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Surrogate Model Optimization Using Gaussian Process
Regression and Particle Swarm Optimization for
Engineering Design Problems
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Abstract: This research proposes surrogate model optimization (SMO) for engineering design
by the use of machine learning regression algorithms and an optimization algorithm. The SMO

proposed in this research features an optimization process designed to use only a small number
of generated solutions. Additionally, variable scaling is applied prior to constructing the

surrogate model to ensure that each variable has a similar impact on finding the optimal
solution. The machine learning regression algorithms to be evaluated are gaussian process

regression (GPR), support vector regression (SVR), and artificial neural network (ANN), while
the optimization algorithm used is particle swarm optimization (PSO). After testing with

benchmark function optimization problems, GPR with PSO has the highest performance and
outperforms the design of experiment (DOE) technique, Taguchi method. For three standard

benchmark functions, the proposed SMO using GPR and PSO vyielded average errors of
0.0001, 0.0000, and 0.0856, whereas the Taguchi method resulted in average errors of 0.0000,

0.1249, and 1.0000, respectively. Thereafter, SMO using GPR and PSO can effectively solve

engineering design benchmark problems and engineering design problems with the numerical
calculation by Solidworks software. It produced design objective values with deviations of

only 0.63% and 0.58% from the exact solutions for two standard engineering design problems
where the exact solutions are known. Therefore, SMO using GPR combined with PSO is
considerably suitable for surrogate model optimization in engineering design problems.

Keywords: Surrogate Model Optimization, Machine Learning, Regression, Particle Swarm
Optimization, Engineering Design
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@

A1519% 2 WA wﬁﬁmau Multi-Modal Function

_ Taguchi Regression Techniques
/ Method GPR SVR ANN
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SD. 0.0000 | 0.0000 | 0.1443 | 0.3266
Best 0.8751 1.0000 | 0.9977 | 0.9996
Worst 0.8751 1.0000 | 0.5772 | 0.2164
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NANAFNTATIFURALINUND Benchmark Optimization
Problem tite1flunisuanssz@ninmues SMO &8
113149 GPR 32wy pso TaeTgyn1d 1 1iuns
90NUUY Two-Bar Truss 199194 UUUA? A(gﬂ*?i 8)
91031 b =30 inch, Truss MNTAQIANUHRUMUY P
=0.3 Ib/in’ , Young’s Modulus E = 30000 kpsi, 139 P =
33,000 kip Taviazdl 3 daunlslumsesnuuudeving
b, d,uaz ¢ lumiefia Taoii b € [10,30],d € [1.3],
way ¢ € [0.01,025] ail Objective YDINTOONLLUAD
Truss doailhmindosga Fednnal§nnaunisii
(4) TagluaIuved Constraint 9z9nM¥iuA TasAI N
1 (Stress, 0) Tu Truss, ANuAuIng (Buckling Stress,
AN ER AT IR o) fuseanserdaaunsi (5), (6),
1ag (7) uaIay vazdou vty (Constraint) W
amveadiiiae o#oeliifiu Yeild Strength (5)
04 Truss 1A 5, = 100 kpsi Fsarumsii (8), odoal

nuaNuAuIng o, Aaaumsi (9) uazszes Saogli

U 5. = 0.25 in A9dYNI5N (10)

max

Section A-A

f =W = 2ndtpy b? + h* )
2PV b2+h?
0O=—— 3)
ZZTE;‘%ZtZ)
n“E
% = gp2ei) ©
_ P(h2+42)3/2
T 2mtdh’E @)
g1=0-5,<0 ®)
gr=0—0, <0 )
g3 =0 —0max <0 (10)
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A

TAu Objective iz anfigafin1ilazana 11.8093 Ib
a0 h, d, 1= 30,2204, 0.067 112 A [22]

SMO (GPR+PSO) ldff1anuizudu Tasmsgu
1067 Tagldineunanua s0@1 a15190 4 uaas
faewi 18910 SMO (GPR+PSO) futlaym Tasnusn
&S moui 1diminued Truss 11.8836 b uanaaiy

A W A - I
0.63% Tagharduilsesnuuuin’ldlag SMO ATiAN

Y v o Y a
IndiReanuiineuuNeIa91n [22]

M350 4 Maeui 18910 SMO (GPR+PSO) futlaymn

N1599NLUY Two-Bar Truss

Variable | Value (in) Constraints Value
h 29.4950 g -0.0161
d 2.2216 g, -3.3195
t 0.0675 g5 -0.0500

s W = v g o R o
dusuynid 2 [16] dunvandadalinnuau
3000 psi LazliTU1AT081961 750 ' HINTINTZUDNN
A 2 Yy Y & o Y Y
Mada1eni 2 AuAIATINTINANAT R8N TFLHY
Tanzgdhu uiuTanzdhugmieumuuuiuie 119 14
o s 4
N39nT2V0N ARLTZAIA (Objective) Aota AU
@ Y T Y [ &
sou dulseenuny laun aAnumnaiunihvas (ass
NIINAN) x,, ANUHRUIFIUNITINTZVDN x,, TN
X, HAZANWYIIMITINTZVON x, TasNanls x, 1ag x,
0 (] A 2 A ) I .
A Tuaeiies Falianmnusiuauauga 0.0625 in,
Objective YDINTOONUULLAAIAIAUNIN (11) VR

Constraint HAAAITNMIA (12)-(15)

f =0.6224x,x3x4 + 1.7781x,x3 + 3.1661x2x, +

19.84x%x, (1)
g1 = —x1 +0.0193x3 (12)

g>» = —x, +0.0095x3 < 0 (13)

s = —mx3x, — 37§ + 1296000 <0 (14)
ga=x4—240<0 (15)
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Tagi 1x0.0625 < x,x, < 99X%0.0625 tag 10 < x,x, <
200 MADUANTAVII x* = {0.8125, 0.4375, 42.098446,

176.636596} Tagl¥ian fix*) = 6059.714335

D e—m——_ 7

@

gﬂﬁ 9 D35ULI5IAY (Pressure Vessel)

SMO (GPR+PSO) Wﬁmauﬁuﬁuimmiﬁ:u
4067 TaelFfaunanua 150§ A13199 suaaa
Araouildan sSMo (GPR+PSO) nuilgyvi1ng
PONUVUNITULTIAY (Pressure Vessel) 1agW1 21
faouii 18910 SMO; x__ - {0.08125, 0.4375, 41.9011,

179.5759}, £. = 6095.0246 1na1Asanumao Ui

fIMOUANGA x* = {0.8125,0.4375,42.098446,
176.636596}, f(x*) = 6059.714335 HINA1 £UANAINY

0.58% o Nmne1 Iag SMO 15090 1d

A15199 5 Ao 1d91n SMO (GPR+PSO) f115

ONLUUNITULTIAU (Pressure Vessel)

Variable Value (in) Constraints Value
X, 0.8125 g -0.0038
X 0.4375 < -0.0378
X, 41.9011 g -2635.97
x, 179.5759 g, -60.4241
Objective [ 6095.0246

3.3 ﬂaujmﬁﬁmamiﬂﬂ Finite Element Method
N1399NLUY Cantilever Beam ’juﬁﬂ Cast Alloy

Steel JUs 19T imAsua1anyFagli 10 galdiilu

nsaiAnuIdImsumInageunularInIsoonuu

A1UIY Finite Element Method (FEM) Ta# Solidworks
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A A & ' . & A = 2 A
Ao ILITlug1919 Top View itlummasun1any i
1 A A . I
210817 460 mm LagdIUNY Front View 11U
= a Ay ' & o
THAOUAUAINAIING1Y 80 mm AIUNILT LTI
.. A A v o A
Distributed Load NN 338 WF394 1000N @211 59
v A y A 9 v
A0IN1T00NUULAD ANUAINTUAY (b) ANUNI
auiho (v) wazaumuInIu () Tagi 50 mm < b, <
150 mm, 4 mm < bfé 40 mm, 482 10 mm < 2 <20 mm
[ =1 A a & v o . L2 I
natiTyn1iidl 2 19oulufadD (Constraint) FnAo

Maximum Von Mises Stress (o) 8% Maximum

V,max

Deflection (&) V9IAIUADI 1IAY Von Mises Stress

max:

sou'ld (o

v,

) wazszezusunueen’ld (5,) awdidy
A A 3 o A
vaue N Objective () ABUIMUNIINVDIATY TasTag
A g 4 v o ¥
ponuuu i Idmundluldarudeu lniiduniaes
~ Y o Y A 2, )
wagtihmindesiga Tasn1uilviaindeg Cast Alloy
9 g v
Steel Jeyn1tinen 1a1iu 2 n3dia 1y Constraint #
HANANNUAIATIT1N 6 LaBaaIndaunIsi (16) Lag
T v Y
(17) Fanustasauds SMO Hmug UYL UL
2
HmsgldnaiuiulunisAiuie Objective oy
% o g o
Constraint 18 FEM & 43113 11431191 Generated
Solutions 1o gaws1zlina Tasasenunaiinlylu
NINIAIABY N15AIUIY Constraint L1 Objective 11
Aa Y 3o
Tag 14 Solidworks 31901 3 HAVIATUIINT UM
MIa319 Surface N Fixed tazlausanszaingd aedde
° v A Y ° L.
#$1715e319 Mesh 1o 1% 14n15A14I8! Finite Element
¥4
v
Method (FEM) 910UUNTIWITDNIT1U Von Mises Stress,

Y 1
Maximum Deflection tiazii1viinveaniuas 1118
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460

~,
i | b |b
Area of Distributed Load *
Y
Top View Distributed Load
y [I11]y
h
/i{ T

Eront view

i . T
gﬂ‘lﬂ 10 Cantilever BeamgﬂiNﬁmaEJNﬂN‘Hy‘

?1519% 6 Constraint YVOUAAZNTANTOONVY Cantilever

Beam 313 u@magun1aMY

Constraints Case 1 Case 2
O, ., (MPa) 75 150
0,, (mm) 15 75
91 = Opmax — Ovau < 0 (16)
92 = Omax =S <0 (17)

A13190 7 Maeun 1#91n SMO (GPR+PSO) ¥04M3

99N Cantilever Beam J1/319FMasUA1MY

aanls nsEii 1 nsdii 2

b, (mm) 112.45 73.42

bf (mm) 9.34 8.29

h (mm) 20.00 20.00
g, -0.11 -47.40
g, -9.94 -0.01
f 4198.80 2840.65
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aany 37t 11-307 16 1809 Generated Solution Az
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18310 SMO, 11ag Contour Plot ¥®4 Von Mises Stress
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