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Comparative Study of Al-based Temperature Prediction Models
for Paint Quality Management and Energy Efficiency : A Case
Study of a Shipyard
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Abstract

This study compared and analyzed the performance of machine learning and deep learning models for painting
temperature prediction in a limited process data environment. Ridge, Lasso, Random Forest, RNN, and LSTM were
evaluated by combining working motion sensor data and ASOS weather data, and predictive volatility and statistical
significance were evaluated as well as accuracy in consideration of the conservative shipyard operation environment.
As a result of the study, recurrent neural network models showed high stability and prediction. These results are
expected to contribute to the establishment of a smart shipyard operation strategy for improving painting quality and
energy efficiency, and we intend to conduct advanced research in the future.
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Lasso, Ridge, Random Forest¥} Hz{'d &2 RNN
(Recurrent Neural Network), LSTM(Long Short-Term
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Months A B C Outdoor
May N 1,254 1,254 1,254 1,254
Mean (°C) 22.07 21.84 22.46 22.04
Maximum (°C) 33.19 32.63 33.84 38.01
Minimum (°C) 1121 1119 10.14 9.30
Std. Deviation (°C) 4,08 3.96 4.47 497
October N 1,254 1,254 1,254 1,254
Mean (°C) 21.12 20.98 21.24 18.98
Maximum (°C) 34.88 34.72 34.49 30.01
Minimum (°C) 9.96 9.97 8.92 6.41
Std. Deviation (°C) 4,73 4.79 517 4.62
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Fig. 1. Temperature distribution and descriptive statistics

(May and October)
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Table 1

. Organizing data for model training

Type Variable Name Description Data Source

Indoor Temperature

Pre-painting Process
(ZoneA, B, C)

Current Temperature in each Workspace Sonmsor

Externel Temperature measured
atthe shipyard site

Pre-painting Process

Outdoor Temperature Sensor

Input
Data

Major Weather Parameters relevant to the
Target Temperature
(Air temperature, Humidity, Ground
temperature, Hours of sunshine, Local
pressure, Wind speed)

Automated Synoptic
Observing
System(ASOS)
of Korea Meteorological
Administration

Weather Conditions

Target

Future Temperature Target Value to be predicted
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Table 2. Performance results by models
Model Scaler Metrics
MSE MAE RMSE R? MAPE 3eco|y HEE 2°CO|LY BEE=
Seasonal Naive Forecast  Original 20.94 3.75 456 0.49 20.97% 44.49% 30.01%
VAR Original 13.78 312 365 0.03 15.62% 48.51% 32.8T%
Original 4138 497 641 286 23.95% 39.50% 27.18%
MinMax 1721 326 415 059 15.61% 55.40% 39.80%
Standard 3481 4.62 586 211 22.14% 4137% 28.75%
(a) RegRri:sg;on Robust 2079 430 543 170 20.59% 43.78% 30.46%
Normalize 7.30 216 264 035 10.58% T4.56% 53.89%
MaxAbs 14.98 3.05 386 0.39 14.49% 57.69% 41.89%
Average (Excluding Original 20.82 348 4.39 0.89 16.68% 54.58% 38.96%
original 1281 276 358 017 13.26% 62.93% 44.93%
MinMax 457 168 213 0.58 8.10% 84.51% 66.43%
Standard 6.85 197 259 0.34 9.34% 78.53% 61.76%
(b) RELaSSD- Robust G4l 190 251 0.38 9.03% 79.60% 63.02%
gression
Normalize 11.69 283 339 001 13.83% 58.06% 38.40%
MaxAbs 431 164 207 0.61 7.84% 85.36% 67.10%
Average (Excluding Original) 6.7 201 254 038 5.63% 77.23% 59.34%
original 442 169 210 0.59 817% 84.77% 63.72%
MinMax 451 1 212 0.58 8.25% 84.34% 63.48%
Standard 450 17 212 0.58 8.24% 84.46% 63.62%
(c) R::i:;n Robust 450 17 212 0.58 8.24% 84.46% 63.62%
Regression ’ ' ’ ’ : ’
Normalize 430 167 208 0.60 8.08% 84.79% 64.83%
MaxAbs 450 17 212 0.58 8.24% 84.43% 63.61%
Average (Excluding Original) 4.46 1.70 2.11 0.59 8.21% 84.50% 63.84%
Original 11.50 381 337 0.00 13.77% 58.30% 38.65%
MinMax 470 174 216 0.57 8.51% 83.17% 63.89%
Standard 531 1.86 230 0.52 9.04% 80.44% 60.00%
(d) RNN Robust 5.99 195 242 0.48 9.66% 77.82% 50.27%
Normalize 529 187 229 051 9.09% 80.01% 60.20%
MaxAbs 563 1.89 234 047 9.24% 79.95% 61.77%
Average (Excluding Original 5.38 1.86 230 0.51 8.11% 80.28% 61.03%
original 12.06 286 344 0.04 14.02% 58.03% 39.31%
MinMax 519 185 227 0.54 8.83% 80.07% 61.48%
Standard 7.05 210 262 039 10.38% 74.59% 56.13%
(e) LSTM Robust 627 197 247 0.44 9.60% T7.07% 59.56%
Normalize 7.01 211 265 0.40 1031% 75.03% 57.20%
MaxAbs 8.09 225 281 0.27 1L.36% 7169% 53.12%
Average (Excluding Original) 6.73 205 256 0.41 10.10% 75.85% 57.50%
BE W7k AT oF 230 o4 ®S A5E () TATAA B N7} U 5 oo 3A
712821 MAPE 9.63%, +3T oy o3& A= A sE< 25 des NA Foh o
71.23%, £2C ol ¢S BE= 5934%=E FdE Ll FEE o] HAE A g dATE Yo
W ANE BAY & Uk Madbs 2AAFE  AAAYE LE W3l FIAE Ta BeHow
Ag9e W 14 £& ARE ey ok wedlel o2 2k Flele Al e, of
MaxAbs7b FABHConiering) §lo] ATFHFOEA = ok 37 549 A% 22 Gsjo) A% 3
ade IUE FAEHEA Lassod #Hd o7 BEA=Er

O

r ofd

AetA 2gste] BELQF EXAS AAslL F&
ST 9A siMEol &3] Uﬁ—r_i HorE
HHH Normalizers 43S e Aol Ast=A
=, toly $4st #AHES F& L1 A3
Wt gFHW] Meew f&E & dok 1™
39 (b)M= 22 3|7} S0l APErE 2
A% 37 29 5A 37 oiHl MSE, MAPE7}
A AdEE g+ gtk a9 49

o=

OEA}O.
Fe

A4y TYXAE A= EE A
A 7 daE T gAY o=
29 (ool WEH WY FHXE
MAE 1.70, RMSE 2.11, MAPE

8.21%, R? 0.59& ¢
3t 83T oY 4= A



Journal of KIIT. Vol. 23, No. 12, pp. 39-50, Dec. 31, 2025. pISSN 1598-8619, eISSN 2093-7571 45

ST 84.50%, £2T ol 4= AT 63.84%= A
StE ZHAMNE 7P =94t 2AYH Y wE A
T Wake vrded, 99 XY 2E A= EY
718 F2E o] 7] wztstA @] ol
o 25 2AYE 71 disf 43T oy aﬂ" %

BoEe B 4% 2T o d= HEEE T
64%% ALEA FAHATE 1 49 (c)oﬂHE EUks
ZY2E I ASgo] A AAE 2= A
HHAQl 53t mi-¢ frARE FAIE ihorq, 34
g Wste}l i E 2 meba QlES AANA &
o ol 99 THXE 3]A7} G Jé% ke d
Z3te Ao ofle}, Hidg Aol T4 WelE
FiAoe 2AY F Qlge 9HFt out 18
39 (o)g HH ®lal EYSHT MAPEY & 7H
A WAL & HoloA, 2 F40 wel BE
dZ =7 i EEY 7FsA0l deE AAL
gt

414 HAEY = A} a4

A AEY AAY BA 2
dl(Seasonal Naive Forecast, VAR)ET} ZHEA o=
8 5% o2 e nad. 4549 59 7Y

12 7)Hk REEe

o 29} = W 7+ AV Dasta A
o w= kAL ASE HolAuk ©loglr} HA
PZlola EEAQ IES 7}341% A7 =

Lasso Regression

© Random Forest Regression
60

AF T2 Fol A YeRd wE
4o =t FAE B
Q;q Erﬂlg 7].7(]— —L—_'—:-_Q_ cq]
ox AE

oz ugn, 5
LA A thoﬂ/ql— E]_/\ ) okat
G med A9 mAAE 7S
33 A8 Hl/&jﬁéﬂi AR 74
o] AAE 2=

42.1 RNN 249

F 29 @)olA 1T
¢ 7k 37 2dRT =8 FSEE RYAN A
9 ¥grE ﬂ%ﬂiv}% Aol tha wekth a9
% 3T ol 9= A= 80.28%, 2T oy o
Z A 61.03%= %—Er%l T4 74 7NEE 5

s e nelz,

LST™M

> —wse | — mse || 60
Pt K SR
5 — v — 30
o T == k__,_\ 20
(W} 10 10 10
< 0 0
10 -10 10 10 -10
~ 2 ) > “ ~ v ) ™ “ ~ v » > ) ~ v ) > “ ~ 2 ) > o
Cross Validation Fold
) MSE MAE RMSE R2 MAPE Accuracy_within_3°C Accuracy_within_2°C
6
0.5 0.5 0.8 0.6
30
4 5
g ] 077 0.5
© 0.0 4 .5
4 4 0.3 4
5 N 4 0.6 1
v} 0.21 0.4
£ 0] 34 —0.51 05
24 019 031
.......... 24— - croh ———— R S S T S
e O N o NP NP o NP D & 0 NP 2 O NP
RN & L R F L R F L L F L L RO F L L
& ,boé% v & ,oob% M & ,bob% M & ,bob% M O KO & ,boé% v & ,bob% v
£ & & & & &

Forecasting Model Type

T2 3 ol 28 wA 4

43 & goaa 5%

Mel72h Aot

Fig. 3. Metrics results based on cross-validation, mean, standard deviation, 95% confidence interval by 5 models



46 = F4 o

AL APolA MinMax 2A|2H

g dyA 2ests

f1gk Al 7]

= 9

R\

] MSE 470, MAE 1.74, RMSE 2.16, R* 0.57,

MAPE 8.51%, +3C °o|U] o=

ol dZ HLE 63.89%%F AH
23 dsd FEe 24

MinMax A3l

AR H

AT 83.17%, 22T
ZY2E 37 B
°l=

AA AA 43 1Y Y

gkl

of w=A Bxs JFA3} Avo|mr} &EEH1
RNNS| 38 Hol& &5 sld A%z e
‘:}- HHA Robust ~A|YH S ARk o= A

d], ©]+= Robust 2~

A T

0 ©

3ol 3

ALl T AHES
71Zo® a7)d AHEYS WY Ze
2AGo] FE3A A 71=H

HA o] WAYsHHA
7 Z7ke Aoz wdht 1¥ 39 ()
Zo7) Z7VEEE Ry NAEH AblAdo g
o9} oAl A

QX
B2y
wo
=

L

¢

|

d5= FASS Ho=Fn. 19 4

9] (d) 94 RNNo] & FA9 771l & W3}

g 2SN AL 54 A9 BRHOZ I
#7225 ook w343 A% W 77
A S £} tha LeiAE BFo] g, o
& RNNS| S A 3 3RE PR ol
=8 S5 oA et o Bud,

Temperature (°C)

15

25

15 4

(@) Ridge Regression

(b) Lasso Regression

422 LSTM =24

A_

2 kA<l
1t

ol (e)l W= LSTM
RNNZ ARE ooy tha &
s 53 4= NHEE BT 2AYY
of & A3 AF}Z= RNNI Zo] MinMaxs
98312 u] MSE 5.19, MAE 1.85, RMSE 2.27, R?
0.54, £3C °JY d& HIAE 80.07%, £2T ©J]
d= FIE 6148%= 450l M =A Uehs
o}, MinMax 7]"Ho] LSTM Al°|E9 &Al3} WY
O-Dell 23 d™Eges 12A 2ZIANA 7EA o
HolEE @& wED WE Y A
S5 ARE 7hsetA 7] WeoE A Enh
H MaxAbs /\7]]0161_@. XLQ.EHSL [q] xé%o] 7].
Az =], o] MaxAbs =AY
545 Al HAJQgo=nt Ur*r?i
o] FFgo] HE3HA Fo} EA
357 WjEoz Holth 1% 39 (e)ollA LSTM
2 g5l ZdESFE RNNETE MSE, MAE,
RMSE7} £U] WEA 7+4sta R7F & ¢ W27

Aste A% nadn,

H}F& o
H -4

ix 2
P
A

3 fo o

oX, Flr

s
a

rlm

2 rE oo 4

(c) Random Forest Regression

A — Actual
'; ¥ == Predicted (Ridge)
\

25 1,

v

— Actual

25
- Predl((ed (Lasso) = = Predicted (RandomForest)
¥ = VoV
v
T T T T T T

—— Actual data

T
e S D O ,‘b«

T T
D D S

254

20 4

2\ 5 S > > ) ® 5
A ¥ S
& PP & & @‘ & @“’ sf’ o & & F P &
o . Y A i VA A A R i Wl R R
U L A S A B D PP P P P A A A R .
| — Actual — Atual — Actual dafa
] W—— Predicted (Ridge) 25 - Predltted [Lasso) 25 o — = Predicted (RandomForest)
SNV \ = b p
1 W A/ 1 Al 2 0 X7 \/ V \{
\
=Y
T T T T 5 5 T T
& o S S > > ® o S o >
U U s & & o’“ S
VA A A 4 & o & & P & I
» » » » » » ® P $ $ H 0 F P +
(d) RNN (e) LSTM
() — Actual 25 4 - — Actual
p —~ Predicted(RNN) L — = Predicted(LSTM)
yal e | =
» V 20 1y,
T T T T T T 15 T T T T
© N 3 N 3 > © ) ® 3 N} Sy 3\
[ G T ) R
4 ' ' 2 'l 4 ' g 4 ' 4 o o '
)V 2 {V L {V {V 2 )V )V’ V' {V Y V 2
[ A . S A O A U S S
— Actual I = Actual 1
1X #y— == Predicted(RNN) 25 4 l“ Predicted(LSTM)
- /' - 4
J = 3 b
e VaY AW \
W W » N, \ \
T T T T 15 4 T T T
> <3 O Y N4 > o O Y >
Wi 2 L g o Q
NS N N ~ ~ «,“W @W x& o s”p
W wd W i 3 W i i 5 o
» 4 D o o D > g

7 4 Z2Y AMAL of & Zdot
Fig. 4. Time series forecast results by model



Journal of KIIT. Vol. 23, No. 12, pp. 39-50, Dec. 31, 2025. pISSN 1598-8619, elSSN 2093-7571 47

% 49] () YA LSTM T3 A9} 77hE &
= HgkE A8 FAs) At 54 dHe 13
Aoz dEPee Boet =8 4% 45 9
3 FRAE uzeA dhgel dutdow FE
g dF 4 AT

RNN 2de dg Z2E 39 7d ggoz
= Egom 13 39 (HellAl RNNH
LSTME BE AFo|A A7 Zo| 714 2
Aee frAlskeE 2o
7 A &4 RNNETH
gtgo] XPE+E MSE,
MAE, RMSE A#olA A5 ZAx7F RNN thr] oF
1.5~20] wW2A Zrashe FE BA ol do

E|7F Sold<rs LSTMO| 4% /A oA7E B =
S P AAET 2HA =4 FY B
qyux && ZHolA RNNF LSTM 29 =257 &
4 27 529 A2 A 0 WAS 35T
o o &2 AFAE oy frRIF Aa AEs
Ao} e 27 ME Ao ded T2
Friedman Test p-values by Metric
0.05 -— 1.000
0.04
[0} 0.03
3 -—-- a=0.05
(?B ot 0.041
Qo
- 0.041 0.373 0.995
0.01
0.00-
MSE MAE RMSE R2 MAPE Acc3 Acc2
Friedman Test Chi-square Statistics i
£
18.0 g'
) =
g 17.5 .
o
@ 17.0
>
g
= 165 )
(6]
16.0 a 1.000
MSE MAE RMSE R2 MAPE Acc3 Acc2 g
21 0.115
g— 0.003  0.023
E— 0.115 0.373

) 0.807

05628 1.000

Lasso Random RNN Ridge Lasso Random RNN
Acc_2deg

0115  0.003 0115

Ridge Lasso Random RNN  LSTM

RNNo| Bt} © 3 458 BJoU RN &
o 71€7] 243 A7) 9&4 g HAE 2%
s AR BHME LSTMO] § A 7hsAd o]
= kst AA FAAAME 24 B FHA
of I8 GAVE ¢ AR AR EAHORE o
oA Auk 7wtz &9
b AL o R 22HY &
d 210l HF FHd FE A=
0 ANA2E & W g5 £ gla 3}
Aol f 7}utE LSTMO] AR &Aoo #HoFgk RNN
Hoh 34 #HA dSed &

d

o
o
=
e
L
i,
k)

43 SAH wold Ad

9 5904 Friedman 4 A3 EE A F(MSE,
MAE, RMSE, R2, MAPE, +3C, £2C)ollA =& 7t
=9 Aol7b okl em  (Friedman p < 0.01),
Nemenyi AF=7H%4 73} RNN2 Ridge ¥ Lasso T
Hl p < 0.052 BAACR FoatA 43t om,
Random Forest®t= MAPE 2 Accuracy A|3EollA
o3 zolE BT

Nemenyi Post-hoc Test (p-values)
MAE RMSE

ERCVRCYCl 0180  0.003  0.070

0.628

78 1.000 | 0628 1.000

[(XPEM 0628 | 1.000 0.628

LSTM  RNN Random Lasso Ridge

0.855 0.995

Lasso Random RNN
Acc_3deg

Ridge Lasso Random
MAPE

(XYEM 0003 0115 1.000 0931 [GREN

0.180 [EEEY 1.000 | 0.628

0.373 (BEIM 0.628 | 1.000

1.000 0180  0.023 0.751

0.003  0.041 [MOGPE]

0.691 0115 VEEEE 0.373 1.000 0.115 [EEY

LSTM  RNN Random Lasso Ridge

LSTM  RNN Random

Ridge Lasso Random RNN
p-value

0.023

32l 5. Friedman A (chi-square, p-aviue) 2 Nemenyi AFEHX AT}
Fig. 5. Friedman test(chi-sgaure, p-value) and Nemenyi post-hoc test results



% ooyA agsE 913 Al 71N 2=

BAHCE o8 Aolt fol 59U A% I8
2 BRED. olF FYSH, ALY APIAE

RNN# LSTMo] EAIZ o2 HXA$ 1§, Random
Forest’} &3+ L&, Lasso’} ZLth, Ridge7} &3]
OS2 FEHS gAsisith oleld A+ B+
FRro 2 A S R HEAH ASA7IA
H& w, RNNZ LSTMo] £ A+ vlo|gAlol A 7}

& Hgela Al

3}
=

CX
Td)(Lasso, Ridge),
X (Random Forest Regression), |
STI\/I)*O“ ALsta s
-]]o]Eioﬂ/ﬂ}_ FgHow 2
A=A Wbttt W7t 71
w3 drhd 233 g5S
UEhl= MSE, MAE, RMSE,
A A Eok £3C ol ABE, 22T
L Wb ARE ARSI =3

FAa Bz &9 37

o £ 43¢

o}

Z & oox Hdo
o tzjh of iz & iz
g

B

=

gl

>,

_I{N'

SO e
1,
o

2
- -I{N‘
i ok
2

o
42

rlr (o o
!
lo |o

>

e
it

|
¢

" = 2
x o
L
rlo

-

o
l‘
l_.

e e i

e = N
-0,

o899
o4 274
4 B 13

kol v sk
Fo A% ANHE e 2o sle Ha

z 99 TY2E 37 wdo| Bz 9=

o)

Urﬂ]

O:

=9t ofF AfAA M oy, = 3t
MAPE W5 o] ZiZo R 7 oS Az=e| ¢
Aol ShAsRl Yttt The- O & RNNo| dy %
J2Ecl oY Aos HoldA= At AT W
& Fo] Ao} W‘Oﬂﬁ s7He Ade F

4% RNNET DASA, B

o] AWLFE A7k s Fad) delest %
428 4% o £ 4% e oA ngn A

& 37 ALEA S22 HddAe] B3 A

<5 Y& Ags] FA ZA ok g 3
A 54 A9 52348 S 2ARY UL A4S
71231, 7% Wlo|Aglelo g 28 gl 7kx|7}

o K

=
ha

9o AT AL AL

gelgieh. 2AYYY IF ZAANE Do AL

(RNN- LSTM)—- MinMax, 2+& 3]F+= MaxAbs, A
3|7+ Normalizero|Al Aso] 7FF =t o<
294 sk WAYUSH o8 Bx 1 JoAgol
t2A 283 AT meEkA B4 34 dlo]
H A A 2d EAS 1H3 U5y 2AYY

o] dAloltt. Z|EAH3T oW 75% °l%)
2ol o gus) 53§ Bef A2
Lt BER2AEY )T %ZH?“ At
RNN, LSTMS A& 7+ o
A HINAE wEA A
AA tjrto] 2o wjET uf
o 9y ZysE QHL

]a‘t’ zt:)
ggam smzw Ao cqu

AN

i
ol

2
ox
dov (o e BN

B
Z
)
5)

fﬂ% delerE
2 A7E ARd
ofulg o2 4

=l<>r

of i net x@ nj o
L
=
o
frtt

o o o o oo o
KT

ol
O
At

e ol fd rx

References

[1] J.-S. Lee, "Study on Carbon Dioxide Reduction in
the Shipbuilding Industry Using an Al-Based
Temperature and Humidity Prediction Model" Proc.
KIIT Conference, Jeju, Korea, pp. 48, Nov. 2024.

[2] H. Bu, Z. Ge, X. Zhu, T. Yang, and H. Zhou,



Journal of KIIT. Vol. 23, No. 12, pp. 39-50, Dec. 31, 2025. pISSN 1598-8619, elSSN 2093-7571 49

"Prediction of Ship Painting Man-Hours Based on
Selective Ensemble Learning", Coatings, Vol. 14,
No. 3, Article 318, Mar. 2024,
https://doi.org/10.3390/coatings14030318.

[3] A. Vorkapic, R. Radonja, and S. Martincic-Ipic,
"Predicting Seagoing Ship Energy Efficiency from
the Operational Data", Sensors, Vol. 21, No. 8§,
Article 2832, Apr. 2021. https://doi.org/10.3390/
$21082832.

[4] Y. Lee, Y. Choi, H. Cho, and J. Kim, "Prediction
of Distillation Column Temperature using Machine
Learning and Data Preprocessing”, Korean Chem.
Eng. Res., Vol. 59, No. 2, pp. 191-199, May
2021. https://doi.org/10.9713/keer.2021.59.2.191.

[5] J. Lee, M. Kang, and H. Seo, "Predictive Model
of Refrigerating Facilities Temperature in Food
Factories Using LSTM", KIISE Trans. Comput.
Pract., Vol. 30, No. 2, pp. 9197, Feb. 2024.
https://doi.org/10.5626/KTCP.2024.30.2.091.

[6] D. E. Rumelhart, G. E. Hinton, and R. .
Williams, representations by
back-propagating errors", Nature, Vol. 323, No.
6088, pp. 533-536, Oct. 1986.
https://doi.org/10.1038/323533a0.

[71 S. Hochreiter and J. Schmidhuber, "Long
Short-Term Memory", Neural Computation, Vol. 9,
No. &  pp. 1735-1780,  Now. 1997.
https://doi.org/10.1162/neco.1997.9.8.1735.

[8] A An and D. Kang, "Predicting Summer
Temperature using LSTM", Proc. Korea Softw.
Congr., pp. 40-42, Dec. 2021.

[9] J. Q. Wang, Y. Du, and J. Wang, "LSTM based
long-term  energy consumption prediction  with
periodicity", Energy, Vol. 197, Article 117197, Apr.
2020. https://doi.org/10.1016/].energy.2020.117197.

[10] J. Song, G. Xue, Y. Ma, H. Li, Y. Pan, and Z.
Hao, "An Indoor

Framework Based on Hierarchical Attention Gated

"Learning

Temperature ~ Prediction

Recurrent Unit Model for Energy Efficient

Buildings", IEEE  Access, Vol. 7, pp.

157268-157283, Oct. 2019. https:/doi.org/10.1109/
ACCESS.2019.2950341.

[11] F. L. Peng, Y. K Qiao, and C. Yang, "A
LSTM-RNN based intelligent control approach for
temperature and humidity environment of urban
utility tunnels", Heliyon, Vol. 9, No. 2, Article
¢13182, Feb. 2023. https://doi.org/10.1016/j.heliyon.
2023.e13182.

[12] J. Li, P. Liu, D. Sun, Z. Yan, B. Yu, and L.

Ship  Block

Manufacturing Based on Transfer Learning",

Zhang, "Time Prediction in
Journal of Marine Science and Engineering, Vol.
12, No. 11, Article 1977, Nov. 2024.
https://doi.org/10.3390/jmse12111977.

[13] J. H. Jeong, J. H. Woo, and J. Park, "Machine
Leaming  Methodology  for
Shipbuilding Master Data", International Journal of
Naval Architecture and Ocean Engineering, Vol. 12,
pp. 428-439, 2020. https://doi.org/10.1016/j.ijnace.
2020.03.005.

[14] J. Jang, "Multivariate Time Series Augmentation

Management  of

for Improving the Performance of Anomaly
Detection in Energy System of Ships and Offshore
M.S. thesis, Dept. of Naval Archit.
and Ocean Eng., Seoul Natl. Univ., Seoul, Korea,
2023.

Platforms",

‘ yShNE)|

Z of 2 (Yeeun Kim)

3 20204 89 : Sopjsta
7373

2023 39 ~ A : (FN&
AIEFAAE Asstd T 4%
BAOE . Al AFEHHA, ¥33
g AAY ¢%, RAG AR




50 = F4 d 3 AyA 2esE F Al 71 2% o

o| t & (Daekyeom Lee)

o LI A A 228l 3-8} 7 A 8t}
(F3Ah

201841 2€ . AZidtw
7] & 833 2 (F A A

2020 129 ~ 20219 1€ :
S8l A BATU(KISTI) dlolE HzdT4d

2021 4€ ~ A (P)AE 71T 7R

AEok AL HHolH £4, vz 883}, 247t~

&A=

ol X M (Jae-Sum Lee)

‘ 20074 2€ : &4t
=k R R )
. 20189 99 : At
= ddssd 1EA @71 MBA
) 2023\ 24 24tAET e
‘ A 71€7 9 (&84
2007 28 ~ @A

R\



	도장 품질 관리 및 에너지 효율화를 위한 AI 기반 온도 예측 모델 비교 연구 : 조선소 사례
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 관련 연구
	Ⅲ. 연구 방법론
	Ⅳ. 실험 결과
	Ⅴ. 결론 및 향후 연구 방향
	References


