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Abstract - This study aimed to provide a solution or improving ship collision alert of the ‘accident vulnerable ship monitoring service’
among the Intelligent marine traflfic information system’ services of the Ministry of Oceans and Fisheries. The current ship collision alert
uses a supervised learning (SL) model with survey labels based on large ship-oriented data and its operators. Consequently, the small
ship data and the operator’s opinion are not reflected in the current collision-supervised learning model, and the eflect is insufiicient
because the alarm is provided from a longer distance than the small ship operator feels. In addition, the supervised learning (SL) method
requires a large number of labeled data, and the labeling process requires a lot of resources and time. To overcome these limitations,
In this paper, the classification model of collision alerts for small ships using unlabeled data with the semi-supervised learning (SSL)
algorithms (Label Propagation and TabNet) was studied. Results of real-time experiments on small ship operators using the classification
model of collision alerts showed that the satisfiction of operators increased.
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Table 1 Real time experiment data collection list

No Date L.OA | Breath | GT Region
1| 20220817 12:?22 2:282 gﬁt Gunsan
1353m | 353m | 977t
2| 20220928 16 68m | 380m | 977t Yeggggeu
1353m | 353m | 9.77t
3| 20220929 6 68 | 380m | 977t Yeﬁ;ﬁ?w
4| 20221026 12:45122 g:ggg SZE Yeosu
s e
e
7| 20221117 Egg‘rﬁ 2:232 g% Yeongmok
8 | 2022.11.18 1‘51:222 g:ggg ;?ﬁ: Yeongmok
9 | 2023.04.12 ﬁégﬁ g:ggi S:ZE Gunsan

Unlabeled data 32> ZAI A 5% AFaLH
W HUE R Au]zol A AT EE 5
QA Au)zoA B4l AEFH o] AR
Distribution Service(¢]3} DDS)& £ Subscribe
gozx HolHE £ & & AU e, SFAIFAY
U 2= AR £1 2239 1 T nlabeled data

& +askan.

3.3 HloJH =& Z1}

ECS =75 A}&-3F Labeled data 32 202213 8€& 4]
20 &2 20239 4971A o] FolHrt. 1 Ad g dolE=
%13 Raw dataE A 2l8le] #FZ o2 12,084 row Dataset
< FEITE weh 20239 89 A EA A 2SS vigk
o= w2 HrtE g dlolH F8& a3t THTable 2).
283t Unlabeled datat® 20223 sPi7]1& Al
2o 2 HAAY7HA F 1,016 GigabytesE 73k gt

Table 2 Real time data collection for user satisfaction rate

evaluation
No Date L.O.A | Breath GT Region
1287m | 342m | 9.77t
L 20230816 e ey T 3aom | o7t | LeOU
12.87m | 340m | 9.77t
2| 2008 e [ 380m | 977t | Yeosu
3.4 dlo|E{ mo|=ztel
449 Unlabeled Datay 1Y 23S AA & Ao =
= stz o], g0 A TFAHEFig 49 2L 19 T 9

x4 2] wale ARE3th Service Data ETL(Extract-
Transform-Load)ell e} 7]& An]z=oA] WHAAsl= HARE
—Ltﬂ—sl— x}}\h,} F/]_}\{A s x%ig} Ex% ARE /‘xlsh:]._ o]
wj, Auke] MMSI(Maritime Mobile Service Identity)4}
MRN(Maritime Resource Name) &< NAHRE g3} 3}
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Fig. 4 Data pipeline diagram
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Table 3 L.O.A mapping table

Code(0) LO.A
N LOA < Om
A Im < LOA < 20m
B 20m < LOA < 40m
C 40m < L.OA < 80m
D 80m < L.OA < 200m
E 200m < LOA
4.3 2F 2t MA

AOERde) A% R A 747 180°% 0007 W g
oF @row wuskn AZskdch £, AOERe SOG7H
0 knotsl @H& Aol 4] e Wel SOG7E ohd 9.5 @t
o= wustn AN,

4.4 2% dlo|ef A

8o
©

Fig. 5 Korean port polygon data using national land data of
‘geoservice’
Source : http://www.gisdeveloper.co.kr/
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9] 9%, ALk, CPA AHS 7IEo® A4t

AREALE AR S oS AASH] fIstd, 2 AR A
%% (None-Alarm), ¥4l (Information), ¢](Caution), Y&
(Alarm)©] A4 Afele] AZ(RNG) #hollAl ARSI H9
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5.1 llo|& ==Zu}A0|M(Label Propagation)

511 =29 A+

FA % 352 Labeled data®] 54 H5(Xi) 3 & W5
(Y1)} Unlabeled data®] 59 ®5(Xj)E 7 AFE3to] &4
a7 gt 5 AR(DE dSshs el

= ATolM = e 7wt i
gact.

S A"
= hl

Table 4 Label Propagation

Label Propagation

1. Compute Matrix D = ZjWij
2. Initialize ¥()=(¥;,---,0)

3. Tterate Y(Q+1)=D 'WY

4. Converge to Y(0)

Bo

el Eﬂol%v% %‘%6}3 z} l°lE1 EQIE o] ¥ Wy IF
o] $AMIS EHohe Matrix® AHEdle] $4 W vel o)
olf] AJERZ #Hol&ES HF}eH(Yoshua et al, 2006;

Olivier et al., 2005). #AFd Matrix7} A4bE™ wkEx o g
F& W5 Yo go|2S Rt 7} e1F dHolE EEY]

)=]
el
dol & 7tEHEdS AAsta EE w7hX] JHESo(Table 4).

512 43 4

ralo] §84S HAE37] 9384 Labeled Datag 829 H]
&2 85 dlojH e H2E HolE R skt g bo]
gl z=AdG oI} Aarsl 5o JFdFo] A AAA T
(Decision Tree)& &7 Edo 7242 gF7|2 AAH3A
ol olw, wEgk g dHloJE e 50%E o]&ste] Tl
SL_13} 100 %% o]&3te] &3 SL 25 #este] S43%
t}. SSLE $1&te] SL_19l Unlabeled data®] H]&S 717
g 4 79 de]E S 53 th(Fig. 6). ©l, Unlabeled
data®] W&-S ZF 10%, 30%, 509, 70%°0]1W Z+ wlo]E] A9
0] &< SSL_10, SSL_30, SSL_50, SSL_70=2 -3}
D

Labeled
Data

=

Test Data

Feature Extraction

Unlabeled
data

Fig. 6 SSL using DT model experiment process

Classification ]—b[ Predicition ]

A& e H2E delHe SL1, SL 2, SSL_10,
SSL_30, SSL_50, SSL_70& =43 dgnge] oA E g+
Rdg stgeta AgdwE ST

ojuff, Al-&3 S W4 Labeled data®l £4 W4 (YDt
FBABAA 7 7M=& HE5E A8 SelectKBest selection
¥} RandomForest 5@ 2] Tree-based selection & 433}
Atk gEd, ts3AAd dds 93] VIF(Variance Inflation
Factor) #t& &8t A& A5 Sste] ds-E 2 A
glo] DCPA, TCPA, RNG, MaxRisk® A A3}ttt F714 0
2, 0l BE HBES T 5 3] v Jdgste] Fdgks Askst
Atk

513 A8 Az

A Eed gelg el SL_1, SL.2, SSL_10,
SSL_30, SSL_50, SSL_70¢] w43t welujE 2] Decision
Tree 22 shFet A0S 53 o] gRlsAAtH(Table
5). Hdl SL_29] AccuracyE 71522 SL_19] Unlabeled
data®] 50% H|&<! SSL_507HA] A&7t A &2 0w st

H2E

= AL gelslgivl. webA, Labeled datas &34 gwgh
F 9= AelA SSL Hto] e AZEE HolFiE
o] 2 5 k.
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Table 5 Prediction results of label propagation SL and SSL

Train Test Accuracy
Learning Method

L U L Test

SL_1 4,833 - 0.613

SL_2 9,667 - 0.628
SSL_10 4,833 483 0.618

2,417

SSL_30 4,833 1,450 0.620
SSL_50 4,833 2,417 0.623
SSL_70 4,833 3,384 0.623

*Labeled: L / Unlabeled: U

O
s

A7 Aol uwhef, 7H Labeled datag 713 SL_29]

dle]EfAlel UnLabeled dataZ F7}ste] XGBoost Classifier
Fdstant. AAYF WAE fstd F 53
Cross—ValidationS =35t zF mde] 4 AlFS 9siA
GridSearchCV Librarys AHg&-3te] 4 dev|elE 243
FAt) ¥Eo], Hit Accuracy, Recall, Precision, F1-Score
£ AxreAk(Fig. 7). Table 59+ w7k 2 UnLabeled
data®] 50%<%] SSL_50& SL 29} shgd Ay(o]sh
SSL_50_XGB)E #HA e »dg glstal w3}t

1.00

o
DE]]EO]E

—— Accuracy
--=- Precision
= Recall
+= F1-score

0.95

0.90

0.85

0.80

UnLabel:0%

UnLabel:10%

UnLabel:30% UnLabel:50% UnLabel:70%

Fig. 7 Comparing cross validation score on XGB

5.2 #ul(TabNet)

521 2d A

Tabular data® d}<5sls = ‘3’4?01] A Label Propagation
RHroh @8 ko] Unlabeled dataZ &-83lo] SSLS 2335l1
213517 913le] TabNets 283kt

TabNet2 Googledl Al A& Tabular datadll Al %5 £
< HeEd gaglFozA SL, SSL BT €83 4 gt
(Arik et al, 2019). Bl &9, AutoEncoder 7% % %3] Z2=3k

o
g0 EFuolx Mo dAe flo] AT & i Hed

o4

it

AR

ofj

E2J7 Feature Engineering 2} %
(Fig. 8).

«eo JIET Output

Features

Fig. 8 TabNet encoder architecture

12> 0.

TabNet2 SSL= AH&aH7] $13 GHl= WA= Shas A}
43l AbASHE7]Ql TabNet-Pretrainer® %3] Unlabeled
data® StFAI71aL 7FEA] 3hS Labeled data®l A= <5
TabNet Classifier 2ol Wkdatm 253k}

522 A4 23

Adol Fa4 HES 9ste] Labeled dataZ 822 #2]3}
o] gy dlolE e} AlE deolEE Fulskth B, "y
Loss& #0357l ¢35l stgy dHolHE Holy J7(Data

thA] 822 ZeEjste] AT dolHE =

+q-

Augmentation)

vl &ttt
Labeled data®] 3t dlolElE 100% AH&-3g+ SL_29} 50%

2 A8 SL 1S 7]Ee=® SL dojy AS E5Ah

Unlabeled data® SL_2% 7|2 & 77} 8k dlo]E9 50%
F7]E Random sampling 3Fe] SSL_1, SSL_2, SSL_32] d]9]

EAlS T3 ek Bk ZF SSL_1, SSL_2, SSL_3el A}-&-3k

Unlabeled data® % % 3t dlolH 9] 150%<%1 SSL_concat

=

dlole A& =3l

dDCPA
dOsCPADiIst
izCategory
dTsCPADiIst
dOsRisk
dTsRisk
MaxRisk

RNG

dTCPA

0.00 0.05 0.10

Fig. 9 TabNet feature importance graph

0.15

A5 =8 Test data®} th& o2 8|3k Valid data®] 4
deg Z4zt syl skl SL1, SL.2, SSL 1, SSL_2,
SSL_3, SSL_concats &Y Tebr|E = 14 38kal TabNet
Classifier @& 3}53ldt). o, Al&gF W4+ Labeled
data®] o] A2 AAZ SL 25 71FS.E TabNet9] Feature
Importance% Faste] delsta aAsdth(Fig. 9). F71H4
om o] BE HAHE 53] A gL E FAATH

=
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AvE 5 ZRth 2 9ol Unlabeled dataZ 7}
A Bdo s U F 9= H gl 3t

e
Unlabeled data-% 4S5 ¢ 59 SSL Rds dgge A
g

7bs/dE gls i th(Table 6, Fig. 10).

Table 6 Prediction results of TabNet SL and SSL

Learning Train Test | Validation| Accuracy
Method IL U L L Valid | Test
SL.1 |4744| - 0.71 | 0.64
SL 2 |9487| - 0.73 | 0.67
SSL 1 | 4,744 | 4,744 0.685 | 0.652
SSL 2 | 4,744 | 4744 | 1,186 1,482 0.713 | 0.667
SSL. 3 | 4,744 | 4,744 0.724 | 0.668
SSL 4,744 (14,232 0.716 | 0.656
Concat

* Labeled: L / Unlabeled: U

ey SSL_1, SSL 2, SSL_39] A$ w93 vev]e et
W g e Mg ARG EA T, Labeled data®) 53
S Y= 4+ A= Unlabeled data®] 2o wtel 23}
A E7t TR AolE B

model accuracy (K=2), Max Epochs = 239

— train
0.7 — valid

0.4 4

o 50 100 150 200
epoch

Fig. 10 Model learning curve graph

6. 2 M2

71E Au|zote] HE fE)A], A vHE Bd F FH Ao
454 BolF SSL50_XGB »dS 834
& HwE 202249 109 269 5%-H 270177}21 o 4=l
& 9ol Aol 2023 d 89 16U H-E 17¢7HA]
ogroll A =73 SSL_50_XGBR A o] ZAsjo|t) ol A3
Al Alde] ok AlE A9 Fig. 3 3 ol E4e
2 FUsHA AW WHE A Ho 5H
A7 7153tk 2022 A8 Alg di4k AukS Tab
°] No. 4 ¢ No. 5 ol 2023 Hafe] A& it A
Table 29] No. 1 ¥} No. 2 o]t}

X
-1>

o [
EC IR
i

B o
ol
lo 18

B

= o
o — —

9 - AAG - 254 - WF
Count difference
3500 1 . --»- Before Model
= —s— SSL_S0_XGB
3000 4
2500 A
,, 2000 1
[
3
o
“ 1500 A
.,
1000 - i T "o
\ . _—e
500 - . _—_
0] &
Information Caution Alarm
Alert

Fig. 11 Graph comparing the number of alerts in the
before model and the SSL_50_XGB model for each
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