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Constraint Handling in Multiobjective Particle Swarm Optimization
Incorporating Sensitivity Analysis on Constraint Condition

Nozomu KOGISO?!, Shoichiro KAWAJI, Masayoshi OHARA, Atsushi ISHIGAME
and Keiichi SATO

*1 Department of Aerospace Engineering, Osaka Prefecture University
1-1 Gakuen-Cho, Naka-ku, Sakai, Osaka, 599-8531 JAPAN

A multi-objective particle swarm optimization (MOPSO) is known as a multiple point search-based meta-heuristic
approach to find diverse Pareto solutions efficiently for design problem consisting of continuous design variables, but
has difficulty to handle the constraint conditions. Overcoming the disadvantage, this study proposes a hybrid algorithm
incorporating MOPSO and sensitivity analysis on constrained conditions. When design candidate with constraint violation
appears during searching process, the design candidate is moved to the feasible domain using gradient information of the
constraint conditions. Then, the design candidate is moved to the feasible boundary using the bi-section method. The
forced transferee is applied to the design candidate in MOPSO algorithms. The proposed approach is different from the
other hybrid approaches that the Pareto candidates are improved by local searching algorithms. Rather, the approach
recovers the violated design candidate to the Pareto candidate by moving to the feasible boundary. This approach is useful
for the design problem such as most structural design problems that the constraint sensitivity is easily obtained and that
the Pareto sets will exist on the feasible boundary. Through several numerical examples, the diversity and convergency of
the Pareto solutions as the performance of the proposed method are investigated.

Key Words: Multiobjective Optimization, Sensitivity Analysis, Constraint Handling, Multiobjective Particle Swarm
Optimization, Hybrid Method
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Fig. 4 Computational flow of proposed hybrid MOPSO
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Table1 Number of constraint evaluation for
enclosure to feasible boundary

Init. pt. | Violated # Eval. Conv. pt.

(1,5) 01 11 (2.006, 5.101)
(8,8) g3 14 (4.342,6.171)
(3,0.1) | 01,02 24  (2.181, 4.245)
(6,0.1) 01,92 8 (6.037, 2.377)
(8.5,1) 02,03 213 (7.777,1.812)

Fig.5 Feasible domain and example of moving paths to
feasible boundary
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Fig. 6 Point distribution after constraint satisfaction
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Fig.21 Number of Pareto sulutions in DTLZ8

Fig. 20 Nondominate solutions of DTLZ8 problem. problem.
Table 2 Performance of proposed MOPSO
Numberof Number of Number of .
Problem . . . . o . Ratio
Pareto solutions function evaluations constraint sensmwty evaluations
TNK 54 368593 54216 16.91
Truss 52 25659 59 1.03
Speed 123 263142 37227 12.01
DTLZS8 251 144222 13891 5.77

B 57 250 EDIES R A B R 2RI R E L7 % M 20107 T. 2 ofBEo S L — Mg, B
BT, HHBEEM SRR T 5 gy =0 Ffi L g = 0 FHE O E gz =0 Fifi T 5. KRIELTFETHD
NDIELMTT /L — MEEBET 5 Z LR TEARNED, K20 TRT XIS, gr=0FisL0g, =0 Ff Lo
AbLELND.

—J, ORI L R, M21I0RT L9, BYELORVERBTIEL A LD L— MENMELA TG = &
WhNs.

425 FERHKOLLLE

AFEOFIEZE LT, RmSUTRE L TR, 1ERTFELIY BN S — MiEZ, L0 RWERET, LV
JEHIFEA TR AMREEZBFE L TNDH I EER LT,

— 5T, FEBROEEREECTHD. £ T, FEBEICBT 30— MEOSH, BHIEIEE X OUEE O
MBI, 1A 1R E L3RR O EE 423 2 THET 5. #@% o MOPSOTIE 1 A% 1 AR S4B A2 3
FBEEIX1EITH DA, #EEFIETIE TNK B8, BosgREICB W TEZ < O REBEE L Z LR bns.
ZhiE, HIREER LR E BB EE R OHEALE L T 5720 THD. LovL, 2EHM b7 ARETIEH
MIZTET D2 ERNRG R, FEREEA DL T

ZOXHE, BETFETEHZL OHERMKEE TS T, BETFETIIERTED 1050 100K L T,
L OENTZ AL — MEERDDZENTED., ThEBET DL, FENRHERBIIMERTE L FARE T, &
NN —MEEBDZENTED70D, HERFELY GERMEEEZAEL WA ESZD.

5.8 H Y I

ARFIETIE, HEREHRED L 912, E ARGt AR TEME SN2 ZROHKIGEZ A L, SRS DR
BHIHMTE 52 HEEEIEICK LT, FRIICERER N L— MEBFON L TEL LT, HilRISIF£2 1R
i U 7235 B A R SeAF D REEE MR AT 2 R L C 24T mTREREIRBE N~ B & & D HKRE & % H ROKL 1 Btk (MOPSO)
WCEA LT TEERE L. BEMTl 28 L <, /S — MR FELT ATRERIREE FUCFE T 2B IC LT, &
RRFEDANHERT D 2Rm L. LTI, Sohfliend.

(1) RIS Z R L7z A3 LT, SRS ORI & O 40k 2RI U C 9T Al aE s I B B &

=



LI EICLY, REORVEFETHEDEm L — ML LTHHATE 2 ietEn @< 725,

(2) FIFIZBBL L 72AIS, TOMBICR L TEHEZ Y L LT RBTERFEL KR LT, AREEFET
IFER OBV T, KV ERBERNL—MEEZ LV ZIRDDLIENTED. 20D, WHEROFEL
LT, M0 R U HERECE RIEICHI S 2 Z L A ARETH 5.

() 7272 L, RIS A G U 7o (R % ST I RESEIRI S R T 72 OISR 0 R L RSB & 72 572, Uik & 720
OFFAE BN 2. K5I, FEATATREFEEEE R CHEOHTISEMIER A AV A TWDIGETIE, FAT
REREIE R~ OB ENCIER IS OFRRIREZET L2 b b 5.

@) Znonn, 2EROFHEAMIIEROTIELFELVIZHDEEZD. L LaRD, RERFIETIE, E
1T AREFEIRBE S CAFAET D /X b — MEDOERRN M T 5720, ERkFIEL LT, HFond/SL—k
R ODKE LA .

X ik

(1) Deb, K.,Multi-Objective Optimization Using Evolutionary Algorithn{2001), Wiley.

(2) Kennedy, J., and Eberhart, R. Gwarm Intelligencé2001), Morga Kaufmann Publishers.

(3) Coello Coello, C. A, Pulido, G. T., and Lechuga, M. S., “Handling Multiple Objectives with Particle Swarm
Optimization”,IEEE Transactions on Evolutionary Computation, Vol. 8, No. 3 (2004), pp. 256-279.

(4) Reyes-Sierra, M. and Coello Coello, C. A., “Multi-Objective Particle Swarm Optimizers: A Survey of the State-of-
the-Art”, International Journal of Computational Intelligence Reseahdhl. 2, No. 3 (2006), pp. 287-308.

(5) Durillo, J. J., Gara-Nieto, J., Nebro, A. J., Coello Coello, C. A., Luna, F., and Alba E., “Multi-Objective
Particle Swarm Optimizers: An Experimental ComparisdPipceedings of the 5th International Conference on
Evolutionary Multi-Criterion Optimizatior§2009), pp. 495-509.

(6) fifa W], Z2 M —HL, “BEN o FnEE: Particle Swarm Optimization”H AZIRENT 7 7 ¥ 1 425, Vol. 20, No. 6
(2008), pp. 829-839.

(7) Nebro, A. J., Durillo, J. J., Gaia-Nieto J., Coello Coello, C. A., Luna, F., and Alba, E., “SMPSO: A New PSO
Metaheuristic for Multi-objective Optimization’Rroceedings of IEEE Symposium on Computational Intelligence
in MCDM (2009), pp. 66-73

(8) Higashitani, M., Ishigame, A., and Yasuda, K., “Particle Swarm Optimization Considering the Concept of Predator-
Prey Behavior” Proceedings of 2006 IEEE Congress on Evolutionary Comput&#066), pp. 1541-1544.

(9) Coello Coello, C. A., “Theoretical and Numerical Constraint-Handling Techniques Used with Evolutionary
Algorithms: A Survey of the State of the ArtGomputer Methods in Applied Mechanics and Engineenifod, 191
(2002), pp. 1245-1287

(10) Sienz, J. and Innocente, M. S., “Particle Swarm Optimization; Fundamental Study and its Application to
Optimization and to Jetty Scheduling Problems”, ChapT&nds in Engineering Computational Technolpgy
Topping, B. H. V. and Papadrakakis, M., Eds. (2008), pp. 103-126, Saxe-Coburg Publications.

(11) Woldesenbet, Y. G., Yen, G. G., and Tessema, B. G., “Constraint Handling in Multiobjective Evolutionary
Optimization”,IEEE Transactions on Evolutionary Computation, Vol. 13, No. 3 (2009), pp. 514-525.

(12) Hu, X., and Eberhart, R., “Solving Constrained Nonlinear Optimization Problems with Particle Swarm
Optimization”, Proceedings on 6th World Multiconference on Systemics, Cybernetics and Inforrf2ii2),
pp. 203-206.

(13) Venter, G. and Sobieszcanski-Sobieski, J., “Particle Swarm Optimiza#hdAA Journal, Vol. 41, No. 8 (2003),
pp. 1583-1589.

(14) Avi# L, SRHEAE, (LRI, “FEL R D 24k 2 Z 8 L 7= % H 11y Particle Swarm Optimization”d 4Btk 72>
R CEE C#, Vol. 74, No. 742 (2008), pp. 1575-1583.

(15) He, S., Prempain, E. and Wu, Q. H., “An Improved Particle Swarm Optimizer for Mechanical Design Optimization
Problems” Journal of Engineering Optimization, Vol. 36, No. 5 (2004), pp. 585-605.



(16) BochenekB., and Forg, P., “Structural Optimization for Postbuckling Behavior Using Particle Swargtgictural
and Multidisciplinary OptimizationVol. 32 (2006), pp. 521-531.

(17) Venter, G., and Haftka, R. T., “Constrained Particle Swarm Optimization Using a Bi-Objective Formulation”,
Structural and Multidisciplinary Optimizatignvol. 40 (2010), pp. 65-76.

(18) Li, L. D., Li, X., and Yu, X., “A Multi-Objective Constraint-Handling Method with PSO Algorithm for Constrained
Engineering Optimization ProblemsProceedings of 2008 IEEE Congress on Evolutionary Computg#608),
pp. 1528-1534.

(19) Wei, J., and Wang, Y., “A Novel Multi-objective PSO Algorithm for Constrained Optimization Problems, Simulated
Evolution and Learning"Proceedings of 6th International Conference on Simulated Evolution and Leg&006),
pp. 174-180.

(20) Izui, K., Nishiwaki, S., Yoshimura, M., Nakamura, M., and Renaud, J. E., “Enhanced Multiobjective Particle Swarm
Optimization in Combination with Adaptive Weighted Gradient-Based SearchiBggineering Optimizatign
Vol. 39 (2007), pp. 981-998.

(21) Bosman, P. A. N., and de Jong, E. D., “Exploiting Gradient Information in Numerical Multi-objective Evolutionary
Optimization”, Proceedings on Genetic and Evolutionary Computation Conferét@febh), p. 755-762.

(22) He, Q., and Wang, L., “A Hybrid Particle Swarm Optimization with a Feasibility-Based Rule for Constrained
Optimization”, Applied Mathematics and Computation, Vol. 186 (2007), pp. 1407-1422.

(23) Deb, K., “An Efficient Constraint Handling Method for Genetic Algorithm€omputer Methods in Applied
Mechanics and Engineering, Vol. 186 (2000), pp. 311-338.

(24) A. Oyama, K. Shimoyama, and K. Fuijii, “New Constraint Handling Method for Multi-Objective and Multi-
Constraint Evolutionary OptimizationTransactions of the Japan Society for Aeronautical and Space Scjences
Vol. 50, No. 167 (2007), pp. 56-62.

(25) Knowles, J. D., and Corne, D. W., “Approximating the Nondominated Front using Pareto Archived Evolution
Strategy”,Evolutionary Computation, Vol. 8, No. 2 (2000), 149-172.

(26) Mostaghim, S., and Teich, J., “Strategies for Finding Good Local Guides in Multi-objective Particle Swarm
Optimization”, Proceedings on IEEE Swarm Intelligence Sympog2003), pp. 26-33.

(27) Liang, J., Mourelatos, Z. P., and Tu, J., “A Single-Loop Method for Reliability-Based Design OptimizaiBkit:
2004 International Design Engineering Technical Conferences and Computers and Information in Engineering
ConferenceASME DETC 2004-57255 (2004)

(28) Gong, W., Cai, Z., and Zhu, L., “An Efficient Multiobjective Differential Evolution Algorithm for Engineering
Design”, Structural and Multidisciplinary Optimizatign/ol. 38 (2009), pp. 137-157.

(29) Deb, K., Thiele, L., Laumanns, M., and Zitzler, E., “Scalable Test Problems for Evolutionary Multiobjective
Optimization”, Evolutionary Multiobjective Optimization, Abaraham, A., Jain, L., and Goldberg, R. Eds. (2005),
pp. 105-145, Springer-Verlag.



