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A multi-objective decomposition-based stochastic particle swarm
optimization algorithm and its application to
optimal design for linear motor
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Abstract: This article proposes a multi-objective decomposition stochastic particle swarm optimization (MDSPSO)
algorithm. In MDSPSO, every particle has a weighted vector constantly. Then, an improved Tchebycheff decomposition
method is applied to decompose the multi-objective problem into some single-objective problems. The reference position
of every particle is uniformly generated in the zone with the center which is the geometrical center of its current position,
the best previous reference position as well as the swarm best reference position. The radius of this zone is the distance from
the center to its current position. Then the particle is updated to the new position according to the reference position and
its current velocity. The comparisons with the decomposition-based multi-objective particle swarm optimizer (dMOPSO),
a multiobjective evolutionary algorithm based on decomposition (MOEA/D), and nondominated sorting genetic algorithm
IT (NSGA-II) show that the solutions of MDSPSO can be dominated at least with the best diversity. To reduce the compu-
tational time by finite element analysis for optimizing the structure parameters of linear motor, artificial neural network is
used as the model to evaluate the performance. Finally, MDSPSO is applied to optimize four objectives simultaneously. The
practical result is shown that the optimized linear motor has an increased thrust, improved efficiency, reduced fluctuation
and manufacturing cost.
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Fig. 1 Updating rule of particle’s position
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Table 2 C performance

PREL C(DS, dM) C(dM, DS) C(DS, ME) C(ME, DS) C(DS, NS) C(NS, DS)
F1 1.00000(0.00000)  0.00000(0.00000)  0.66325(0.28750)  0.11625(0.13370)  0.06575(0.06898)  0.49275(0.06088)
F2 0.37175(0.32997)  0.00570(0.03242)  0.37900(0.34972)  0.06150(0.02843)  0.40025(0.39868)  0.05500(0.00008)
F3 0.99975(0.00112)  0.00000(0.00000)  0.40200(0.07181)  0.07925(0.01801)  0.32525(0.11845) 0.00125(0.00222)
F4 0.98850(0.00875)  0.00225(0.00472)  0.71625(0.36686)  0.12900(0.20421)  0.31025(0.25293)  0.30350(0.18387)
F5 0.31500(0.03441)  0.01383(0.00595) 0.00117(0.00196)  0.09750(0.01895)  0.34950(0.36266)  0.00083(0.00148)
F6 0.66950(0.03073)  0.00000(0.00000)  0.00400(0.00503)  0.00000(0.00000)  0.95883(0.01028)  0.00000(0.00000)
F7 0.48183(0.02771)  0.00867(0.01051)  0.36017(0.09332)  0.00717(0.01476)  0.73767(0.07205)  0.00150(0.00597)
F8 0.40242(0.01657)  0.00000(0.00000)  0.03154(0.00745)  0.00169(0.02142)  0.48198(0.06021)  0.00000(0.00000)
F9 0.62539(0.02820)  0.00000(0.00000)  0.00857(0.00996)  0.00099(0.00442)  0.81231(0.03115)  0.00000(0.00000)
F10  0.20769(0.02110)  0.01923(0.00921)  0.03692(0.06010)  0.00560(0.01443)  0.84703(0.04525) 0.00539(0.00915)

k3 HARIEL B E XA
Table 3 Zgp performance and time cost
DS dM ME NS

Ips FH /s Tam /s Ive FH /s INs /s
F1 0.12271(0.00688) 44.72  0.41561(0.04036) 75.71 1.55382(1.12979) 42.88 0.29362(0.35278) 46.14
F2 0.11729(0.01008)  45.55 0.14474(0.03316) 75.76  0.75688(0.30224) 42.51 0.13975(0.03237)  46.67
F3 0.06807(0.00012)  48.19  0.21328(0.00857) 75.76  0.39505(0.09018) 43.87  0.07634(0.00801) 46.59
F4 0.08080(0.00538) 46.88 0.11298(0.01107)  77.16  0.33791(0.29297)  44.05 0.17687(0.08629)  48.08
F5 0.17378(0.00114)  71.53 0.26672(0.01228) 1249  0.19086(0.00379) 63.76  0.27099(0.01312)  103.7
F6 0.03707(0.00003)  71.93 0.07308(0.00021)  125.1 0.03483(0.00098)  63.69  4.78374(0.83856) 116.7
F7 0.31108(0.00522) 73.91 0.32090(0.00664) 128.3 1.54117(1.89982) 63.94 1.25173(0.68624) 113.6
F8 0.51847(0.00418) 126.0  0.59042(0.05910) 231.5  0.60595(0.06717) 99.45  0.61878(0.03307) 247.5
F9 0.10752(0.00149)  149.8 0.17605(0.02140)  241.1 0.26720(0.09470)  109.2 8.68658(1.02340) 290.1
F10 0.77037(0.02324)  154.7 1.03551(0.01465) 256.3 2.48086(3.07523) 109.2  2.14478(0.68424) 314.1
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Fig. 2 PF of F1 test function
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Fig. 3 PF of F2 test function
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Fig. 4 PF of F3 test function
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Fig. 5 PF of F4 test function
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Fig. 6 3D view with cutting
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Table 4 Winding connection order
AHAL TCARERR T (EFR < FoR [ B8)

A 12 -7 -58—-13—-14 - 19 — 20
B 3 —-4—-9—-10—15 —16 — 21 — 22
CH 5-6—-11"->12-17—-18 —-23 - 24
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Fig. 7 The halved cross section
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Table 5 Model parameters of the LM

S {H/mm S {E/mm
HHLN R 60 KBt (1,3]
KBRS 10,2431 il 243
TG E (2, 6] TR 20.25
5ET NP 21 Mi%iws (10, 16]
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U we 4,121 AME)Eda 5
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M) [i) HSF 73 R A% R 2 P 1) PN A5 K 7N 32 5 T AT
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o, A AL PR B B2 4, ds= R—
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J1Fo~ BN FL AR W T
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4.2 BRI ST (Model building)
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Fig. 8 The architecture of artificial neural network
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DSH LI 142.3 s, EEMES%:11107.2 s, 1H
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Table 6 C performance of LM optimization designs

C(DS, dM) C(dM, DS) C(DS, ME)

0.307554(0.02612) 0.00810(0.01143) 0.02588(0.03967)

C(ME, DS) C(DS, NS) C(NS, DS)

0.00324(0.00749)  0.40665(0.22701) 0.00000(0.00000)

K75 % T DSHL % AT 2 )4/ Paretodi L fif 11
AT, KA BRI B R T 44 e 4
R, ATy 2 QB 9P,

AT AREHMACK T L
Table 7 LM optimization designs

(R ]| 12 13 4
5 2.92 1.93 1.74 1.70
™m 2316 2280 2293 2150
sy O 5.66 5.12 3.61 5.00
ws 12.88 13.22 14.03 13.40
we 11.99 11.65 10.52 10.74
de 10.26 10.73 10.05 10.50
Fy 235175 301146 3018.02 3072.21
. 5.55 5024 59.41 59.52
V. 139586 151612 1799.87 1581.94
Vp 56211 502.68  341.52  459.30
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Fig. 9 Optimal motor designs
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Fig. 10 Picture of manufactured motor

5 458 (Conclusions)
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