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A study on Machine Learning for the Prediction
of the Shipbuilding Lead Time

Kim, Ji Hye

Department of Naval Architecture and Ocean Systems Engineering

Graduate School of Korea Maritime and Ocean University

Abstract

In recent years, big data technology, which i1s one of the biggest
issues in IT field, has been applied in various fields as data has
increased exponentially compared to the past, however, 1in the
shipbuilding and offshore industries, the use of big data related
technology 1s relatively rare compared to other manufacturing
industries such as automobile and electronics industries. But,
shipbuilding and offshore industry 1s one-piece manufacturing
industry, and statistics-based analysis such as the Big Data
methodology can be very effective because vast amounts of data are
generated throughout the entire life cycle and are highly variable in
the manufacturing environment. As a result, the big data-based machine

learning research is progressing slowly in the shipbuilding industry.
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However, this i1s limited to the design field that manages the fixed
variables and it 1s difficult to apply it in terms of production
management such as lead time which is the basis of construction
activity. In particular, the standard data such as production lead
time 1s highly variable due to various process variables so, 1t 1is
necessary to study changing from causation viewpoint to correlation to

solve 1it.

Therefore, in this paper, [ has constructed a prediction model
applying machine learning and deep learning algorithm to improve the
standard data for the time factor of production lead time. In order to
predict the variable lead time considering the various properties of
the product in comparison with the standard lead time, I collect data
from several shipyards and apply various machine learning and deep
learning algorithms to predict the production lead time according to
the process. Respectively. To analyze the data, open source such as R
and Python language was used and a lead time prediction model based on
the algorithm was created. Various evaluation indices were used to
evaluate the prediction model generated by the analysis algorithm. In
addition, I compared the results of machine learning and deep learning
algorithms with those of previous studies, and the decision support
for the establishment of standard information according to various

process variables is made possible.

KEY WORDS: Production Management; Standard Data; Big Data; Statistical Analysis;

Machine Learning; Deep Learning.
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Fig. 5 Algorithm type of machine learning
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2.2.1 Multi-Layer Perceptron (MLP)
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w7bsstts AR At mEAM ol SHSH] A% el
=493 o

Hidden Hidden Hidden
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)
AN
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:/ :ln
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Fig. 8 Conceptual diagram of Multi-Layer Perceptron
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Fig. 9 Recurrent neural network
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2.2.3 4 zlolBzz

2 =5ddAe Hed dagEs 767 A gelBy e E Python o
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Fig. 10 Structure of Keras library
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Fig. 12 Dropout (Regularization Method)
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Fig. 13 Data analysis process
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Fig. 17 Analysis of variable
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—i Statistical Analysis |

Machine Learning

Analysis SPSS Statistics (] open-source R Application, Python, Tensorflow Q
Method SPSS Modeler @ Regressmn,.AmEclal Neural Network, Decision Tree Model | 1"
Deep Learning Tensor]
Analysis
Contents
Input Data Amalysis Merhod
SESS & Medelir Apmlication Outfitting Supply Chain Analysis | Block Process Lead-Time Prediction

Fig. 19 Application cases of data analysis methodology
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Table 3 Block cutting process data

Data Contents
, - AaE3d AgrlE 23 vlol" (64,270 rows)
Collection Data | _ ZolA ALY (2832 rows)
Weight (kg)
Continuos .
Precipitation (mm)
Data
Planning L/T (day)
Input Data Ship Type
Categorical Block Group
Data Block Direction
Planning Cooperation
Output Data - Lead Time (day)
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Fig. 20 Graph of Correlation Analysis (a)
Table 5 Correlation Analysis Result (a)
Weight Precipitation Plan L/T Lead Time
Weight 1 - - -
Precipitation 0.01 1 - -
Plan L/T 0.02 0.65 1 -
Lead Time 0.08 0.04 0.1 1
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Fig. 21 Modified independent variable (a)
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Fig. 24 Data analysis process of block erection data
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Table 6 Block erection process data
Data Contents
Collection Data | _ g}; ii‘ﬁ?é_ﬁ r/;E]\:—';)lﬂ k5 (22,758 rows)
Length (m)
Width (m)
Height (m)
Continuos Area (m"2)
Data Sub Weight (ton)
Net Weight (ton)
Weight (ton)
Input Data Planning L/T (day)
Project No.
Division
, Construction
Categorical
Data Blo.ck G.roup
Direction
STAGE
Block Serial No.
Output Data | - Lead Time (day)
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Fig. 25 Graph of Correlation Analysis (b)
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Table 8 Correlation Analysis Result (b)
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. . Net Sub . Plan
Length | Width | Height | Area Weight | Weight Weight L/T L/T

Length 1 - - - - - - - -

Width 0.17 1 - - - - - - -

Height 0.26 0.37 1 - - - - - -

Area 0.66 0.72 0.53 1 - - - - -
Net

Weight 0.52 0.58 0.68 0.85 1 - - - -
Sub

Weight 0.52 0.6 0.66 0.85 0.99 1 - - -

Weight 0.52 0.58 0.68 0.85 1 0.99 1 - -

Plan L/T | 0.04 0.16 0.22 0.13 0.15 0.15 0.15 1 -

L/T 0.08 0.13 0.25 0.16 0.17 0.15 0.17 | 0.36 1
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Width (m)

Height (m)
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Sub Weight (ton)
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Project No.
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STAGE

STAGE

Division

Categorical Variable

Division

Construction
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Block Group

Block Group

Direction

Direction

Block Serial No.

Block Serial No.

Fig. 26 Modified independent variable (b)
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Fig. 29 Supply chain process of offshore outfitting
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Table 9 Spool supply chain process data

Data Contents

Collection Data | - ¥Wj&#A] 5% 23 ©o]y (16,814 rows)

DIA

Continuos Length (mm)

Data Weight (ton)

Joint

Put off

Disuse

Emergency

[nput Data
Apply LT

Categorical STAGE

Data Main Problem

Cooperation

Penetration

Rev No.

Material

Output Data - Lead Time (day)
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Fig. 30 Graph of Correlation Analysis (c)
Table 10 Correlation Analysis Result (c)
DIA | Length | Weight | Joint | Making L/T | Painting L/T
DIA 1 - - - - -
Length 0.09 1 - - - -
Weight 0.65 0.15 1 - - -
Joint 0.06 -0.21 0.13 1 - -
Making L/T | 0.17 -0.05 0.20 0.19 1 -
Painting L/T | 0.19 0.02 0.23 0.03 0.07 1
- 5‘] -




Table 11 Analysis of Variable (c)

Df Sum Sq | Mean Sq | F value PrOF)
Emergency 1 9082 9082 112.194 < 2e-16
Put Off 1 16 16 0.193 0.6608
Disuse 1 266 266 3.284 0.07
Apply LT 2 491 246 3.035 0.0481
STAGE 4 11937 2984 36.864 < 2e-16
Main Problem 7 46767 6681 82.53 < 2e-16
Penetration 1 178 178 2.203 0.1378
REV No. 4 5926 1482 18.302 5.55E-15
Material 4 13014 3254 40.191 < 2e-16
Table 12 Analysis of Variable (d)
Df Sum Sq | Mean Sq | F value PrOF)
Emergency 1 901 901 30.183 4.05E-08
Put Off 1 46 45.5 1.525 0.217
Disuse 1 10 9.6 0.321 0.571
Apply LT 2 2080 1040.2 34.846 8.50E-16
STAGE 4 12442 3110.4 104.199 < 2e-16
Main Problem 7 6189 884.1 29.617 < 2e-16
Penetration 1 75 74.7 2.503 0.114
REV No. 4 2088 522.1 17.49 2.66E-14
Material 4 9780 2444.9 81.903 < 2e-16
-~ 5 -




Continuous Variable

Categorical Variable
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Rev No.

Material

Fig. 31 Modified independent variable (c)
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Fig. 32 Outlier treatment of continuos variable (c)
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F2hel Aol 2ol mel dqSnd 7S A% sk HolE et HrEE HlolE Tt

Table 13 Number of data according to analysis case

5 Add3d | 5 94T | HdA AF | 6dA =3
2 =Er 2 = =g 2 =

Case 1 63,987 rows 21,868 rows 11,876 rows 11,876 rows

Case 2 49,290 rows 13,554 rows 7,994 rows 928 rows
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A3}+= Table 142} Fig.
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Table 14 Machine learning result of block cutting lead time

Regression ANN Tree
Case 1 Case 2 Case 1 Case 2 Case 1 Case 2
MAE 13.32 7.42 12.91 7.96 11 7.72
MAPE 169% 95% 162% 91% 126% 82%
RMSE 21.91 10.39 2m56 11 19.51 10.84
R? 0.24 0.36

25

20
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Casel

Regression

Casel

Case2

ANN

Casel

o MAE s RMSE -#-MAPE

200%

0%
Casel

Fig. 34 Machine learning result of block cutting lead time
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Table 15 Machine learning result of block erection lead time
Regression ANN Tree
Case 1 Case 2 Case 1 Case 2 Case 1 Case 2
MAE 12 9.13 13.58 8.65 9.36 8.21
MAPE 255% 133% 334% 126% 148% 117%
RMSE 18.71 115,528 20.18 15.29 15.73 14.21
R? 0.34 0.38
BTl 2|EEIY ol 22
25 400%

20
300%

15

200%
10

100%

0%

Casel Casel Casel Case2 Casel Case2

Regression ANN Tree
wom MAE  ssm RMSE -#—MAPE

Fig. 35 Machine learning result of block erection lead time
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Table 16 Machine learning result of spool making lead time

Regression ANN Tree
Case 1 Case 2 Case 1 Case 2 Case 1 Case 2
MAE 8.46 4.54 5.08 4.34 4.96 4.28
MAPE 35% 19% 20% 18% 19% 18%
RMSE 10.95 5.86 6.98 5.65 6.98 5.57
R? 0.38 0.43
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Fig. 36 Machine learning result of spool making lead time
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Table 17 Machine learning result of spool painting lead time

==

=
=
=X
JLE

1) 5}

Regression ANN Tree
Case 1 Case 2 Case 1 Case 2 Case 1 Case 2
MAE 10.57 3.78 4.48 2.98 4.35 3.66
MAPE 32% 25% 34% 25% 49% 24%
RMSE 11.5 5, 1At 6.37 4.36 3.59 5.15
R? 0.33 0.44
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Fig. 37 Machine learning result of spool painting lead time
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Table 18 Analysis case for deep learning model

Hidden Batch
Data .
Layer Size
Case 1 - MLP 3 100
« Output Log(x)
C 9 « MLP ] 50
ase
« Output Log(x)
C 3 « MLP : 2
ase
« Output Log(x)
Case 4 ot 5 100
ase
« Output Log(x)
« MLP
Case 5 10 100
« Output Log(x)
« MLP
Case 6 3 100
« Output Log(o)
Case 7 » RNN 100
« Output Log(o)
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Table 19 Deep learning result of block cutting lead time

Casel | Case 2 | Case 3 | Case 4  Case 5 | Case 6 | Case 7
MAE 6.18 6.04 6.25 6.25 6.60 7.59 7.24
MAPE 108% 106% 115% 110% 126% 69% 75%
RMSE 8.14 8.13 8.23 8.21 8.37 11.13 8.56
AT A CEY OIS At
14 200%
12
10
8
100%
6
%
2
0 0%

Casel

Case2 Case3 Cased Cases

mm MAFE msm RMSE -8 MAPE

Case6 Case7

Fig. 38 Deep learning result of block cutting lead time
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F oA B4 A BEE 9AETAH 2l=Ed e d=Z3E Table 203 Fig.
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H = Te Bt dAd =Rl
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Table 20 Deep learning result of block erection lead time

Casel | Case 2 | Case 3 | Case 4  Case 5 | Case 6 | Case 7
MAE 6.78 6.65 6.46 6.63 6.49 6.68 6.90
MAPE 128% 125% 115% 126% 116% 144% 70%
RMSE 12.03 12.15 12.07 11.78 12.29 11.74 13.21

B 2|=EFY ol = Za

15 200%

10

100%

0%
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Case2 Case3 Cased Cases

mm MAFE msm RMSE -8 MAPE

Case6 Case7

Fig. 39 Deep learning result of block erection lead time
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Table 21~22¢}
Aol 2ol wet

Casel
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T Aol= flled batch size7k A2 HlolEolA 7]ES HSELHEG
eapgol wopn. =3I, £F A B gHA f=erddol Hls| g=Erd o
BEZ7F 224 veyty] W2l dels e £Fst a3t IA AEskA Fe
Aoz JE o] Case 63 Case 7oA 9] dS=7F Hld 23S YeErlth
Table 21 Deep learning result of spool making lead time
Casel | Case 2 | Case 3 | Case 4  Case 5 | Case 6 | Case 7
MAE 4.11 4.18 4.00 4.12 4.61 4.27 4.16
MAPE 16% 18% 16% 16% 17% 16% 16%
RMSE 5.49 5.49 5.38 5.56 6.18 5.83 5.67
HH2EXH X = 2| 2EFY ol Zat
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17%

17%

16%

16%
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Fig. 40 Deep learning result of spool making lead time
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Table 22 Deep learning result of spool painting lead time

Casel | Case 2 | Case 3 | Case 4 | Case 5 | Case 6 | Case 7
MAE 3.38 3.23 3.36 3.81 4.48 4.40 3.95
MAPE 24% 22% 22% 24% 27% 24% 23%
RMSE 5.20 5.13 5.29 5.99 6.91 6.84 6.30
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Fig. 41 Deep learning result of spool painting lead time
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Table 23 Final prediction result of block cutting lead time

. Neural .. Deep Neural
Regression Network Decision Tree Network
MAE 7.42 7.96 7.72 6.65
MAPE 95% 91% 82% 1%
RMSE 10.39 11 10.84 9.59
S5 T 2|SEy ZEAE
15 100%
0
50%
| I I I
0 0%
Regression Neural Network Decision Tree  Deep Neural Network
m MNAF EMSE —@—MAPE

Fig. 42 Final prediction result of block cutting lead time
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Table 24 Final prediction result of block erection lead time

. Neural .. Deep Neural
Regression Network Decision Tree Network
MAE 9.13 8.65 8.21 7.59
MAPE 133% 126% 117% 69%
RMSE 15.54 15.29 14.21 11.130
E5 ©X 2|6 &y
20 150%
15
100%
10
50%

Regression

Neural Network

mm MAFE

RMSE

Decision Tree

—8—MAPE

0%

Deep Neural Network

Fig. 43 Final prediction result of block erection lead time
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Table 25 Final prediction result of spool making lead time

Regression Nl\ga(zvlilroilk Decision Tree Deﬁgwl::riral
MAE 4.54 4.34 4.28 4.00
MAPE 19% 18% 18% 16%
RMSE 5.86 5.65 5.57 5.38

10

5

0 I I I

Neural Network

Collection @ kmou

Regression

R A= 2| e SEEat

mm MAFE

Fig. 44 Final prediction result of spool making lead time

RMSE
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Table 26 Final prediction result of spool painting lead time

Regression NBIEL Decision Tree DD NI
Network Network
MAE 3.78 2.98 3.66 3.23
MAPE 25% 25% 24% 22%
RMSE 5.14 4.36 5.15 5.13
HHEXH =2 2| SEH] SEtEat

10

0 I I I I

Neural Network

Collection @ kmou

Regression

mm MAFE

RMSE

Decision Tree

—8—MAPE

30%

25%

20%

15%

10%

5%

0%

Deep Neural Network

Fig. 45 Final prediction result of spool painting lead time
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T3 A3 BEREAE ZAEe Oy xE )5S JHAI 7 &= o] E
H2A] O o ‘H j=i ) Q ]_.__Co] _9_—‘-]_‘—7 o)
= T BT AHEAN=E AbS-oral AT
Eile Code View Plots Session Build Debug . profile Iools Help -
@1~ B8 B9 - Addins - K| sHI_Model ~
2 AnabsisR* % @] Untitied1® x| @] Untitied2® % | @ Unfitled3* x| G| Linear ModelR | ANNResult M | | 33 em[] | Environment | History
&) | @ Osourceonsave | Q A - 4= ~#Run | % | [ Source - W& @ | Emmpor bataset - | st -
1 ) A' ) Global Environment ~
2 Makingbatal <- subset(Makingpata,
3 — c(Emergency, ApplyLT, Material, MainProblem, Penetrat pata N
a Weight, DIA, ©aNNPredict M Large matrix (8307 elements, 51.. (]
. b U @ANNResUTT_M 8307 obs. of 31 variables =
7 ###Linear (1) ©continuousp.. 8307 obs. of 4 variables =
8 sum(is.na(MakingpatalsmakingLT)) # ) ) ©bata 11855 obs. of 13 variables =
9 mMakingDatal <- MakingDatal[complete. cases(Makingpatall,c("MakinglT*)1),1
10 @Gbmresult_p 2493 obs. of 13 variables ]
11 samplesize_m <- floor(0.7"nrow(Makingbatal)) ©LinearResult 2493 obs. of 13 variables =
12 Trainingm <- sample(seq_len(nrow(makingpatal)}), size — samplesize_m) : =
13 Trainm - wakingoatallTrainingm, i7" nooata 8307 obs. of 11 variables L
14 Test_M <- Makingbatal[-TrainingM,] ©wmakingpatal 8307 obs. of 9 variables =
1s ©makingTest™m. 8307 obs. of 27 variables B
16 LinearModel Making <- Im(akingLT-., data = Train_M)
7| Summaryr(L tnearmodel making) ©@mMakingTrain. 5814 obs. of 26 variables @
18 ©pPaintingpata 11855 obs. of 11 variables =
19 Linearpredict <- round(predict(LinearModel Making, newdata - Test_M),digits — 0) Emergency : Factor w/ 2 levels "0","1": 2 2 2
20 Linearresult < cbind(Test_m, Linearpredict) - e
2 ADPIYLT : Factor w/ 3 levels "ZA" "E213",....
22 LinearResult$MAE <- abs(Li TesLi Her - L 1t sMakingLT) material : Factor w/ 6 levels "émo","Dss", "HSC.
23 LinearResultSMAPE <- ifelse(LinearResultsmakingLT—-0, LinearResult SMAE /LinearR( sch : Factor w/ 20 Jevels "NONE","S-10" a
24 LinearResultSRMSE <~ (LinearResultsMakingLT - LinearResultSLinearpredict) 2 Mainproblem : Factor w/ 8 levels ™
2 Penetration : Factor w/ 2 levels "A","s": 11
26 mean(LinearResultsmakingLT) A : Tevels "2iolprelcE
27 mean(LinearResultSLinearpredict, na.rm-T) Paintingcoop: Factor W/ 7 levels "ZLLU(F)
28 mean(LinearResultIMAE, na.rm weight : num 16.88 4.72 14.12 17.8 13.96 ...
29 mean(LinearResultSMAPE, na.rm DIA : mm2121122222...
30 sqrt(mean(LinearResult$RMSE, na.rm = 7)) Length : num 1898 1453 2085 5700 5108 ...
g e )" PaintinglT : iNt 0000000000 ...
S ]| @TesT M 2393 obs. of 9 variables =.
= s 1| Files Plots Packages Help Viewer
> GBimREsU L wr el e = P P e =
> GbmResult_M <- chind(Test_m, Gbmpredict_m) = = e
> GbmResult_M$MAE <- abs(GbmResult_mM$MakingLT - GbmResult_m$cbmeredict_m)
> GbmResuTt_MSMAPE <- ifelse(GbmResult_M$MakingLT — O,NA, GbmResult_MSMAE,/GbmResult_m$m - - .
akingLT) Histogram of MakingData$MakingL T

> GbMResUTT_MSMAE <- abs (GbmResult_MSMakingLT - GbmResult_MSebmPredict_m)
> GbmResuTt_MSMAPE <- ifelse(GbmResult_MSMakingLT == 0,NA, GbmResult_MSMAE/GbmResult_MsM
akingLm)

> GbmResuTt_MSRMSE <- (GbmResult_M$MakingLT - GbmResult_m$GbmPredict M)Az

> mean(GbmResu1t_MsMakingLT)

[1] 4.08584

> mean(GbmResult_MSGbmPredict_M, na.rm=T)
[1] 4.053433

> mean(GbmResuTt_MSMAE, na.rm = T)

[1] 0.9015089

> mean(GbmResuTt_MSMAPE, na.rm = T)*100

[1] 23.52102

> 5qrt(mean(GbmResult_MSRMSE, na.rm = T))
[1] 1.444562
> sqrt(mean(LinearResulT$RMSE, na.rm = T))
[1] 1.558332
> sqrt(mean(LinearResult$RMSE, na.rm = T))

[1] 1.558332
by

Frequency

=

2

s

<

=

S

S

=
T T T T T T T 1
0 5 10 15 20 25 30 35

MakingData$MakingLT

Fig. 46 R studio
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Hod dadgs 7Ee fsA P 1A eEL2E IiEE udT
Hod ZHdAIE B4 287t v 53 "Ede 7] HAsiA=
7V 718A o2 Adgsop st Zo] oWl ZaIw dojE AT AJA,
AFE YA 5 BUSE Zolth HYATNA NEHOT AT RE
SARA AZRHE dojE A FnIFS FA] AP HA 2
golnelgsh @RAoltt. wed Hed TAL A Python AolE

Fg35t9ch Pythone thiie] sojnelEo] ME &2 JuolE Hu
53] FaoA EAL2E FNT WA ZFE(TensorFlow) T3eo] 7hsdtthe
AHo] 9t HAZzoL pazy 2 Py Zgdeaz CPUt GPU
BEZ TR bssd gadge]  ndEE BA AYse
golB i goltt. olzjdt Y ZHUYIAZE Jupyter Notebook 7ol A
TEY F A

B[+ @ B[4 ¥ |[M B Cicoe & || Cellfchar | & || & @] -

izl 329 2| =EtY ol &R

In [5]: | # package foad
import pandas as pd
import numpy as np
% matplotlib inline
import matplotlib.pyplot as plt
from pandas import DataFrame, Series
from sklearn preprocessing import MinMaxScaler
from sklearn metrics import mean_sgquared_error
from sklearn model_selection import train_test_split

In [6]: | # Data Impor
df =pd read csv('Di

ski
i engine: )

dataset=df values

In [7]: | del df[*Unnamed: 0°]

In [8]:  dfhead(10)

Ou Emergency ApplyLT|Material | Sch | MainProblem | Penetration | MakingCoop Weight | DIA | Length | MakingLT
01 B Dss S-10S | H2f2A A 16.879 |2 1898 |20
1)1 Hat DSS  |S-40S A=A A 4733 |1 [1453 |18
2(1 Hat DSS  |S-10S|H=A|H A 14115 |2 |2085 |15
31 Hat DSS  |S-40S|H=a|H NaN I|17.800 |1 |5700 |39
4|1 Ha DSS  |S-408|HzA|H NaN 13965 |1 [5108 |39
5(1 A DSS  |S-10S|A=A|H NaN 13558 |2 |1593 |15
6|1 B4 DSS  |s-10S|AAH NaN 9209 |2 (448 |39
7|1 B4 DSS  |S-10S|A=ald NaN 6400 |2 |0 39
81 B Dss 5105 | A2 NaN 13.558 |2 1593 |15
91 B Dss 8-108 | H=2|H NaN 9209 |2 (443 34

Fig. 47 Python in Jupyter
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A2 HlolE AAT

tlolg] &4 F 7P B ARto] A8 5= GAVE vtE doly A g ol
dutzlow  HolH A dHelHY F7E AA, €WHE T AYS
oulat=d]  HolH A7t % ARE T 80% AHEE HolE £3 ¥
AAE AA A&ETL & g 7P T3 @A & 5 Qth tlolH
A= Fig. 483 #Zo] =LA dlolg A &<, AZFZ A, ol Ad,
Feature Engineering®] =42 3=},

Data sets
Missing value treatment
650% 19%
Outlier treatment
" Building training sets: 3%
e Cleaning and organizing data : 60%

Feature Engineering ® Collecting data sets: 19%

Mining data for patterns : 9%

® Refining algorithms : 4%
® Other: 5%

Fig. 48 Data Pre-processing process
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Z A8 (Missing value treatment)
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A.2.4 Feature Engineering
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