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 Abstract

For many practical and industrial optimization problems where some or all of the system
components are stochastic, the objective functions cannot be represented analytically. Therefore,
modeling by computer simulation is one of the most effective means of studying such complex
systems. In this paper, with discussion of simulation optimization techniques, a case study in
machining process for application of simulation optimization is presented. Most of optimization
techniques can be classified as single- or multiple-response techniques. The optimization of single-
response functions has been researched extensively and consists of many techniques. [n the single-
response category, these strategies are gradient based search methods, stochastic approximate method,
response surface method, and heuristic search methods. In the multiple-response category, there are
basically five distinct strategies for treating the responses and finding the optimum solution. These
strategies are graphical method, direct search method, constrained optimization, unconstrained
optimization, and goal programming methods. The choice of the procedure to employ in simulation
optimization depends on the analyst and the problem to be solved.
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(33 3) SIMICOM Y12IE0| £ME

=27} Fasith 2y HadgdA B S Tge

of & EFaich ojgldt AW EA (sutface profile) S o &
ste 29 g sl fsiAe, 29 v sy &
o} FHAA ] FH EAo]

Fosiolo} shne AW

A7 2l HiFE AZdoAE AHEA HIA
oh Alg# ol 22 27] dutAeie] fd #d do]
EFS 24X o, SIMICOM ZR2ag F§3te A
Byoldslnz A 34 AA27 (optimum cutting condi-
tion)& 73t ©rh o] AFoX AHEE AlgH ol H
Agl 71 31480N AT vtk 2Tk

Input Data for
Variables, Constraints,
Simulation Run Lengths

—— e T
p—

f(x)
SIMICOM  |=<—————| Simulation
Algorithm —~x—=>| Model
N/AN
L Stopping Rules >

satisfied ? —

Yes

Print : OPTIMUM

(2% 4) AlRSOIM 2T SIMICOM YTR|Sc| £8f

A3 nde] AYHFE n1, 84F 7 HE 1o
o3 EFE) o] BN vxe AZ () 22}
(n)9} FASUD, f(x)= FAAIIH, 1 7FEE] 1
spdsted g Aztelx, 1 HAbdololt), u(x)E x
°ﬂ s Foi7l gholl gk W AFZIE JERRH,
g} = FH AAA) HS (matetial removal rate)ol] h3+ A
Gt A0S 5604 SR AAHE Ao
Fdatd o5 2

Min fx) = n7l ] f
)] Cu (41)

subject to Elu(x
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gx )<g,, =1,2,.,n
2(41)lA "’c‘l‘éfé}-r u(x)e BAHoRE 44 X8
o ZAFE AlEEeld %ﬁﬁ “éﬂiloic’k gt 1R

AYETE Hrlsle fﬂ A1l A (error)E #H A
HAE 243t Aatelor st olo s Awe E4
Y Aabe (29 3 Erh

(B 1) &5 Fab Z2dofl chigh AlEsiold st

u* f(mm) n, f(x) (sec) u{x)

1.0 6.82 5 14.663 0.99870
0.9 6.13 5 16.313 0.89863
08 544 5 18.382 0.79879
0.7 4.75 5 21.053 0.69897
0.6 4.06 5 24.631 0.59954
0.5 3.36 5 29.762 0.49919
0.4 2.66 5 37.594 0.39984
0.3 193 5 51.813 0.29877
0.2 112 5 89.286 0.19958
0.1 0.90 5 11L111 0.09831
0.09 0.88 5 113.636 0.08491
0.08 0.87 5 114.943 0.07762
0.07 0.85 5 117.647 0.06456
0.06 0.84 5 119.048 0.05741
0.05 0.82 5 121.951 0.04425
0.04 0.80 5 125.000 0.03274
0.03 0.79 5 126.582 0.02780
0.02 0.63 5 158.730 0.01940
0.01 0.45 5 222222 0.00972

olA Alg#old 3 (18 3)9
(ad HAHYE 189

(18 o 2 Fag 53 0‘4 & (feed)
o(depth of cut) 3 #& HH HAZAL
A (R D3 g

(E DA A9E of, FAAA7|(u(x))7t 748 o
gb #73 FAHAHE(x)) o] FheH, ? ()7} FopA 3L
Hab F(n)7F Aol 78 3RS i‘l*i}% s¢F
Qth, w3 FHAL7)7} o)A AT (el -

$4-E Fqea

2 347
7 44

2 Boto] Algdold At eREe & 4 Atk

olAMH AA7hE g Adet 7tFE BHY F2
A& mejste] A /b EY] A9 BY SAE oS3
e Agdold 24 Sotd EREFE AT o
Ifh*'ﬂ Algdold Hg Hae AR AA A
34 QYALE AT 5 At

D

__4

ro,

54 E
AlEEold HH3 7 e AU Alade] Bea
TR} BeohAl g A9l wf frgetAw
HOg ojn] e S Alxwe dig A3 v
Fdol vlgtd o}y ge A7t Alge ofo}
FE Agdold HHst 7y e d44
| oig LubA2l H3s /Hic’ o] &3t 7t ozt
«l T4 Foto] AEAT Aol B o}A 7R Simplex
Methodi']'%;}’ de] #ol wHAQ sfye gl gl
a2gal Algdeld HHstE rdse Wy A
“7}9} Ofn s #Ae EAd F9grt oE
o FYHL BNt A adle 47, Agdolig
q} A3 §ol4, ABH O 4o LoHE g
o 9 @74 mel A @A F 7] YRelt x
& mdgsle Alge $rE 48} b ke
e Aedold At ot 7] B34 Al
288 RS o ARvE ol Bt et Algd o]
A RdE 7Y & ek gRel) AEHolH 2eg A
Yote AFE HH sk e Fdshe dl o] BYua

___ﬁva:&reré
—+4-‘—9‘T—“:"-‘13

N
fH
01

ojft Okﬂ OEE Hﬂ

(black box)E HatA € 27} ) o]& 283y
Heted NEHold HHg AAE Ayt AR 59
Hog mdg 7Ese] Agdold H4gd v g3

Aoz Qe 2Al Aok gt} t97) abgHorel g4
FAE 78 (mult criteria) 3ol A th4e] 2Ho) Mz
AEehe B33e Aladolng ohibg BAY) i AlE
#old 223 weto] A maAglofol gt o)F 94
Me 71€9 BASIG HA3) 7Y 9 FAE Fof
(FH VES, 32 o|&, d&7t A &) 5 B g9
714 A& Tl AEHoIH HAH gy} RS o]
Yool & Aol
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