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Abstract

Safe navigation of ships has always been emphasized along with human history, and for this purpose, rigorous
measuring equipment and advanced navigation technologies are developing contitmusiyer, accidents of

ships continue to occur, and among them, accidents due to the judgement from inexperienced ship crews occur
meaningfully. In addition, in the case of larger ships, the use of precision measuring instruments and the use of
professionapersonnel to make judgements on sea conditions as accurately as possible are attempted to sail the

ship safely.

In this study, a system for predicting the ocean environment using the rapidly developing machine learning method

was proposedn judging® a st at es, it is the captainbés main duty t
and based on this long experience, the winds and waves are classified as the Beaufort wind scale. The purpose of
this study is to choose and apply a suitable maclkim®ing method that can predict sea states with sufficient big

data, and to evaluate its effectiveness.

Initially, the applicability of machine learning was reviewed and the characteristics of the learning model were
identified through numerical graphicalave fields. Atempts were performed to identify the wave height of a
certain point for longcrested and shoedrested waves based on convolutional neural netWkous simulations

with image preprocessing techniques, neural network changes, fpgrameter tunings were conducted, while it

was difficult to improve the prediction accuracy. Though this, we tried to examine the applicability of machine

learning in identifying the sea state rather than the strict measurement.

Learning data was collectéddrm the actualite over a certain period of time. The imagegavebtained using a

camera in the southwestern area of Korea, and the sea states were obtained from the public data and a seabed
installed wave height meter. In single snapdbasted learningimple convolutional neural netwetlased learning

showed limitations. Therefore, the combined model with convolutional neural network and longeshort

memory was applied. In this case, when an appropriate data augmentation technique was utilierditogas

confirmed that the short videdip based prediction can be applied to the real ocean environment. The applicability

of this network was confirmed on images applied by artificially simulating the motion of a vessel, and to improve

this, corredbn and reprediction of the angle of view through image processing techniques were attempted.

Lastly, limitations of the present technique are arranged and possible solutions are intridadeition, the

initial application to real problems was parhed through prediction of images acquired from a ship in operation.

Keywords Ocean environmenprediction Machine learning; Convolutional neural network; Long stenn

memory;sequentialmages; Average wave height
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Chapter 1. Introduction

Ocean waveperiodically generate excessive kinetic energy and are directly exposed to ships or othexdwan
structures. Forecasting and measuring ocean conditions remain an intensely critical issue throughout human
history because the ocean environment has a w&ignif influence on aquaculture, marine transportation,
construction of coastal structures, and offshore structures. More precise estimations of the ocean environment
allow a safer and more reliable marine engineering for hunh\daier maritime accidents &t led to enactment

and revision to the Safety Of Life At Sea(SOLAS) is showRign 1.1

A QO D
,\\90 ONRCASCAC I LN

~

RMS ‘Titanic’

MF ‘Herald of Free
Enterprise’

MT ‘Amoco Cadiz’

Fig. 1.1.Major maritime accidents related to the enactment and revision of SOLAS

Marine accident status by type of accident and ship usage for five3@E82020) in Korea is listed iRig. 1.2

andFig. 1.3 Although they are arranged in terms of simple quantity, a large number of accidents are concentrated
on fishing boats. Also major accidents(crash, capsize, sinkage, and fire explosion) that ligesintkis account

for a large number of accidents. Even, technologies for accurately measuring and monitoring maritime information

have been developed continuously, there are lots of accidents nowadays and most accidents are occurred in small

ships. Smals hi ps do not have expensive instruments or moni

experience for sailing.



e N
boat ® Crash

m Capsize

el = Sinkage
boat

= Fire explosion

ug boat . W Safety accidents

= Contact

cargo . B Stranded

ship m Engine failure
B Floater winding

oil tanker . m Obstruction of vessel operation

B Marine pollution

ferry [J] m Flooding
B Steering gear damage

;’}Tlll};; - ® Propulsion shaft damage
= Others

0 2000 4000 6000 8000 10000

Number of accidents

Fig. 1.2.Marine accident status by the type of accident in Korea (2028).

W fishing boat
M leisure boat
M tug boat

[ cargo ship
M oil tanker

W ferry
W other ships

Fig. 1.3. Marine accident status by ship usag&area (20162020).



Various wave height gauges, which can be categorized into pressure, ultrasonic, microwave, and probe types,
have been steadily developed over the years. Furthermore, advanced instruments such as the acoustic Doppler
current profiler (ABCP), crosscorrelation velocity profiler, and coherent Doppler velocity profiler have been
installed near coastal lines worldwid#.[ The observations were carried out using moored buoys, automatic
weather stations on lighthouse, research vessels, aadtations of oceanimeteorological observationg,[3.

An image posprocessing technique with multiple vision cameras for wave height measuring has been applied in

a few studies 4i 7]. Although measuring instruments and corresponding technologies beare steadily
developed over the years, the accuracy and consistency of the measured data still need to be improved. The
installation cost of oceanic instruments is relatively high, and the maintenance of these devices is considerably
difficult in harsh oean environments.

Meanwhile, since the pioneering studies by McCulloch and Bjtejd Rosenblat], artificial neural networks
(ANNSs) have shown remarkable improvemestame historical events are showifrig. 14. Considerable efforts

on neurahetworks have led ANNSs into the deep learning sta§e1]. The max pooling algorithm was designed

in 2011, and a convolution neural network (CNN), comprising the activation functions of ReLU, overlapping
pooling, local response normalization, dropould @ata augmentation, was introduced in 2Q12. [Artificial
intelligence was achieved worldwide recognition in 2016 through the Google Deepmind ChallengelBatch [
14]. Artificial intelligence first emerged during the 1940s, followed by the machineifepera in the 1980s, with
neural networks moving into the deep learning phase after 2011. LeCun ] @lofnprehensively explained
important developments in this fiel@ihe exclusive summary on artificial intelligence development is ligted
Table 1.1.

Deep Neural Network
(Pretraining)
Multi-layered m
XOR Perceptron
ADALINE (Backpropagation) m
Perceptron

Golden Age Dark Age (“Al Winter”)
X N
Electronic Brain

1943 1957 1960 1969 1986 1995 2006 | 2012

1980 1990 2000 2010

~
91 K u‘ 26 2f
1
y =
4 - =~ " rS
S. McCulloch - W. Pitts F. Rosenblatt B. Widrow - M. Hoff D. Rumelhart - G. Hinton - R. Wiliams V. Vapnik - C. Cortes G Hmton o Ruslan
? %{ (? : — FOWArd Activity ———fp
) Al ‘ Lo l ‘ . e o
/ \ \ / 1A [OROROXC €— Backward Eror = =

« Adjustable Weights « Learnable Weights and Threshold + XOR Problem + Solution to nonlinearly separable problems  + Limitations of learning prior knowledge * Hierarchical feature Learning
* Weights are not Leamed * Big computation, local optima and overfitting + Kemel function: Human Intervention

Fig. 14. Historical achievements in artificial intelligenp3].
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Applications of artificial intelligence in fluid dynamics, coastal engineering, ocean engineering, and oceanography
have been well summarized in several articlés 19]. Performanceredictions and fault detections on ships or
offshore structures have also been conducted using several machine learning sti&fes particular, there

have been some attempts to predict the wave characteristics using artificial intelligendsgmetural networks

and support vector machines (SVM23[30]. In measurement of sea surface height by a satellite radar altimeter,
machine learning techniques were utilized in reducing the sea stat8bd.[This approach allows for more
accurate stimation of sea state bias with significant wave height and wind speed. The CNN algorithm has recently
been applied to wave estimation. Liu et 8B][predicted the wave heights and periods in-tiimensional wave
flumes. Three different sea conditiorspilling breaking, plunging breaking, and unbroken) were classified and
predicted by Buscombe et aB4].

Table 11. Exclusive summary on artificial intelligence development.

Period Explanation

1940s The beginning of neural networks (electronic brain)

1950s and 1960s The first golden age of neural network (percep}

1970s The winter of neural networks (XOR problem)

1980s Renewed enthusiasm (mulélyered perceptron, backpropagation)

1990s Subfield of radial basis function networks was developed

2000s The power of neural networks ensembles & support vector maishapparent

2006 Hinton presents the Deep Belief Network(DBN)

2009 Deep Recurrent Neural Network

2010 Convolutional Deep Belief Network (CDBN)

2011 Max-pooling CDBN

2012 ILSVRC(ImageNet Large Scale Visual Recognition Challenge) winner using CNN
2016 AlphaGO issue

In 2021, the most recent, many predictive studies on the marine environment using machine learning were
performed.Ocean data classification was conducted in US using unsupervised machine learning for planning
hybrid wavewind offshore energy devicg85]. A study for transformation to nearshore wave from global wave
data using the combined model, ANN and Group mettiathta handling(GMDH), was conducted at a certain

port of Japarj29]. Coastal zone significant wave height prediction by supervised machine learning of ANN and
decision tree model was also condudt&@. A remarkable research on the nowcasting using géimermodels

of radar was conducted in UB6]. The deep generative model for the probabilistic nowcasting of precipitation

from radar was developedhich is shown irFig. 1.5 The wave field is around the UK, 1536&1280km, and
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the forecasting was condted for further 20 minutesThe prediction result showed the improvement forecast

guality compared to the traditional numerical simulation.

Temporal consistency

x18
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frames [ % o
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7

7 '

Axial attention

- A -~ o=
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Fig. 15. Deep generative model for probabilistic neasting of precipitation from radar in UR#6].

An auxiliary marine environment information provision service is essential for avoiding dangerous areas and

calculating the optimal route for a vessel to navigate. Large merchant ships mostly receive ocean environmental

information from satellites or instatheir own measuring instruments on ships. However, small ships sailing on

the coast do not use these expensive equipment or systems and rely on the experience of the captain to the marine

environment. It is difficult to systematically manage the operaif@mall ships, and there is a big difference in

experience among captains. For this reason, it is necessary to develop a simple and effective system that can be

used universally for smaller coastal ships.



In this study, we have developed an artificiééiligencebased wave field estimating technique to sinmpbnitor

the marine environment without applying complicated methodologies or introducing expensive equipment. We
utilized deep learning simations for marine environment predictioim this study,Convolutional Neural
Network(CNN) and Long Sheiferm Memory(LSTM) were adopted as machine learning algori@nce the
specified big image data have been trained, a single snapshot can be used to identify the sea dafeditions.
initially tested and modiéd our model with numerically generated snapshots, by computational fluid dynamics
and Airy wave supepositions.We thenachieved trainees as movie clip snapshots from the southwestern coastal
region of Korea, which were then categorized based on thetagaand average wave height. The training

performance was measured using the training accuracy.

The remainder of this paper is organized as follo@ap. 2 briefly describes the conventional sstate
measurement systen@hap. 3 presents theeep leening model based on convolution neural netwankl long
shortterm memory Wave heighestimatiors with numerical irregular waves are writtenGhap. 4. The deep
learning resultsvith numerical waves are describedGhap. 5 Real ocean environmeshapshotsvithout any
pre-processing on dat@e presented i@hap. 6. Trainings with prescreened data in terms of images and videos
are summarized i@hap. 7.Possible applications of this methodologyiarineengineering are written i6hap.

8. The conclusions are presentedCinap. 9.



Chapter 2Conventional methodologies for sstte measurement

The ocean environment is characterized by several properties such as salinity, temperature, wind speed and
direction, wave conditions, and so &ihile other quantities mostly affect ships and offshore structures in terms

of structural reliability, the instantaneous dynamic behavior of ocean floaters is mainly determined by ocean
environmental loads. Above all, water waves give a significant anodumdrtia periodically to ships and offshore
structures, and their statide@eping and maneuvering abilities are strongly determined by the wave conditions.
Because the wave energy is roughly proportional to the square of the wave height, a precismaerastithe

wave height has been continuously emphasized.

Conventional methodologies for sstate measurement are using wave measurement devices such as-pressure
ultrasonie, microwave, and probedype gauges mounted on buoys or the offshore platforthe sea. The wave
measurement device measures wave elevations especially, and absolute surface elevation. Recent trend is that
more fundamental aspects of the wave field are need to be measured and collentedstrstate conditions.

It is essential to measure multiple wave and surface current measurements based on the advanced system for wave
field measurement. As following this requirement, there are two main methods for wave field measurement: 1)

radar and 2)imagebased methods.

Radarbased wave field measurement can measure wide range of wave fields and not contact with the water, and
is easy to maintain and deploy. Specifically, the WaveRadar REXY widely used by the offshore oil and gas
industry. Tlre WaveRadar REX based on the frequemodulated continuous wave (FMCW) method has
continuous sampling rate at frequencies up to 10 Hz, providing excellent resolution for the wave processes. The
WaveRadar consists of a transmitter head housing, the eliestiand a parabolic dish antenna as showsign

2.1. The received signal reflected from the water surface is mixed with the signal that is being transmitted at that
moment, and the result to represent wave fields with wave height, direction, andqretimdscreernlhe state

of the art of ocean environment measuring instruments usiognd radar is written iffable 2.1

Imagebased measurement nomrusively measures wave fields for the temporal evolution of wave
characteristics with wave height,rp, and direction along the three dimensions. The automated trinocular stereo
imaging system (ATSIS)7] which is one of the spatial wave measurement system is available for measuring
dynamical, spatial wave measurement. The ATSIS system uses digital e&neras to measure temporal

evolution of threedimensional wave characteristics as showfiin 2.2



Wave Height,
Direction,
Period

Fig. 2.1.WaveRadar REX installation setup(left) & wave field usingpahd radar(right)37].

Table 2.1.Development in ocean environment measuring instruments usbani radar.

Item

Technical characteristics

Unit Country Institute
(X-band radar) Range  Resolution STD
Norway,
height  Hs [m] MIROS 0.5~ 20 0.1 10%
Denmark OceanWaves
Norway,
Wave period Tp[s] MIROS 3.0~20 0.1 5%
Denmark OceanWaves
Norway,
direction [deg] MIROS 0 ~360 1 10%
Denmark OceanWaves
direction [deq] Denmark GKSS Corr. = 0.99 14.24
Wind
speed  [m/s] Denmark GKSS Corr. =0.97 0.85m/s
direction [deg] Norway MIROS 1~ 360 1 7%
Current
speed  [m/s] Norway MIROS 0.0~25 0.01 0.05m/s
Bilateral flow number US, Japan Oregon univ. in developing

Tsukuba univ.




Fig. 2.2.The automated trinoculatereo imaging system (ATSIS) (left) and results (ri§ft)

In South Korea, there are numerous marine meteorological observations as 46 tidal observatories, 3 ocean
observatories, 39 ocean observation buoys, 10 current observations, and 3 ocean science research stations, shown
in Fig. 2.3[3]. They measure princip@cean environmental quantities such as tidal level, water temperature,
salinity, wave height, ambient temperature, atmosphere pressure, wind speed and direction. While the instruments
and corresponding technologies have been developed steadily, thacgcand consistency of measured data

need to be improved. Also the installation cost of oceanic instruments is relatively expensive and the maintenance

of these devices is quite difficult with harsh ocean environment.
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Fig. 2.3.Types of marine meteomgjical observations(left) and their installation locations in Korea(r[§ht)

Currently, marine measuring equipment requires professional experience and high cost in installation and
operation.in the case of small ships, even that is properly received and mostly depends on the experience of the
captain for judging the ocean environments. As a result, capsize accidents of small ships on the coast continue to
occur, and among them, some accidehts to sudden changes in waves continuously occur. The inadequate

marine environment evaluation system and corresponding accident cases in small ships are illusigatd. in
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Limitations of ocean
measurement
in cost, hardness

Conservative control system

Old conventional
small and medium sized vessels

Continuous capsize accidents
of small sized vessels

Fig. 24. Small ship accident induced by insufficient and inadeguomténe measuring system

Therefore, in this study, a practical n@asting system for ocean environment was developed that is cheaper and
easier to operate than the current measurement forecasting sisfienent from the classical approaches of
meteordogy, metrology, and oceanography, the data science was applied. This was set in accordance with the
development of new technologies to overcome the shortcomings of existing data science and increase the speed
of high-speed calculation for big data withetliapid development of computing hardware. In summary, the
considered system was aimed to be developed of-adstvbut generally reliable marine environment estimation

system by applying artificial intelligence, which has recently developed rapidly adadagcience.
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Chapter 3Machinelearningmethodologies

Thecomprehensive explanation on utilized machine learning methodologies are written in this chapter. First, the
applied convolutional neural networkn snapshobased learnings explained.The utilized long shortterm
memoryis then explained in sequential inputs. The vibesed learning is conducted with the combined model

with convolutional neural network and long shtatm memory, which is lastly written in this chapter.

3.1 Convolutional neural network

A convolutional neural network (CNN) is a deep neural network, most commonly used in the application of
computer vision and image processing. It is a powerful artificial intelligence tool used for image classifitation.

the cae of an image, thredimensional data consisting of vertical, horizontal, and channel (color) should be
normalized to onelimensional data used in the netwad@lkanvolutional neural networks use convolution layers

and pooling layers, unlike the existingllfuconnected neural networks. This prevents the loss of spatial
information in the process of flattening the photographic data and enables effective extraction and learning of
features. In the convolution layer, weighting per pixel is applied using thelke extract or highlight the domain
features. In the pooling layer, after receiving data from the convolution layer, it is used to reduce the size and
emphasize specific data at the same time. In particular, in the case of Convolution Neural Netmew Kfters

are used as shared parameters, very few learning parameters are utilized compared to general artificial intelligence

neural networks.

In the development history of a CNN, the invention of AlexNétich is shown irFig. 3.1, was a revolution in

terms of advancementtd]. Several CNN architectures have b&amched since then, such as@(38], ResNet

[39], GoogLeNet §0], InceptionV3 f1], Xception B2], InceptionResnetV2 43], and MobilenetV2 44]. The
differences among these networks are the adoption of -dé@pehconvolutional layers, the applicable range of
filters, and residual connections. In this study, the initial CNN algorithm, identical to that used in AlexNet, was
applied in all trainingcases, as shown in the schematics of the concéjig.ir3.2, for sea state estimations using

snapshot images.

.” ! I'\
\ / F LN qone
15 2 \/ 5 \/ e \dense
A A \
13 7\

3

182 .

1000

192

Fig. 3.1.1llustration of the AlexNet12].
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Fig. 32. Schematics of the convolution neural network.

The CNN creates a hierarchy of layavith various weights and biases applications, applying the category
activation function, and the image feature extraction in each layer. This procedure allows a set of filters to extract
local characteristics, and then sequentially transfer featureb-ivdded smaller data set. The weights of filters

are adjusted using bagkopagation. After passing the designed convolution layers, a fully connected layer is
constructed as a multiplication of the inputs by a weight matrix and a bias vector. Theizairomabn outputs

from the fully connected layer is performed, the classifications with calculating the loss function is then done, and

these results become the inputs of the next machine learning sequence.

We constructed the CNN structure for this researdfigas3.3. Four training layers are exist, and each layer has

a 2D convolutional layer, a batch normalization layer, an activation function of redtttfied linear unit), and a

2D max pooling layer. The max pooling technique is eliminated in the last layer. The number of sliding
convolutional filters in each 2D convolutional layer is sequentially 16, 32, 64, and 64, while the padding size of

3 by 3 ad the padding option of same values along all edges of the layer input are identical in all layers. After
the batch normalization layer for parallel learning, the rectified linear unit(reLU) is applied as an activation
function to perform a nonlinear thefeold operation. The max pooling size is 4 by 4 with 4 pixels moving interval

for all layers, which does not allow the overlapped pooling. Adaptive moment estimation(ADAM) is utilized in
updating parameters. The number of ntiatch size is same as the rhenof categories, which allows the number

of adjusting training parameters are same as the number of trainees per category. The entire training data is utilized

8 times, which is defined as 8 epochs. All deep CNN learning simulations in this study Baveohducted in

13



Deep Learning Toolbox of MATLAHA45], the specific explanations for training options can be fourjd zh
Explanation on eaclayerand nmain applied training options are listedTiable 31 and3.2, respectively

All deep learning simulations were conducted with a personnel computer, which has twelve central processing
uni ts(CPUs) and one graphics processi ngTable33tEyeGP U)
multi-GPUs computing is quite powerful big data trainings, the single GPU, GeForce RTX 2080 SUPER, was

und

enough to conduct several training cases in this research. All training simulation cases did not take more than a

day, which are illustrated for each case in the next chapter.

ISt Hidden layer Ycom-‘nlutiou hl

(16 filters, 3X3, padding=same)

Batch normalization layer

Activation function: reLu

Max Pooling(4X4, stride=4)

! and i
20 Hldden layer W emmittam h2
H (32 filters, 3X3, padding=same)

Batch normalization layer

Activation function: reLu

, Max Pooling(4X4, stride=4)

3“‘ Hidden layer Ycouvolution h3
(64 filters, 3X3, padding=same)

Batch normalization layer

Activation function: reLu

Max Pooling(4X4, stride=4)

4™ Hidden layer Y convolution 114
(64 filters, 3X3, padding=same)

E Batch normalization layer

Activation function: reLu

Yo (classification)
}

Fully connected layer

Softmax

Classification layer

Error function:

ADAM

Mini Batch
size: # of
categories

Fig. 3.3 Proposed architecture of the convolution neural network (CNN)
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Table 31. Explanation on machine learnitayers.

Layer

Explanation

Convolution

Batch normalization

Activation function

Max pooling
Fully connected

Softmax

Classification

Error function

The layer convolves the input by moving filters along the input vertically
horizontally and computing thdot product of the weights and the input, ¢
then adding a bias term

It normalizes each input channel across a4patch for speeding up trainin
of convolutional neural networks and reducing the sensitivity to nety
initialization.

It performs a threshold operation to each element of the input, where any
less than zero is set to zero.

It performs dowrsampling by dividing the input into rectangular pooli
regions, and computintpe maximum of each region.

It multiplies the input by a weight matrix and then adds a bias vector.

It applies a softmax function to the inp@oftmax function converts a vect
of numbers into a vector of possibilities.

It computes the cross entropy loss for maltiss classification problems wi
mutually exclusive classe3he layer infers the number of classes from

output size of the previous layer.

Adaptive moment estimation(ADAM)si used as the error functiodn

elememtwise moving average of both the parameter gradients and their sc

values.

The corresponding functions in activation layer, softi@er, and adaptive moment estimation(ADAM) error

calculating layer are written iqg. 3.1, 3.2, and3.3, respectively.

éx, x2 0
f(x) =
9 {0, x<0
eyl
S(y)=——
e

=1

m:blm.l '(1 '47) EDJJ
Vi:bzv|-1 '(1 'Q)[ EBJ);

_ __am
Ga=4d ﬁ+e

(3.1)

(3.2)

(3.3)
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Table 32. Training options ofCNN.

Item

Option

Learning method

Number of convolution layer

Solver

Activation function

Number of filters per convolution layer
Max pooling

Gradient decajactor

Squared gradient decay factor

Gradient threshold method
Epoch

Mini-batch size

CNN(Convolution Neural Network)
4

ADAM(Adaptive Moment Estimation)
RelLU

16/32/64/64

18t 2nd 39 4X4 with 4 stride

0.9

0.999

L> norm

8 for initial sea state training

2 for following trainings

Same as number of categories

Table 33. Computing hardware specifications.

Hardware

Specification

Operating System(OS)
Processr

RAM [GB]

System Type

Graphics Processing Unit(GPU)

Windows 10 Enterprise

AMD Ryzen 9 3900X 1ZXore Processor/3.80GHz
63.9

64 bit OS / x64 based processor

GeForce RTX 2080 SUPER
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3.2 Longshort-termmemory

Long ShoriTerm Memory(LSTM) is one of specified recurrent neural network(RNN) architecture which has the
ability to perform learning that requires a long dependency period. LSTM was introduced by Hochreiter &
Schmidhuber46], and has since continued to develop and become famous through following studies. LSTM has

solved lots of problems well, and is still widely used nowadays.

output

hidden

input

Fig. 34. Example of &STM net[46].

The basic concept of LSTM is to explicitly desigratwid the problem of long dependency periods. Remembering
information for long periods of time should be a basic behavior of the model, so that the model does not struggle
to learn it. All Recurrent Neural Network(RNN)s are chains of iterative neural nemadules, which is shown

in Fig. 3.5 Basically, this repeating module has a quite simple structure in RNN, such as the tanh layer.
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Fig. 3.5.Repetitive modules of RNN with one layer.

LSTM has the same chalike structure, while each repeating module has a different strubriatead of a simple

neural network layer, four layers are designed to communicate with each other in a special way. The fundamental

architecture of one repeatingodule of LSTM is shown ifrig. 3.6 I n this figure, circl e
operationé, rectangles indicate dédneur al net work | ayer
@ Output
ﬂnput Gate \
(%) ()
(cell) state Forget Gate Next (cell) state
Output Gate
o] [of [ tah | [o]
i |
Hidden state Next Hidden state
@
Input

Fig. 3.6. LSTM with four interactive layers.

The core of LSTM is thécell staté which corresponds to the upper line drawn horizontally in the figure.

cell state acts as a conveyor belt, which continues to drive the entire chain while applying only small linear
interactions. It is quite easy to just pass the informdtmm without interruptions. LSTM has the ability to add

or remove some features from the cell state, which 1is

additional ways in which information can be conveyed, consisting of a sigmoidlag@ointwise multiplication.

18



LSTM has three gates, and these gates protect and control the cell state.

The first step in LSTM is to decide which information to discard from the cell state, which is determined by the

sigmoid layer. So, the gate attiis age i s call ed O6forget gwdnkxaletmkerr 6. | n
andsenttoGas values between 0 and 1. | f the value is 1,
0, it becomes fATake sitotdecad whicheofittze néw.infofimaten to be stored sntthe pell |
state. In this stage, the sigmoid | ayer called o6inpu

Then, the tanh layer generates a vectgr, whichis a new candidate, and prepares to add it to the cell state. By

combining the information from these two steps, we create a material that will update the state.

Thirdly, we will update the old stat€.;, to create a new cell state,. Since we havalready decided which
values to be updated and corresponding weights, all we need to do here is to practice them. In this stage, we
multiply the previous state by Bo that we really forget what we decided to forget in the initial first step. Then

add j @, . This added value becomes a scaled value by how much to update the value set to be updated in the

next step. Finally, it remains to decide what to export as output. This output will be a filtered value based on the
cell state. In tls stage, it firstly decides which part of the cell state to output by burning the input data in the
sigmoid layer. Then the cell state is burned into the tanh layer, and after receiving a value Hethaeaeh 1.0,

it is multiplied by the output of thegmoid gate calculated earlier. That way, we can export only the part we want

to send as output.

Currently,various modified models of LSTM have been developed. The suggested model by Gers & Schmidhuber

[47] has added a 0peephmddas itanakemntleegatd layerdlgok avime cellhstate. As an a
slightly more modified LSTM, the Gated Recurrent Unit(GRU) was introduced in Cho d8RlThis model
combines the forget gate and t he i n piddénstgte tindthérenateo o n e
several other changeSonsequently, the GRU has a simpler structure than the existing LSTM and is becoming
more popular. There is also a deg#ited RNN introduced by Yao et &49]. There are also models that resolve

long dependency periods in a way that differs from LSTMs, such as Koutnik &@]al. [
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3.3 Neural network architecture for movetip based machine learning

In this study, machine learning was also performed using movie clips. CNN is used to extract image features, and

LSTM is used for classification learning on continuous sequence data. The procedure is FFigwd. T

Image Convolutional Sequence LSTM |,|  Output
input layers input layers layers

Fig. 3.7.Conceptual process feideo-based deep learning

First, transforming the video into a sequence of feature vectors using a pret@inetutional neural network

to extract features from each frame. We used the GoogL88lea$ a CNN algorithm. This algorithm won the
2014 ImageNet Large Scale Visual Recognition Challenge(ILSVRC). It has Hlage?® deep model and four
features are important; 1L convolution for reducing feature map, Inception module for feature extraGlioingl
average pooling for flattening with lower computing compared to fully connected layer, and Auxiliary classifier

for avoiding vanishing gradient. The network is illustrateéfign 3.8and is described ifable 3.4

We use a convolutionaleural rtwork as a feature extractor by taking the activation values when inputting video
frames into the neural network. In this stage, video clips are converted to sequences of feature vectors. Here, the
feature vector is the output of the activationsfunciopp | i ed t o the | aXt7 _pdol)i md It

GoogLeNet neur al network. After terminating through t

Then, we create an LSTM neural network that can classify a sequence of feature vectsestiegrihe video.

The LSTM neural network architecture is defined with the following specified layers: A sequence input layer
whose input size is equal to the feature dimension of the feature vectd3;TRI layer with 2000 hidden units
followed by a droput(0.5 for this study), fully connected layer, softmax layer, and classification layer. The
schematic architecture of LSTM in this study is showRig 3.9 and the training options in LSTM are described

in Table 3.5
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softmax1

Incept!on(Sa)
Inception(4e)
I
I
Inception(4c)
Incept!on(4b)

¥

Inception(3b)

I

Inception(3a)

I

Inception layer

Fig. 3.8.GoogLeNet network40].
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Table 3.4.GoogLeNet incarnation of the Inception architectui@.[

type patch outputsize depth #1X1 #3X3 #3X3 #oX5 #5X5 pool params ops
size/stride reduce reduce proj
convolution 767/2 11211264 1 2.7k 34m
max pool 35 3/2 565 565 64 0
convolution 363/1 565566 192 2 64 192 112k 360m
max pool 35 3/2 28528192 0
inception(3a) 285 28 256 2 64 96 128 16 32 32 159k  128m
inception(3b) 285 285 480 2 128 128 192 32 96 64 38k  304m
max pool 363/2 145145 480 0
inception(4a) 145 145 512 2 192 96 208 16 48 64 364  73m
inception(4b) 145 145 512 2 160 112 224 24 64 64 437%  88m
inception(4c) 145 145512 2 128 128 256 24 64 64 46% 100m
inception(4d) 145 145 528 2 112 144 288 32 64 64 58k 119m
inception(4e) 145145832 2 256 160 320 32 128 128 84Ck 170m
max pool 36 3/2 75 76 832 0
inception(5a) 75 76 832 2 256 160 320 32 128 128 107X 54m
inception(5b) 76761024 2 384 192 384 48 128 128 138& 71m
avg pool 75 711 15 15 1024 0
dropout(40%) 15 15 1024 0
linear 15 13 1000 1 1000k 1m
softmax 15 15 1000 0
Sequence input layer Sequence length: 1024

Hyper-parameter
Input Size: 'auto’
Bi-LSTM ]ay er Num Hidden Units: 2000
- Output Mode: 'last'
State Activation Function: 'tanh’
Gate Activation Function: 'sigmoid’

D]’Opout laVCI' Dropout probability: 0.5
Full d1 Input size: auto
ully connecte ayer Output size: Number of categories

Softmax layer

Classification Output layer Loss function: Cross entropy loss

Fig. 3.9.LSTM network A6].
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Table 3.5.Training options of LSTM.

Item

Option

Learning method

Optimizer

Gradient Decay Factor
Squared Gradient Decay Factor
Epsilon

Initial Learn Rate

Learn Rate Schedule
Learn Rate Drop Factor
Learn Rate Drop Period

L2 Regularization

Gradient Threshold Method
Gradient Threshold

Max Epochs

Mini Batch Size

Verbose

Verbose Frequency
Validation Data

Validation Frequency
Validation Patience

Shuffle

Execution Environment
Plots

Sequence Length
Sequence Padding Value
Segjuence Padding Direction
Dispatch in Background

Reset Input Normalization

LSTM(Long ShoriTerm Memory
ADAM (Adaptive Moment Estimation)
0.90®

0.9990

1.0000e08

1.0000e04

None

0.1000

10

1.0000e04

L2 norm

2

60

4

1

20

{{37X1 cell} [37X1 categorical]}
81

Inf

6ev-epychd
6autod
Otrapmogmgessod
6l ongestd

0

6righto

0

1
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Chapter 4. Wave heiglstimationwith numerical irregular waves

In this chaptermachine learnings on simultaneous wave height estimation were conducted. Learning data was
generated numerically as Airy wave theory, in terms of{omegted waves and shartested waves. The captured
snapshots were then categorized with a certain weigihdivision.Several image filters were applied in leng

crested wave data and the results were compared. Some attempts to increase the prediction performance were

conducted for shottrested wave learnings.

4.1 Estimationon longcrested waves

To che& the applicability of the machine learning into sea state classification, the initial learning was performed
with numerical wave field datdVe generated a lorgrested wave field with Airy wave suppositions. The
JONSWAP spectrum was chosen anddbtailed explanation can be found in DNVERL], and the formulas

are illustrated as follow.

5 . ) 212%%
S =10 -0.287In(g) ) B Wé O

4.1)

S(W) is the wave spectral density, isthe nondimensional peak paramete"!S is the significant wave height,
% is the peak wave frequency is the wave frequency$ is the spectral width parameter. Based on the

we W and

previous measuring data from the northern sea of Europe, the widely used vé#luésdd.07 for
0.09 for "> ¥ The continuous wavspectrum can be discretized with the uniform interv@ly. The

corresponding wave amplitud%(("{)) and phase‘?( W) for each frequency component can be writteB@s 4.2
and4.3.

Aln) =25( 1) Du (4.2)
e( yy=randomly distribute (4.3)

The time series of wave elevations can be achievatidowave amplitudes and phases in fremyedomain as

Eq. 4.4. The discretized number of the wave spectrui is

h(t) =% A( wycos( v+ (g))

(44)

For a longcrested wave field, a single watrain is used.
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The sea state 4 condition was modelled, which has 2.4m of a significant wave height, 6.6s of a peak period, and
2.5 of a peak parametétoursnapshots of the longrested wave field are shownhiyg. 4.1. The yaxis labelling

was eliminated to avoid unexpected interruptions for deep learnings. The size of images was a height of 656 pixels
and a width of 875 pixels, which represents the 400m by 400m of the physical domain. The time series of the
center andhe classification in terms of wave heights are showkig 42 and Fig. 4.3, respectively. The
maximum wave elevation was 2.133m and the minimum one2va62m. The snapshots were then supervised

in ten categories betweeh.0Om and +1.0m with0.2miatr val s, | arger waves than +1.
and lower wavethart . Om wer e -1 .a%é.l |l ed as 0

elevation[m]
elevation[m]

x(m T x(m]
ylm] y[m]

Fig. 4.1.Snapshots of longrested waves

Wave elevation [m]
o

-1

-2

3 A T R N N

0 2000 4000 6000 8000 10000
Time [s]

Fig. 4.2.Wave elevation at the center of the domain
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8000
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Number of samples

o

We conducted the wave heigfgtimationwith the prescribed deep learning schém€hap. 3.1 The number of
trainees per category was 1500 and the number of validation data per category was 300. The computational time
consumption was 4 hours 50 minutes 54 seconds, and the global accuracy reached at 91.848tnakiuan

accuracies of each waveight class for designed lommested waves are shownFkig. 4.4 and the correlation

Wave height classification

4000
2000 I I |
15 0.9 0.7 0.5 03 0.1

-0.1

-0.3

Wave height category

Fig. 4.3.Classification by wave height

matrix between original data aedtimatediata was illustrated ifable 4.1

100.00 e

90.00

80.00

70.00

60.00

50.00 k709

Accuracy [%]

40.00

30.00

20.00

10.00

0.00 e
1.5

190.00)

0.8

92.67)

0.7

94.33)

0.5

94.33)

0.3

190.67]

0.1

90.33

-0.1

[82.001

-0.3

Wave height category

196.00)

-0.5

-0.5

[93.33

-0.7

-0.7

86.00)

-0.9

-0.9

06.67]

-1.5

Fig. 4.4.Estimationof each wave height category for leogested waves
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Table 41. Correlation matrix for longerested waves.

PREDICTED DATA
15 09 07 05 03 01 -01 -03 -05

1.5 |97.000 2.667 0.333
0.9 | 3.667 90.000 6.000 0.333
0.7 1.000 92.667 6.000 0.333
0.5 | 0.333 1.000 94.333 4.333
E 0.3 4.667 94.333 1.000
3 0.1 7.000 90.667 2.333
2 -0.1 0.333 3.667 90.333 5.333 0.333
;—2 -0.3 0.667 0.333 2.333 82.000 14.667
o -0.5 1.000 96.000 3.000
-0.7 4.000 93.333 2.667
-0.9 6.333 86.000 7.667
-1.5 3.333 96.667
I n validating data, all categories showed.t3lbe crad leagtoirw

with 82.0%estimationac cur ac y-0 aa d

¢t & e e @ oeastimatianadcuracy8 |6 mebife learning

through CNN, fairly complicated feature extractions and classifications are performed with numerous artificial

neurons, so it is almost impossible to identify &stimationcause at the training stage. Recently, the field of

Explainable AIEAI) has been researched to find out #stimationreasons, but this study was limited to the

applicati on o festiGdtiohdos wave field

The largest and the lowest wave height groups, which delegates the wave field condition, were estireatld

over 95.0%. In the correlation matrix, the dominance of diagonal terms was strongly shown, even a singular

estimation n

t he 061. 50 estnatiopof®rop 6wiwials tehe st .

narrow andestimationsvere mosy adjacent to the diagonal terms.

iwidth was quéer

We then adopted numerous image filtering techniques to evaluate their effectiveness astivaaon The

black & white filtering applications were shownkig. 45.
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alavation[m]
alavation[m]

alevation[m]
alevation[m]

__H_h_h_"“‘*-—/ x[m] __HE_“‘“--/ x[m]
ylm] y(m]

Fig. 45. Black & White filteredlong-crested wave snapshots

The cropping technique was also adopted for utilizing the central parts of images, which is skayvri B

After cropping the images, other widely used techniques were adopted, some filtered images are Blgpwn in
4.7. As explaining these techniques briefly, the blurring technique subtracts the high frequency noise in images,
the edge enhancement technique emphasizes edges with the kernel matrices-$udh ds {1, 9,-1; -1 -1 -1]

3 by 3 matrix, the embossing tedtue turns images into gray patterns and remains highlights only, and the edge

detection figures out the high gradient parts. These filters can be applied separately or simultaneously.

Cropped image(150,420)

elevation[m]

/ x[m]

Original image(656,875) yim]

Fig. 46. Original and cropped images
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(a) Blurring (b) Edgedetection

(c) Edge enhancement (d) 1.Edge detection

2. Edge enhancement

(e) Embossing (f) 1. Edge enhancement

2. Edge detection

Fig. 4.7. Various filtered images with cropped images

The deep learning simulations were conducted with the same CNN structure and numerical schemes under the
identical computational environment with different training data. Bstimationresults using image filtering
techniques are shown irable 4.2andTable 4.3. The former result was achieved from the black & white filter
application only and the latter one was carried out from the sequentially applications of image filters as cropping,
edge enhancement, and edge detectiofable 4.2 theestimatiorresults at diagonal terms were slightly lower,

the global tendency of thestimationresult of black & white filtered data training was similar to that of original

RGB based data training. Two wroegtimationswvhich are separated far away from the answeewlown in

th®.406 tr ai ni ngestnmtiorsgereexystwithinttwo ladjaceatlcdtegories of answers.

While the estimation of training data with multiple fik@ropping, edge enhancement, and edge detection
sequentially, hereinafter call ed Jdabkt.R Dhdbahddigthof howed &
the matrix was expanded and the estimation results of diagonal terms were dramatically reduced in moderate wave
height groups. The | owest e0s.t7iébmawvt d loind artei sounl t g rwoausp s4 5 . af
categories werower than 50.0%. It is believed that applying too many image filters crushes or disappears the

features of the image, resulting in low classification accuracy by machine learning. A more meticulous approach

29



to applying a filter that can more clearly empiaa the characteristics of an image is needed.

Table 4.2.Correlation matrix for black & white filtered lorgrested waves.

PREDICTED DATA

15 0.9 0.7 0.5 0.3 0.1 -0.1 -0.3 -0.5 -0.7 -0.9 -1.5
15 97.67 2.33
0.9 7.00 90.00 2.67 0.33
0.7 0.33 4.00 89.67 6.00
0.5 5.00 90.00 5.00
< 0.3 7.33 90.00 2.67
-
<
2 0.1 0.33 10.33  88.00 1.33
<
Z -0.1 0.33 0.33 1.67 4.33 80.00 13.33
o
0
[e) -0.3 0.67 96.00 3.33
-0.5 7.00 86.00 7.00
-0.7 3.67 94.00 2.00 0.33
-0.9 6.00 90.33 3.67
-1.5 7.00 93.00

Table 4.3.Correlation matrix for (f) filtered longrested waves.

PREDICTED DATA

30

15 0.9 0.7 0.5 0.3 0.1 -0.1 -0.3 -0.5 -0.7 -0.9 -1.5

15 98.33 1.67
0.9 4.67 95.00 0.33
0.7 4.33 75.33  20.00 0.33
0.5 7.00 76.67  15.00 1.33

|<£ 0.3 0.67 25.00 47.33 25.00 1.67 0.33

<

5 0.1 3.33 18.67 60.33  15.33 2.00 0.33

<

Z -0.1 0.33 0.67 18.33  47.00 30.67 2.67 0.33

o

(0): -0.3 0.33 1.33 12.00 53.67 30.67 0.33 1.00 0.67
-0.5 0.33 22.67 53.00 19.00 4.33 0.67
-0.7 2.67 26.67 45.00 24.00 1.67
-0.9 2.00 14.67 67.00 16.33
-1.5 0.33 16.00 83.67



Theestimationger category of three trainings with diféat data sets, RGB images, black & white images, data

using method f, are illustrated ffig. 4.8. The mainestimatiorresults comparison is written irable 44.

100
90
80
70
60
50
40

Accuracy [%]

30 --Ml--RGB images
20 = Black & white images
10 —O—Filtered (method f) images

15 09 07 05 03 01 -01 -03 -05 -07 -09 -15
Wave height category

Fig. 48. Estimationaccuracy with different filter applications in lomtgested waves

Table 4.4 Wave heighestimatiorresults with different filter applications.

Data Original Black & white (f) filtered
Computation time 5hr 50m 54s 5h 8m 10s 21m 37s
Validation accuracy 91.94% 90.39% 66.86%
Highest accuratelgstimatedcategoryaccuracy) 1.597.0%) 1.597.7%) 1.5(98.3%)
Lowestaccuratelyestimatedcategoryaccuracy) -0.3(82.0%) -0.1(80.0%) -0.7(45.0%)
Standard deviation of accuracy results per categc 4.29 4.45 18.02

The RGB images drew the most accuesttmatiorresult, which took about 5 hours and 50 minutes. The training

result with black & white images gave the similar global accuracy with that with RGB images, while the
computing time was reduced about 12.2%. The training with method f applied data totilafe22 minutes,

which is 6.2% of RGB images training, the global accuracy reached at only 66.86%. The highest accurate
estimationc at egory was 01.56 for all trainings, the | owest

that numerous filters considerably squashed the characteristics afrkstgd waves.
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4 2 Estimationon shoricrested waves

In order to evaluate the plicability of the convolution neural network for complicated ocean conditions, short
crested waves with three different wave trains were produced. For ecedwigd wave field, the wave spectral
density is expressed &%]. 4.5 It can be represented Ilye summation othe products of wavepectrumand

directionality function.

S 9=4 S( W 1 s

The shorcrested wave spectrunﬁ(,Wv 9, is the sum of-th uni-directional wave spectraﬁ(W) with i-th

directionality functions, D% 9 The directionality function fulfils the requirementBg. 4.6 The summation

in all directions should be equal as 1.

(b ad 71 (4.6)

In this study, the directionality functiomas equally applied to each spectrum for the sake of simplicity. The time

domain conversion for each spectral densities is givebgsy 4.14.4, and time series are superimposed.

The third wave train was the strongest, which had 7.7m of a significaet eaght, 17.0s of a peak period, 3.3

of a peak parameter, and 45 degrees of a wave incoming direction. The first and second wave train parameters
were chosen as widely used values for sea state 4 and sea state 3, their wave incoming directions wexe 90 deg
and 130 degrees, respectively. The wave spectrum of thecshsted waves and the wave incoming directions

are shown irFig. 49 andFig. 4.10. A few samples are illustrated fig. 4.11.
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Fig. 49. Shortcrested wave spectrum.

Fig. 4.10. Incoming directions of wave trains.
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Fig. 4.11. Snapshots of modelled sharested wave.

The wave data were supervised with fourteen categories with the same strategy of thedtathwaves training,

where the maximum amplitude was 6.88m and the minimum amplitudebv&gsn. A number of training data

per category was 1500, and that of validn data per category was 300. All training setups were identical to those
of the longcrested waves training. The total computational time was 6 hours 30 minutes 42 seconds, which is
slightly longer than that of the long crested waves training as twe categories were added. The global accuracy

for the short crested waves training is showRim 4.12, and the cross entropy loss is showirign. 4.13.
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Fig. 4.12. Progress report of global accuracy: short crested wave.
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Fig. 4.13. Progress repoof cross entropy losshort crested wave

The global accuracy reached at 57.10% and the cross entropy loss arrived at 1.7219, elsidinatienresult

was quite poor compared to long crested waves trainings. Even the whole data set was penetrated 8 times, the
cross entropy loss never decreased under 1.5. It can be rephrased that a certain amounts of discrepancies were
continuously through the whetraining stage. We checked the correlation matrix showialote 4.5to examine

the estimatiorresult more closely.

The estimation accuracies of the largest and the lowest categories were 87.67 and 90.33, relatively. While those

of other categories were drawn between 39.67 and 67.00. The band width of the correlation matrix was quite
enlarged than those Trable 4.1to 4.3. The sample snapshot of wrong estimations was shoftrig.id.14, where

the answer was 061. 250 5®dmd (The esti matiom waeasudts per
61. 449 .f500r, nd 18.44% f or 06dswerdféund inkhisisdmple, wwhich cosldbee p wa
a reason of the wrong estimation. However the reasoning of the wrong estimation with a simple convolution
neutral network was not possible as we cannot examine the whole variations on weightings and biggés durin

training. Even the short crested waves were modelling with just three wave trains, we thought the training data set
could not present the reliable estimation in wave height classification.
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Table 4.5.Correlation matrix for shoitrested wave.

PREDICTED DATA

4.5 3 2.25 1.75 1.25 0.75 0.25 -0.25 -0.75 -1.25 -1.75 -2.25 -3 -4.5
45 87.67 10.67 1.00 0.33 0.33
3 4.00 67.00 21.33 5.33 2.33
2.25 0.67 8.67 64.00 21.33 3.67 0.67 0.67 0.33
1.75 0.33 26.33 48.33 16.67 4.67 1.33 1.33 0.67 0.33
1.25 1.00 6.33 22.00 4433 16.00 5.00 3.33 0.67 1.00 0.33
|<E 0.75 0.33 2.00 8.33 20.67 39.67  20.00 5.00 1.67 2.00 0.33
<
3 0.25 0.33 2.33 5.00 12.00 47.00 25.00 4.00 3.33 0.67 0.33
<
Z -0.25 0.33 3.67 3.33 22.00 45.67 13.67 9.33 1.00 0.67 0.33
9
% -0.75 1.67 7.00 16.00 43.67 26.00 2.67 1.33 1.33 0.33
-1.25 0.33 0.67 3.00 4.67 17.00 56.33 13.33 3.33 1.00 0.33
-1.75 1.00 2.33 3.67 24.67 4167 21.33 3.67 1.67
-2.25 1.67 9.00 13.00 60.67 13.00 2.67
-3 2.33 1.67 17.33  63.00 15.67
-4.5 0.33 2.33 7.00 90.33

elevation[m]

Fig. 4.14. A sample iltestimatel

Wave probe

y[m]
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We then varied some training options or input files to increasedtimationaccuracy with short crested waves.
A series of parametric studies were conducted, while we added three cases in this paper. The variation on the max
pooling applications was defined as 6Case. daffned t he co

as 6Case. Bo, and the modification on the dominant wa

The concept of the parametric study case A is illustratédgn4.15. We changed the max pooling size as 2 by
2(Case. Al), 4 by 4(Case. A2), and 8 b &%e. A3) without the overlapped pooling. Lastly, one additional
case(Case. A4) was added in the 8 by 8 pooling case allowing the overlapped pooling with the stride distance of
4 by 4. All max pooling techniques in Fig. 2 were modified as above seffigg4..16 shows the global accuracy

and Fig. 4.17 showsthe corresponding cross entropy loss in CaseE#timationsper each category are
represented in Figl.18.

A
* Max pooling size = 2X2 * Max pooling size = 4X4
* Stride = 2X2 * Stride =4X4
_Z, - g e e o
= > 4 -
(o) b v -
o Q
()

* Max poolipg size = 8X8
* Stride = 4X4

* Stride = 8X8

* Max pooling size = 8X8 y[m] ‘ |

875 pixels

Fig. 4.15. Variation on max pooling technique application.

The global accuracy of the Case. A3 reached at 45.29%, while those of other cases were over 50.0%. The Case.

Al and the Case. A3 were seemed to be stable after the 4 epochs, the Case. A2 and the Case. A4 were still
increased at the end of iterations. Exdeptthe Case. Al, the cross entropy loss of three cases were extremely
reduced at the beginning of trainings. While the cros

tendency after 1 epoch iteration, even there was a fluctuatioe ehthof iterations. All cross entropy losses had
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a certain amount of value more than 1.0 at the end of iterations.

In terms ofestimationresults per category, shownkig. 4.18, all cases showed the highestimationresults at

the largest and lowestave height categories except for the Case. A4. Testiinationin the middle size wave
height categories in all cases. Additionally, the loveastimation®f the Case. A3 and the Case. A4 did not exceed
20.0%. The Case. Al and the Case. A2 seemea\vid dnbetteestimationperformance, while all results were not
appropriate for wave heighstimation differently from the long crested wave deep learning was. The consequent
validation accuracies and computational times are listéithble 4.6 In aspetof the estimationaccuracy and

computational time effectiveness, the Case. A2 was the most suitable with short crested wave data in this research.

Prediction Accuracy

100.00%
90.00% ——MaxPooling size = [2X2], stride = [2X2]
—MaxPooling size = [4X4], stride = [4X4]
80.00% —MaxPooling size = [8X8], stride = [8X8]
70.00% ——MaxPooling size = [8X8], stride = [4X4]
.00%
60.00% LA
Iy WWW SRR
© . A A PUA AP TN
5 50.00% A S s T s
[+ A AV P \/
< JN\/“\j oy MW W
40.00% [\ N
A Aoy %mew
30.00%
20.00%
10.00%
0.00%
0 1500 3000 4500 6000 7500 9000 10500 12000

Number of Training set

Fig. 4.16. Global accuracy with various max pooling conditions.
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20 ! i i
—NMaxPooling size = [2X2], stride = [2X2]
18 ——NMaxPooling size = [4X4], stride = [4X4]
16 ——MaxPooling size = [8X8|, stride = [8X8]
——NMaxPooling size = [8X8], stride = [4X4]
14
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a
£ 10
o
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Q
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0 1500 3000 4500 6000 7500 9000 10500 12000
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Fig. 4.17.Cross entropy loss witharious max pooling conditions.
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Fig. 4.18. Estimationaccuracy by categories with various max pooling conditions.
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Table 46. Validation accuracy and computational time with various max poalimglitions.

CaseAl CaseA2 CaseA3 CaseAd

Max pooling size  Max pooling size  Max pooling size  Max pooling size
=2 2,Stride=2 2 =4 4,Stride=44 =8 8, Stride=8 8 =8 8, Stride=4 4

Validation
57.10 57.21 45.29 52.57
accuracy [%]
Data training
390m42s 209m 45s 192m 9s 211m 42s

time

The second attempt was the variation on the number of the convolution layers. Our initial model used four layers
shown inFig. 3.3, and changed the number of convolution layers from one to five. The detailed information of
the Case. B is listed in Table 6. In order to suppress the complexity, the filter size was not changed and the number
of filters followed the initial training steture. Also the global accuracy and the computational time are included

in Table 47.

Table 4.7. Convolution layer specifications in variation of number of convolution layers.

Number of ) ) Number of  Validation  Data training
. Filter size . .
convolution layers filters accuracy[%] time

CaseBl1 1 16 45.62 344m 31s

16
32

CaseB2 2 5307 369m 19s

16
32 56.40 380m7s
64

CaseB3 3

16
32
64
64

CaseB4 4 57.10 390m 42s

16
32
64 60.52 516m 23s
64
64

CaseB5 5

W W W W W W W w wWww w ww w w
W W W W W w W w wWww w ww w w
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The globalestimationaccuracy, the cross entropy loss, andesémationaccuracy per category in the Case. B

are illustrated irFig. 419, Fig. 4.2Q andFig. 41, respectivelyThe Case. B1 showed the minimum consequent
accuracy of 45.8%, while other accuracies were obtained between 53.07% and 60.52%. All global accuracies
were stabilized after 4 epochs. In terms of cross entropy loss, the cross entropy loss of the Case. B1 was steadily
decreased in the whole iterations, while thosetber cases showed a dramatic falling within 1 epoch and
remained at the certain level. Even we eliminated two layers in the Case.B2 form the initial condition, the Case.
B4, theestimationtendency was not changed significantly. The computational time was not quite increased up to
the training with four convolutional layers, while there was a huge increase between four layers and five layers.
In this parametric study, still the higistimaion results were concentrated to the highest and lowest wave height
categories. Similarly to the variation on the max pooling conditions, the variation on the number of convolution

layers showed the insignificant effect in wave heggitmationof the shaot crested waves.

Prediction - Accuracy

100%

—Convolution layer=01
——Convolution layer=02
80% o Convolution layer=03
-@-Convolution layer=04

——Convolution layer=05

60%

Accuracy

40%

20%

0%
0 1500 3000 4500 6000 7500 9000 10500 12000
Number of Training set

Fig. 4.19.Global accuracy with various number of convolution layers.
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Fig. 4.20.Cross entropy loss with various number of convolution layers.
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Fig. 4.21.Accuracy by number of layers in categories with various number of convolatiers.
We lastly changed the short crested wave conditions with variation on the wave train 3 to figure out the data
dependency in short crested wave deep learnings. The wave spectrum of the train 3 was varied from sea state 3 to

7. The detailed wave oditions are listed iTable 4.8 and some snhapshots of sea state 7, 5, and 3 are shown in

Fig. 4.22.

Table 48. Wave conditions with wave train 3 variations.

Wave Train Train 1 | Train 2 Train 3

Case - - Case.Cl Case.2 Case.G Case.@ Case.G

Sea State SS3 SS4 SS7 SS6 SS5 SS4 SS3

O [m] 1.22 1.98 7.50 5.00 3.25 1.88 0.88

Y [ 8.00 9.50 15.00 12.40 9.70 8.80 7.50

ro[A 25 1.0 3.3 3.3 3.3 3.3 3.3
Heading [deg] 160.0 | 180.0 225.0 225.0 225.0 225.0 225.0

Number of categories 14 12 8 6 8

Training data per categor 1400 1100 2300 3000 3900
Total number of trainees 19600 13200 18400 18000 31200
Validation accuracy[%] 57.86 59.42 66.08 78.17 68.13
Data training time 322m 202m 305m 212m 541m

39s 39s 27s 50s 34s
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Fig. 422. Seastate variations for (a) Cagel, (b) CaseC3, and (c) Cas&5.
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As the wave train 3 became smaller waves from Case. C1 to Case. C5, the wave height classifications were
changed with maxima and minima of each wave field. As Case. C3, Case. C4, and Case. C5 were similar to two
unchanged wave trains, categories of thaselitions were smaller and the number of trainees per category was
increasedFig. 4.23shows the global accuracy aRi). 4.24shows the cross entropy loss of the wave spectrum

variations. The increase of computational time was proportional to the iaaé#se total number of trainees
generally.

100.0%
90.0%
80.0%
70.0%
60.0%

50.0%

Accuracy

Train3 = SS3
40.0%
—Train3 = 554
30.0%
—Train3 = 555
20.0% i
‘ 0O Train3 = SS6
10.0%
® o Train3 = S57
0.0%
0 1 2 3 4 5 6 7 8
Iterations normalized by Epoch
Fig. 4.23. Global accuracy in wave spectrum variation.
20.0
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1o O f f —Train3 = 555
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8.0
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4.0
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0.0

Iterations normalized by Epoch

Fig. 4.24. Cross entropy loss in wave spectrum variation.
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The Case. C4 showed the highest global accuracy of 78.17%, whileestimeationresults were obtained from

57.86% to 68.13%. The tendency between the Case. C1 and the Case. C2 was quite similar, also the Case. C3 and
the Case. C5 showed analogous results. We inferred the higtiesationin the Case. A4 was achieved as this

case hd the smallest number of categories and the sufficient number of trainees per category. While none of cases

exceeded 80.0% and all cross entropy losses had a certain amount of values at the end of iterations.

In order to examine the results precisely,ébmationaccuracies per each category and the correlation matrices

are illustrated irFig. 4.25 The lowest diagonal term values were 34.67%, 40.67%, 51.33%, 64.00%, and 46.67%
from the Case. C1 to C5, respectively. Differently from the Case. C1 afh#iee C2, the diagonal dependencies

were increased in the Case. C3 to C5. We indirectly found thastireationaccuracy can be increased by the
increase of the number of trainees per category. Still the wave height classifications were inapprophiate fo
median range of wave heights. While we surmised that simplifying the categories, such as sea states or broaden
wave height categories with enough data seemed to be appropriate in waestfialtionfrom the Case. C4

result.

With various attemptef deep learnings with short crested waves, we changed our strategy from wave height
classification precisely testimationof overall sea state conditions. As lots of trainings with short crested waves
showed relatively higlestimationresults in the higbst and lowest wave categories, which are representative

groups in wave fields.
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Fig. 4.25. Estimationaccuracy per category in wave spectrum variation.

46



Chapters. Data acquisition andlassification

We thenobtained imagdased real wave field data in the southwestern coastal area of Jeju Island ifFKprea.

5.1shows the data acquisition location including an ocean structure and a wave height gauge on Google Maps.

‘Republic of Korea

Depth (m)

0
I-ll

Jeju Island

KRISO wave energy converter
(33°21'N 126°09'E, -18m)

(a) Location of Jeju Island in Korea (b) Locations of wave energy converter and ADCP instrument

Fig. 5.1.Locations of image datacquisition wave height measuring instrument

The data required for the CNN were snapshot images obtained from the CCTV camera and wave heights measured
from the ADCP instrument. A CCTV camera was installed on a fiypd wave eergy converter located in the
southwestern coastal area of Jeju Islafid. 5.2illustrates the fixedype wave energy converter and the CCTV

camera on its top. In addition, in order to measure wave heights, we utilized the ADCP instrument made by AWAC

[3€], shown inFig. 5.3 to label the ocean environment images. It can measuréimeaturrent profiles and

waves within a 50m water depth range. The wave heigh
wave period measuring range is from 1®5@.0s. This device was installed at the designated sea bottom location

of water depth 18.0m.

The wellconditioned data collection time was restricted and set from 7 a.m. to 11 a.m. because diffused reflections
of sunlight at the sea surface did not adouthe morning. In addition, all images were converted into black and
white to minimize the effect of light intensity. The CCTV camera was used for 1 hour every day to monitor the
ocean surface and snapshot images were extracted from CCTV movie dipsevitals of 0.5 s. Extreme foggy

and rainy movie clips were excluded, as were some snapshots with other obstacles such as ships.
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Fig. 5.2.Fixedtype wave energy converter installed at Jeju Island and CCTV camera

—

Fig. 5.3.Acoustic Doppler Current Profiler(ADCP).

The wellconditioned data collection time was restricted and set from 7 a.m. to 11 a.m. because diffused reflections
of sunlight at the sea surface did not occur in the morning. In addition, all images wereaetbimterblack and

white to minimize the effect of light intensity. The CCTV camera was used for 1 hour every day to monitor the
ocean surface and snapshot images were extracted from CCTV movie clips with intervals of 0.5 s. Extreme foggy

and rainy movie lgps were excluded, as were some snapshots with other obstacles such as ships.
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Fig. 54. Conceptual view of sea state classification by significant wave height.

Among many factors thaleterminghe ocearmnvironment, three primary environmental loads are winds, currents,
and waves. Except for winds as wibdended spectrum and currents as fairly long average periods(typically, 12
hours, 3 months, 18.6 years), return periods of waves are overlapped widiuitze periods of ship$he average

wave height in the upper third of the wave spectrum is defined as the significant waveHigidgh#t shows the
conceptual graphs of the probability of exceedance according to significant wave heights, whichrard bipta

wave spectrumSmall waves have a high occurrence frequency, and due to the dispersion relation, small waves
correspond to short periods. At this time, periods of small waves overlaps with the natural periods of small vessels,
with a short length fdess than 50m. Therefore, in the case of small ships, it is important to predict large waves,

but even small waves can cause large displacements due to the resonance.

The sea state can be classifiedTable 5.1with the significant wave height, proposed by ITTC. The average
wave and significant wave heights were obtained by analyzing the data recorded using the ADCP instrument. In
Table 5.2 the weltconditioned data collected while monitoring the ocean enviemrare described, and the
corresponding sea states are listed. General weather information and wind directions were obtained from the
public information service from Korean Hydrographic and Oceanographic Agency (KHDAYdte that the

average and signifant wave heights were calculated from the recorded wave height time series, and the
corresponding sea states were categorized by the significant wave height ranges according to the International
Towing Tank Conference (ITTC) recommended procedures adelmes p2]. Snapshots of each sea state are

shown inFig. 55.
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Table 5.1.Sea state classification in ITTC Recommended Proceéffe [

Degree Height [m] Description
0 - Calm (Glassy)
1 0~0.10 Calm (rippled)
2 0.10~0.50 Smooth
3 0.50~1.25 Slight
4 1.25~2.50 Moderate
5 2.50~4.00 Rough
6 4.00~6.00 Very rough
7 6.00~9.00 High
8 9.00~14.00 Very high
9 14.00~ Phenomenal

Sample (a)-1 Sample (b)-1 Sample (c)-1

Sample (a)-2

Sample (b)-2

Sample (c)-2

Sample (b)-3

Sample (a)-3 Sample (¢)-3

(a) Sea state 4 (b) Sea state 5 (c) Sea state 6

Fig. 55. Sample snapshot images of wedinditioned for (a) sea state 4, (b) sea state 5, and (c) sea state 6.

50



Table 5.2. Well-conditioned dta gathered at ADCP installation location

Start End Average wave Significant wave
Date Condition Sea state
time  time heighfm] heighfm]
May, 17 10:30 11:30 Strongly cloudy 1.25 2.00 4
2020 19 10:00 11:00 Strongly cloudy 3.00 4.79 6
20 8:00 9:00 Fine 1.50 2.39 4
24 10:00 11:00 Strongly cloudy 1.00 1.60 4
25 10:00 11:00 Cloudy 1.00 1.60 4
26  10:00 11:00 Cloudy 1.00 1.60 4
28 10:00 11:00 Cloudy 1.00 1.60 4
29 10:00 11:00 Strongly cloudy 1.00 1.60 4
31 10:00 11:00 Cloudy & rainy 1.25 2.00 4
June 2 10:00 11:00 Fine 1.25 2.00 4
2020 3 10:00 11:00 Cloudy & weakly rainy 1.00 1.60 4
4 9:00 10:00 Strongly cloudy 1.50 2.39 4
6 10:00 11:00 Strongly cloudy 1.50 2.39 4
7 10:00 11:00 Fine 1.25 2.00 4
8 10:00 11:00 Fine 1.25 2.00 4
9 10:00 11:00 Cloudy 1.50 2.39 4
14  10:00 11:00 Cloudy 2.50 3.99 5
15 10:00 11:00 cloudy & weakly rainy 1.50 2.39 4
16 10:00 11:00 Cloudy 1.25 2.00 4
19 10:00 11:00 Cloudy 2.00 3.19 5
20 10:00 11:00 Strongly cloudy 1.50 2.39 4
21 10:00 11:00 Fine 1.50 2.39 4
22 8:00 9:00 Fine 1.50 2.39 4
26 8:00 9:00 Fine 1.50 2.39 4
28 10:00 11:00 Strongly cloudy 1.50 2.39 4
July, 1 8:00 9:00 Fine 1.50 2.39 4
2020 4 8:00 9:00 Cloudy 1.50 2.39 4
5 9:00 10:00 Cloudy 2.00 3.19 5
6 8:00 9:00 Cloudy & rainy 2.00 3.19 5
7 7:00 8:00 Cloudy & rainy 2.00 3.19 5
8 8:00 9:00 Strongly cloudy 2.00 3.19 5
12 8:00 9:00 Cloudy & rainy 1.50 2.39 4
13 8:00 9:00 Cloudy & rainy 3.00 4.79 6
14 8:00 9:00 Cloudy 3.00 4.79 6
15 8:00 9:00 Cloudy 1.50 2.39 4
16 8:00 9:00 Cloudy 1.00 1.60 4
17 7:30 8:30 Fine 1.25 2.00 4
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Tables 53 and5.4 present the number of datasets corrected according to the classification of the sea states and
average wave heights, respectively. Only three sea stét@swére observed during the data recording period.

About threequarters of the collected data welgfined as sea state 4. The number of samples in sea state 6 was

the least among the three collected data. The average wave heights were categorized from 1.0 to 3. Om with 0.25
m intervals. Three average wave heights (1.00, 1.25, and 1.50 m) belongtateda two average wave heights

(2.00 m and 2.50 m) belong to sea state 5, and the average wave height of 3.00 m belongs to sea state 6. The
highest number of samples was counted in the 1.50m category and the lowest one was counted in the 2.50m

categoryAs a result, there are three and six categories in the sea state and average wave heights, respectively.

All categories inTables 53 and5.4 were divided into three groups: training, validation, and test data. Training
and validation data were used lretlearning stage to produce a trained network. In the estimating stage, test data

were utilized.
In all categories, the same number of data used for training was used, and random selection was made to avoid
bias in the results. Note that the numbedatfa obtained by category could vary considerably. Some studies have

been conducted on the effect of disparity in these data categories on training 58kults |

Table 53. Numbers of snapshot images utilized for the sea etdiimation

Sea state Numberof days Ratio[%] Number of snapshots
SS4 28 75.68 181,578
SS5 6 16.22 41,562
SS6 3 8.11 20,802

Table 54. Numbers of snapshot images utilized for the average wave lesitymiation

Average wave height Number of days Ratio[%] Number of sapshots
1.00m(Ss4) 7 18.92 38,458
1.25m(SS4) 7 18.92 47,838
1.50m(SS4) 14 37.84 95,282
2.00m(SS5) 5 13.51 34,376
2.50m(SS5) 1 2.70 7,186
3.00m(SS6) 3 8.11 20,802

Meanwhile, there is a limit to the learning result using a clear image of a specific time period. Accordingly, all
data for a certain peri¢8eptember, 2021yere collected and learned without restrictions on the weather and time

zone. Details of normal cditioned data achieving is shownTiable. 55 and the labelling ratio is shown fig.
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5.6. It includes data from foggy, rainy weathers, unclear images, and data with other artificial obstacles such as
ships. Two labels were assigned to each day, bedarkaftermoon. \iv means the wind speedaldis the average

wave height, and &is the sigificant wave heightMeasuring methods and Information sources are identical to
those ofTable. 52.

Since computer hardware specifications were insufficient to collect and analyze data for all time data, five time
zones were selected; night(03:00~03:Gainrise(10 minutes before and after sunrise), morning(10:00~10:10),
afternoon(15:00~15:10), and sunset(10 minutes before and after sunset). Although we tried to keep these
conditions as much as possible, there are cases in which data in near timespieedably collected or not

collected at all due to the-situ problems.

There are two notable events in the data collection period. One was that there was a period during which medium
sized huritihuadneaéGlant hr ou ampleshofesearstate & coraditians, wheelaweer e a .
not found in the weltonditioned data set, were obtained in normal conditioned data by the influence of the
hurricane. The other is that when data was collected at night, there was usually indirect lighithopgpyoats,

while there was no fishing during Koreab6s thanks gi v

there was a period in which the light hardly enters.

Some images of normal conditioned are showRign 5.7. As the data acqut#dn periods are spread among a
day, the brightness, saturation, diffuse reflection of light appearance, and so on, appear in various ways. In addition,
since the movement of ships is also included, all data of specified time periods were utilizedakitineviated

artificially selected sea photos.
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Table 55. Non-prescreenedata gathered at ADCP installation location.

Sep. 2021 Weather Wind Dir. Vw [m/s] Have[m]  Hs[m] Labeling Remarks
o1 Morning Cloudy S-SW 8 12 1.0 20 1.6 3.2 Seastate4
Afternoon Cloudy and occasional rain S-SW 9 13 15 25 2.4 4.0 Seastate4
02 Morning Cloudy NW-N 8 12 1.0 20 1.6 3.2 Seastate4
Afternoon Cloudy and rain NW-N 8 12 1.0 20 1.6 3.2 Seastate4
03 Morning Cloudy and occasional rain N-NE 8 13 1.0 25 16 4.0 Seastate5
Afternoon Cloudy NE-E 9 14 1.5 3.0 24 48 Seastate5
04 Morning Cloudy NE-E 10 14 2.0 3.0 3.2 4.8 Seastate5
Afternoon Cloudy NE-E 9 13 15 25 24 40 Seastate5
05 Morning Cloudy NE-E 8 12 1.0 20 1.6 3.2 Seastate4
Afternoon Cloudy and occasional rain NE-E 8 12 1.0 20 1.6 3.2 Seastate4
06 Morning Cloudy and occasional rain E-SE 8 12 1.0 20 1.6 3.2 Seastate4
Afternoon Cloudy and occasional rain SE-S 8 12 1.0 20 1.6 3.2 Seastate4
07 Morning Cloudy and occasional rain NW-N 8 12 1.0 20 1.6 3.2 Seastate4
Afternoon Cloudy W-NW 8 12 1.0 20 1.6 3.2 Seastate4
08 Morning Too cloudy W-NW 8 12 1.0 20 1.6 3.2 Seastate4
Afternoon Sunny NW-N 7 11 1.0 15 1.6 2.4 Seastate4
09 Morning Too cloudy NW-N 6 11 0.5 15 0.8 2.4 Seastate4
Afternoon Too cloudy NW-N 6 9 05 1.0 0.8 1.6 Seastate3
10 Morning Cloudy and rain NW-N 6 11 0.5 15 0.8 2.4 Seastate4
Afternoon Cloudy and rain NW-N 6 11 0.5 15 0.8 2.4 Seastate4
11 Morning Cloudy and sometimes rain E-SE 6 11 0.5 15 0.8 2.4 Seastate4
Afternoon Too cloudy E-SE 6 11 05 15 0.8 2.4 Seastate4
12 Morning Too cloudy NE-E 8 12 1.0 20 1.6 3.2 Seastate4
Afternoon  Cloudy and sometimes rain E-SE 8 13 1.0 25 1.6 4.0 Seastate5
13 Morning Cloudy and rain E-SE 10 16 2.0 40 3.2 6.4 Seastate 6 Hurricane '‘Chan-thu’
Afternoon Cloudy and rain E-SE 10 16 2.0 40 3.2 6.4 Seastate 6 Hurricane '‘Chan-thu’
14 Morning Cloudy and rain E-SE 12 18 2.0 5.0 3.2 8.0 Seastate 6 Hurricane '‘Chan-thu’
Afternoon Cloudy and rain E-SE 12 18 2.0 5.0 3.2 8.0 Seastate 6 Hurricane '‘Chan-thu’
15 Morning Cloudy and rain E-SE 10 18 2.0 5.0 3.2 8.0 Seastate 6 Hurricane 'Chan-thu’
Afternoon Cloudy and occasional rain NE-E 10 18 2.0 5.0 3.2 8.0 Seastate 6 Hurricane '‘Chan-thu’
7 16 Morning Cloudy and rain E-SE 14 20 3.0 5.0 48 8.0 Seastate?7 No data
Afternoon Cloudy and rain E-SE 16 22 40 6.0 6.4 9.6 Seastate?7 No data
g 17 Morning Cloudy and rain W-NW 18 26 5.0 8.0 8.0 12.8 Sea state 8 Hurricane '‘Chan-thu’
Afternoon Too cloudy NW-N 10 16 2.0 40 3.2 6.4 Seastate 6 Hurricane '‘Chan-thu’
i’ 18 Morning Cloudy NW-N 9 13 15 25 24 40 Seastate5 No fishing
Afternoon Too cloudy N-NE 9 13 15 25 2.4 4.0 Seastate5
g 19 Morning Too cloudy NE-E 7 11 0.5 15 0.8 2.4 Seastate4 No fishing
Afternoon Too cloudy E-SE 7 11 05 15 0.8 24 Seastate 4
i’ 20 Morning Too cloudy E-SE 7 11 05 15 0.8 2.4 Seastate4 No fishing
Afternoon Too cloudy SE-S 8 12 1.0 20 1.6 3.2 Seastate4
i’ 21 Morning Cloudy and rain S-SW 9 13 15 25 24 4.0 Seastate5 No fishing
Afternoon Sunny SW-W 8 13 1.0 25 1.6 4.0 Seastate5
7 22 Morning Sunny SW-W 8 12 1.0 20 1.6 3.2 Seastate4 No fishing
Afternoon Sunny W-NW 7 11 1.0 1.5 1.6 2.4 Seastate4
g 23 Morning Sunny NW-N 7 11 1.0 15 1.6 2.4 Seastate4 No fishing
Afternoon Sunny NW-N 6 9 05 1.0 0.8 1.6 Seastate3
i’ 24 Morning Too cloudy N-NE 6 9 0.5 1.0 0.8 1.6 Seastate3
Afternoon Too cloudy NE-E 6 11 05 15 0.8 2.4 Seastate4
i’ - Morning Too cloudy NE-E 8 13 1.0 25 16 4.0 Seastate5
Afternoon Too cloudy NE-E 8 13 1.0 25 1.6 4.0 Seastate5
i’ 26 Morning Too cloudy NE-E 10 14 20 3.0 3.2 4.8 Seastate5
Afternoon Too cloudy NE-E 10 14 2.0 3.0 32 48 Seastate5
g 27 Morning Too cloudy NE-E 8 13 1.0 20 1.6 3.2 Seastate4
Afternoon Too cloudy NE-E 8 13 1.0 25 1.6 4.0 Seastate5
i’ 28 Morning Cloudy E-SE 9 13 15 25 24 40 Seastate5
Afternoon Cloudy SE-S 10 14 20 3.0 3.2 4.8 Seastate5
7 29 Morning Cloudy and occasional rain S-SW 10 14 2.0 3.0 3.2 4.8 Seastate5
Afternoon Cloudy and occasional rain SE-S 10 14 2.0 3.0 3.2 4.8 Seastate5
g 30 Morning Cloudy and occasional rain N-NE 10 14 2.0 3.0 3.2 4.8 Sea state 5No data at night, sunris
Afternoon Cloudy and occasional rain N-NE 9 13 15 25 24 4.0 Seastate5
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Fig. 56. Labelling ratio of normal conditioned data.

(b) Sep. 21, 2021, 06:20 ~ 06:30 (c) Sep. 17, 2021, 03:00 ~ 03:05

(d) Sep. 12,2021, 15:00 ~ 15:10 (e) Sep. 26, 2021, 15:00 ~ 15:10 (f) Sep. 17, 2021, 10:00 ~ 10:10

Fig. 5.7. Sample snapshot images of normal conditioned data.
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Chapter6. Training results witmon-prescreened data

Learning was also performed on data including different time ranges that were not prescreened,Tigiksl in
5.5. In thischapter there is no prprocessing of data such as artifi@timinating of images with obstacles, foggy

weathers.

6.1 Initial training

Snapshoebased machine learning was performeth the described algorithim Chap. 3.1 Fig. 6.1 shows the

global training accuracy arkg. 6.2 shows the cross entropy loss with data divided into five sea state categories.
Data were augmented for the insufficient categories among the acquired data. The number of training data per
category is 5000, the number of validation data per category jsaBdhe number of testing data is 300. The

computing time was 253m 25s.

In the case of the global accuracy, it is increased rapidly and reached the stable point after 20 epochs, even some
fluctuations are occasionally occurred. In the end, an accufa®:20% is obtained. Unlike previous learnings,

it shows the phenomenon of suppressing accuracy at a certain value. In the case of the loss function, the tendency
to decrease at the very beginning is the same as for other learnings. However, stravgelyoitfirmed that the

value of the loss function started to increase and stabilized around 3.0. To find out the cause of this phenomenon,

predictions were made on the testing data.

100%
90%
80%
70%
60%
50%
40%

Accuracy [%]

30%
20%
10%

0%
0 20 40 60 80 100 120 140 160 180 200
Epoch

Fig. 6.1. Training results with normal data: Global accuracy.
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Fig. 6.2. Training results with normal data: Cross entropy loss.

The correlation matrix for the estimation accuracy in testing data is sholiabla 6.1. In the correlation table,

predictions on sea state 3, 5, and 8 showed high accuracies. However, isetloé peedictions for sea state 4,

there were much more predictions with neighboring sea state 3 and 5 than for the correct answer. This confirms
once again that it is difficult to accurately predict the dense categories among the low wave heightsategorie

shown in the previous predictions. Predictions for sea state 6 have almost no predictions for correct answers, and
predictions are made with sea state 4 and 8 mostly. All data of sea state 6 were obtained when the hurricane passed
the target area, dbincludes both the calm sea condition before the hurricane and the rough sea condition in the
hurricanebs influence. For calculating the characteri

of the sea for one hour, it cannot prdpeepresent the abrupt change of the sea surface within that time.

Table 6.1. Correlation matrix for sea state estimation with normal conditioned data.

SS3 SS4 SS5 SS6 SS8
(predicted) (predicted) (predicted) (predicted) (predicted)
(Obi’;?/e d) 99.996% 0.004% 0.000% 0.000% 0.000%
SS4
(observed) 36.953% 11.416% 51.607% 0.024% 0.000%
SS5
(observed) 0.661% 21.785% 76.239% 0.000% 1.315%
(obigre\;/ed) 0.000% 34.719% 4.066% 0.016% 61.198%
SS8
(observed) 0.000% 0.000% 0.000% 0.001% 99.999%
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6.2 Applicability evaluation with deformed images

Until now, learnings have been carried out on images acquired from a fixed angle of view. However, it is
practically difficult to obtain the testing data from tldenticalcondition@ngle of view, distance, lightness, and

so on) as the network acquisition, and in particular, it should be confirmed whether the technology can be applied
to a continuously moving vessel. In this study, thmemdes ofdeformation(focusing, rotating, andtitig) are
considered, described kys. 6.1t0 6.3.

Size=[ 656; 875; 3]

6.1

n% focusing = [n% of range; n% of ran@ =0 (64

€C0sg - sing O
R= gsinq cosg O

g o0 0 1 62)

el a 0

_e

Tt= éb 1 0

g0 0 1 63)

(a.1) Original (a.2) Zoom-in: 10% (a.3) Zoom-in: 20% (a.4) Zoom-in: 30%

(b.1) Original (b.2) Rotating: 10deg (b.3) Rotating: 20deg (b.4) Rotating: 30deg

(c.1) Original (c.2) Tilting: 10deg (c.3) Tilting: 20deg (c.4) Tilting: 30deg

Fig. 6.3. Image distortion: focusing, rotating, and tilting.
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The images obtained through the focusing, rotating, and tilting are shdvig. &.3. In the case of rotating and

tilting, pixel empty spaces are created at the edges after image change, and since only the data necessary for
learning is cut out as a rectangular frame, some focusing effects are also included. These image deformations are
considered as the camera's fardrand backward motion, roll motion, and coupled rotational motion, so it can be

seen that the basic motion mode of a ship is indirectly represented.

The prediction results are summarizedlable 6.2-4. The results excludes results for sea state 4 amdiéh

were not well predicted. As checking the accuracy change with image focusing, the accuracy does not decrease
significantly at 10% zooan. However, as the focusing increases, the accuracy decreases and the decrease in
accuracy is much greater atahwave heights. This phenomenon also appears in rotating and tilting, but in these

deformation modes, it can be seen that the accuracy reduction is quite large even at 10deg or 10% deformation.

Table 6.2. Predictionresults with image focusing.

Original 10% zoomin  20% zoomin  30% zoormin
SS3 1.000 0.861 0.284 0.166
SS5 0.762 0.674 0.573 0.481
SS8 1.000 0.998 0.880 0.651

Table 6.3. Prediction results with image rotating.

Original 10deg rotation 20deg rotation 30deg rotation
SS3 1.000 0.327 0.248 0.126
SS5 0.762 0.341 0.229 0.184
SS8 1.000 0.550 0.493 0.479

Table 6.4. Prediction results with image tilting.

Original 10% tilting 20% tilting 30% tilting
SS3 1.000 0.099 0.009 0.000
SS5 0.762 0.497 0.382 0.286
SS8 1.000 0.740 0.674 0.483

In order to broaden the effective range of such image estimation performance, the following studies are considered.
One way is to construct a network by increasing the total amount of data through data augmentation of the first
image sets. The latter &out rotational motion, and it is a method to learn by synchronizing angles of training
data and testing data by calculating main vector directions by converting the shape of the wave crest into a vector

on the image.

By linking the measuring instrumemntthe inclined angle can be easily known and images can be compensated to
the reference angle. However, it is not easy to specify an angle from only actual images without a baseline or
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given information. Here, an attempt for vector extraction from thegémaas conducted. After knowing the
inclined angle, images were then rotated again to match the training network frame. In this case, the generated

black space was eliminated.

The concept of this reotation is illustrated iffrig. 6.4. The rotation images in which the results are summarized

in Table 6.3 are for the red square region in the upper centeignf6.4.

Fig. 6.4. Image rerotation process.

Many studies of extracting the vector for the gradient change from an imagéédéaveconducted in vision
engineering. Here, a total of seven techniques were applied to estimate the inclined angle in the photograph;
BRISK [54], FAST [55], Harris[56], KAZE [57], Minimum Eigenvalug58], ORB [59], and SURHA60]. To

make the input information value more concise, the angle was estimated from the black & white converted image.

An example of applying seven techniques to one image is shofig.i8.5. Here, the green squares highlight
what were found as representative vectors in each technique. When the FAST method is applied, it can be seen
that the vectors are mostly found in the upper part of the image. While the vectors, which are found by other

methods, are scattered throughout the whole image.
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