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Study on the application of ensemble learning
for the management of the shipbuilding production

lead time master data

Jeong, Ju Hyeon

Department of Naval Architecture and Ocean System Engineering
Graduate School of Korea Maritime and Ocean University

Abstract

Building large structures such as ships requires efficient management of
production information. In shipyards, enterprise management information that
includes production information is called master data, and which includes BOM (bill
of material), WBS (work breakdown structure), basic unit and lead time. Master data
related to production is closely related to time information. In the shipbuilding
industry, however, the high variability of the shipbuilding process has made it
difficult to gain the reliability of master data management. Low accuracy of master

data can lead to financial losses as well as confusion of work.
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To solve these problems, shipyards and related academia have been making
various efforts to improve the master data system. However, most of the existing
research is focused on traditional engineering perspectives and does not reflect the

rapidly changing shipbuilding production environment.

Recently, machine learning methodologies have been widely applied to the
manufacturing industry, along with the rapid development of big data related
technologies. Machine learning is a correlation analysis technique of vast amounts of
data, which is known to be able to overcome the limitations of causation analysis
with traditional engineering methodologies. Research is also being conducted in the
shipbuilding industry by applying various machine learning algorithms to

systematically manage the production master data.

In this paper, I would like to introduce the study of applying ensemble learning,
which is known to maximize the performance of machine learning, to the analysis
of shipbuilding production master data. In addition, we would like to examine the
applicability of production management tasks in actual shipyards by comparing the
prediction results of the ensemble learning with the results of applying various
learning algorithms and attaching a better performance learning model to the

simulation.

KEY WORDS : Shipbuilding, Master data, Machine learning, Ensemble learning, DES
simulation
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2.1.3.3 2B} (stacking)

stacked generalization®] &YE=E Fig 734 £ TXE& 7z

WASE Fee PP mdolt AR e =
We AZe e 44sE ugzelt. olde 2%

e B9T % gk

s
Learning
e

e | Leaming . :
L Data | | Mlgorithm3 " Memi3 ¥ —> Ensemble —*

Learning
Algorithm 1

it

Fig. 7 Flow diagram of stacking
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Machine Learning —

Deep Learning

Ensemble Learning

e

Inputs —p

— P
Outputs Computer rogram

Classifier 1
i / Combine — Decision
Classifier N,J]

Input

o] HRE7I AAR 5% 2 S ol | o] MESE 71T AlZAFYUE AR
= YN 7|ER Lot wY I\AsEE Suos U

ol 7ol B sepYs EuEOo=y
OS2 458 YIxt ot

ne
[ A
]
ol

CHE 413 217 24

(multiple linear regression analysis)

S|AMZEHLER (decision tree)

O3 HUss

{multi-layer perceptron)

random forest
Hi 2 (bagging)
extra trees
ada boost
FAEl (boosting) gradient boosting
xg boost

Fig. 8 Summary of analysis algorithm
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2.2 HlolE B4 33

Hol8 £4 34 Fg 99 zorn] IA dole 3, dHole @Az, =d <,

st B9 4% S AR gelskynh AwAel Se 1Es Hus,
B4 2hd 9t dolHE SRS BY sko] A Fu volHE A
Szt the WACIAE Fold EAS ol B A4 duelEe A

29 S5t vRoR S BdY v WL AEE dolEd i

Machine Learning
Training 3 Predicted P
D E Deep Learning }‘ Model —  Validation
Ensemble Learning ‘
Test
Data

Fig. 9 Data analysis process

dlole 24 4o 9AE A& o 2tk
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2.2.1 dolg &3
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2.2.2 Hole) AH¥

FHE GolEE AHAA B AAE ol AT ARF wolel}
asiw, olF Hwsp] SddE FEE HolH Axy gl $uxom
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2.2.2.2 AZzk A
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2.2.2.3 o] AHg

o]’F2](outlien et wlolEe] AAHQl Rl Hojd A= o= ARH 2MAHE
ZYT F A= TS on3it) o)A E T8-S o] &3 BAS BaiA AT S Qi
F2 AA1box-plot), d2ETHM, APHE(scatter plot)E AMESIH, FXHoRE=
o229 7l o3 o] FAE e T Utk

@ iqr(interquartile range) rule

iqr ruled Fig. 113} 7o) box ploto.2 Holgle] BXE Azasto gy Hdud 4
Atk box plote ElolE1e] #AF AEES FHUlgh Al 3AHEHS, SR, A IAHESS
HEH o2 gokste] Yepdth iqre Al 3ARESIFOlA Al IAHESIFE Wl gholm, iqr
rulee Al IARE9E, A SAHERIFA igre] 15H] o Hlold s odAE
wokete W o] tKim, 2017).

QOutlier ®

Upper guartile + IQR*1.5 . & — & 0 - — — — — = — =

Max Syemr

Upper quartile

1
1
1
Mean E_[QR
1

Lower quartile --ccceeeea--

Min.

Lower quartile + IOR¥1.3' . o i id e i e i e

Outlier Y

Fig. 11 Method of checking outlier using iqr rule
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224 3¢ 29 4% &

111}

sk 29 A% el WAL BEold sy mde] A% sl gl
g BAA WEA Aok T He WS delH Ale
SN 2olA] grofop Frhs Aolth Z ZEAES AFE] Aol G458
dold A3 7k HolH AL UrolEi, B7hg Hold A =Y s WAt
BU7) AAAE A Bolop AT Zolnh )P dh olfE S %
o] Bajo] mdo] Aze HelEHe| s Akt Yisl FeTA 2R Zoly
o o]}

£ AL oY 7R %t ARE Bes % wde] 4% HlsuA
dh St mudld AR dS g A4 HelEe A% g Alele] o3 g

JSIT & A A x2 4HEst7] 98l MAE(mean absolute error), MAPE(mean squared

rlo
td
i)
2
u)
o
|
i)

o>4

percentage error), RMSE(root mean square error), RMSLE(root mean squared
logarithmic error)e] 4714 A &= &3t} b 2HA1eF W8-S Fig 129} o)

validation criteria equation
[ MAE e
0 (mean absolute error) ly: =%l
S
7]
z MAPE 1002 <
| (mean squared percentage error) |(Va Yol !
RMSE
(root mean square error)
s
AF
7]
S RMSLE 3
P = : 2
(root mean squared logarithmic error) Z(lﬂg(}’; +1) —log(y; +1)) /n
A 1=1

(y; - &FEE ¥ ofZ 8F)

Fig. 12 Criteria for learning model performance validation
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e 30 dolzy vl o JRAAYE Al Hi, wivh H5EA dEF
1842 AFoz IRIE FAYe ste = HAE AR §H 948 £55 =32
w74 GASt Aute] meks ZHEA At s DAl E AR AAE A9

Fgol fgsofor spr] el AAe] Havt AHIA HAs|op Ak teo=
=30 B¢ A9 94 AL noR B9 Hu, A58 dne oA Al
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f
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Fig. 13 Shipbuilding process
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31 AFBAE B TFF Holy 24

2 oATeAE AFFIE FFY AN DSEd Ads] A 9% TR
Sigshe SIGBAEY B FFY dlolHE RHSUD. HidAe] Hw 2
AFBAE Az AANE PWHA BRF FHOE olTol4 e Wy ohla
AA ZPHE T FRe| S =3 B9 FEPe B ™ Yok

3 AYTAE oY FHY YRES AAd; b wWEAE FEE B

o FAY WE B WA Wyl Adel WE BAFe WHFE A9

A FEEe A 619 FHLE AF FAREH HA FATA FHEHER
g EErde] #EFHT Jrh WO HadS AIRSe = AZHmaking), =7H(painting),
AL} A X (out stock), ARAZIX|(in stock), AXth7|(standing install), 2 X|(install) <=o2
340l gHEc) v FH Al SEE= Fig 149 £t

Standing
| Making | Painting | Outstock | In stock | install | Install
w/0 Making Painting I‘:} :rsi Export Inyard Load out Stock Standby Install

Fig. 14 Spool procurement process

A A2 WBAE Ateks VIR AFAATE dyYE AHFEE AZ]
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Ae 7Rtz =Ae] (e wdAle Y AAZES AAA ¥ vz oft=®

QoA ARAA FPEe oSl YuE F ookmel YuE F AEAL AR
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Table 1 Spool procurement process data

Data

Contents

Collection Data

Raw Data (32,039 rows)

Input Data

DIA

Length

Continuous

Weight

Variable

Member Count

Joint Count

Emergency

Apply Lead Time

STG

Categorical

Service

Variable

Sch

Material

Making Co.

After2 Co.

Output Data

Lead time (days)
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Weight, Member Count$} Joint
Count®] &A=l 4% 22 0.76, 0.852 7|5 %2l 0.65KTH & e zkA|vh, |7

TEHFR S EESS AAs] Slg Ta%
a0l B IFHGOH Jrhe= oHs whgste] WA AQlskA] Gt
wEbs HFHoZ 2 &8E SHW ddste A<5¥ W+ DIA, Length,
Weight, Member Count, Joint Counte]t}.

o
i
Mo
1%
> o
-
02‘;5
ol
i)
A
rlr
|
0
&
NS
mh
o
s
)
=
1o

DiA -

Length- 0.15

1.0
weight —SERS 0.2 '
- 0.5
MemberCount - 0.043 -0.027 0.077 - 0.0
=05
jointcount-  0.13 -0.0069 0.14 0.85 I
-1.0
MakingLT - 0.096 0.047 0.11 0.17 0.15
PaintingLT - -0.036 0.072 0.024 -0.04 -0.013 0.16
DIA Length Weight MemberCount jointCount  MakingLT Palntrng LT

Fig. 15 Result of correlation analysis (a)
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BTy wgel FHAFY A45F W Abole] WAE BAHEAS FE Eelstilt
BB Fovalue?t P-value2 Fdho] 7Msdtm, Syl 879 WEFd was)
TEAT st AR, = 34 PTEY Aol EAEAS s E4t
B8 33 Aa= Table 29} 200 F-value 2 P-value ol 2ol4=<l 0.0591
X2 B3k W EAEA] 49kr] el 1AHos HAEs 879 WFE WHSE

o REGLA BT web] ATACE Pl 14D HPAS] et

Table 2 Result of ANOVA (a)

Sum Sq Df F value PROF)
Emergency 1.435e+05 1 1330.855 1.110e-284
Apply Lead Time 7.655e+02 2 3.548 2.879%e-02
STG 1.560e+04 7 20.669 6.303e-28
Service 2.348e+04 47 4.631 1.110e-23
Sch 1.464e+03 2 6.787 1.129e-03
Material 1.508e+05 5 279.741 5.778e-293
Making Co. 6.743e+04 6 104.191 2.649e-130
After2 Co. 4.254e+04 6 65.734 1.726e-81

AR BAEAS) ANE HEste] FHoT HolH PUFE 59 A%
=

Wt 8o WMFY WAl F 1loln ol FEet FEHEHFY A,
Cl
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UZHE HjAA ZIFY dolg BEAL i) HEZHozm MEmE =HdSbs)
ozt 7Y dolHE Audk 5, HolE U] EAlss A=3e v AAS
Al A FATh = FEHAR] AR, =4 R o dAE g rule,
cook’ s distanceE Tl st T AAE T3l Fig 16, 173} o] Agjsf FUch.
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Fig. 16 Processing of the outlier of the spool making process
6000 4
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T T T T T
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Fig. 17 Processing of the outlier of the spool painting process

MAEe s WEY WeE AFE7

]_
1 3}k5}= one-hot encoding BHAIS AXHA] dlolE] WS npg] st
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Machine Learning

#4 HlolH . o=
--------- Deep Learning L e
SHAEUE BT S22 Hl0[H (32,039 rows) i HHTHA oo 3| CEre
Ensemble Learning
H o A - A
AT A 2 M= 3 2| e HA2| 45 (25,590 rows)
=
wegin- 038 DiA -
g o]
1 =
s = =
Weight 2 =
Varrbarcousn - OA4.|| B2a% | (6P o Metib o ot £ - il
-0 =
R i L
procaws- 813 D000 A4 nas I Joint Count -m_— o o o al - - . - " .. 1
; Emergency L
Haing ¥ o096 aoay a1 0Ly DS
Apply Lead time 58 549 dEEY HHE| 4+ (29,164 rows)
FambirgiT "3\:'"" '."J-'i' ""\"""T = a.04 oo ; '.'"l“ E STG E i N
AT langih WGl Membeecoust pmiCat  Mubpl? Rttt : s oo
Service ] -t
HAF H o A o
2o RN S - 2 E,
ass . S -
SUM_5q df F PR{2F) : g r. B
Emergency 1.4356360+485 1.0 1338.855833 1.1183458-234 Sch - g = oo
ApplyLeadTime 7.6550388482 2.8 3.588186  2.879837e-02 H = g }
Service 2.3481840484  47.8  4.631413  1.118747¢-23 Making Co. o
Problem 1.568772e484 7.8 28.5609611  6.363982e-28 : Afer? Co. oo -
Pass 1.464413¢483 2.8 6787660  1.129470c-03 i ==
Material 1.5888320485 5.8 279.741921 5.778574e-293 T owm W e 0 e W B & e (RS G AR Y T
making_Co 6. 7436730404 6.9 184,191399 2,649931e-139 Bt
After2 Co 4.254625¢+84 6.8 65.734991  1.723388e-31
Fauisol 2lcelelnl oAl Adafst wig S0l
Soj0jst B ZH- ST M CloJE] FiK2lE +4

Fig. 18 Spool procurement process data analysis process
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Table 3 Block assemb

ly process data

Data

Contents

Collection Data

Raw

Data (11,243 rows)

Input Data

Weight

Length

Breadth

Continuous

Height

Variable

Plan Lead Time

Rain

Snow

Team

Process

Ship Type

Project

Categorical

Block

Variable

Assembly

PCG

PCG Name

Business

Output Data

Lead time (days)
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A48 W= Weight, Length, Breath, Height, Plan Lead Time, Rain, Snow|t}.

length - 0.28 | 0.42

1.0

breadth - 0.15 0.21 0.15 [_ 05
height - 0.34 0.42 | 037 0.16 - 0.0
planit- 0.32 025 0.087 0.036 0.23 T
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Fig. 19 Result of correlation analysis (b)
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M3y Wet TEUFR ALY wg o] WA BAHEAS 53 :
BARA S Fovalue9t P-valueZ Heho] 1, SEHE 9o WMFE )
TEHUT fFshe EF Y FAY BEEY Abold] EARAS stk &4
B8 33 A= Table 49} 200 F-value 2 P-value ol f2ol4=<l 0.059]
A 7 AgE EASHA 7] Wil 1A o s AES 9o By WsE

~

o
=N Hn
ol

of FEFIA Fh Wbl HFAoE BHel TP SPAsol] AP

A
WH4== Team, Process, Ship Type, Project, Block, Assembly, PCG, PCG Name,

Businesse| o}
Table 4 Result of ANOVA (b)
Sum Sq Df F value PROF)
Team 48.030 1 7.674 5.610e-03
Process 255.926 1 10.893 1.674e-10
Ship Type 1140.250 6 30.365 5.416e-36
Project 8839.163 43 30.987 1.370e-235
Block 30143.324 304 15.843 0.000e+00
Assembly 29682.421 150 31.618 0.000e+00
PCG 14342.765 22 104.170 0.000e+00
PCG Name 14401.772 23 100.051 0.000e+00
Business 7058.675 44 25.633 2.219e-196

AR BEA Y ANE Agsle] AEHoT Ao SPAFE T @
=

WFY W F 16700l olF Bgdtel HHwsel
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Machine Learning

m ™ Deep Learning  ~-———~~ +
ZMda 25 £ F HI0IH (11,243 rows) .
Ensemble Learning
I - A
47 2y 24
] Weight
Length g
g - 020 | B2 = Breadth B
: =]
treactth - 15 021 (5L ' o HEIEht s E
Plan lead time- 5
reger - 034 B8] @37 | als -
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. 033 625 @oE? 00N o3 B
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er - D00 0073 D09 00016 G003 | D28 >
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o 011 0048 DOOOTI0O04% 0025 0az 8.1
Process
satme 03 077 Ship ty
b ip type
: %
: Project g
: ®
sum_sq df F PR{>F) Block [~]
team 48.230272 1.8 7.674497  5.610333e-83 E
process 255.926779 1.8 48.893155  1.6749152-10 3 Assembly -8
shiptype  1149.250853 6.8  38,365755  2.416708Ge-36 BCC -
project  B339.163119 43.0  30.987668 1.378139-235
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assembly 20682.421856  150.8 31.618623  ©.000000::00 Business
peg 14342765457 22.8 184.170584  ©.200000+00 i
pcgname 14481772786 23,6 180.851361  O.600080e:00 ; —
| = o A H =
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Fig. 21 Block assembly process data analysis process
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Table 5 Block cutting process data

Data

Contents

Collection Data

Raw Data (63,989 rows)

Input Data

Weight
Continuous ‘
: Rain
Variable
Plan Lead Time
Block Group
Categorical Block Position
Variable Ship Type
Business

Output Data

Lead time (days)
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Fig. 22 Result of correlation analysis (c)
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Fig. 23 Processing of the outlier of the block cutting process
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Machine Learning

24 Holg Ol =4
--------- Deep Learning e
=44 55 B ZE HOIH (63,939 rows) 2= ™ot oy 2| =g
Ensemble Learning

o g
i A
5 = 2|EEHY HA 2] 43 (57,942 rows)
e .
. = Count
.. Weight z o
plan_® o015 012 Q
I Plan lead time ﬁ — e
- tae0
Block group * o0
- g4 ooy Block position ] o
e i b z
. o
£ s I 30000 {
Ship type =
H | Ve |
HIAF Bad Ay = Busi = II.
L o H USINEss v
i T R B < B . - L=
Sum_sq df F PR{>F) = LT
black_group 7,002961c+05 14,8 103527530 1.013958c-297
Bleck_position 6.54456B2484 2.8 67,733232  4.12068%e-38
shiptype 4.6516060+06 13.0 739041857  0.000000+00
business 1.5164748486 61.8 51457566  ©.00000%e+d
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Fig. 24 Block cutting process data analysis process
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Table 7 Comparing the number of pre-processing data (a)

Making process Painting process
Before data preprocessing 32,039 rows 32,039 rows
After data preprocessing 25,590 rows 29,164 rows

Hole] AXE A% AAE W Table 79 2ok AR BHe A%
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A A 24 AR SYEHE wjaA] A 24 Zl=Ede] A= Z3t= Table 8,

Fig. 25¢} 2t}

Table 8 Spool making process data analysis results

MAE MAPE RMSE RMSLE

regression 7.25 30.91% 9.11 33.21%
decision tree 7.11 26.70% 10.32 36.73%
deep learning 6.42 24.55% 8.53 29.51%
random forest 6.47 23.78% 9.44 32.63%
extra tree 7.23 28.12% 10.52 37.69%
ada boost 9.98 37.07% 13.61 46.95%
gradient boost 474 30.38% 9.06 32.77%
xg boost 6.32 25.59% 8.59 30.60%
stacking (D+R+X) 6.29 24.03% 9.00 30.93%
stacking (R+G+X) 6.26 24.32% 8.92 30.72%

Offshore Plant Piping Making Process Data Analysis

14.00 50.00%
46.95%
1200 45.00
10.00
40.00%
37.69%
36.73% 37.07%
8.00 A
7\ -
f 35.00%
33.21% 32.63% / \.\32.??%
6.00 \
30,019 / 38,3805 .30.60% 30:93% 30.72%
" 28.51%, / ", —_—
28.12% \ 2000%
a0 e ¥ i B,
26.70% ' Y
b - vy 25.59%;
T22.55% / ™ :
0 SR 23.78% e 24035 24‘3;2% 25.00%
0 T ——— 3 N N
0.00 20,00
regression  decision deep random extratree adaboost gradient xgboost stacking stacking
tree learning forest boost (D+R+X)  [R+G+X)
MAE RMSE e—g=MAPE RMSLE

Fig. 25 Spool making process data analysis results
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duES HLY B AFJE vuwd] Ege u), PFESEY] dHIEyiE
duEES A4 2do] JFo] M TS RISk

B dAFolAe SYSHE widA A A HEEYLS dSsket oA
dEsse] UAPEYPrE LdudEHe  Z8s7] 98] Python®  Scikit-learn
gho|lHEElE &8stk Sckit-learne tdd VASkES s Y BF
gho| g2

tlolg Al oA, o]y A 7s ¥ v dagES Asdte
Aol vk B AFddAes sid HlolEe #4& syl #JsiAl Sckit-learn
glo|BEgoA A F3= ensemble®] RandomForestRegressor 3-S5 2831301,
ndS skelby] Y8 g 71EAo®E HOsk=  FEluE=  n_estimatorse}
max_features7t Atk n_estimators= AT WHEH2E Eg9 JFE ov|sH
AR EZ A7t Be€4E ¢ 233 dscsion boundary’t UeA|RE 1 wHE
HEEe A Agte] F71e o ke o] Atk max_featuresv FAE A
featuree] 7= max_features #rol ZW WAHEH2ES EEo] L EAS
aHstER Egse] dl¢ HlszeA L 7HE FEEHZ 545 ol&sl HolEd] Al
&3t W E max_features gto] HoW WHEHXES Egiso] AR g
Al Eg Hzgto] Folg ¢ 9low, Zk E= HolElol urEr] s Zlolvt

AojAek, 187 wj&ol 23 n_estimators$} max_features 7ES A Fojof dr},

2o duEES AHgsiEEts etrlEd] webd Aol HAambHolmg AFE
3ol o] dlolgol sh= A gen|EE e Aol W Fast. 137
ol M £ 95 4%s Ue @S 2] 98 Ak Eﬂ" E djRgton,
wakA n_estimatorse= 500, max_featuress default® ARSI FH
TPt 1 AR PEESHEY WHZHAE dagES X—i%ff}
MAPE 23.78%% 718 9-2-ake shelsisd).
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T HA 24 AR SIYERE ujEA] = 3 Z=E) Y dF A= Table 9,

Table 9 Spool painting process data analysis results

MAE MAPE RMSE RMSLE

regression 4.47 30.36% 5.63 31.55%
decision tree 4.31 26.32% 6.34 34.48%
deep learning 3.91 25.61% 5.16 28.49%
random forest 3.80 23.34% 5.82 31.37%
extra tree 4.47 27.56% 6.55 35.87%
ada boost a9 31.07% 7.14 43.47%
gradient boost 4.47 30.11% 5.63 31.44%
xg boost 4.00 25.53% 5.42 30.10%
stacking (D+R+X) 3.73 23.39% 5.36 29.01%
stacking (R+G+X) 3.72 23.39% 5.39 29.17%

Offshore Plant Piping Painting Process Data Analysis

8.00 43470 4500
7.00
40.00
.00
35.87%
5.00
( 34.48% 35.00%
400 31.55% 31.379% 31070, 3144%
30.36% pe 3041%_ 30.10%
~f 3 2037% 30005
o . 1B L N 28.01% o 30.00%
N 27.56% N
N\, P \
2632% s \
200 e %5‘61% / 26,\‘53%
—— i, g =
.. ry - | 25.00%
~\23.343¢ N2339% 2339% ¢
1.00 i 1 ety
0.00 20.00%
regression  dedsion deep random extratree adaboost gradient xgboost stacking stacking
tree learning forest boost (D+R+X) (R+G+X)
MAE RMSE e=g=—=MAPE RMSLE

Fig. 26 Spool painting process data analysis results
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Table 10 Comparing the number of pre-processing data (b)

Block assembly process

Before data preprocessing 11,243 rows

After data preprocessing 10,383 rows

tlolg MAzE 33 AHE A2fetd Table 103 2o
tlolEl+ 11,2437l 4 10,3837 2 F4
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AAA 4 AR 2ALs E5 2H A Bl=E])e] 95 23 Table 11, Fig,

273} 2t

Table 11 Block assembly process data analysis results

MAE MAPE RMSE RMSLE

regression 1.50 18.20% 2.02 20.48%
decision tree 1.55 18.36% 2.09 20.56%
deep learning 1.48 17.50% 2.01 19.85%
random forest 1.42 17.36% 1.89 18.99%
extra tree 1.60 19.40% 2.17 21.46%
ada boost 1.40 17.35% 1.82 18.58%
gradient boost 1.58 19.10% 2.08 20.79%
xg boost 1.30 15.62% 1.79 18.12%
stacking (D+R+X) 1.29 15.15% 1.87 18.39%
stacking (D+G+X) 1.29 15.26% 1.86 18.35%

Block Assembly Process Data Analysis

2,50 22.00%
21.46%
20.79% 21.00%
20485 20-56% 21.00%
2.00
19.85
e’ 20.00%
19.40%
18.99% A 1914456
= 18,589 A 19.00%
150 - 18.36% 7/ \ . 18.39% 18350,
18.20% | V4 // \ 18.12%
. ™~ / N\ E{ \ 18,00%
, a &
NES0% 5 sed 17,35 \
r— b4
1.00 A\
\ 17.00%
\
1I
19162% 16.00%
0.50 ~._15.15% 15.26%
T Bl 15.00%
0.00 14.00%
regression  decsion deep random extratree adaboost gradient xgboost stacking stacking
tree learning forest boost (D+R+X) (D+G+X)
MAE RMSE =—g=MAPE RMSLE

Fig. 27 Block assembly process data analysis results
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ARst] £ FYsAY AIEY2E RS Shgsbr] f&) 7 7|EHow
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max_featurest= default® ZAAsI] B4 P59 xg boost RS <5317
e P Z1EHe R Aosh= webH|E= max_depth, n_estimators7} $1oH,
max_depth= 10, n_estimators= 10002 ZAAste] A4S FHATE olg A
WEt R 2 xg boost daEFo R TFEloem, EfE AT wl FHUEolE A
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HEE AZHF= vlS colsample_bytreezl= MBS Frls] FoAoh e
dagES ARttt gt mebd Aeo] Hambdelmg TP FL oS
Aes e = 3] S8 A H2EE 2 5 72 SevEY s 2AE
HFAHOF max depthh 20, n_estimators= 100, colsample_bytree= 0.5 Z# 3}
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Adael B5 dg 34 dolEe A, Aoz 9
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BE gl W] AT ATks B4o] gtk B ATAE 24 BE du
A 3l

Table 12 Comparing the number of pre-processing data (c)

Block cutting process

Before data preprocessing 63,989 rows
After data preprocessing 57,942 rows

oH
ol

dolg AA2E +33 d3E % FJ’S‘P Table 129} ZoH, M4 B2 Ag
dlo]E= 63,989710 4 57,942712 F4% A-S IR1T 4 ok
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u WA 24 ARl 2AA B A 34 gEE9Y dS A3 Table 13, Fg.
287 #th
Table 13 Block cutting process data analysis results
MAE MAPE RMSE RMSLE
regression 8.80 135.42% 11.88 78.00%
decision tree 6.51 86.03% 10.50 66.94%
deep learning 6.89 103.62% 9.98 65.79%
random forest 6.29 86.60% 9.50 61.55%
extra tree 6.66 87.26% 10.76 67.50%
ada boost 6.65 100.19% 9.97 65.45%
gradient boost 6.49 86.03% 10.45 66.57%
xg boost 6.83 92.08% 10.16 67.48%
stacking (D+G+X) 6.89 72.14% 11.05 69.15%
stacking (D+R+G) 7.55 68.84% 11.98 74.46%
Block Cutting Process Data Analysis
1400 160.00%
o 135.42% 140.00%
e ~‘\\4 103.62% 1005 -
\ 2 8 _a 92.08% 100.00%
a0 86,03% 86.60% 87.26% ”““ngg\.ow_o_____ .
78.00% ¥ . EEEE o~ .
“gza4y, TEA6%  a0.00%
i 66:94% 5,799 - SED0% | o558 | Sk | SHEH | Neo . —°
69.15% 68.84% 60.00%
e regression dedsion deep random extratree adaboost gradient =xgboost stacking stacking "
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Fig. 28 Block cutting process data analysis results
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Table 15 Description of the variables in the block assembly process

Column™ A A Column™ <j ]
Weight Z%(TON) E5Y T
Length Length (M) =59 4o
Breadth Breadth (M) EE9 =
Height Height (M) E59 ¥
Plan lead time AGLIT ALk AlE dA A AE A HEEY
Rain A R I P i S o A e
Snow A 2+ 713 EekeY A
Team El s I3 # (=9 1€, =49 28)
Process A REA 5 xg9o AR 3 (H=xd, £x9)
Ship type A EZ0] g4 2 AF
Project zZ2AE ZTZAHAE HSE
Block = =59 ol&
Assembly Ass’ y ZHd B9 ol&
PCG PCG Produc%i\gzé %)gtglﬁ)froup,
PCG name PCG™ E5o] Ax & dA W 74
Business A =R

Table 16 Description of the variables in the block cutting process
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