indicates the course of the sailboat 1. Although the tracking process is blocked by
a large obstruction, the ship itself can be based on the heading course and speed
before disappearance, in order to speculate the state of sailboat 1, and for the
reappear to be verified; MDP2 illustrate the blockage of the sailboat by a large
obstruction, for example, due to fishing work or other unpredictable factors, which
led to the target disappearance from the control scope (loss state). In this situation,
wherein the system cannot be based on past data training or experience to get more
information, a shift to remote control to acquire the necessary expert support is the

best choice. o
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Table 2.2 Multiple Target Tracking in a Markov Decision Process (MDP)

MDPs | Targets name | Process 1 | Process 2 | Process 3 | Process 4 Process (n)
MDP 1 Sailboat 1 Detected | Tracking Loss Tracking Unknown
MDP 2 Sailboat 2 Detected | Tracking Loss Loss Tracking
MDP 3 Ro-ro ship Detected | Tracking | Tracking | Tracking Tracking

2.2.3 Target perception and decision-making

According to the previous scenario, the combination of the Table 2.1 and Fig.2.1

originates Fig.2.2 Because of the size, shape and speed different of the target ships,

divergent detectors may also obtain different data reliability. The level of

predictability varies, as the automaticity level is constantly unstable. According to

the Table 2.1, it can be concluded that there are nine different automaticity levels,

in different states, in which target ships have their own decision level. It can also

be concluded that Markov Decision Processes can produce decision-making cycles

of different automaticity levels decision-making under the closed ship itself, the

fifth level can be seen as a timing conversion standard, lower than fifth level leads

to the conversion to shore-based remote control, higher than fifth level belongs to

the on-board decision cycle.
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2.3 Adversarial decision cycles

The mainstream technology of auto-driving prediction and decision-making is
becoming clearer nowadays that machine learning is based on both deep learning
and reinforcement learning. However, machine learning needs large data to
achieve high performance and high reliability. It means that developers need to
install an automatic driving equipment in a large number of automatic ships, so
that the ships in the current operation can produce the required amount of data to
enrich the decision-making cycle in order for the amount of data to lead to an

improvement in the decision-making efficiency.

2.3.1 Unmanned ship decision cycles

Unmanned ship maneuvering cycle is generally divided into four main sections:
sensory detection, tracking & perception, decision-making and optimal action. The
model identifies the object from the environment, performs tracking and risk
recognition, makes decisions and takes effective action, and the effect of the action
is fed back into the environment to confirm the new position relationship. Consider
a decision cycle as shown in Fig.2.3 The external environment also constitutes a
part of the cycle, including the ships surrounding marine environment and the ships
own hardware environment. The decision-making stage is the link to the shore-
based remote control and ship swarms, so having decision-making as the end of
the cycle (human decision center automation), it is possible to build the

dependency relationship of the big decision-making cycle. It can be seen in Fig.2.4.

Sensory Tracking Decision Optimal
N & — . — .
Detection . Making Actions
Perception

<>

Circun- a @
stances
Feedback

Fig.2.3 An example of unmanned ship maneuvering cycle
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Fig.2.4 A flowchart of conversion timing optimization of decision-making

2.3.2 Autonomous decision process training

There are two main decision-making cycles of the unmanned ship: the first one is
on-board decision cycle, countless monomer decision-making cycle constitutes the
ship swarms; the second is a large group of ships and shore-based cycle. The
relation-ship between the two main sections is similar to the Generative
Adversarial Nets in deep unsupervised learning [12]. Ship swarms and shore
station center belong to two main bodies of confrontation. At first, the decision-
making cycle of a single ship is very small, and most of the decision-making cycle
needs shore support to complete. However, as unmanned training data increases,
due to the fact that the ships own decision-making capacity can be continuously
enhanced, high quality decisions can finally be achieved, being as good as shore
station seafarers would make. In this process, the workload of shore-based
seafarers is gradually reduced, and the ship swarms automatic decision-making

capacity is gradually increased.
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2.4 Summary

This chapter presented an automatic decision-making solution in extreme cases
where ships are rarely encountered in such complex situations when navigating in
open waters. In order to improve the decision-making efficiency of the unmanned
ship under remote control, it is needed to take into account this kind of situation in
the beginning of the system design. The authors first proposed automaticity
stratification, with the data accumulation of the on-board decision cycle, floating
up and down real-time assessment data training of the situation encountered.
Between the on-board decision and shore side monitoring of the adversarial
decision cycle model it is demonstrated that the conversion timing continuously
changes and always tends to on-board if the decision cycle can make decisions
similar to those of the seafarer's (expert system). This structural involved human-
in-the-loop, with the advantages of easier data train and parameter adjustment,
easier improvement of the automation level. It can reduce the workload of shore-

based crew significantly.
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Chapter 3

Theoretical foundations of reinforcement
learning

3.1 Literature review and motivation

In the past few decades, increasing attention has been paid to Markov decision
process (MDP) algorithms, partly due to the success of self-driving car research
using reinforcement learning methods. With the rapid development of automatic
control, the Internet of Things (IoT), big data, state awareness, telecommunication,
and other navigation technologies, the technical feasibility of smart ships has
increased broadly [1]. In particular, the unmanned vessel yet to be christened, Yara
Birkeland, 1s expected to begin its voyage in 2018 [2]. A large-scale merchant
transportation of unmanned vessels has obvious advantages. For example, a fleet
of unmanned container ships would maximize the capacity of storage space
through the exclusion of the bridge and living area for the on-board seafarers;

thereby maximizing the cargo volume and improving the transportation efficiency.

Moreover, many of the facilities on board serve the on-board seafarers, such as
life-saving equipment, firefighting apparatus, pollution prevention, and living
facilities. In the absence of seafarers, such equipment will not be required,
reducing the weight of the ship and energy consumption, lowering the construction
and operating costs, and increasing the ship’s cargo capacity. Moreover, the main
causes of maritime accidents are human-based factors, such as inadequate
decision-making, operational negligence, deficient emergency response, and other
seafarer factors. In an unmanned vessel, ship maneuvering is conducted primarily
through automatic decision-making and remote monitoring by personnel working
under better working conditions at a shoreside control station [3]. Thus, the impact

of human-based factors is reduced.
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However, the challenges are still many. One of the key problems of maritime
navigation is the current trend towards human-centered decision-making systems.
The process of seafarers maneuvering a ship at sea entails enacting the appropriate
decision-making procedures at the appropriate time. Reinforcement learning has
proven capable of developing learning models that are effective in planning [4].
Based on the complex maritime environment, it is observed that predetermination
1s the basic requirement to achieve safe navigation of unmanned vessels. This study
consists of three sections. The first section clarifies the concept of MDP, especially
focusing on how to use MDP to optimize the decision-making procedure under the
situation of no seafarer on the bridge. In the second section, using MDP to
formulate a mathematical model, the author classifies the different elements of the
navigation behavior state. The third section concludes this study by presenting an

algorithm for a very simple demonstration.

3.2 Mathematical Description of the Navigation State

Generally, in a vessel navigating at sea, the officer of the watch learns to recognize
the state of the navigation environment through equipment and his look-out
experience. The scenario in this study describes a case without any seafarers on
the bridge; therefore, the vessel only recognizes the surrounding environment with
devices such as radar, camera, and automatic identification system (AIS). Within
the scope of this study, the author assume that the data obtained by all other devices
has been integrated into a similar state framework (radar screen or electronic chart
display). As shown in Fig.3.1, a cross encounter situation has been constructed
between the vessel at the port side and the own ship. According to the International
Regulations for Preventing Collisions at Sea (COLREGS), the own ship has no
obligation to take an action to avoid the target vessel, but it should always pay
attention to the changing state. Further, there is an obstacle (oil rig) in front of the
starboard side of the own ship, and it needs to pass beyond a safe distance. This

constitutes one of the most common navigational environments at sea.
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Fig.3.1 Example shoes the state that own ship encounters an obstacle (target)

This state changes, based on the surrounding environment and the change of the
navigational state of the own ship. Each state change of the model requires a
decision that weighs the next safe action behavior and the risk probability of
exercising the action behavior. Therefore, the own ship must comprehensively
predict and decide for the action change of each state to determine the optimal
maneuver policy. There are two main ways to change the action behavior of the
own ship: change the course by steering (turn to port side ‘P’ or turn to starboard
side ‘S’) or change speed (accelerate ‘A’ or decelerate ‘D’). Due to the different
amplitude of each action change, it can be regarded as a discrete vector set, as well
as the entire control tensor consisting of the free combination of the two action

sets: T, = {A,D,P,S, AP, AS, DP, DS}.

In practical applications, ships can take more operations than this set. In order to
simplify the state description, the author only choose these combinations, and
stipulate that the actions of ship operation are discrete actions. Discrete actions

facilitate gradient calculation and make the function quickly converge.
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Fig.3.2 Example of the own ship encounters an obstacle state

3.3 Markov decision process

MDP are usually advantageous for approaching a wide range of optimization
problems solved through dynamic programming and reinforcement learning. It is
a class of stochastic sequential decision processes, in which the reward and
transition functions depend only on the current state of the model and the current
action [5]. With the mathematical framework of the navigation states constructed,
it can approach a simple model of completely autonomous decision-making based
on Markov processes, as shown in Fig. 2. The green and orange circles represent
the different states and actions, respectively. MDP show that there may be more
than one result per action in different states. For example, after the state S1 passes
the action a0, it may return to the previous state SO or change to the state S2.
Moreover, it is also possible to keep the current state S1 with nothing to change.
The number above the vector arrow represents the probability that the previous
state will shift to another state after the action. R, corresponding to the vector arrow,

is the reward need to observe.
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3.3.1 State Space

The decision state space, S, is the state of the unmanned navigation environment,
which is the combination of a vector set of the state, Py, and a vector set of the
dynamic change of external context, Q. Py = Py, Py, ..., By, describes the set
of actions, from act 1 to act m; while Q) = Q1, @2, ..., @ 1s the set of vectors
whose model takes a specific decision procedure to change the navigation state.
Therefore, the author obtain the formula S = (Px), @) P), where p is the
factorial of the set, i!, that describes the total summation of the most recent

situation. The decision state space can be described as

YElxi < x
Yn=0Yi <Y

G={Pw Q) P Xy 20 o
(P o) ) r=012,..,i @

m=012,..,i—1
t n=012,..,i

where y > 0 is the model within a time period (which may be a very short period

of time) for the amount of operations permitted.

The following four equations can be obtained from Py, Q,), and 7:

91={<(P(x)' Qwy 0)

i-1 _
motm =0l g 3
Zn:o Yn=10

0, describes the model with no change in the unmanned vessel’s maneuvers and
no change in the dynamic state of the external context for all the possible states.

Here, r=0.

92={((P(x)' Quwy 0

oz fer @
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6, describes a single change in the unmanned vessel’s maneuvers, but no
change in the external context. This situation rarely occurs. Thus, the index
weight will be relatively small.

0; =1 Py CQoy DI
3 {( * Y Z%:Oyn>0

ZimoXm = 0)} €ed (5

05 describes a single external context change. For instance, it may have
detected a new target that could have an impact on the own ship’s safety. The

model needs to continue to follow up the situation, sor =i.

94={<(P(x)’ Qoyp D

i-1
ZT:l:Oxm > 0 € 9‘ (6)
Zn:o Yn >0

0, describes the situation where a change occurs in both the unmanned
vessel’s maneuvers and the external context. This situation commonly occurs
in complex waters, and the model needs a continuous decision-making

process. Thus, the index weight will be relatively large.

Subsequently, 6 =6,U8,U0;U6f, . When the unmanned boat’s
performance limit y is a constant, 8 represents all the possible operational

decision states.

S = XinZoX; @
3.3.2 Action Set
For an unmanned vessel in the actual navigation process, from point A to point B,
the system's navigation environment variables may occur in the entire navigation
time interval [a, b]. In a safe navigation condition, the unmanned vessel does not

have to make any maneuvers to change the model's navigational state; the actual

decision-making time occurs only when the unmanned vessel encounters
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something affecting the safety of the navigation. Thus, the number of valid

environment variables is the number of the MDP model’s decision moments.

For the embedded MDP, it follows from the previous discussion that the effective

decision time can only be generated in the 6,, 6, decision state space, and the

set of ship operations that can be selected belongs to set 7.

({O}v SE 91
~ { (A,D,P,S,AP,AS, DP,DS},s €6,
5= {0}, seg, ®

{A,D,P,S,AP,AS,DP,DS}, s € 6,

3.3.3 Reward Function

It is assumed that the operating time interval of the unmanned vessel decision
model is a time series that follows an exponential distribution. For the state S

transferring to state S’ by action A, the mathematical expression is:

0, seEf,Ub,
r(s’ls,a) = {

[P rsotd(1—e i), s€ 0, ug, " )

where 75, is the reward generated by the traffic event occurrence of the action

th when the model is under the decision operation 8", and pg, is the

W
probability that the unmanned vessel in the §*" decision-making operation needs

to act upon the w'™ operation.
The MDP decision model based on a continuous timeline is now complete.

3.3.4 Environment Formulation

Maritime long-distance transportation vessels have great inertia, resulting in
difficult control. In the case of deceleration, the ship's power system may cause
damage, while frequent steering using the rudder could reduce the service life of

the steering gear and propeller. Therefore, to optimize maneuvering, this study
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introduces the Markov process, with safe navigation constraints, as an unmanned
vessel decision model. It integrates all the navigation data in a continuous decision-
making timeline for the action set T. In an avoidance scenario, the local reward
function not only needs to obtain the maximum value, but also needs to satisfy the
global process to get the maximum reward value. Thus, it needs to achieve the
purpose of optimizing navigation with less manipulation and obtain a larger reward
function value. It can continue to simplify the MDP model, through the Python
computer programming language, to build a simple marine collision avoidance

environment for simulation and authentication. {4,D, P, S, AP,AS,DP,DS}, s €6,

3.4 Decision-making training and analysis

3.4.1 Simplified Decision Algorithm

a : action

S : state

R : reward

P : probability

St+1~P( |St, at) St42~P( |St41, Ats1) St+3~P(: [St42,Ae42)

Sg—> at\i St41 > Apyp1 > St42—> Q42 T St43

/ Tt Tt+1 \ Tt42

¢ = argmaxq Q(st, 4; W) Gpyp = argmaxy Q(Se+2,a; W)

Apyq = ArgMaxg Q(se4q, 4; W)

T
Rt = Z Tt
T=t

>

Fig.3.3 Simplified single-target, single-task Markov trajectory process

The process shown in Fig.3.3 is a navigation situation usually encountered in a
seaborne ship. The own ship belongs to the original state from S0. According to

the changes in the surrounding environment, the model tries to bring up a series of
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simple action behavior a0. The model keeps changing the status of this ship until
a complete collision avoidance has been achieved and gives the state Sn. The
purpose of the decision-making algorithm is to try to give manipulation in the
process. It does not directly tell the model manipulation of right or wrong. Thus,
the model only scores a reward value by random action and makes the final global
reward Rt approach an optimal value. The Markov decision process algorithm are

as follows:

Initialize state S,

MP(S,a) « MP(S,a) + a[R + ymax MP(S',a’") — MP(S, a)],

S S,

until S is under the safe situation.

MP(S,a) for all possible values of the composition in S_A_table,

Pick a random action A from the original state and use the policy derived from
S A table,

S A table is State_Action_table,

Take action A, observer, S’.

In the above algorithm, o is the learning efficiency, y is the decay rate, MP(S’,a’)
is the true value, and MP(S, a) is the estimated value. In the model training of this
study, the author assume that the encountered scenario at sea is: according to the
navigation experience and collision avoidance rules (COLREGS), the appropriate
action behavior of an experienced officer of the watch is that if the “starboard five”
is held for 10 s, it can safely avoid obstacles at sea. Therefore, to simplify the flow
of demonstration algorithm, it can make a single-threaded simulation, where every
second there is an action behavior taken. The action behavior can be the same as
before the manipulation of this state, and only “turn to port five” or “starboard five”
types of steering action can be chosen. After setting the reward value gained by
different manipulative behaviors, the whole training process cannot interfere with

human factors. If the model is trained, it can perform the avoidance and steering
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operation around 10 actions, indicating that this method can be applied to the

unmanned vessel collision avoidance operations in a real offshore environment.

3.4.2 Training example and its results

After 20 iterations of model training, the author obtains the training results, as
shown in Fig.3.4 In the first training process, the model did not know which one
was suitable and could avoid the manipulation of obstacles. Therefore, it took 72
steps to achieve the aim of obstacle avoidance, which is not suitable for the
requirement of collision avoidance in a practical situation at sea. However, with
the increase in training times, especially after training 5 times, the model quickly
learned that if "starboard five" is the most effective action to avoid the obstacles in
front of it, the number of subsequent rudder steps is obviously cut back. Finally,
the model can be stabilized in about 10 steps, to complete the collision avoidance

manipulation.
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Fig.3.4 Training model results (approach 10 steps to avoid obstacles)
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Fig.3.5 Embody decision-making from the perspective of action selection

3.4.3 Steering action data analysis

Moreover, as the training times increase, the author can also obtain results as
shown in Fig.3.5. The abscissa axis in the figure is the number of steps performed
in one state, and the ordinate axis is the average of the probabilities for decision-
making. With the change of state, the decision made by the algorithm at the
beginning does not know whether turn to port or starboard can be obtained a
desirable outcome, but statistics of the results of 20 times training can be observed.
Generally, after five steps, the "starboard five" action has significantly improved
its probability compared to the "port five" decision, making it quicker to learn how
to avoid the obstacles in front of it. Therefore, it also proves that the vessel is
controlled to navigate safely, and the Markov processes-based autonomous
decision-making model is fully applicable to the unmanned vessel navigation at

sca.

3.5 Summary

This chapter present the theoretical foundations of reinforcement learning method

and formulated a Markov processes-based autonomous decision-making model to
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help an unmanned vessel achieve collision avoidance. Further, using a case study
constructed a simple common encounter environment, through the Python
programming language, for a "starboard five" action, while keeping a 10 s rudder
order to complete the obstacle avoidance action behavior that has training, which
1s known by officers of a watch’s experience. No human-based factors control the
model to avoid the obstacles. The model explores on its own, and according to
each step, gets the appropriate reward for choosing the best appropriate solution to

achieve the collision avoidance goal.
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Chapter 4

Extend dataset using generative adversarial
network

4.1 Literature review and motivation

Unmanned ocean transportation is sure to revolutionize maritime unmanned
navigation in the future. In October 2016, the Norwegian Maritime Administration
and the Norwegian Coastal Authority established the world's first autonomous ship
test zone in the Trondheim fiord as well as the Norwegian Forum for Autonomous
Ships. It marked the promotion of unmanned ship research to the national level in
Norway. In early December 2018, the "Suomenlinna II" polar passenger ferry
successfully crossed the test area near the port of Helsinki, under the unmanned
state, and passed the remote sea trial. The intelligent decision-making module is
the "brain" of unmanned ships. It involves various technologies such as route
optimization, risk warning, smart decision-making, and energy efficiency
management. It can make most decisions based on the external navigation
environment information, ship internal information, and shore-based support
information. For example, it can take excellent navigation decisions and send

control commands to the execution unit to make appropriate decisions [1].

Taking ship collision avoidance as an example, the intelligent decision-making
module obtains the actual navigation situation around the ship according to the
targets acquired by the radar, AIS, ship-borne infrared camera, visible light camera,
and other sensors and its fusion information, and conducts a risk information
analysis for the surrounding targets [2]. If there is a dangerous target, the collision
avoidance decision is made through the intelligent collision avoidance technology
combined with the current position, direction it is heading toward, and speed. The

instructions formed by the decision, such as changing the course and changing the
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speed, are sent to the rudder control system. In the process of collision avoidance
of ships, the information transmitted by multiple sensors and equipment is
continuously integrated, making sure the collision avoidance scheme is adjusted
in time [3]. The core of the current research is how the decision-making module
can satisfy the optimal navigational operations in all types of extreme offshore

environments.

Therefore, in the risk assessment and early warning research of unmanned ship
navigation, it is necessary to focus on the unmanned ship in complex navigation
conditions (such as ports, straits, canals, and other intensive waters), ship collision
avoidance and hydrometeorology, geographical environment, traffic situation, and
other issues. This research is based on ship sensor data acquisition and training
optimization of decision neural networks [4]. An intelligent risk warning model
and method suitable for unmanned ships under complex navigation conditions is

formed to approach real-time warning of ships [5].

In the intelligent decision-making research, an intelligent fusion correlation
analysis 1s carried out on static and dynamic targets and navigation conditions
around unmanned ships. Intelligent theories, such as deep learning, knowledge
base, and situation calculation, are applied. Research on ship navigation intelligent
decision theory based on ship navigation system information and shore-based
support information, break through the key technologies of ship autonomous
meteorological navigation technology. Technologies such as ship collision
avoidance, reef avoidance, anti-shelf integration, and smart processing of

navigation information support autonomous decision-making of ship navigation

[6].

To achieve intelligent collision avoidance function of unmanned ships in various
environments, a collision avoidance decision module based on deep reinforcement
learning is proposed to make autonomous decisions under various conditions [7].
In the Cyber confrontation game, the DeepMind team collects enough data for

training; however, in the real navigation environment, it is difficult to obtain data
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in a rich and varied nautical environment. In particular, various types of encounter
ships have different points of observation in different situations, and it is difficult
to predict their future path of navigation [8]. In the process of calculating the global
solution optimal solution, the decision model is difficult to differentiate due to the
discrete action as a result, the global optimal solution cannot converge. Therefore,
this study proposes a generative adversarial networks (GANs) model to solve the
problem of neural network training data, and the combination of GAN and deep
reinforcement learning to solve the convergence problem of optimal action under

discrete action unit conditions.

4.2 Generative adversarial network and its application

4.2.1 The principle of GAN

GAN is a new method proposed by Goodfellow et al. to train generated models [9].
The method of GAN includes the generation and discrimination of two
“adversarial” models. The generated model (G) is used to capture the data
distribution, and the discriminant model (D) is used to estimate the probability that
a sample is derived from real data rather than the generated data. Both the generator
and discriminator are common convolutional networks as well as fully connected
networks. The generator generates a sample from the stochastic vector, and the
discriminator discriminates between the generated sample and the real training set

sample.

This optimization process can be attributed to a two-player minimax game problem.
Both purposes can be achieved through a backpropagation method. A well-trained
generation network can transform any noise vector into a sample similar to the
training set. This noise can be seen as the encoding of the sample in a low
dimensional space. The generator generates meaningful data based on the
stochastic vectors. In contrast, the discriminator learns how to determine real and

generated data and then passes the learning experience to the generator, thereby,
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enabling the generator to generate more workable data based on the stochastic
vectors. Such a trained generator can have many uses; one of them being

environmental generation in automatic navigation.

A st r Various target ships with

\ / Stochastic vectors \ / Training set different background
llnput lRandom index t

Generator Fake Discriminator | Real / Fake Generated

Network - image Network | Accuracy 50% image

Fig.4.1 Applying GAN generate various target ships with different background

The specific process to obtain various target ships is shown in Fig.4.1 First, a few
stochastic vectors are fed as input in the generator network, and fake data are
subsequently generated by the generator. The aforementioned fake data can
correspond to a few ship states pictures or navigation data such as AIS data of a
nearby encounter of the given ship or the path planning data after the ship route is
updated. The author input the fake data to the discriminator, and the discriminator
determines whether the input data are real data or fake data generated by the
generator. The similarity between the generated data and the real data gradually
increases, then the discriminating ability required by the discriminator also
increases accordingly. Furthermore, the generator and the discriminator share a
mutually competitive and mutually adversarial equation. The generated data are
considered to sufficiently mirror real data, and therefore, the fake data input by the
generator appear sufficiently realistic. The approximate accuracy of the
discriminator in this case i1s 50%. This corresponds to the target ship image data

that are required in a critical sea environment.

4.2.2 GAN application examples

In the previous study, the authors proposed using the GAN to build an executable

method for maritime navigation route re-planning. The unmanned ship can
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independently generate new routes based on the environmental information around
the ship before any possible danger occurs and can even interrupt the remote
support. With the total generative time less than one second, the trained model
helps the ship avoid obstacle or any latent disaster. In addition, GAN is easy to
embed into the framework of reinforcement learning. For example, when using
deep reinforcement learning to solve collision avoidance problems, GAN can be
used to learn the conditional probability distribution of an action. The agent (own
ship) can select a reasonable route based on the response of the generated model

to different actions.

4.2.3 Global optimality of discrete actions

The mathematical equivalent of deep reinforcement learning can be considered as
Markov decision processes in discrete time defined by five factors (S, 'a', P, 't', y)
with a neural network instead of Q-value [10]. Here, S is the finite state space (state
set) in which the unmanned ship is located; a is the behavior decision space of the
unmanned ship; i.e., the set of all actions or reactions in a space in any state, for

example, the left rudder, right rudder, acceleration, deceleration, heeling, and

stopping, etc. Pa(S) = P(S'|S, a) , where P is a conditional probability indicating

that the unmanned ship reaches the next state under state s and action 'a'. The

probability of the state S', ra(S| S') is a reward function, which represents the

excitation obtained by the unmanned ship from the state S to the next state S' in
the case of action a. y €(0,1) is reward attenuation factor, the reward at the next

instant time t is attenuated using this factor.

In actual navigation practices, completing a collision avoidance process may
require different operational coordination methods. These operations are
incoherent and discrete. Further, the way different people respond to the same
event may be different. Generally, both the reward 't' and the attenuation function

‘“y’ are different. Thus, a method to converge an optimal global action group is
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required. This study will discuss the possibility of combining GAN and deep

reinforcement learning to solve this problem.

4.3 GAN method for generating training data sets

4.3.1 Conventional acquisition of target ship data set method

The acquisition of related target ship data is usually carried out at the position of
the ship's bridge. Here, it can observe the state of the target ship's navigation, and
then, photograph the target ship that will be encountered. The author carried out a
seven-day summer research voyage on the university training ship "FUKAE
MARU". A data set of a total of 4,000 images of valid target ships were obtained.
However, this is not enough for the training of neural recognition networks. The
target recognition and classification require a large number of data sets for both
training as well as target identification, if the positional posture of the target ship

1s to be perceived. Therefore, a new approach to get training data is needed.

4.3.2 Example of the GAN generate lifeboat image data

This section mainly demonstrates the use of the demo provided by Big-GAN, as
shown in Fig.4.2, which is the process of generating a lifeboat using GAN. In the
images obtained at different times in the generation process, the sea surface
appears in the image generated in Fig.4.2 a, and there are a group of fuzzy things
in the middle that cannot identify the object. In Fig.4.2 b, the orange upper body
and black rubber are common in the lifeboat. The hull, shown in Fig.4.2 c, is an
almost completed generated image, and our eye and training model can roughly
identify this as a lifeboat. The author can input different stochastic vectors and
combine the real data input by the discriminator to get a large number of high-
quality image data sets. As shown in Fig.4.3, it got three different types of lifeboats.
More importantly, the background of the lifeboat could also be changed to provide
a large amount of training data for our unsupervised decision model. It was

observed to be much richer than the target ship data collected from the real seas.
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a. GAN generating... b. GAN generating. .. ¢. GAN almost generated

Fig.4.2 Target ship image data-generating process

GAN-generated image 1 ~ GAN-generated image 2~ GAN-generated image 3
Fig.4.3 Example of generated lifeboats with different back-grounds

The most important part of this research is to obtain a data set of the target ship
with sufficiently high quality and quantity. As shown in Fig.4.4(Truncation: 0.14;
Noise_seed: 0), a portion of the entire large-scale lifeboat target image data set is
shown. These images were not taken by the camera and were generated entirely
from the GAN model. Using different truncation and noise_seed, our model could
generate various encounter situations at sea as shown in Fig.4.5 (Truncation: 0.28;
Noise_seed: 0)and Fig.4.6 (Truncation: 0.56; Noise seed: 0), as well as the various
forms possible for the target ship at the time of the encounter; including various
types of accidents such as collision, stranding, fire and loss of goods. The author
obtained the training data set for lifeboats, ocean liner data sets as shown in Fig.4.7
(Truncation: 0.10; Noise seed: 4) and Fig.4.8 (Truncation: 0.10; Noise seed: 8),

as well as data sets for various other types of marine moving targets.
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Fig.4.4 Large-scale data generated with different backgrounds. (Lifeboat)

According to different parameter settings (Truncation, Noise seed), it can get
different fake images. The real lifeboat image is used as the input of the
discriminator, the author can get the image of the lifeboat as the main target of the
images. If it is a fishing boat or other ocean floating objects, the author can also
get other similar target images. This pair of target detection tasks can greatly

expand the labeled samples and improve the detection accuracy.
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Fig.4.5 Large-scale data generated with different ship status. (Lifeboat)
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Fig.4.6 Lifeboat large-scale dataset (Lifeboat)
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As shown in Fig.4.4— Fig.4.6, the larger the truncation, the greater the diversity of
the generated samples. In fact, truncation controls the truncation distance of the
hidden variable distribution (generally Gaussian), which is the sampling range.
Therefore, it is not difficult to understand its role in diversity. As shown in Figures
7-8, the influence of the value of noise_seed on the generated result is the initial
condition of each sample generation, and the final result will be different, which
can be used to improve the generation diversity. When training image recognition
models of convolutional neural networks and decision models, such as deep
reinforcement learning, the quality of the input data considerably affects the effect
of the training results. The target image data set generated by GAN has the same
image size and image density, which can easily solve the problem of inconsistent
input data during the training process. In addition, the GAN model solves many of
the scene data that are difficult to obtain in a real navigation environment, making

it possible to use large-scale data entry for deep reinforcement learning.

Fig.4.7 Ocean liner Large-scale generated dataset (1)
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Fig.4.8 Ocean liner Large-scale generated dataset (2)
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4.4 GAN with policy gradient for optimize discrete actions

Although the number of variants of GAN and their versatility is increasing, their
adversarial-thinking has not changed. In other words, a discriminator that can
identify the real data and generate the data is added in the generation process, so
that the generator G and the discriminator D can compete with each other. The role
of D is to try to distinguish the real data and the generated data to improve the
generated data that can confuse D. When D can no longer separate the true and

false data, it is considered that G has reached a stable state.

The numerous advantages are summarized as follows:

- It can generate better samples;

- No need to make inferences about hidden variables during training;

- The model only uses backpropagation without the need for a Markov chain;

- G's parameter update does not come directly from the data sample, however,

uses backpropagation from D;

- In theory, as long as the differentiable function can be used to construct D

and G, it can be combined with deep neural network to make a deep-

generation model.
Part of the agent decision module to complete a collision avoidance evaluation
may require different action coordination. These discrete actions are difficult to
complete the mathematical differential operation; thus, it is necessary to find a way
to converge a global optimal action group. The last of the above advantages is
precisely its limitation. In discrete data, data are not continuous like image
processing and can be differentiated. Therefore, GAN cannot be realized for

discrete data.

As shown in Fig.4.9, when using the deep reinforcement learning model to solve
the optimal decision problem, GAN and deep reinforcement learning are combined
to select a reasonable global optimal action combination. In Fig4.9a, an adversarial
idea is portrayed, where real data from the sea environment plus generated data of

G are required to train D. However, from the content described in the related work
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section, the discrete output of G is obtained, which makes it difficult for D to return
a gradient to update G, and therefore, a few changes need to be made. As shown
in Fig4.9b, the value returned by the policy network is G. The existing dot is called
current state. The generated next dot operation is called action, because D needs to
be a complete sequence score. Thus, the Monte Carlo tree search (MCTYS) is used
to complete the various possibilities of each action. D rewards these complete
sequences, passes information back to G, and updates G by enhanced learning.
This 1s done to use the reinforcement learning method to train a generation network

that can generate the global action set.

Generator Sea
(G) Environment
Generate | l Real Data
a Discriminator (D)
b State (G)
) | — Monte
! R 2 | Carlo
Search
© o o o o - ‘
o o _ Policy
6 6 o6 6 o6 o ‘ Gradient

Global Reward (D)

Fig.4.9 Policy gradient convergence of discrete data
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4.5 Summary

This study uses the GAN method to implement a large number of generations of
decision model training data sets. In the generated data set, according to the
settings of the two parameters of truncation and noise seed, different target ship
image data can be obtained. Apart from the different positions of the target ship
and state data, the encounter situation of different backgrounds and scenes and
image data of various target ships under dangerous conditions are obtained. The
target ship image data set generated by the generative adversarial model is useful
to train the ship target recognition neural network under different environmental
backgrounds, however, for the ship's motion situation prediction, collision
avoidance decision, etc., it provided discontinuous data. At the time of processing,
GAN did not satisfy this demand. Therefore, this study combines GAN with the
idea of policy gradient in deep reinforcement learning, and a method for solving

the convergence problem of discrete global action set is creatively proposed.
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Chapter 5

Approach autonomous decision in a real AIS
environment

5.1 AIS data in collision avoidance

5.1.1 AIS Collision Avoidance Decision System

The purpose of the AIS design was to establish lines of communication between
two ships. Shipborne AIS is a global automatic identification system that can
transmit large amounts of information such as cross obstacles, weather resistance,
ship-to-shore, ship-to-ship information exchange, and close-range target displays.
The two ships know the dynamic state of each other and can determine the purpose
of the next navigation action before encountering that action. In addition to the
related studies on traffic flow forecasting based on ship freight laws, Felski et al.
presented results of AIS dynamic information with the highest integrity (position,
heading, and speed) and indicated that AIS data, as a powerful complement to
navigation aids, including a large amount of related information contained in the

data, can play a more powerful role in the future of e-Navigation [1].

To explore the ship collision avoidance decision-making mechanism in a large
range, the authors constructed a ship collision avoidance decision-making
technical scheme in a real AIS environment. The characteristics of AIS data make
it easy to exceed the limits of international navigation rules, and it is currently the
easiest to implement a combination of rule-based and neural network-based data
types. The authors also analyzed the superiority of AIS data for radar and ARPA
data, including the accuracy of AIS data. Moreover, the authors identify the key
problems that have long plagued the development of ship collision avoidance
decision technology and propose the idea of applying AIS to ship collision

avoidance decision systems. The mathematical model of the time collision risk and
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the space collision risk of the collision avoidance system in the AIS environment,
including its synthetic collision risk, are applied to various water bodies, including
vast waters, narrow waterways, and busy waters to facilitate the determination of

avoidance.

5.1.2 Rule and Neural Based Decision-Making System

Unmanned ships must have complete autonomous decision-making and intelligent
obstacle avoidance capabilities to ensure that unmanned ships can independently
perform midterm and long-term remote monitoring, detection, and information
gathering tasks. Autonomous decision-making and collision avoidance technology
is a key step in realizing highly intelligent and fully autonomous ship navigation.
Many research institutes have performed extensive and in-depth research on
intelligent ship collision avoidance systems. Figure 1 presents a self-determined
collision avoidance system for unmanned ships, which combines rules based and
neural based networks. Input data can include all existing sensor data and non-
sensor data. The rule-based decision section primarily combines some of the
research results of other studies, and most of the major decision-making
components are concentrated in the neural-based decision section. This chapter
presents a discussion on the regularization of AIS data before it is input as a
collision avoidance decision network. The explanations of other sensor data and

non-sensor data are concentrated in the discussion section below.

As can be observed from Fig.5.1, the AIS data must be cleaned in the rule-based
section. Then two types of data representations are obtained. The first
representation denotes text type data, which is used as the input to the neural-based
decision network, the other representation denotes the relative relationship
between the ship and the target ship on the image, and the image denotes the input

training decision on a neural network.
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Fig.5.1 Framework of combined rule and neural based network

5.1.3 Deep Reinforcement Learning for Collision Avoidance

Deep reinforcement learning examines the manner in which situations can be
mapped to actions so as to maximize a numerical reward signal. The agent is not
told which actions must be taken, but instead the agent discovers which action
yields the most reward by attempting different actions in the environment. In the
unmanned ship collision avoidance case, trial-and-error search and delayed reward

are the most important features.

Deep Q-Network (DQN) is an important algorithm for deep reinforcement learning.
It combines neural networks and Q-learning. The core of Q learning involves
transforming the value corresponding to each state and action into a Q table and
subsequently determining the same state in the Q table using the search method
and obtaining the most valuable action as an optimal action. The core of the DQN
algorithm involves replacing the Q table with a multi-layered neural network. This
avoids inefficient behavior wherein optimal actions are searched for in the Q table.
The collision avoidance problem is essentially a product of the agent's action and
the state's environment interaction, and so it is suitable for deep reinforcement

learning.
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5.2 AIS data processing

5.2.1 Traditional application of AIS

Note: The brightness of light in the legend represents the size of traffic flow. The

brighter areas represent greater traffic flow, the more congested the route.

Fig.5.2 Traffic flow planning and prediction (a)
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Note: This image from the US Coast Guard website. The dots in different colors

just represent different types of ships on the route.

Fig.5.2  Ship type and density analysis (b)
Fig.5.2 AIS traditional applications for VTS ship management

Data from: https://www.xyht.com/spatial-itgis/using-shipping-data-gis/
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Automatic identification system creates historical data, it generally used to shore
to ship communication services, manager traffic flow prediction, improved cargo
delivery efficiency are traditional applications of AIS data. As shown in Fig.5.2
can be clearly seen, the figure (a) shows the channels are relatively busy traffic
flow in a larger area. As shown in figure (b), through long-term data collection, the
location of ship types, accidents density, etc. can be determined. Traditional AIS
applications do not require very complex data structures, and many applications
only require the positioning and corresponding time of the ship. Even so, it is a
very difficult process in the AIS data cleansing and preprocessing phases. Zhao et
al. presents the dimensions of AIS data quality for error detection of AIS tracks,
including physical integrity, spatial logical integrity, and time accuracy [2]. AIS

traffic data mining research will present more applications in the future.

5.2.2 Segment Ship Domain with AIS Data

The concept of the ship domain was first mentioned by Fujii and Tanaka in the
article Traffic capacity, as shown in Fig5.3 [3]. Inspired by Goodwin in
determining the dimensions of a domain based on radar simulator performance,
the authors designed the following program [4]. Demarcate an area around the own
ship (red mark). If there are obstacles or other target ships entering the own ship
domain, the own ship must adopt the corresponding actions. This domain must
include a larger range in the heading direction. To facilitate neural network training,
the ship domain of this study is a circle with a radius of 2 nautical miles centered
on the own ship. The circle is divided into 36 parts, each of which has an angle of
10°. As shown in the figure, the target ship T1 enters the ship field and the target
ship T2 is nearing to make an entrance. The assumption made by our training
model is that if the target ship enters the ship domain, the own ship must take action.
If the target ship approaches the ship at 1.5 nautical miles, it means a collision will
occur and this training will end. The authors determined that the position, direction,

and speed of the ship, including the target ship, are derived from real AIS data.
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Fig.5.3 Mosaic AIS data with divided ship domain

By analyzing the AIS data from the Chengshantou vessel transportation service
center between July and September 2014, the authors draw the following
conclusions. The advantage of this training method is that the model is simple, and
it is theoretically easy to learn an effective collision avoidance operation in a
limited setting. However, the biggest disadvantage of this method is that the
amount of input data is large, and there are many invalid calculations. Each batch
of training needs to retrieve all the AIS data from the database for this time period.
The navigation dynamics of the target ship around the ship must then be obtained,
wasting considerable computational resources. Moreover, the ship can only learn
how to avoid collision with the surrounding target ship (Local optimization) and
cannot grasp the navigation of the entire voyage. The training result cannot or is

difficult to achieve the global optimal state.

5.2.3 Frame Motion and Moving States Processing

According to rule-based data processing, the author first uses QGIS to present the
data on the map. As shown in Fig.5.4, not only the position of the ship but also the

direction of the ship and the subsequent movement situation are required. So how
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do it determine the next movement of each ship? Frame motion is a limitation that
must overcome. The authors record the position of the ship for each frame and then
determine the relative motion relationship based on the difference in the next frame.
This method has become a possibility of using currently available GPU computing
resources. As shown in Fig.5.5, the image data obtained from QGTIS is centered on
the own AGENT, while the input image data of (RGB image size 120*120%*3) is
cropped, and resize it. Then the data is preprocessed. The authors only can choose
the selected image, the previous frame is subtracted from the previous frame, and
the change in matrix difference after each operation is collected. Linking the

frames separated by a certain time, it can determine the general movement of the

ship.
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Fig.5.4 Example of the AIS data with heading, ship domain and ship types
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Fig.5.5 (a) Frame No.1 Fig.5.5 (b) Frame No.2
Fig.5.5 (¢) Frame No.3 Fig.5.5 (d) Frame No.4
. : Cargo ship (Underway) . : Passenger vessel (Anchorage)

. : Passenger vessel (Underway)
. : Out of Coastal AIS Range

Fig.5.5 Sequent of the frame motion and moving state at the same area

Fig.5.6 presents an example of a target ship image data set that has been simplified.
The image data (RGB image size 80*80%*3) that the authors collected can be used
as a training sample, centered on the ship's agent. When the target ship appears 2

nautical miles away, it is considered safe. The human or any decision maker do not
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perform any action or just perform a random action; when the target ship appears
within 1.5 to 2 nautical miles, the decision-making model operate a series of
actions of the ship for learning purposes. When the target ship is more than 2
nautical miles away from the ship's position, a positive reward is provided to the
decision-making neural network. When a target ship appears within 1.5 nautical
miles, it indicates a training failure and provides a negative reward to the neural
network. This is the ship field method based on a rule-based decision and the

training method based on a combination of the neural-based decision network.

,_\r) : Cargo ship (Underway) ® . Passenger vessel (Anchorage)

N : Passenger vessel (Underway)
a* : Outof Coastal AIS Range

Fig.5.6 Training example of AIS image dataset
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5.3 Training decision neural network

5.3.1 Reinforcement Learning Architecture

There are many special optimization methods and policy choices for reinforcement
learning algorithms according to different application scenarios. Here, the authors
present a discussion on the specific implementation method, a general algorithm
called Deep Q-Network (DQN). The main practice of the DQN algorithm
corresponds to experience replay wherein the data obtained by the system
exploration environment is stored and the parameters are randomly sampled to
update the parameters of the deep neural network. The motivation for experience
replay is as follows: 1) A deep neural network as a supervised learning model
requires data to satisfy independent and identical distribution, 2) However, the
sample obtained by the Q Learning algorithm is related before and after. To ensure
that the data is not correlated, the experience replay method performs storage-

sampling.

Our agent operations (actions) include 7 types of actions, the action space is
{forward 10, forward 15, forward 20, port 5, port 10, starboard 5, starboard 10}.
In this chapter, the authors constructed a neural based decision network comprising
6 convolutional layers and 4 dense layers. The input data type includes QGIS
processed frame motion state images (RGB image size 80*80*3). In our case study,
the target network exhibits almost the same structure. The neural network is trained
to accept 7 actions with a defined reward. Our reward function is based on the
division of weights and angles of the own ship domain. The network uses a mini-
batch size of 64, trained with a learning rate of 0.001, and update steps comprising
10,000 steps.

5.3.2 Training Environment

According to the conditions of our laboratory, the authors have been configured

the corresponding training experimental environment as follows:

Training framework: PyTorch
GPU = GTX1080Ti & RTX2080
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Input Data = frame-by-frame motion image dataset
Input Size = 80*80*3

Output Results = duration times

Hyperparameter setting as follows:
BATCH_SIZE =128

GAMMA =0.999

EPS START =0.9

EPS_END =0.1

TARGET UPDATE =10
RANGE 1 = 6,000

RANGE 2 = 500,000

5.3.3 Training Results

Our training goal is to reach the destination safely from a starting point. According
to the set ship domain, the ship takes one of 9 actions that can be taken from a
corresponding safe distance. The collision avoidance is completed within a
reasonable and limited range of action (around 80 actions), the destination is

reached, and the agent ends the training.

The authors trained twice using our configured environment and the DQN decision
neural network, the first time training 6,000 times, and the second time training
50,000 times. As can be seen from Fig.5.7, with the progress of training, the action
taken by our agent (own ship) to complete collision avoidance is relatively large
and no robust. After randomizing the input image data, the training results obtained
are shown in Fig.5.8. After about 25,000 training times, our agent can basically
guarantee that the collision avoidance operation is completed within the

appropriate number of actions. And finally, the agent reaches their destination.
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5.4 Discussion

The authors collected historical AIS data is the real nautical environment. Such
data truly reflects the trajectory and movement state of target ships. The states of
these target ships are dynamic and most of their movement complies with the rules
of COLREGs. Therefore, the highlight of this chapter is the authors no longer need
to think about how to construct rule-based (COLREGs) collision avoidance
decision models using deep reinforcement learning. This chapter proposed a new
idea for handling decision neural network input data, it is different from any
traditional AIS data application. Whether it is ship dynamic data saved in a single
text format or image or video format data in frame-based units, this chapter
proposed method can handle such historical data by combining a rule-based
network and a neural-based network, make our input data diverse and large-scale
training. even in the case of a complex situation, it is still able to train smoothly

and make sure have a true scene.

With the rapid development of artificial intelligence, it seems obvious that the
neural network (neural-based decision-making network) can solve various
problems. However, in the process of improving the input efficiency of input data
and improving the training effect, combining rule-based decisions will produce
better results. In real ship navigation, no one can guarantee that all ships are
unmanned and that all ships can voyage in accordance with the COLREGs. In
future research, when processing radar data in frame-based units or VHF data
based on analog signals, the combined rule-based method and neural-based

method for data preprocessing will still have the advantages of guidance direction.

5.5 Summary

This chapter uses deep reinforcement learning to evaluate the performance of
decision-making efficiency under different AIS data input shapes. The results show

that the decision neural network trained with AIS data has good robustness and a
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high ability to achieve collision avoidance. The proposed new training data input
mode for risk perception and decision neural network. At present, the research of
deep reinforcement learning for navigation of autonomous ships also focuses on
the construction of models and the construction of simulation scenarios. The
authors use real AIS data and combines traditional concepts of ship domain, to
construct a collision avoidance decision neural network. The training results show
that the AIS data can be used as input data to the neural network, and then this
chapter using a hypothetical agent, to take action in a dynamic and rule-based
real sea navigation environment, eventually reach its destination. And pointed out
that in future further research (small targets such as fishing boats do not have AIS
equipment), using the same methodology, includes instructive guidance for
processing radar, camera, ENC, etc., respond to different risk perception tasks in

different scenarios. It has important implications for fully unmanned navigation.

The historical AIS data itself can integrate rule-based and neural-based data
properties. When using our trained perception model for future risk perception,
this model can not only calculate the appropriate collision avoidance decision-
making actions based on the outputs of the neural network but also predict the
possible state of the target ship and converge the actions of the own ship according
to the COLREGs. This data processing method can fundamentally abandon
seafarer participation and make it possible to achieve fully unmanned decision-
making. In the situation of seafarer absence, our model still can judge whether the
actions of the target ship comply with COLLEGs, it also can judge whether the

actions of the target ship have good seamanship.

5.6 References

[1] Felski A, Jaskolski K, Bany$ P. (2015): Comprehensive assessment of
automatic identification system (AIS) data application to anti-collision
manoeuvring. The Journal of Navigation, 68(4): 697-717.

71



[2] Zhao L, Shi G, Yang J. (2018): Ship trajectories pre-processing based on AIS
data. The Journal of Navigation, 71(5): 1210-1230.

[3] Fujii Y, Tanaka K. (1971): Traffic capacity. The Journal of navigation, 24(4):
543-552.

[4] Goodwin E M. (1975): A statistical study of ship domains. The Journal of
navigation, 28(3): 328-344.

72



Chapter 6

Ocean Target Detection for Risk Perception
Oriented Ship Navigation

6.1 Introduction

Autonomous ships, particularly unmanned ships, will play an important role in the
future of the global maritime transportation industry. Ocean-going ships possess
the characteristics of long line sight from the bridge, the fishing boat's trajectory is
difficult to predict, frequent communication with encounter ships or port
authorities in busy waters, and limited ship performance in restricted waters. For
the special ocean environment, a diverse and multi-scenario ocean target detection
dataset has a great significance for ship navigation, especially for ocean-going
autonomous ships, shore-based weak control unmanned ship, target detection
model with proprietary ocean dataset is necessary, a visual perception model and

decision strategy for risk perception is required.

On the night having complicated conditions, if the decision-maker is human, with
shipborne aid equipment and experience, it is relatively easy to recognize the
background light from the shore, ship signal light, or other light from the targets at
sea. In busy waters, in accordance with the relevant IMO regulations, ships must
follow the traffic separation scheme (TSS) if available; the human is responsible
for distinguishing between navigation lights or other light spots. Therefore, if the
decision-maker is intelligent agent, autonomous ships must be able to solve the
challenge faced by maritime transportation. They must distinguish the light from
the encounter ship, the light from the coastal background or the light from the

navigation beacon.

Compared with driverless cars on city roads, the environment of ship navigation

in open water is simpler. However, it also has its challenges, such as the detection
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of tiny fishing boat, which are easy to miss even by experienced seafarers. For
unmanned ship navigation or current manned assistance pilot systems, although
there is some detection equipment such as automatic identification system (AIS)
and radar, vision-based perception is still indispensable. These two main types of
sensors have limitations. For AIS, there are several targets in the navigation
environment without data feedback, such as some ocean construction and tiny
fishing boats that do not have AIS equipment installed. Some special-purpose
nautical moving targets also deliberately shield their AIS signals, such as warships.
On the other hand, radar signal is vulnerable to weather interference, and the effect
1s weakened. In addition, when there are large obstructions, it is easy to miss some

tiny targets blocked by large ones.

According to the nautical reality, for different navigational water areas, the visual-
based perception strategy is different. The detection characteristics for different

water areas are summarized in Table 6.1.

Table 6.1 Detection characteristics and strategies for different scenarios

Navigation Detection characteristics
area
Normal speed, simple encounter situation, few targets, drilling
Open sea platforms or other stationary ocean targets will appear in certain
areas.
Traffic Speed control, navigation light detection is particularly important,

separation many different ship types, Fishing boats, special operation ships are
intensive, many head-on encounter situations, attention background

scheme (TSS) lights from the coastal area
Speed control, fishing boat have different maneuverability, many
cross and takeover situation, visual perception is especially
important.
Speed control, navigation beacon colors are different according to
Canal water | different navigation areas, attention background lights from the shore
construction.

Fishing
operation

In general, visual target perception includes dynamic target detection, such as tiny
fishing boats, encounter ships, etc., static target detection such as navigation light,
beacon, etc., and navigable area detection. The purpose of this paper is to build a

proprietary dataset of ocean targets, use a deep learning method to detect real-time
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dynamic and static targets at sea, and implement risk perception for autonomous

ships navigation or assistant navigation.

Section 1 introduces the problems that may be encountered in the visual perception
of autonomous ships and the importance of building ocean target datasets. Section
2 reviews the current research status of ship detection and computer vision,
introduces the main classification neural network, and compares the accuracy and
parameter amount of each model. Section 3 compares the ocean target
classification performance with various neural networks and selects the training
model according to the ocean target characteristics, introduces the specific
methods and principles of deep residual learning. Section 4 is based on the dataset
collected in this study and the selected neural network framework to perform the
training experiments. Using the modified YOLO v3 model for target detection, the
author verified the accuracy and efficiency of the model with different strategies.
Section 5 discusses the training model and experimental results combined with a

real validation set. The conclusions are presented in Section 6.

6.2 Literature review

6.2.1 Ship visual perception tasks and motivations

For a ship's visual perception, most related research uses deep learning to evaluate
and imitate the seafarer's risk perception processing, which can represent
reasonable actions in similar scenarios in the case of unmanned or assisted
navigation. For example, Ping et al. focused on modeling subjective risk
perception by drivers using a deep learning method [1]. Integrating environmental
features with human risk perception dataset to model individual drivers’ subjective
risk perception. Kim et al. proposed a visual simultaneous localization and
mapping (SLAM) robotic area coverage problem and showed the results of a
hybrid simulation using synthetic images and real images in an autonomous

underwater hull inspection application [2]. Jeon et al. analyzed and optimized the
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delay from camera capture to its target detection module output [3]. Under the
premise of ensuring detection accuracy, optimizing the agent's risk perception is a
good direction to explore. However, research on large-scale ocean target detection

and risk perception from the perspective of the ship bridge is still not conclusive.

Crisp reviewed the Synthetic Aperture Radar (SAR) for detecting ships [4]. The
detection of ship wakes is addressed using a basic system of low-to-medium
resolution single-channel SAR images, and proposes improvements and
alternatives. Shen et al. proposed the detection and classification of ships based on
radiated noise, and the detection and classification are implemented by auditory
inspired convolutional neural networks trained from raw underwater acoustic
signals [5]. Noroozi used silhouette images to extract ship outline features, to
identify and classify ships, and silhouette images capture the main external ship
features [6]. The advantage is low consumption and quick training, but few training

samples lead to low generalization ability.

Tang et al., Zou et al. and Yang et al. proposed high-resolution optical satellite
images for automatic ship detection. The detection results are greatly affected by
weather conditions (such as clouds and waves) [7] [8] [9]. Higher resolution
creates a larger amount of data, and a longer distance captures a smaller target ship,
which makes processing more difficult. If it is used for autonomous ship navigation
or assist navigation, the real-time performance is insufficient, and the cost is high.
Barnum presents ship detection by high-frequency (HF) skywave backscatter over-
the-horizon radar (OTHR) [10]. It can achieve maximum sea clutter spectrum
purity and thus obtain a greater target signal-to-clutter ratio (SCR). However, the
OTHR has limited navigational assistance capabilities for long-distance ocean

navigation.

Fefilatyev et al., Wijnhoven et al. and Zhang et al. illustrate different methods, such
as online learning, from the buoy camera system, ships, and other non-fixed
platforms, to present visual marine surveillance [11, 12] [13] [14]. A new horizon

detection scheme has been developed for complex sea areas, which is helpful for
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the position and category perception of long-distance ship navigation. However,
for the aforementioned various practical problems of navigation, especially in
order to improve the detection accuracy and the ability of real-time perception, the
scale, categories, and application scenarios of marine datasets have not been

addressed yet.

In order to address these problems, the motivation of this study is threefold: the
first comprises nautical practice, constructing an ocean target environment using
our collected dataset; the second is ship classification, using the transfer learning
method to train the accuracy of various classification models, especially for the
classification of oil tankers and bulk carriers, which have similar features but
completely different maneuverability, the influence of shipwreck pollution also
differs. The author collect numerous ocean target data to improve classification
accuracy and help make appropriate collision avoidance decisions in dangerous
situations. The third is to avoid missing long-distance and tiny targets and have
multi-scene adaptability ocean target detection. Some appropriate strategies and a
training model based on a deep residual network have been selected to solve tiny
target detection insufficient and real-time perception insufficient for ship

navigation.

6.2.2. Deep learning-based target detection framework

For a deep learning-based target detection model, the mainstream current target
detection algorithms can be roughly divided into two categories: (1) Real-time
orientation, this type of detection algorithm does not require a region proposal
stage and directly generates objects through one stage. Fast output the class
probability and position coordinate, the typical models are YOLO, SSD, and
CornerNet [15] [16] [17]; (2) precision-oriented, this type of detection algorithm
divides the detection problem into two stages. The first stage is called region
proposals, which generates candidate regions that contain the approximate location
information of the target, and then the second stage classifies and refines the

candidate regions. These typical models are R-CNN, Fast R-CNN, and Faster R-
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CNN [18] [19]. The main performance indicators of the target detection model are
detection accuracy and efficiency, where accuracy considers the positioning and
classification accuracy of targets. In general, the precision-oriented model displays
an advantage in accuracy, while the real-time model has an advantage in speed.
However, with the development of research, both types of models are improved in
two aspects, and both can achieve better accuracy and speed results. The accuracy
of the YOLO algorithm does not exceed that of Faster R-CNN, but a tradeoff
between speed and accuracy. After many improvements, YOLO v3 not only
exhibits a certain accuracy, but also maintains a high training and detection speed.
YOLO v3 is favored in many tasks that require high edge computing and real-time

performance.

6.2.3. Current status of visual perception

Table 2 summarizes the achievements of the popular object detection algorithms
on the ImageNet dataset in recent years. Krizhevsky et al. proposed the early
classics of AlexNet in 2012 and Simonyan et al. laboratory present VGG models
are pioneering works, after various improvements, as many object detection
models have emerged [20] [21]. The research direction is to increase the number
of neural network layers while reducing the number of parameters for model
training weights. The latest research has increasingly focused on shrinking models
and reducing the parameters. It can be seen that there are MobileNet, Inception,
etc., but unfortunately, some sacrifices will be made in performance, such as
detection accuracy rate [22] [23]. The most famous miniaturization model is
EfficientNet, which was proposed by Google, it has only 66 M parameters, but it
can reach 97.10% recognition accuracy in the ImageNet dataset. It is close to the
current state of the art score. A detailed comparison is shown in Table 2. Among
them, the target detection deep residual learning method proposed by He et al., and
the series models constructed by ResNet have an important influence on
classification and target detection [24]. For example, the ResNeXt model,
DenseNet series models, and inception models of different versions [25] [26].

There is a clear improvement in the detection accuracy rate.
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Table 6.2 Comparison of Image classification performance on ImageNet.

MODE NAME TOP 1 ACCURACY TOP 5 ACCURACY PARAMS (M)
AlexNet 63.30% 84.60% 60.00
VGG-16 74.40% 91.90% 138.00
VGG-19 74.50% 92.00% 144.00
ResNet-50 81.20% 96.00% 25.00
ResNet-101 78.25% 93.95% 40.00
ResNet-152 79.10% 94.60% 60.00
ResNeXt-101 80.90% 95.60% 83.60
Inception ResNet V2 80.10% 95.10% 55.80
FixResNet-50 79.80% 94.90% 25.60
DenseNet-201 78.54% 94.46% 20.00
DenseNet-264 79.20% 94.71% 25.60
EfficientNet-L2 88.40% 98.70% 480.00
EfficientNet-B7 84.40% 97.10% 66.00
MobileNet-V2 72.56% 90.81% 3.34
Inception V1 69.80% 89.90% 5.00
Inception V2 74.80% 92.20% 11.20
Inception V3 78.80% 94.40% 23.80

6.3 Ocean target classification using a deep residual network

6.3.1 Vision based target detection process

Sort out the visual perception process: a. Camera input, b. Image preprocessing, c.

Neural network training and recognition, d. Multiple branches (traffic light

recognition, lane line recognition, 2D target recognition to 3D), e. Output results

(target type, distance, speed, course of detected target, etc.). Input ocean image

data from camera sensors and perform detection, classification, and segmentation

based on each frame calculation, and finally use multi-frame information for

calculation of multi-target tracking and perception, output-related results.
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The core of the above cycle is still a neural network. Its accuracy, training speed,
and hardware resource utilization are all indicators that need to be measured and
considered. Target detection is most likely to be falsely detected or missed, channel
line detection fitting. Some targets such as the navigation aid lights in the traffic
separation system are easy to cover in the background light or confused with the
encounter ship lights. The complex sea environment detection is difficult, and the
passing space boundary has a high accuracy rate and real-time detection. The ocean
target classification section of this paper mainly introduces the core methods and
features of deep residual learning, and makes relevant experimental comparisons,

verifying the classification performance of various models.

6.3.2 Introduction to a deep residual network

He et al. proposed a deep residual network (ResNet) in 2016 [24]. As the number
of network layers increases, the problems of gradient explosion and gradient
disappearance severely restrict the performance of the neural network. Researchers
have alleviated this problem to a certain extent by proposing methods including
batch normalization, but the network 1s still unable to attain the demand. The
phenomenon of gradient disappearance makes the network difficult to train.
Although the depth of the network is deepened, it is actually impossible to train
the network effectively. A network with insufficient training cannot only improve

performance but also reduce performance.

The author proposes the construction of identity mapping to solve above problem.
ResNet was won first in the classification task of the ImageNet competition in
2015, because it is "simple and practical". Subsequently, several methods were
established based on ResNet50 or ResNetl0l. ResNet is used in detection,
segmentation, identification, and other fields. It is also used in Alpha zero, thereby
highlighting the ease of usage aspect [27]. The sign of solving the above problem
is to increase the number of network layers, but the training error does not increase.
The purpose of ResNet is to solve the "degeneration" problem. The design of the

residual block makes it easy to learn identity mapping. Even if there are many
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blocks stacked, ResNet can make redundant blocks learn into identity mapping
without performance degradation. Therefore, the "actual depth" of the network is
determined during the training process, ResNet possesses the ability of depth

adaptation.

The following three characteristics can be summarized after using ResNet: 1. The
deep residual network does not have an advantage in model representation.
Therefore, ResNet cannot better characterize a certain aspect, but it allows a deeper
characterization of more models layer by layer. 2. The residual network makes the
operation of the feed-forward / backpropagation algorithm very smooth. It makes
it much easier to optimize deeper models. 3. The “shortcut” connections do not
generate additional parameters; it does not increase the complexity of the
calculation. Quick connect simply performs identity mapping and adds their output
to the output of the overlay. With the back-propagated method of stochastic
gradient descent (SGD), the entire network can still be trained as an end-to-end

model.

6.3.3. Comparison of ocean target classification tasks

Classification of targets based on visual perception is a simple task. In this study,
classification and cross-validation of classification was conducted for various
types of ships. Among these, the classification accuracy of oil tankers and large
bulk carriers attracted attention because they have many similarities in appearance,
but are vastly different in maneuverability and risk management ability. For
example, when there is a risk of collision or fire, the two types of ships cause
completely different degrees of damage to the ocean environment. In a real voyage
environment, it needs to have different decision-making strategies and operation

processing in risk assessment.

The author used ImageNet pre-trained models for transfer learning. In this study,
the annotated image data of oil tankers and bulk carriers were selected from our
ocean target dataset. Oil tankers and bulk carriers, respectively, include 854

training datasets and 350 verification datasets, a total of 2408. The models were
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initialized by the ImageNet classification models and then fine-tuned on the ocean
target dataset. The author experimented with training common models under the
same conditions. As shown in Fig. 6.1, considering the training time and accuracy
rate, at our data scale, ResNet18 achieved the best results. At the same time, it also
proves that the new network structure may not necessarily achieve good results on
our dataset, such as Ma et al. proposed Shufflenet v2, which is guided by the
memory access cost and platform characteristics [28]. In the classification training
task of ocean targets, the training speed and accuracy rate cannot be considered an

ideal model. The dataset and the code for our approach will be publicly available.
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6.4 Ocean tiny target detection experiment

In this section, the author have introduced our data sources, proposed the structure
and design of the training dataset provided innovative labeling strategies, and also
compared the training process and training results using a modified YOLO v3

model.

6.4.1 Data set structure design and detection strategy

Majority of the ocean target data is sourced from a ship bridge camera. The bridge
camera captures data, including the ship entering the port from Shanghai, Hong
Kong, Tokyo, New York, and other world-famous terminals as well as from the
Suez Canal, Panama Canal, and other highly reusable navigation scenes. Some of
the data used for ocean target classification comes from the practice and research
ship "Fukae Maru", which belongs to Kobe University, Mitsui O.S.K. Lines
container merchant shipping company, etc. It is also downloaded from the Internet.
In some special scenarios, such as some situations that have collision risk, data that
are difficult to obtain in a real navigation environment. Zhang et al. proposed a
new method that uses the generative adversarial network (GAN) model to create
image data for different navigation latent risk scenarios, which can greatly extend

the diversity of ocean target datasets [29].

As shown in Fig. 6.2., the ocean target dataset can be divided into four major
categories: ship types, ocean obstacles, coastal architecture, and navigation signs.
In addition, by adding a light spot and person, a total of 25 small categories, the
output classes only the categories in bold font in Fig. 2. In this study, the dataset
focuses on the ocean target classification and detection, regarding other tasks such
as segmentation, grasping the ship's motion situation, etc. This dataset is generally

a subset of the entire ocean navigation dataset.

The dataset used for the target detection model does not include all possible ship
types because rare ship types such as timber ships rarely appear in the dataset. For

long-distance target detection, our strategy is based on the actual distance of the
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target from the own ship. If the target is too far from the own ship, the author first
track it as a floating object. Then, with the distance closer, judge and subdivide
into different target categories, and then evaluate the risk of such targets. Our
classification criteria also include shore-based architectures. The light spots from
the shore architecture at night may adversely affect the detection target, so these
targets will also include our detection range. Some targets used to guide navigation,
such as lighthouse, but long-distance lighthouse is easy to hide in the background
noise, so a large number of labeled samples is required, which is one of the focuses
of this study. The night environment has a great influence on the image captured
by the camera, especially in harsh weather environments, so more labeled samples
in such extreme environments are needed. Light spot also adopts different
strategies according to the distance. If the light spot is far away, the first step is
locked and tracked in real-time, more precise classification according to the change
in distance, and then take appropriate decisions.

Ocean Target

\J v \ Y

Ship types Obstacles Navigation sign  25. person
1. own body — 2. floating object — 10. beacon (port)

16. fishing boat > 4. isle — 11. beacon (starboard)

17. high-speed craft [~ 5. mountain —® 12. navigation light (port)

18. tug —» 6. bridge — 13. navigation light (starboard)
19. tanker —% 14. lighthouse

20. bulk carrier Architecture Night scene

21. container ship —® 7. shore construction —% 3. light spot

22. general cargo ship [ 8. wharf

23. yacht — 9. container terminal

24. cruise ship — 15. breakwater

YYYYYYYYYY

Fig.6.2 Ocean targets dataset hierarchy. Leaf nodes correspond to 25 classes

Compared with the target classification strategy, labeled dataset deployed in
different files, the training model accesses the specified folder to obtain image
information, and read the position and size information of the corresponding

image's annotation frame simultaneously. The main folders include Annotations,
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ImageSets, and JPEGImages. Detailed information about the folder is provided in
Table 6.3.

Table 6.3 Annotated ocean target image set deployment

Folder name Characteristic

Annotations Label file for detection task, xml file format
ImageSets Store the split dataset, include train, val, test
JPEGImages Store image files in .jpg format

ImageSets folder store distribution files of datasets contains three subfolders:
Layout, Main, and Segmentation, where the Main folder stores dataset files for
classification and detection. As shown in Table 6.4, the dataset Train / validation /
test used for ocean target detection has a total of 1380 images. Each image contains
more than 1 and less than 45 target-labeling boxes, and a total of 8719 labeled
target box labels.

Table 6.4 Training samples description in the main folder

File name Description Images number
train.txt Image name for training 880
val.txt Image name for verification 200
trainval.txt train and val collection 1080
test.txt Image name for testing 300

6.4.2 Bounding box strategy and IoU for long-distance tiny target

As shown in Fig. 6.3, for some long-distance targets, there are not enough feature
descriptions to recognize whether the target belongs to a moving ship or a fixed
ocean obstacle. Yu et al. indicate that a public dataset such as MS COCO or
ImageNet is short of tiny targets, an effective Scale Match approach proposed that
aligns the object scales between two datasets for favorable tiny-object
representation [30]. In maritime practice, the distance changing causes the target
size to change greatly, and missing targets will cause unpredictable losses or
accidents. Bounding box strategies are necessary for target detection, and feature

extension should be marked to make the target easier to detect.
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Fig.6.3 Bounding box labeling strategy in task 1

Fig.6.4 Bounding box labeling strategy in task 2

The strategy of this study is to change the size of the bounding box to increase the
target feature. The target background in the ocean is usually monotone, changing
the bounding box size to obtain more features, obtaining the contrast between the
tiny target and ocean background, making it easy to detect tiny targets at long
distances. First, the author fix the dimensions of the input image and divide it into
same-size grids. The cells in each grid can output the target category and the
coordinates of the bounding box. The bounding box can be expressed by the

coordinates of the upper left corner of the box (x, y) and the width and height of



the rectangle (w, h). The input image is divided into the same size grid, and there
are many small cells. Check the center of the target in the image falls in, in which
the cell falls in which the cell is responsible for predicting this target. As shown in
Fig. 6.3, task 1 is the labeled image obtained by the normal labeling strategy. In
Fig. 6.4, task 2 is to intentionally increase the size of the bounding box, and it
obtain another labeling dataset. Finally, the author compares the training results
and evaluate the tiny target detection efficiency. In the training phase, if the target
center falls on this cell, the cell is labeled with the target's label (including x, y, w,
h, and class). In other words, by setting the training label in this way, the cell is
taught to predict the target in the image. In the test phase because the model has
been learned to predict the target that falls in the cell during the training phase, the
test phase is to compare whether the labeled box corresponds to the predicted cell.

If it corresponds, the predicted target is correct.

Fig.6.5 Example of intersection over union (IoU)

Target detection defines the intersection over union (IoU), as shown in Fig. 6.5.
The red box (target box) is the bounding box where the real target is located, and
the green box (anchor box) is that the bounding box slide in the image to predict
the size and position of the target, and IoU is the ratio of the area of overlap to the
area of union. As shown in formula 1.

_|B?n B9Y|

JoU=—>——" 1
Y = \Br U B

(1)
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Where B9t = (x9%, y9t, wIt, h9') is the ground truth, and B? = (x?,y?, wP, hP)
is the predicted box. The expression of IoU Loss can be written as formula 2:

|B? N B9Y|
Loy =1= 70—
|BP U B9t|

(2)

From the perspective of loU to solve the regression loss, its disadvantage is that
when two boxes do not intersect, L;,; is always 1 and cannot give a specific
optimization direction. L,y can solve this problem:

|C — BP U B9Y|

L =1-1oU+
GloU |C|

(3)

Where C represents the smallest rectangle containing two boxes, so that the
situation where the two boxes no intersection also can be optimized. However,
there is still a problem with L,y . When two boxes intersect, the Lgj,u
degenerates into a L;,;. As a result, optimization becomes very difficult when the
prediction box and ground truth box are included, especially in the horizontal and
vertical directions. Therefore, Zheng et al. mentioned method has been used.

Distance-IoU Loss as shown formula 4 [31].

p*(B?,BIt)

Lpioy = 1—1I0U + = (4)

Among them, BP and B9%in the loss function respectively represent the center
points of the anchor box and the target box, and represent the calculation of the
Euclidean distance between the two center points, and ¢ represents the diagonal
distance of the smallest rectangle that can cover both the anchor box and the target
box. Therefore, the normalized distance between the anchor box and the target box
1s modeled in DIoU, and the normalized distance between the anchor box and the

target box is directly minimized to achieve a faster convergence speed.

Advantages of Distance-IoU Loss: 1. Similar to the GIoU loss, the DIoU loss can
provide the movement direction for the bounding box when it does not overlap
with the target box. 2. The DIoU loss can directly minimize the distance between

two target boxes, so it converges much faster than the GloU loss. 3. For the case
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of two boxes in the horizontal and vertical directions, the DIoU loss can make the
regression loss drop very quickly, while the GIoU loss almost degenerates into the
IoU loss.

6.4.3 Model training using modified YOLO v3 framework

This experiment uses the YOLO v3 framework provided by Redmon et al. to train
the ocean target dataset. YOLO's backbone uses ResNet, and it can achieve real-
time target detection above 35 fps [32]. After the R-CNN becoming more and more
mature, the Yolo surpasses the master, which is inseparable from its high

performance and the use of regression ideas for target detection.

Yolo paper mentioned the following three advantages: 1. Yolo directly returns the
position and gives up a complicated framework; the detection efficiency is fast. 2.
Lower false detection rate from the background, Yolo will make predictions based
on the entire image information, while other sliding window detection frameworks
only infer based on partial image information. 3. The image features learned by
Yolo have good versatility. The author tried to use the natural picture dataset for
training, and used art works to make predictions, and Yolo's detection effect is

better.

The author use Darkenet as a benchmark. Except for changing the labeling strategy
of the bounding box size and the optimization techniques of IoU, the framework
contents of others remain unchanged. Train our dataset on GTX1080Ti, divided
into YOLO v3 original task, task1, task2 with different labeling strategies, DIoU-
Task 1, DIoU-Task 2 with different IoU optimization methods, a total of five

training tasks, a single training time of 94 — 118 h.

6.4.4 Target recognition model performance evaluation criterion

This section presents the ocean target detection performance and evaluation
criteria. Each model evaluates performance on the same "validation / test" dataset,
performance measurement uses various statistics such as accuracy, precision,

recall, etc. The selected statistics are usually for specific application scenarios and
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examples. The precision calculation is the correct sample number divided by the
total number. Recall is the correct number of data divided by the ground truth of
the positive data number. For each application scenario, it is important to choose a
fair-minded evaluation criterion that can objectively compare the model’s
performance. The most commonly used evaluation indicator in object detection is
the mean average precision (mAP). Each time an image is detected, whether it is a
positive or negative sample, the current precision and recall are calculated.
Suppose there are M positive examples in every N samples in the detection, then
M recall values (1 /M, 2/ M, ..., M/ M) will be recorded. For each recall value r,
corresponding to (r ™ r), the maximum precision can be calculated. Then, average
these max precisions to obtain the final AP value. In multi-class detection, the

average value of each class of AP is taken as mAP.

6.4.5 Training result verification and testing

Our dataset is divided into Task 1 and Task 2 training according to the different
labeling strategies of the bounding box. Fig. 6.6 shows a comparison of the loU
values of Task1 and Task 2 in the start and end stages of the training process. As
shown in Fig. 6.6, even if the author adopt different strategies for the labeling
strategy, it will not significantly impact the value of IoU, which proves that our

labeling strategy is desirable.

Because the background of ocean floating objects in most cases is a single color,
if viewed from the perspective of the ship bridge. The larger callout bounding box
can not only capture the characteristics of the target completely, but also maximize
the difference between the target and the background. Such a labeling strategy is

conducive to target detection.
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Fig.6.6 IoU distribution of task1 and task?2 in the start and end phases

Table 6.5 is a record result example of Task 2 at the end of training. From the data
in the table, a stable training process can be determined. The region number is the
index of the yolk layer in the configuration file, 82 represents the large target layer,
94 is the medium target layer, and 106 is the small target layer. “Avg loU” means
that in the current iteration, the average intersection ratio of the predicted box and
the marked box is as large as possible. The expected value is 1, which indicates
that our predicted bounding box and the manually marked bounding box
completely coincide. It can be seen from the table that in this training episode, our
predicted box IoU can reach 0.876829. “Class” indicates the classification
accuracy of the marked target, the larger the better, the expected value is 1, and the
average value of this experiment reaches 0.998109. “obj” represents the larger the
better, the expected value is 1. “No obj” indicates the smaller the better. “.5R”
represents recall, when threshold of IoU equal 0.5, where recall equal detected
positive samples divide by actual positive samples. “0.75R” is the recall when the

threshold of IoU is equal to 0.75. “Count” denotes the number of positive samples.
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Table 6.5 Task 2 records at the end of one training process

Layer index | Avg IoU Class Obj No Obj SR J5R | count
Region 82 0.946220 | 0.999843 | 0.999989 | 0.004368 | 1.000000 | 1.000000 5
Region 94 0.899563 | 0.999912 | 1.000000 | 0.000344 | 1.000000 | 1.000000 1
Region 106 0.740491 | 0.999787 | 0.968657 | 0.001200 | 0.925000 | 0.550000 | 40
Region 82 0.930161 | 0.999835 | 0.999949 | 0.005983 | 1.000000 | 1.000000 7
Region 94 0.933708 | 0.999955 | 1.000000 | 0.000669 | 1.000000 | 1.000000 3
Region 106 0.857121 | 0.999994 | 0.999160 | 0.001451 | 1.000000 | 0.875000 | 24
Region 82 0.939510 | 0.999820 | 0.999996 | 0.005817 | 1.000000 | 1.000000 7
Region 94 0.858488 | 0.999972 | 0.999820 | 0.000892 | 1.000000 | 1.000000 | 4

Region 106 0.834058 | 0.999828 | 0.991600 | 0.001622 | 1.000000 | 0.857143 | 42
Region 82 0.955714 | 0.999929 | 0.998747 | 0.005378 | 1.000000 | 1.000000 6
Region 94 0.844861 | 0.972345 | 0.998523 | 0.001829 | 1.000000 | 0.800000 | 10

Region 106 0.836841 | 0.999911 | 0.991464 | 0.001748 | 1.000000 | 0.914286 | 35
Region 82 0.900130 | 0.994027 | 0.999449 | 0.007208 | 1.000000 | 1.000000 6
Region 94 0.851039 | 0.996243 | 0.999997 | 0.000526 | 1.000000 | 1.000000 3

Region 106 0.828446 | 0.999544 | 0.996865 | 0.001547 | 1.000000 | 0.878788 | 33
Region 82 0.944598 | 0.999984 | 0.999986 | 0.003675 | 1.000000 | 1.000000 | 4
Region 94 0.849926 | 0.999944 | 0.999997 | 0.000733 | 1.000000 | 1.000000 | 4

Region 106 0.840797 | 0.999825 | 0.997381 | 0.001458 | 1.000000 | 0.914286 | 35
Region 82 0.952194 | 0.999667 | 0.999982 | 0.006621 | 1.000000 | 1.000000 7
Region 94 0.889266 | 0.999998 | 0.999917 | 0.001055 | 1.000000 | 1.000000 6

Region 106 0.780283 | 0.999941 | 0.998098 | 0.000890 | 0.920000 | 0.720000 | 25

As shown in Fig. 6.7, the abscissa represents the number of images tested. The
ordinate on the left is the number of sample targets in the test image, the orange
line represents the total number of targets, and the red line represents the number
of samples predicted correctly. The ordinate on the right represents the average
recall value. There will be some fluctuations when the number of samples is small,

but the value of recall will remain around 90% after becoming stable.
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Fig. 6.7 Task 2 test results for recall

Table 6.6 shows the training time and mAP values for different tasks. YOLO v3 is
the original framework training time and mAP obtained by randomly marking the
ocean target dataset, which is similar to the results obtained by Taskl1. Task 1 and
Task 2 due to different labeling strategies, it can be seen that the mAP obtained by
Task 2 is significantly higher than that of Task 1. Task1l and DIoU-Task 1 have the
same labeling strategy, and the training dataset is consistent. The training time is
shorter, but the accuracy is higher. The time spent on the five training sessions is
reduced according to the improvement of the IoU strategy. The training results
indicate that the mAP shows a linear change, indicating that our labeling strategy
and IoU improvement can help improve the efficiency and performance of ocean

tiny target detection.
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Table 6.6 Displaying the accuracy tradeoff on the mAP at .5 IoU metric.

Method YOLO v3 Task 1 Task 2 DIoU-Task 1 | DIoU-Task 2
Train time (h) 112 105 118 94 97
mAP-50 50.8 49.5 52.4 51.6 53.1

6.5 Consideration

6.5.1 Ocean target detection in different scenarios

The perception strategy of this study can be summarized as follows: ships are not
classified by category, but by their maneuverability and the risk level to their own
ship. When a tiny target appears in the distance, if the resolution is not clear, our
strategy is selected as a floating object, keeps tracking, and then updates the
detection result. The float object may be a small fishing boat, or it may be another
type of ship or a fixed obstacle. Shore architecture is divided into navigation aids
and obstacles, which are detected and perceived, respectively. Night lights are

divided into navigation lights, obstacle spots, and shore-based lights.

The classification of the dataset accounts for changes in the environment during
the night and day, which are likely to seriously impact visual perception. At night,
the navigation beacon and the lights on the fishing boat are easily confused, and
tiny targets in the vicinity are easily covered by large light sources in the distance.
The distance between the bow and the stern of a large ship is too long, and the
lights between the bow and stern are too far, which is easily considered to be two
scattered targets. In this study, ship wakes based on images and videos considered
whether a ship belongs to a high-speed ship, so as to appropriately increase its level
of risk perception. Human detection is easy to miss, but human safety is the
imperative at all times, which requires careful consideration. Therefore, when
designing our dataset structure, the author separated people into one category. (Yu
et al., 2020) [29] also mentioned that during the maritime rescue process, the
detection of people who fell into the water at a long distance, which provided new

ideas for the collection and training of tiny target datasets.
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Fig.6.8 The detection effect of small targets at long distances at night

Our ocean target dataset includes various scenes. As shown in Fig. 6.8, the port
lighting environment at night is complex, long-distance, and many tiny targets.
The dark light environment and over-exposure environment adversely affect target
detection. Our model was prepared to identify the light from the shore and the light
emitted by the floating objects near the shore.

not 10Nt spelig light spot plight sp|

s navigation light (starboard)

Fig.6.9 The recognition effect of the port and starboard lights
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The traffic separation system water area usually requires special attention to the
navigation lights and other floating objects lights nearby at night. As shown in Fig.
6.9, our training results can clearly distinguish the ship's target, navigation lights,
and lights from the coastal background. In particular, the identification of the port

and starboard navigation lights is clearly visible.

Fig.6.10 The ability to detect partially occluded objects is remarkable

In Fig.6.10, the tug that is not easy to find in the bow of the ship is detected.
Although only a part of the tug mast is exposed, the tug features learned by our
model ensure accurate recognition performance. In addition, on the shore with
complicated background noise in Fig.6.10, a partially blocked container ship can

also be detected.

When there is a lot of noise in the background, it is particularly easy to miss some
sea floating objects with similar characteristics. For example, as shown in Fig.6.10,
the feature of many buildings on the shore is similar to the shape of a container
ship, which has always been a difficult issue in target detection. Our model can

handle similar targets well and get correct detection results.
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Fig.6.11 The ability to detect small targets from complex background noise

As shown in Fig. 6.11, in the port or/and canal area, the traffic flow is complicated,
and there are many types of ships. In particular, the trajectory of the fishing boat
is difficult to predict, which requires the detection model to miss any possible
targets. Our model can locate targets in an environment with complex background
noise, as shown in Fig.6.11. On the right side, at the end of the breakwater,
lighthouses, which are important meaningful assistant architecture are still

detected. This is a great help for autonomous navigation and assisted navigation.

6.5.2 Improve end-to-end risk perception efficiency

Using camera images as the input, an intelligent agent to make appropriate
decisions and control, which can be regarded as an ideal end-to-end perception-
decision process. Camera data contain rich color information; therefore, it is
necessary to rely on computer vision technology for obstacle recognition,
navigation light detection, lane detection, and traffic sign detection. However,
there is a big difference between camera-based detection and other perception
equipment, which is distance. There is no meaning if the unmanned agent merely

has knowledge of an obstacle in front of it. The distance or 3D coordinates of the
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obstacle is required. This problem can be easily combatted using laser obstacle
detection because the laser itself contains distance information, but it is difficult to

calculate the distance using only the image information.
There are multiple methods for calculating distance information:

I.  Laser ranging. The principle aims to calculate the distance based on the laser
reflected back time. The distance calculated in this way is the most accurate.
Real-time detection of targets and automatic laser data fusion, and adaptive

capabilities are required.

II.  Monocular depth estimation. The principle is that using a monocular camera
image as input, a CNN model of depth estimation used for prediction, each
pixel depth as output. The advantage of this method is that the frequency can
be higher, but has a high estimated error.

III. Binocular distance measurements. The distance is calculated based on the
slight difference seen by the two lenses. The disadvantage is that the distance

error is large if the object is too far.

The main disadvantage of these methods is that structured light is greatly affected
by natural light, and it needs to be trained with neural networks in a large number
of nautical actual environments. For this, a large amount of real navigation datasets
is particularly important. In addition, a more accurate description of the
environment in which the intelligent agent is located is required, which is
significant for end-to-end risk perception. This research provides a feasible idea

for future research.

6.6 Summary

Our ocean target datasets were divided into two categories: 1. Various types of
ocean target datasets for identification and classification, where each image was

cut into a single target and saved; 2. Full view image / video datasets collected
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from ship bridge perspectives in ship actual navigation. This contributes to the
automatic classification of the targets of autonomous ships navigation, ship
navigation assistance systems, and tracking latent risk targets, especially for the
risk perception of the navigation status of ships, such as tiny targets. This study
uses transfer learning to train different models and obtain the classification
accuracy of the ocean targets. The detection efficiency of various neural network
models has been compared with respect to the model parameters, training accuracy,

and time consumption.

To detect long-distance tiny targets, different bounding boxes were designed. To
adapt to the characteristics of ocean targets, different classification strategies were
adopted. To achieve a faster convergence speed and minimize the normalized
distance between the anchor box and the target box, different intersection over
union loss functions were adopted. Using a deep residual network and modified
YOLO v3 target detection framework, the real-time detection efficiency of our
dataset has been implemented and verified. The performance and efficiency of the
target recognition model on the actual collected ocean target recognition dataset
has been improved. The author provided a relatively complete and reliable target

recognition capability for ship autonomous navigation or assistant navigation.
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Chapter 7

Conclusion

This work regards the unmanned ship as an intelligent agent that can autonomously
decision-making, observe and perceive the environment in which the ship
navigation at sea, and abstract the observed environment into a state, which is used
to train the decision-making neural network, the output is appropriate discrete
actions, then, realize the autonomy of the ship navigation. The focus of the research
is to use mathematics and computer tools to describe the environment of the ship
as abstractly as possible. As an observed state, the ship selects actions according
to the strategy function approximated by the designed neural network, obtains the
reward of environmental feedback, and then according to the transition probability
of the state obtain the next state, and iterative training obtains multiple trajectories.
Optimize this action strategy function so that the agent learns to make appropriate

actions in a similar sea environment.
1. Decision transfer.

Treat the ship as an intelligent agent that can independently decision-making.
According to the division of automaticity level, in all cases below level 5, all
decisions are made by the agent itself; If there are some special circumstances that
cannot be handled, in all aspects of ship decision-making (level 5 and above)
human-in-the-loop is designed to transfer the final decision-making to the shore-
based control center. The process of this research is mainly to minimize human
involvement and transfer more decision-making tasks to human-out-of-the-loop.

Chapters 1 and 2 complete the introduction and research.
2. Describe the environment (state).

The focus of this part is to use various sensors to perceive the real environment of

ship navigation. For example, using AIS to sense the navigation state of the
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encountering ship, using a camera to capture the surrounding tiny fishing boats,
and using radar to detect surrounding obstacles. Then, the perception tasks such as
the recognition of the targets in the surrounding environment of the ship, enable
our agents to describe the environment more accurately. In some special
circumstances, such as collision and other extreme situations, it is difficult to
obtain relevant data from real navigation environment. This study used GAN
method to generate such environmental image data to ensure that the agent has
more data to train the decision model. You can find the detailed implementation

process in Chapter 3.
3. Training decision-making neural network.

The principles and applications of the Markov decision process with Markov
properties are introduced. This study mainly uses QGIS software to visualize the
AIS data on the graphical interface, select the connected 4 frames of images as the
state space, constructing deep reinforcement learning model, give the reward
function by the distance to the terminal state, use a random strategy gradient, define
the discrete action space, training for decision-making neural networks. The 4th
chapter is the principle explanation and mathematical description, and the 5th

chapter is the implementation process using DQN model.
4. Target detection.

Use the real navigation data from the perspective of the ship bridge to train the
target ship classification neural network and the target detection neural network,
to improve the ship's ability of risk perception. This chapter 6 designs a unique
labeling strategy to better deal with the detection problem of long-distance targets
and tiny targets. In real nautical practice, the detection of tiny targets is very
important. If tiny targets such as small fishing boats are missed, it is easy to cause
dangerous accidents such as collisions etc. In addition, a more detailed perception

of the environment can enable faster end-to-end training.
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