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Application of DNN Models with Supervised Learning for Estimating

Production Rates in Various Manufacturing Systems

Dug Hee Moon' - Quynh Anh Trinh - Dong Ok Kim * Yang Woo Shin

In order to optimize the manufacturing system design problems, a model that can estimate the performance
of the system is required. Various methodologies such as mathematical models, simulations, and meta models
have been used for the estimation. Recently, artificial intelligence models have become a new alternative. In this
paper, deep neural networks (DNN) models are applied for analyzing the accuracies of the estimating production
rates in serial lines and assembly lines. Simulation models are developed for the systems, and the results obtained
through experiments are used for learning processes for finding optimal DNN models. In the optimizing processes,
combinations of various parameters such as activation function, the number of layers, and the number of nodes
were considered. In addition, a method to increase the accuracy of the DNN model was presented by adding
extreme data set to the learning process, which is known to be less accurate when using other methodologies.

Key words : Manufacturing systems, Production rates, Deep neural networks, Supervised learning, Activation functions

D
AT AARARIA HABE 45h7] QI 28] A5 2T 4 gl mdo] Bast ol 918 43}
4w, Agelold, oleheel 5t SREe] B85 Sid, At 3 Basl el Heim gk @

wrolAe AEeGE ol 8%t HSAVEUDNN) BdS ofgsto] Adelql, 23l 50 ke 4 2ol disl 2

K& S} sk 2t Aol ohal Aol meEle: ek,
2{21o] DNN 230 Afeigich o] bl st 9 243
2 v Hter} Woluicka

Sick A T WHES A8SIUS
o HES ol WS ANtk

_%__9_01 T A RA|AE], AHANE

s

L AE

11 STz ¥ 2
AZA2E SABFAN Y Tal A2

ol

NENRY, ARS, B

ox,

* o] = 2023~2024L% = A AgAtLA A
o] Qo SuE A7ATY.
Received: 11 October 2024, Revised: 13 December 2024,
Accepted: 17 December 2024
¥ Comresponding Author: Dug Hee Moon
E-mail: dhmoon@changwon.ac.kr
Changwon National University Department of Industrial
and Systems Engineering

A 0] B ik olgepl S Sow
o) T, 1wEe] A 5 Tak BpEe) 2e 1)

ST e Holel okl %7902 DNN 1

o) Ro)
e

9] EAJZ H9dlo] s Eek2l(Flow Line F+= Serial
Line), 3@ z}2l(Parallel Line), ¥ H 35 Eg}¢]l(Felxible
Flow Line), 78294 (Job Shop)S &2 449 2
A7F AR ok Al(Cell) 2¢lo] H = itk
(Gershwin, 1994; Lee et al., 2020b). 3tH, A& th2 2
Fol oA 2EEAL, Wi thE RjlofA ThEo]
A 3 %2Yo| E]= Z2Yel(Assembly Line) FEj: 7}
59K Gershwin, 1994; Lee et al., 2020b). & Yo}7}
WA shte] Bheloz Adslel FAT SE U, o
©| 7o) Sehl(Sub-Ling) 0.2 #2te] TR S
AtHLee et al., 2020b).

N

H33E MUS 20241 128



ols} zro] Az 28 AA| BAle] HHshE 2] 9]
A= T dAZE dasith A WA gAle AlEY A
“&(Performance)& o538k HdS 7Ndehe ©AolL,
5 v g SR SRS olgslo] HHsE 4
SP5l= A o]t Koyuncuoglu, 2024; Lee et al., 2020a).

AedEsrnd o7|d o] 2(Queueing Network
Theory), E&7}4 2 g(Stochastic Process Model)Z} 7+
2 48+A 1 d(Mathematical Model)& ©]-&3}= W,
AleEo]A(Simulation) RHS o] &sh= R 5ol 71
2o AME|T YrHGershwin, 1994). TE3H Al Ego] 4
S B3l E2 HlofEE ol&sto] mElZ(Meta-model)
= /she W e AREEIL Qlok wEREe 3Ry
(Regression Model)¥} -2 =8k mdlS ALE5l= 7
Ho] Qlal, Z|Tofl= ¢lFA|%(Artificial Intelligence) &
9e Agele ool 53 9k

ole} e WHE Fol 71 olHel WL Sok
B o} §ak Aoltk 5814 RS o g Asg
[e)

FH-& Apg-8l|oF sltk(Gershwin, 1994; ShinZ} Moon,
2017; Papadopoulos et al., 2019). 3}A|q ZARIHS &
s g gre ol ohtk

Hhol AlEdlo]lde vkt Aol

SAg 225 7ol Aol mEe A Algals
A= oA ARSe] golut mae] o] WAE o

whch ol RS Wt AR Th Sagsler sk 5
281 mElwTh B A710] W RakCHGershwin, 1994;
Koyuncuoglu, 2024; Lee et al., 2020a). T Lo} 2|4
o LAolAE AlEEold ATHte] 910 &7 (Random
Effec) 2 QI3 FHEE7} ojAls ©= EARI:

oz 5ol 10the] 7]Aisk 97e] iml(Buffer)2 T4
Zee}olol] s vlm A Z/SHFABAP: Buffer Allocation
Problem) & 2aks AEE 714 24, 7} vie] 2
77 0745 107714 K3k, % wilo] ol 50
N9 A HAspPEoR s 1l Aels deks
Shal(Search)3-& AlEisch Alg ol AEE slof
3 Fofe] 315k 149%0] | S ek BE ojd 33
s WS AEshoLe] el 499 S SolEaAn
B 3150] B ok s AL Bl

ol

t=AIZ20188tE| ==X

r

et 22 7 7HA] HHEY RS S5 flsh
A¢k=E HHo] welx gl(Meta-model)©]c}. Can¥} Heavey
(2011)= E3] o]AAbd AlE&EH o] d(Discrete Event
Simulation)& 2-§-5h= WlEtLd WHEo] 2|43} 24|
7F 816k AR 28 A1 Al WSSk 2
tjeto] & 4= Qlthal 319%™, Khayyati®} Tan(2022b)
< o] Hho] & o W& HRE AIXEE A=
ol agoletal sk

2 ol A= Figure 13t o] A2 A|AF A &
Ao A AAFE(Production Rate T+ Throughput))2 3
A BHo® AlEYo|dE o]8slo] ¥ HlolHE &
Boto] AHSAIHHDNN) S sk o] Bl
gl sl =ofgie}. E4] tid=2 AlRAI AR AR
4] FAIARIQD o] WAish= Aldel]l, 1ol
sl A1delels Fiell(Sub-line) 2 sl 23
2R}, FiteRel Wolls 347 wHrE EAekA] d= &
ot B9 2™ &

R
( .
Define System Identify
Configurations DNN-model Form

* Select activation functions
* Define parameters

- Number of layers

- Number of nodes

- Number of batches etc.

Simulation

modeling

A4

Simulation
experiments
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Results of
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Solve Optimization
Problems Using
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Fig. 1. Approach for combining simulation and DNN model
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Fig. 2. Serial line with 10 machines (11 variables)
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Fig. 4. Special assembly line (Lee et al.(2020a), 9 variables)
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Fig. 5. Structure of DNN Model
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Table 1. Comparison of simulation conditions

Serial Assembly
Lines Lines Body Shop
Modeling Tools . Plant. . Plant. ARENA
simulation | simulation
Warmup period 10,000 10,000 30,000
Data Gathering | 10500 | 100,000 | 300,000
Time
Replications 10 10 20
Failure ODF" ODF" TDF?
Blocking BASY BASY BASY

Y ODF : Operation Dependent Failure
? TDF : Time Dependent Failure
» BAS : Blocking After Service
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T & 11709 4R =] 9l
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7Hek 20003]2 113ty on, A3 ADAMSE
AREBIGITE YA BaE2 HIE Fo] AES o=
g, 2 AF 23] S 10x5x7=3507]c}.

Table 2. Combinations of experiments for serial line

Parameters Values

Number of Nodes 22

Number of Epochs 2000

Number of Layers 1,2,3 .9, 10

Number of Batches 8, 16, 32, 64, 128

Softmax, SoftSign, ELU, ReLU,

Activation Functions Softplus, Sigmoid,

Optimizer ADAM
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t=AIZ20188tE| ==X

r

411 4BAA
gepele] AAES 45| 915 DNN mdlo] &
e B3] 9I5to] Figure 6349k 2 APUAE
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Learning Learning

Optimize
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PREmEEE o Modu » Evaluate

Optimize
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New
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Model
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Test Data

Original xtreme
Test Data | Evaluate <« { Test Data !

v
Evaluate

Fig. 6. Structure of DNN Model
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= FE00] skl ARESRRlem, LA 200712 o]
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AzA2He) RS F4oHe ARATEON &
SHA AR AN AU SR RS o83t HE
RUS 4§ A BE 919 ol AL 271740
21 s} BR 49 kst Holzicka stk Gershwin,
1994; Lee et al. 2020b; Shini} Moon, 2017). w2hA
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F7F dlol8 AEE W (xi~x0)¢] /8-S Table 33}
o] sto] 7} ) ok ek gro] Wo] EaH 200
N AASIh o] WMok ek Hlo]E) A= (Extreme
Data Set)2} 2t} o] 992 1007]= H7l8-o =2 3}
T, ] 10074 2ol ZzHole 8007el 27k
o] 9007} HlolE|® S5 AlZith Table 4= ARl
of DNN 2% 7] 284 9lo] gloje} A=} Su
tlolElAES] Algth o] Hlo|EE2 Shs W H7tof &
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Table 3. Probability for generating extreme data set
Buffer Size ol 11 21 3 slel 713
(r1~x0)
Probability
300 10 5| 5 51 5] 5|30
(%)
41,2 13 A

12 Aol Al 2

Z|oE] 8007HS o83t o
235t A3 WS &3 24 DNN 2dlg o]

ato] W7lg- Xz do|E 200749} H7HE Setdlo]El 100

Aol gt F7k=

247t ANBIST) 2145 L 655

MALE

d/otdrER 60719 Haragto] dis DNN &gl
FEAIA 7P 95t 208 Fohli= #Fgolnh o
R e AA =2E skardo] et 74 2
PH= Table Sof| AJA= o] ik
HA B7HE 2 zdlo|EE BAe Aa} R WA
A3} J¢§ Softmax 2 3}%1-S w| R* gho] 99.52%%
7 3k, T2 2.2 Softplus, ELUS AR o
St AE HoFginh dnba oz Adeate] Hat
A 00l 7ML, e7E A2 v Bk
Softplus7} 7 4|8k

100 ot

1o e 1o

mN,

Table 4. Sample data set used for developing DNN model of serial line (before normalizing)

Data Buffer Size X0 X1 PR
No. USGJr X1 X2 X3 X4 Xs X6 X7 X8 X9 (D) (MTTF) (Slm)
237 T 1 6 1 3 0 5 2 2 2 0.942 205 0.496718
Original | 339 |1 3o | 3230|8177 0.940 226 0.499398
(Random)
Data Set 748 T 0 5 8 3 1 2 6 7 2 0.947 163 0.572045
892 E 2 8 4 2 6 8 8 0 8 0.965 164 0.530911
1007 T 8 8 0 8 0 2 0 7 0 0.947 204 0.488551
Extreme 1030 T 0 0 0 0 1 8 6 0 1 0.964 198 0.439083
Data Set | 1104 E 0 0 6 0 0 0 0 8 0 0.969 190 0.446911
1137 E 8 8 0 8 8 8 3 8 8 0.975 289 0.630994
" T (for training), E (for evaluating)
Table 5. Results of experiments for best Al models of flow lines using 800 training data
Activation | Number of | Batch Test Data Set B %) Relative Errors (%)
Function Layers Size Type Num ’ Average Max Min Range
Original 200 99.52 -0.1342 2.6365 -1.8019 4.4384
Softmax 4 8
Extreme 100 99.09 0.0125 5.9161 -2.1305 8.0466
Original 200 99.01 -0.0060 42971 -1.9345 6.2316
Softplus 7 8
Extreme 100 97.33 0.2457 7.5908 -3.3077 10.8984
ELU 4 g Original 200 97.87 -0.2693 8.4566 -5.8605 14.3171
Extreme 100 96.42 -0.2171 4.3383 -8.4497 12.7880
Original 200 96.27 -0.4378 4.8065 -5.1279 9.9345
Sigmoid 8 8
Extreme 100 94.49 -0.3400 7.3903 -5.7963 13.1867
Original 200 95.78 0.0201 5.8027 -4.8042 10.6069
SoftSign 3 16
Extreme 100 92.36 -0.0988 7.9637 -9.0377 17.0014
Original 200 93.06 0.2117 8.1961 -10.2629 18.4591
ReLU 3 16
Extreme 100 77.48 1.6627 159199 | -16.6169 32.5367

% Optimal values of parameters are determined based on 200 original test data
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Table 6. Results of experiments for best DNN models including extreme data set in serial lines

Activation | Number of | Batch Test Data Set R Relative Errors (%)
Function Layers Size Type Num. Average Max Min Range
Original 200 99.53% 0.0555 4.1581 -1.4835 5.6416
4 8" Extreme 100 99.22% 0.2327 2.8031 -2.0077 4.8108
Total 300 99.48% 0.1146 4.1581 -2.0077 6.1658
Soft
oftmax
5 8 Original 200 99.57% -0.1203 3.1503 -1.3611 45114
5 8 Extreme 100 99.31% 0.1143 3.1220 -1.6741 4.7961
5 8 Total 300 99.53% -0.0421 3.1503 -1.6741 4.8244
Original 200 95.78% 0.0890 6.6725 -4.2760 10.9486
7" 8" Extreme 100 93.02% -0.3198 8.1887 -9.5910 17.7797
Total 300 95.31% -0.0473 8.1887 -9.5910 17.7797
Softpl
oftplus
3 8 Original 200 98.91% 0.0892 4.0251 -2.9475 6.9726
4 8 Extreme 100 97.91% -0.0455 3.8761 -5.0114 8.8875
8 Total 300 98.61% 0.0388 4.8968 -7.9583 12.8551
Original 200 98.65% 0.0009 3.3249 -3.5158 6.8406
4 8" Extreme 100 97.88% 0.0321 4.1700 -5.3340 9.5040
ELU Total 300 98.54% 0.0113 4.1700 -5.3340 9.5040
8 Original 200 98.70% 0.1553 3.7157 -4.1085 7.8242
8 Extreme 100 97.54% -0.1493 3.7939 -9.0318 12.8256
Total 300 98.45% -0.1590 3.7939 -9.0318 12.8256
Original 200 97.54% 0.1807 5.1702 -4.1279 9.2981
Sigmoid 8" 8" Extreme 100 98.07% 0.3103 4.8424 -2.6803 7.5228
Total 300 97.98% 0.2239 5.1702 -4.1279 9.2981
Original 200 96.63% -0.0545 5.0990 -3.8013 8.9003
Softsign 3" 167 Extreme 100 94.75% 0.0290 5.7937 -7.7195 13.5132
Total 300 96.36% -0.0267 5.7937 -7.7195 13.5132
Original 200 92.99% -0.4985 6.9695 | -17.0421 24.0116
ReLU 3" 167 Extreme 100 91.88% -0.4699 6.6724 -8.7538 15.4261
Total 300 93.36% -0.4890 6.9695 | -17.0421 24.0116

* The optimal values of parameters are determined in Table 5
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Table 7. Combinations of experiments for assembly lines

Parameters Values
Number of Nodes 19, 38, 57, 79
Number of Epochs 2500
Number of Layers 1,2,3 .9, 10

Number of Batches 8, 16, 32, 64, 128

Activation Softmax, SoftSign, ELU, ReLU,
Functions Softplus, Sigmoid
Optimizer ADAM
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Table 8. Probability for generating extreme data set

Buffer Size
(e1~xs, X711, 0 1 2 3 4 5
X13~X17)

Probability(%) | 40 | 10 | 5 | 5 | 5 | 35

Buffer Size

(xs, X12)

Probability(%) (40| 5|3 |3 |3 (3|3 |33 |34
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Table 9. Results of experiments for best Al models of assembly lines

MNAIE

S 95t Xz 7|ghe| DNN 2 &8

Activation | Number | Number | Batch Test Data Set R Relative Errors (%)
Function of Nodes | of Layers | Size Type Num. Average Max Min Range
Original 300 96.84% -0.3263 4.3806 -4.5756 8.9562
Softmax 57 5 8
Extreme 100 92.55% 0.2562 6.5368 | -14.1883 20.7252
Original 300 96.45% 0.0060 4.5771 -4.0472 8.6243
Softplus 57 4 8
Extreme 100 92.31% 0.6970 6.8463 -5.3219 12.1682
Original 300 96.05% -0.0494 5.5091 -4.7098 10.2189
Sigmoid 76 6 16
Extreme 100 92.52% -0.3807 4.3578 -9.4977 13.8555
Original 300 95.42% 0.0937 5.7705 -5.2485 11.0190
Elu 38 5 64
Extreme 100 88.13% -0.4906 9.5862 -6.6056 16.1918
Original 300 94.08% 0.0241 6.9721 -6.3705 13.3426
Softsign 57 4 64
Extreme 100 84.27% 1.0537 10.6865 | -10.0207 | 20.7071
Original 300 91.02% 0.1904 8.3518 | -10.9288 19.2806
Relu 76 2 8
Extreme 100 70.81% -0.8350 11.3354 | -10.9762 | 223116
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Table 10. Results of experiments using new trained DNN models for assembly lines

Activation | Number | Number | Batch Test Data Set R Relative Errors (%)
Function | of Nodes | of Layers | Size Type Num Average Max Min Range
Original | 300 | 97.05% 0.0581 4.6768 | -4.8614 9.5381
57" 5 8" Extreme 100 | 95.40% | -0.0746 3.4906 | -5.6285 9.1191
Softma Total 400 | 97.13% 0.0250 4.6768 | -5.6285 | 10.3053
oftmax
57 3 8 Original | 300 | 97.81% 0.0019 4.0037 | -4.0300 8.0337
57 3 8 Extreme 100 96.45% 0.2231 33125 | -6.0163 9.3288
57 3 8 Total 400 | 97.84% 0.0572 4.0037 | -6.0163 | 10.0201
Original | 300 | 95.79% 0.0391 74454 | -5.5018 | 12.9472
57" 4 8" Extreme 100 | 92.77% | -0.3761 7.0467 | -6.6269 | 13.6736
Total 400 | 95.75% | -0.0647 74454 | -6.6269 | 14.0723
Softpl
oftplus
38 4 8 Original | 300 | 96.42% | -0.1090 49349 | -52673 | 10.2022
76 16 Extreme 100 | 95.65% | -0.1272 6.1907 | -4.9271 | 11.1179
76 16 Total 400 | 96.64% | -0.0859 5.9545 | -5.6027 | 11.5572
Original | 300 | 94.37% | -0.0557 5.6389 | -7.6290 | 13.2679
76" 6 16" Extreme 100 | 94.81% 0.0847 5.9456 | -6.1363 | 12.0818
Siemoid Total 400 | 95.29% | -0.0206 5.9456 | -7.6290 | 13.5746
igmoi
& 38 7 8 Original | 300 | 96.27% | -0.0231 7.0276 | -5.2565 | 12.2842
38 7 8 Extreme 100 95.92% | -0.0525 4.6496 | -4.3828 9.0325
38 7 8 Total 400 | 96.74% | -0.0304 7.0276 | -5.2565 | 12.2842
Original | 300 | 94.96% | -0.0886 6.1003 | -52330 | 11.3332
38" 5 64" Extreme 100 | 93.71% | -0.1140 4.8184 | -54286 | 10.2470
- Total 400 | 95.43% | -0.0949 6.1003 | -5.4286 | 11.5288
u
57 7 128 Original | 300 | 95.87% | -0.0137 5.1395 | -4.9344 | 10.0738
57 9 64 Extreme 100 | 95.06% | -0.3148 5.5084 | -5.2765 | 10.7849
57 9 128 Total 400 | 96.27% 0.0925 54900 | -5.3617 | 10.8516

* The optimal values of parameters are determined in Table 9

Relative Errors (Softmax)

Relative Errors (Softmax)

(a) Original DNN model

Fig. 10. Relative errors of 100 extreme test data set in an assembly line
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(b) New optimized DNN model
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Table 11. Combinations of experiments for body shop

Parameters Values
Number of Nodes 18, 27, 36
Number of Epochs 2500
Number of Layers 3,4,5 6,7
Number of Batches 8, 16, 32

Activation Softmax, Elu, Softplus,

Functions Sigmoid

Optimizer ADAM
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Table 12. Comparison between meta model and DNN model in a body shop

Activation Training Data Test Data Relative Errors (%)
. @A | B | © R ;
Function Type | Num Num Avg. Max Min Range
Meta model DOE 156 | Random | 100 | 99.71 | -0.0115| 7.0523| -5.1232| 12.1755
(Lee et all'™) DOE | 156 | Extreme | 100 | 9592 | 0.2606| 26.3472| -26.0145| 52.3617
Softmax | 27 5 16 99.45 | 0.6855| 7.7334| -4.7805| 12.5139
Softplus 18 3 8 DOE 156 99.55 | -0.0970 | 7.6994| -7.8547| 15.5542
Sigmoid | 36 4 8 99.30 | 0.0091| 10.9908 | -8.1936| 19.1844
ELU 36 3 16 99.72 | -0.0397 | 6.2486| -3.0589| 9.3075
Random | 100
Softmax | 27 4 8 99.59 | -0.1055| 4.1124| -4.3595| 84719
Softplus 27 4 8 99.74 | 0.1358| 6.1454| -3.2649| 9.4102
- - Random | 156
Sigmoid | 36 5 8 99.57 | -0.0510| 4.3889| -4.2482| 8.6372
DNN ELU 36 4 8 99.71 | 0.0220| 5.6958| -4.3464| 10.0422
Softmax 18 3 8 95.17 | 59137 | 40.3824 | -9.2407 | 49.6231
Softplus 36 4 8 DOE 156 96.16 | 3.5233| 32.3560| -12.5046 | 44.8606
Sigmoid | 36 4 8 9524 | 4.4252| 39.4433| -13.0658 | 52.5091
ELU 18 5 16 96.41 | 4.5929| 27.7563| -10.9040 | 38.6604
Extreme | 100
Softmax | 27 4 8 96.43 | 1.8790| 27.3550 | -15.9411| 43.2961
Softplus | 27 5 8 96.86 | 0.9975| 24.9034| -13.3975| 38.3009
- - Random | 156
Sigmoid | 27 5 8 96.38 | 1.5285| 26.8025| -12.4094 | 39.2119
ELU 36 4 8 97.13 | 1.1120| 25.9412| -13.1346| 39.0758

% (A) : Number of nodes, (B) : Number of layers, (C) : Batch size
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Fig. 12. R? of DNN models with different data sets
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