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IMO has been progressively strengthening regulations aimed at reducing greenhouse gas emissions and improving energy

efficiency. As a result, there is a growing demand for methods that

can quantitatively evaluate the full-scale performance of

ships, Although various approaches have been proposed for estimating the performance, there are limitations in determining the
relationships between speed-RPM and speed-power, Moreover, it is necessary to assess the effects of various factors on
full=scale performance, In this paper, it is aimed to predict RPM and shaft power of an electric—propulsion smart ship from

data—driven analysis using supervised learning, First, post—processing procedure for full-scale measurements is revised to
improve the feasibility of deriving speed—RPM and speed—power relationships from the proposed model, Second, design
variables for analyzing full-scale measurements based on supervised learning are established, Finally, it is possible to predict

RPM and power with improved accuracy,
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Fig. 1 2,700ton—class electric propulsion smart ship
(ULSAN TAEHWA)

Table 1 Principal dimensions of 2,700ton—class electric
propulsion smart ship (ULSAN TAEHWA)

Property Value
Lpp [m] 78.5
Breadth [m] 12.8
Design draft [m] 3.3
Gross tonnage [mt] 2,696

Design [knots] 14
Speed -

Maximum [knots] 16
Number of propellers [EA] 2
Number of propeller blades [EA] 4
Predicted shaft power at design speed 1150
with design draft [kW] ’
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Fig. 3 Comparison between measured relative wind speed
and calculated relative wind speed considering AlS
and ECMWF database
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(You et al., 2017).
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Fig. 4 Comparison between measured relative wind
incident angle and calculated relative wind incident
angle considering AlIS and ECMWF database
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Fig. 5 Correlation analysis between measured relative
wind incident speed and calculated relative wind
incident speed considering AIS and ECMWF
database
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Fig. 6 Correlation analysis between measured relative wind
incident angle and calculated relative wind incident
angle considering AlIS and ECMWF database
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data implementing supervised learning
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Fig. 10 Speed—-power relations by plotting full-scale
measurements after excluding large alternation
records

3000

R?=0.8439
2500
2000

1500

1000

Estimated power [kW]

500 G

1
2500

J
3000

500 1000 1500 2000
Actual power [kW]

Fig. 11 Correlation analysis between actual power and
estimated power obtained by regression before
excluding large alternation records

e & § 715E lole7t Mel=7| M, Hole =2 & £
-5 53 dE 2oiF1 Qlot Fig. 102 4 BE &
7|SE do[E7t MelEl =, HolH 2x ¥ £5-5 S 2
Mg 20iFL 2l 10-11knots O[5t T2IolM & MECt =
2 Zoll BAlE Hol 7t Tk AadEe 5—.._@ = Ack
53], 3-Tknots TIoIIM= FHEA CO[EVH HAREE & =
UEE Fig. 112 2T HE S 715 HolE7t Mei=7| & A

ZELO[HE ol83t0d, == S 20l A4S HE

122 th4z HE dlole7t MelEl & M 2EHolEE
018310, £—5F =3 2il| 37|42 ME2 ook FHE

Fig. 12 Correlation analysis between actual power and
estimated power obtained by regression after
excluding large alternation records

S ASE S 7F A 24 Znock. izt HE HlolH
£ Helsp| ”?—% HIwE o, Z™AST} 0.8439011A1 0.7439
2 TSP A5G0t KM% M3] A 7|SE B oo 2|

—

OE{7} MelEoll w2, 2Aof o3& M 2&HolE & 52
% 72t Hlojelef H|E0| FoPW| 22z HERICE M elE

tiole{7} sk5oll olxlE 2deol o 37| mh=oll, tlols =X
2| ZFEolM 2EASe| Mok 27t MEleZ Hekict =2
AN FIIE M ket '/.\_ Zeltole =2 HXE S,
;‘r:x-|0” QH_TI_O olog 2

0

|-J

-5 34 iy
F Hels MAst Aoz Hrbsigict.
B} oie dee| S STl I3|7<|
215104,

) 92 a3t tisp| aT Al & 5
2 Hol5l%end, 1,150kWo |t (KRISO, 202
AEseg 42 7, e Eteow o 5I XZ ARIS D

()

HolsIct o7IM, t= T

712|Zict

[
T ooz o©

—
=

_ Pfouled (t) - Pclean (t)
P(flc(m (t)

100 [%] (7)

A3 AT0M 2,700EF H7|5A ADLE Mue] MM 23
|

=
BIS HAAISHE 0[S0 ST-REBINS, SE-58 B

o




LAY R YIS HNE

—

! ! [

Sample 2

Sample 1 Sample n

|

n Trees l l

Residuzs

Residuals

Prediction 2

Prediction 1 Prediction n-1 Prediction n

|

Fig. 13 Schematic diagram for supervised learning algorithm

(XGBoost)
HAEE 317 2ME FasIict M IFoM, O B HEeE
olgst

F2AN 8o ZeMg oIX|Eh HE Rt (Kang et al.,
2025). Mute| 2sin} aHE o B2 HEE Dest oS 2Y
&}
gict clekst 7|AEE 7192 ol H 58 Z
411 X|Zsks 2l0|222|(XGBoost)2| ME JisMeS

Ral

235} Mt £2

H|wst & eSEE

slol3lC} (Lang et al., 2022). XGBooste| &112|E2 Fig. 13t
Zoh e 2lo|Eeiels ZBHER| XE V|He=z $t HA} 5t
4 FAE UME ge(EeR2, A HlolH 2| TA{Qt Al
M oEMg pHRSHK| 2= S 7D ok AFE AM
TEHOIE7H 12 72z AF=QPY| 2ol 2t HlolE7t =
&l Aoz 715 £ Qlota Holsict 9] AM 28 A
S22 & & 2 , 3, 7|4 Ml S ool 2 H

o
o M
> ™
o >

2 dion

8
02
0ok
Il
T
12
e
un

r
0

—
—

Bassam et al., 2022

3.2 A H=, o5 J HF =2

>
[
@
o)
~
=
>
rlo
¥
O
Ho
0
0|I
=
1>
mo
o \d
T
L%
rot
4>
o
H
0ok

fjo
o
0fo
ol
k)
>
x
Ho
ok
0x
or
fjo
i
0z 0
ol
F[F
&
I
fjo
Pal
>
ol
il
x

UTC, 29I, tRIEL, 25 5
? 0

7|, dek S8 gt HE ARACE

oft
0%
4o
lo
1=
kl
0!
=
gl
I

B
I
0z
AT
on
o
2]
4>

To =

S J|zoz =X ZHlo| EfTMS B
X|sks 7|8 o5 2-of o8 MA|

0

0.
ol m|0

i

1z

_ol

> 3R
inl
o
i
ikl
El
ol
2

2

u

ol

2

ful

el

HT

i}

°

AW

H

M2

2

x

b

- E

:

Td Ui
>

T o

QR o

o 1o

Ralie]

rr my

m o O

=
+E 0|8510] ks

SiH0|E ZollM =gt
{, Kennard-Stone 211
B JollM 71 Hel
Zlc) H2IE 7A
5 Olo|EE 4

g|=

0
T~

>
>
Ho
oot
0x

Ir
4
0z
2
k!
FO
rot
e

o
0

ol

An

ol

>

4o X

Ho

ol

ol
S

L]

ilp|

mjo

S o
0f0
nek
o
=
m

= ﬂ.||ﬂ| T
-
Ao
ol
)

N ofo
0 o
R
il
(]
g.-.:I'

T J
T
>

S

il

rok N
an
oy

o

i

=

g
2
0]
ikl
.

40

~
>
12

ol ol
7
o
2 b
L”:rrﬁ o
el
o jg rx
> 10
o H
S
T U
N 3
J@ i
O_l_ 0
mt py 1z
3
rel ok
|

2
toi
-
H
[
10
ne
s
B
0x
or
jo
0ok
0=

ULt 25 Ho[H

Table 2 Design variables for implementing supervised

learning
Design . .. | Case | Case |Case
variables Variable Uity | ae | 43
SOG knots| O O O
Drift angle deg| X O O
Mean draft m X O O
Relative wind speed | m/s | X O O
Relative wind direction| deg | X O O
Inputs Significant wave
height m X © ©
Mean wave period | sec | X O O
Relative wave
direction deg X © ©
Duration of fouling
effect day X X
RPM - o ([ [ ]
Outputs
Shaft power kW | @
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