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for meteorological information of maritime observation buoy

Jung-Wook Han*, Ho-Seok Moon**

*Pilot, Republic of Korea Nawy 6th air wing, Pohang, Korea
*+Professor, Dept. of Defense Science, Korea National Defense University, Nonsan, Korea

[Abstract]

In the event of a maritime distress accident, rapid search and rescue operations using rescue assets are
very important to ensure the safety and life of drowning person’s at sea. In this paper, we analyzed the
surface layer current in the northwest sea area of Ulleungdo by applying machine learning such as multiple
linear regression, decision tree, support vector machine, vector autoregression, and LSTM to the
meteorological information collected from the maritime observation buoy. And we predicted the drowning
person’s route at sea based on the predicted current direction and speed information by constructing each
prediction model. Comparing the various machine learning models applied in this paper through the
performance evaluation measures of MAE and RMSE, the LSTM model is the best. In addition, LSTM
model showed superior performance compared to the other models in the view of the difference distance

between the actual and predicted movement point of drowning person.

» Key words: Maritime distress accident, Maritime observation buoy, Machine learning,
Prediction of drowning person’s route, Surface layer current, LSTM

A, PAHEAU, MEEWHHA, ““Eix} |3 L TENAT] LSTMS Z-838to] &5 %= HA 6
o] FFeFE Tt FE 5ol e A7e] d5REs 7Hee d5E f3F +5
BEE T A A olFARE dSdte RIS A B AelM AE3 gkt
7IASE 2¥S MAESH RMSEC] A5 B7FH e Hlas = w LSTMe] 7MY -8 Adss B
Ak E3E oA} o] eI SR ] ASAH T A Aol glojAk LSTMO] HhE B
Sl Wal Bdd s dehiith

> FAO: SHYRHAIL, SHYIESHO|, 7|AlRls, A<t OIFE= OlS, BS51F LSTM

 First Author: Jung-Wook Han, Corresponding Author: Ho-Seok Moon
*Jung-Wook Han (mysun2562@naver.com), Republic of Korea Navy 6th air wing
*x*Ho-Seok Moon (bawooi@korea.ac.kr), Dept. of Defense Science, Korea National Defense University
* Received: 2021. 11. 04, Revised: 2021. 11. 11, Accepted: 2022. 03. 14.
» This paper is originally from the dissertation of Master's degree at KNDU(Korea National Defense University),
and it has been updated and edited of the part of the original dissertation.

Copyright © 2022 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



2

Journal of The Korea Society of Computer and Information

20

4000
3500
3000
2500
2000
1500
1000

500

__I_L

(e}

NECRL
Q¥slo] 9ol A
@ Seiue

=

o

P 82 o
-

o
S T o =)
'jmrﬂmﬁ

mo oy €2
=Ol:

j

59 2,

I. Introduction
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. 1. Maritime Distress Accidents from 2015 to 2019
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II. Preliminaries

1. Related works

sfitHoll 27t vl R 714E0l
oj5el BENF
3RS o] gato] ApE|grt. 1998
4me] ApfsllME el Sdsiele] 9f
AHaot dls 5 REY 2119 24 A
e ZYS o83ty At RER

djwastgcth E3H 20154 MH

LIS BE A Y

ol
==

o

Frmu

t sy
SRS Aerst
A2 ol T
20173 ol 5 3%]
I Z7h5ole] 714y

2

zE
> cE N o

b

i)

1o

N
e
+
3

=

e
[ >
ol
-1 rr 1o 19

to @

O_?_,
~
-

dz ot o
o
=Ol=
i

o

—

e

—

N

—_—

M oX me rfr mjo 19

A e

=

i orp

fu)

2
Mg
re 4

r



Prediction of drowning person’s route using machine learning

for meteorological information of maritime observation buoy 3
FoH, 7IAISks 7Mle S8 BSdlE 2AE ey, ok elchke EAA A7IE[10]01o. o] Wi Fig. 2
A4ts0] B5 PR siF #EQU /M0l 719E o Zo] FAabgo] YRR osiA mRAEY] wiEo
£ 0|83t Rajo] RO V|E A Jled U2 B9 052 BXO2 Ik O A 2AUHS
AL AR SRS SYUERol 71 E ol&st & vlsl RS A7 olslist AT 4 At
SoE B4 A7E Sl Ralglon, w5t nEshE
A3k AAstel B oAt ol EA4RE oaE A
L 21lstA] 25}t 2 ATolAE Table 19} o] & ‘oot node
- “intermediate node
Asoluct grpsoe the ool ol JAlL gl iy
SgErol FHRE olgslo) BENFES AL g2ma
Sy eaniel o522 st ATg Aot ERaY
Fig. 2. Struct f Decisi T
Table 1. Merits and Demerits of Each Buoy o Structure of Decision Tree
Buoy Observation Buoy Drifter Buoy 2.3 Support Vector Machine, SVM
Merits Big Data Movement a1 1L
Demerits Fixed Small Data MEEHHHA B2 WA A%g ke 449
B SR 25 2 SARYS FEE BAN £
2. Related theories Z1g[11jo]e}. o] Wi B& BAUL 7V 7ho] =
BSolF vA 2 oY At o] 3R 5 ol & UEAES UAACR YYstol ERE At 24 A
Ao O Atal 57 & AdeHEA B ©S Aolsts g3tz ARgSith weba] AL EHEHA]
3, OAZAUR RE, NEEHEDA 0go] P O nye wAEY & ARt Ut 4ue BEA|S
olEjutolyd WrEET MEIR|ElY BF, 2EAAY BF g Basi AR AANS HOJE 4 9lonz o2 sy
o 2R AAY A PHES ASIIT. Sof uls) 45} whac)
2.1 Linear Regression, LR 2.4 Vector AutoRegression, VAR
AP B2 A v 538l = WEIR}|3]7] REL ChHer &}7)3] 7 RS ChHEk A}
© o f B R olde) Maao] Histel BHeWe B S1gnalo 2 sixpAz] nEo o8 Mao] 37t
© SEMPEIL 2Re O o W AlolS AS AY o) oj951n xpr]3)7 malo] Av)slo] oj&st WA} o
AR RS olgatel 7ok, o] P FPAS 018 xy g wiasslx] moistel Maskaz UEps
5t i‘é%%#—%ﬂ St RH YRS WS AdISst  ox mmo) AR Basw[1200c) HERL |37 B
AAE & Aol AR AR FAVIBIIH. B8 o) axne Al ()9 2T
HEA 299 SRole A¥Ha7t g 71Y o ARgshe
Ses e BT AYRTE E ) oY T AR ()3 S u (R e =12 @)
+ U5 HEA 23] 9ol & =ZoMe dhus e
7} 57}7;] 7];&.»]; E}%ﬂﬂ%/ﬂ‘ Egé g }\}O ?_H:} l:}?q y; - variables, a, : constant, w,; :parameter, e :error
:IL]T,‘i_/ﬂ‘ E‘Géq _/'}_/;1% /;1 (l)ﬂ]» 7|_:1'[‘,} yi () = [ay |+ [wy-wy| [y (6= 1) |- [wypeewy; | [9: (& = p) |+ [e1(2)
J{() 11_2 wﬂ wzj Jz(t 1) wﬂ wzj Jz(t—p) eg(t)
Y, =By + By, ot By, Fen i=1,20m (1) v @] lan] [ww, y(i—1) Wiy 10y, o li—p)] Len(®)
. -edictor, 3 : . ter, e. : error
Y FTCSPOTISC: By T PTEGIELOT: By TPATAIMERET & Ferror 2.5 Recurrent Neural Network, RNN
w]= [0 | [A) [ SPNAYS UBNFY & FRE U 2930 2
Y, 1 zy o xy, &
IR EE A Rk A7} E3teo] 9l A7wolct. Fig. 3[13]2 2o ¢
bt HeolEl7t 2959 h, & BalstuiA B4st 455 55
Z3AG|o|E 23k xo]| ol 3 A
2.2 Decision Tree, DT y 2He 2YEOlEl7} Eloi, o) 28R o3 & R
OAHARNUE nEe o AARIAS wxslstel oAl Ol oA 2HFR by O] BuRto] ’%‘01711 &3 Jof et
Ohgol St W ¥ 7l 2FHOR £F. o5, Al HlolEPE 28] theo) Burt Begle] AuH +¥



4  Journal of The Korea Society of Computer and Information

A 239 fALR AlRQ) Zor ol2fel A Fo] 36714 & FaF R siFste 5= BA s
AIRE SJEA oY 2RI TloJE{of Bo] H-8H siFHEFol Y71 EARE S8UlolH2E Open
R w AP B9l 2ASIQIT) st 9 tolei 200
9% 19 00A1HH 20219 3¥€ 31Y 23A)17HA] &5 &

h, = tanh(w,, h,_, +w,,z, +b,) o

25 HolollA] X7 2] 98,
]_

b toutpul, T iinpul, Ty ; juddenlayer R4 BT B V1Y 7R 2R WA V19ERR
w: parameter, tanh : activation func ~
3 50147K9] d|o]&] ¥4+= Table 29} 2T
Whn

[ ey ' e

hy

Fig. 3. Structure of RNN

III. The Proposed Scheme
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Fig. 4. The Proposed Research Process

Table 2. The original Data

Date W. Temp Temp Pres Wind Wind Spd Current Current Spd

(°C) (°C) (hPa) (16points) (m/s) (deg) (cm/s)
2020-09-30 23:00 22.85 20.05 1012.15 NNE 3.85 202.5 25.9
2020-09-30 22:00 22.9 20 1012 NNE 4.4 180 29.85
2020-09-30 21:00 23 20 1011.95 NNE 5.2 180 27.15
2020-09-30 20:00 22.95 19.95 1011.75 NNE 5.15 157.5 25.6
2020-09-30 19:00 22.9 - 1011.45 - - 180 26.85
2020-09-30 18:00 22.9 - 1011.15 - - 180 18.4
2020-09-30 17:00 22.9 20.35 1010.6 NNE 3.8 135 9.65
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Table 3. The preprocessed Data

Date W. Temp Temp Pres Wind Wind Spd Current Current Spd
(°C) (°C) (hPa) (deg) (Knots) (deg) (Knots)
2020-09-30 23:00 22.85 20.05 1012.15 2025 7.483784 2025 0.5034546
2020-09-30 22:00 22.9 20 1012 2025 8.552896 180 0.5802362
2020-09-30 21:00 23 20 1011.95 2025 10.10796 180 0.5277526
2020-09-30 20:00 22.95 19.95 1011.75 2025 10.01077 157.5 0.4976230
2020-09-30 19:00 229 20.35 1011.45 2025 7.386592 180 0.5219210
2020-09-30 18:00 229 20.35 1011.15 2025 7.386592 180 0.3576666
2020-09-30 17:00 229 20.35 1010.6 202.5 7.386592 135 0.1875806
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3. Structure of Various Models
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3.1 Linear Regression, LR
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Table 4. LR Result of log(Current Speed)

predictor | estimate | std.error | t-value Pr(>1tl)
intercept | 25.59248 | 1.968997 | 12.998 <2e-16 **x
temp 0.003048 | 0.001926 | 1.583 0.114
press -0.026357 | 0.001905 | -13.835 | <2e-16 **x*
wind spd | 0.013341 | 0.002015 | 6.622 | 3.96e-11%xx
F(3, 4533)=161.1, P-values : <2e-16** R’ : 0.10
K P<0.001, ** P<0.01, ¥ P<0.05, .P<0.1
Table 5. LR Result of Current Direction
predictor | estimate | std.error | t-value Pr(>1tl)
intercept | -787.978 217.333 -3.626 | 0.000291*x=*
temp -5.52864 | 0.48426 | -11.417 | <2e-16 **x
w. temp | 3.26961 0.33764 9.684 <2e-16 **x
press 0.94357 0.21096 4.473 7.91e-06%xx
wind 0.09165 0.01330 6.892 | 6.26e-12%xx*
wind spd | 1.37246 0.22356 6.139 | 9.01e-10%xx*
F(5, 4531)=42.09, P-values : <2e-16**, R’ : 0.05
K P< 0001, ** P< 001, ¥ P<0.05, .P<0.1
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3.2 Decision Tree, DT
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Fig. 7. Decision Tree Result for Current Speed
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Fig. 8. Decision Tree Result for Current Direction

3.3 Support Vector Machine, SVM
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Table 6. Tuning summary of Current Speed

Parameter tuning of SVM
Sampling method 10-fold CV
Best parameter gamma : 1 cost : 10
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Table 7. Tuning summary of Current Direction AlC
4.25
Parameter tuning of SVM
Sampling method 10-fold CV €28
Best parameter gamma : 10 \ cost : 1 4.15
4.10
3.4 Vector AutoRegression, VAR 4.05
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3.5 Recurrent Neural Network, RNN
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Table 8. Differences and ADF TEST Results

Current Speed Current Direction
Fefeaer B Balary &
SR Original — oOnginal
—— Rolling Mean E — Ralling Mean
L1508 — Rolling Std — Rolling Std
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P-values of ADF Test : 6.278009e-30 *** P-values of ADF Test : 0.0000000 xx*
6% P 0.001, ** P< 001, * P<005, .P<0.1
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input: | [(None, 24, 1)] input: | [(None, 5)] input: | [(None, 24, 1)]
mput_1: InputLayer mput_3: InputLayer mput_2: InputLayer
output: | [(None, 24, 1)] oufput: | [(None, 5)] output: | [(None, 24, 1)]
l r l
mput: one, 24, 1 mput: one, 5 input: one, 24,1
Istn: LSTM ! o ) dense: Dense ! ™ ) lstm_1: LSTM ! ™ )
output: | (None, 24, 64) output: | (None, 16) output: | (None, 24, 64)
L / l
input: one, 24, 64 nput: one, 16 nput: one, 24, 64
Istm_2: LSTM L u ) dropout: Dropout L ™ ) Istm_3: LSTM ! Ll )
- output: {None, 32) output: | (None, 16) - output: (None, 32)

N

concatenate: Concatenate

put: | [(None, 32), (None, 16)]

output: (None, 48)

/

dense 1:Dense

input: | (None, 48)
output: | (None, 128)

dropout_1: Dropout

mput: | (None, 128)
output: | (None, 128)

flow: Dense

mput: | (None, 128)
output: | (None, 1)

T~/

input: | [(None, 32). (None, 16}]
output: (None, 48)

concatenate_1: Concatenate

i
input: | (None, 48)

output: | (None, 128)

denze 2: Dense

mput: | (None, 128)

dropout_2: Dropout
output: | (None, 128)

mput: | (None, 128)
oufput: | (None, 1)

flow_speed: Dense

Fig. 10. 2-branch LSTM Model Structure
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Fig. 11. Learning results of 2-branch LSTM Models

Table 9. Parameters of 2-branch LSTM Model

Parameter Value in LSTM
Epochs 50
Batch_size 72
Learning rate 0.01
Activation Function LeakyRelU
Optimizer adam
Loss Function MAE

4. Analyzing the Results by Evaluation Measure
2 ApoAe oA &S LR, DT, SVM, VAR,
LSTME E3| &5 225 BA5[do] o3F . S04 f|o]
Eloh Al 93 - 94 BY 710 QAL 57 MEQ)
MAEQ} RMSE2 245191t} WA] Table 102 AA| 53}

94 AUl 2 o DY - 84 A5 17
52 CAsp 202 DT VARE MRl Lioixl o5
Yse gAl2 M §F 94 JuE mepis 2ol
e 74 2 4 9k DTY %9 BHWA A b
PR} QU AZIEO GAIRE 3ES ZHA B3] a2t of
£ 7% 317 Rk 242 B 4 9100, VARY %9

AoPALZ §3F - 349 53] Bao
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Table 10. True and Predicted plot of Prediction Model
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