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Abstract

Currently, black-box-based machine learning algorithms are used to analyze big data in manufacturing. This
algorithm has the advantage of having high analytical consistency, but has the disadvantage that it is difficult to
interpret the analysis results. However, in the manufacturing industry, it is important to verify the basis of the
results and the validity of deriving the analysis algorithms through analysis based on the manufacturing process
principle. To overcome the limitation of explanatory power as a result of this machine learning algorithm, we
propose a manufacturing big data analysis method using genetic programming. This algorithm is one of
well-known evolutionary algorithms, which repeats evolutionary operators such as selection, crossover, mutation
that mimic biological evolution to find the optimal solution. Then, the solution is expressed as a relationship
between variables using mathematical symbols, and the solution with the highest explanatory power is finally
selected. Through this, input and output variable relations are derived to formulate the results, so it is possible to
interpret the intuitive manufacturing mechanism, and it is also possible to derive manufacturing principles that
cannot be interpreted based on the relationship between variables represented by formulas. The proposed technique
showed equal or superior performance as a result of comparing and analyzing performance with a typical machine
learning algorithm. In the future, the possibility of using various manufacturing fields was verified through the
technique.
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A 283 Auto MPG Hlo]E]&= 1983\ American Statistical ol W 2 W4 By @ MEE 7ho) Anw RS 8
Association Expositionolx] % & AR Hlo|E & 37}A] o] o Fpsat) o7 28 W2 mpg BE 92 we) o/
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L X . ekt . (random forest % svm)olA -8 5 BAA, 3]4)E
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gi’m.u__ﬂﬁz_m;pn ‘L_H H H ‘ nlA ko 2 CPU A% A2 dlolg] 7|ao2 Ba1 olya)Zd)
gﬁ_ﬂa_‘ L_H_H_E et A wagith & 209784 54 BG4 estimated
1@. ‘@ H@ H@ L» ‘u\_‘ relative performance(ERP)S #4142 machine cycle

g L,, - . /‘Lﬁ) - Hl E time(MYCT), minimum main memory(MMIN), maximum
T main memory(MMAX), cache memory(CACH), minimum
12! 7. Combined Cycle Plant HIO|E{ 23 2 Abztabr| channels in  units(CHMIN), maximum channels in

units(CHMAX) & 67H4 443 9= | deolgrt 4%
oH5l 77 62 Féle] 4 W Y WS R Sl A3} wE
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WHpol| A Hito] AZ o XA itk WFE 7ko] JHATE 3 24 719 ol AT B4 Blgo] AE 40
ol AdHIAZE 9143 dSHS(ERP)S UE ‘i‘i—’r— 2 EEo] o] vhxad- vhdo] itk e s 7189
MMIN, MMAX, CACH, CHMIN, CHMAXZ}ell &= 242} 0, 789 94 e FARE RS VA 24 At ek AF
0.90, 0.65, 0.61, 0.592] o] A#AAAZE 7}7It), 18]l MYC T T g Ay jagS Be] Fok
PG T2 BE WPEY 39 AA3AE 7 & dhE U]

HEEL B5 o] 43 IS 7Kt % 5ollM= &g dlolE V.2 &

71 A5E Blarst Ay BoEh o714 {3 ZR o 7]

0 24 79o] 7k 9258k A58 black box 7]EF 74| 845  ArelME 4 W hE 39S 91538k black-box
719 random forest”} T o2 9538 4%5S Bk thgo 719k 717 355 garglFe] AL Qe A At tidh §j4

2 B9 T HS0] 958 A%S shATh ey SVMe A o] w7k AME F5S st 3 2RI 7N 24
o b we A AES BT o2 Eale] 428 ylo]y WS AR 71E V1A g dndsd Af =2 95
o] A9 SYM 8-S Esle] A3 Suatd] Qo] A7} Qe A THAA, 53] AxelMe Al e e 719 S
Ao7 BART) 183 E 6o)A 7F e RS Eale] ni S Folo] Ao &A, BE P Uit HSol Fasitt
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A Az eelE A AEAQ A4S TP s gg ) A HR VI A0 Re) Seisn aga Wl
A3} Glole] ¥ Batwo] wel Ase] FolZ AZsd). o T2 stel daks Z8ate] 7)Eo) o] Erek Alx ] =
4 0 2 black box 7|9 714185 719 <] random forest®] 7% = PSStk AAl AlE HelE 7 AT A At o5
$ 958 A e BAh AT B4 Ao mEdl thdk A S Btk 5 dgE 2 HAo] e e F1 A
2] yAlsle] A% HoF L 9P Az TA A palapy T AR A
o] F7l2 Heslty Ielu A¥ZE #A) A dolEdME
E 1. Auto MPG Data Set 23 Z 1}

LR Lasso Ridge Elastic PLS RF SVM GP
Mean 12.15 12.09 12.56 12.16 18.8 8.38 8.91 7.35
Std 1.17 1.20 1.32 1.20 1.75 1.23 1.53 1.25
Min 9.80 9.68 9.60 9.93 14.37 5.76 5.79 5.18
Q1 11.26 11.19 11.53 11.18 17.69 7.56 7.83 6.52
Q2 12.04 11.96 12.46 12.08 18.60 8.34 8.87 6.93
Q3 12.90 12.85 13.43 12.97 19.83 9.11 9.73 7.92
Max 15.36 15.70 17.24 15.80 23.63 11.37 13.96 11.57
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E 2. Auto MPG Data Set =4 Z 1} of A

A Az}

M

LR mpg = —11.24 — 0.01 X weight + 0.72 X Modelyear

Lasso mpg = —11.30 + 0.01 X horsepwr — 0.01 X weight +0.01 X acceleration + 0.71 X Modelyear

Ridge mpg = —9.32 —0.36 X cylinders —0.01 X displacement + 0.01 X hor sepwr — 0.01 X acceleration + 0.66 X Modelyear

Flastic mpg = — 11.55 + 0.01 X horsepwr — 0.01 X weight + 0.02 X acceleration + 0.71 X modelyear

( cylinders X Modelyear n Modelyear Modelyear®
hor sepwr accleration — horsepwr X cylinders

GP mpg = log

# 3. Combined Cycle Power Plant Data Set 2% Z =}

LR Lasso Ridge Elastic PLS RF SVM GP
Mean 20.87 20.88 24.02 20.88 60.20 12.45 16.34 24.34
Std 0.51 0.51 0.50 0.50 1.54 0.52 0.55 1.41
Min 19.72 19.72 22.59 19.73 56.05 11.34 15.04 21.00
Ql 20.49 20.50 23.66 20.51 59.15 12.07 15.95 23.23
Q2 20.86 20.88 24.09 20.88 60.08 12.39 16.29 24.32
Q3 21.25 21.26 24.37 21.26 61.14 12.87 16.76 25.35
Max 22.14 22.08 25.21 22.09 64.26 13.64 17.62 27.76

E 4. Combined Cycle Power Plant Data Set =41 Z =2} of x|

X Azt

M

LR PE=455.14 —1.98 X AT—0.23 x V+0.06 x AP—0.16 x RH

Lasso | PE=454.87 —1.96 x AT —0.24 x V+0.06 x AP—0.15 X RH

Ridge PE=276.44 —1.40 x AT — 0.40 x V+0.23x AP—0.05 x RH

Elastic | PE=448.99 —1.95 x AT — 0.24 x V+0.07 x AP—0.15 X RH

2V
AT

0.934 AP+ RH
_ + + V=
2 xtan(log (RH)) +1og (RH) + ==+ V=15 (305

GP PE=1+
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# 5. CPU Performance Data Set 2% Z 1}
LR Lasso Ridge Elastic PLS RF SVM GP
Mean 6062.30 6042.90 5925.79 6054.67 7120.61 5535.26 12558.54 | 4690.94
Std 2913.99 2863.57 2894.36 2920.57 2590.53 5345.29 8895.90 4087.61
Min 1976.25 1848.51 1623.37 1904.49 2978.80 854.78 1481.23 900.34
Q1 3911.82 3968.56 3920.86 3925.28 5671.00 1917.05 4419.79 2238.31
Q2 5090.59 5161.14 5115.76 5174.76 6660.71 3745.71 11151.02 3488.37
Q3 8630.48 8312.11 7368.07 8294.33 7701.59 7027.19 17593.98 5507.6
Max 15135.69 | 15282.50 | 15983.83 | 15277.86 | 21302.31 | 26638.17 | 45920.76 | 25718.17
E 6. CPU Performance Data Set <=4 Z 1} ofH|
A A
LR ERP= —59.82 +0.05 x MYCT +0.01 x MMIN+0.01 x MMAX+ 0.59 x CACH+1.41 x CHMAX
Lasso ERP= —58.04 +0.05 x MYCT +0.01 X MMIN+0.01 X MMAX+ 0.58 x CACH+1.39 x CHMAX
Ridge | ERP= —49.73 +0.04 X MYCT +0.01 X MMIN+0.01 x MMAX+ 0.58 X CACH+0.91 x CHMIN+1.33 x CHMAX
Elastic | ERP= —54.80 +0.04 x MYCT +0.01 X MMIN+0.01 X MMAX+ 0.57 x CACH+0.03 X CHMIN+ 1.37 x CHMAX
~ MMIN MMIN x CHMAX
GP +log|tan e MMIN x CACH
MYCT?x tan(log(ixtanz (0.310) + CHMAX + CHMIN + 2CACH?— MMAX + 0.688
MYCT
REFERENCES School ~ of  Information and  Computer
Science(2019). http://archive.ics.uci.edu/ml
[1] o] &8, “Axd FAH ZstE $1g ¥dolg &4 (accessed July 8, 2020).
whob P2kl el -2l 2013\ 128 [6] K. Arun, and L. Jabasheela, “Big Data: Review,
[2] 2715, olals, “Alxd ¥dHolH & 3 4 Classification and Analysis Survey,” International
I AAH FR s A1762%, 201617 9€ Journal of Innovative Research in Information
[3] #7|FA3E, “dHole-AlEA &43 Ad” 743} Security, vol. 1, no. 3, pp. 17 - 23, Sept. 2014.

g H2ERR, 20199 1€

[4] A. Hashmi, and T. Ahmad, “Big data mining:
Tools & algorithms,” International Journal of
Recent Contributions from Engineering, vol. 4,
no. 1, pp. 36 - 40, Oct. 2016.

[6] D. Dua, and C. Graff, UCI Machine Learning
Repository Irvine, CA: University of California,

[71 B. David, RB. David, and RM. Ralph, “An
Overview of Genetic Algorithms: Part 1,
Fundamentals,” University Computing, vol. 15,
no. 2, pp.58-69, 1993.

[8] B. L. William, “Genetic Programming + Data
Structures = Automatic Programming,” Kluwer
Academic Publishers, 1998.



40 2020 09

Smart Media Journal / Vol.9, No.3 / ISSN:2287-1322

[9] Tom Mitchell, “Machine Learning,” McGRAW
-HILL International Editions, Computer Science
Series, 1997.

[10] W. Banzhaf, P. Nordin, R.E. Keller, and F.D.
Francone, “Genetic Programming: An
Introduction on the Automatic Evolution of
Computer Programs and Its Applications,”
Morgan  Kaufmann  Publishers, Inc.  San
Francisco, California, July 1997.

[11] C. W. Ahn, “Advances in Evolutionary
Algorithms Theory,” Design and Practice.
Berlin, Germany: Springer, 2006.

[12] P. A. Whigham, “Inductive bias and genetic
programming,” First International Conference on
Genetic Algorithms in Engineering Systems -
Innovations and Applications, Sheffield, UK, pp.
461 - 466, Oct. 1995.

[13] I. H. Witten and E. Frank, “Data Mining:
Practical  Machine  Learning  Tools  and
Techniques,” San Francisco, CA, USA: Morgan
Kaufimann Publishers, 2005.

[14] &R, “dioly &A1& wW@x= 3 ¢
w-= dlolE] #3te] 7] 2010 64
[15] 44, Ad=2, Ade, “Hiled 28§ #d 4%
A7 S FA| 228l A 2 FE) AvfER YA,

A8A, A%, 74-81%, 20199 3¢9

[16] ®&F, AW, AAMd, H&S, “Deep Neural
Network 7|9k Z2ok A #F 5 oS F5-
7]o} A HEE FAHoR” AulEH| oA
g, A74, A1E, 16-23%, 20184 3¢

A=

0119 FFH 49 AREFANT
83} AL 24,

20173 ~ @A B PHEA
dhol o -gm EA St cheral
2018 ~ @A SK Hynix P&T DT

o
of
>,
=
=
=2

i

wok WE-Ast dad s, 71A gy 7 A

S (HE )

2006 FFeried A
218tz WAl £9.

20059 T 2007 AAETEEL
ERs R

2008 T 2017 A duiEw

fx
off

HFH g} Fa

2017 T AA FFashrled d71dA 5 E
& SIF/AIT sH e,

T ok vE-s) dagE, 1" 1A o
, A3} e} sk, Al wob>

/N o

oy
(o3
S,





