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Guest Editorial:
Special Issue on Evolutionary
Multiobjective Optimization

OST problems in nature have several objectives (ngiMOGA) [6], the Nondominated Sorting Genetic Algorithm
mally conflicting with each other) that need to bgNSGA) [18], and the Niched-Pareto Genetic Algorithm
achieved at the same time. These problems are called “mu{tiiPGA) [11]. Concerns about test functions and metrics that
objective,” “multicriteria,” or “vector” optimization problems, could allow a quantitative comparison of approaches came later
and were originally studied in the context of economic$2], [20], [21], [4]- On the other hand, other important aspects,
However, scientists and engineers soon realized the importasuoeh as the theoretical foundations of MOEAs, have received
of solving multiobjective optimization problems, and thdittle attention until recently [14], [15], [7], [8], [9].
development of techniques to deal with such problems becamé®uring the last few years, the amount of research in this field
an important area within operations research. has experienced an important growth {IThe growing interest
Because of the conflicting nature of their objectives, multin evolutionary multiobjective optimization has allowed the or-
objective optimization problems do not normally have a singlganization of special sessions at international conferences and
solution and, in fact, they even require the definition of a neaven a (more specialize@onference on Evolutionary Multi-
notion of “optimum.” The most commonly adopted notion oCriterion Optimizationwhich celebrates its second year, in Por-
optimality in multiobjective optimization is that originally pro-tugal in 2003 after the success of the first conference, which
posed by Edgeworth [5] and later generalized by Pareto [18]as held in Zurich in 2001 [22].
Such a notion is calle&dgeworth-Pareto optimalitgr, more This Special Issue contains seven papers. The first contri-
commonly,Pareto optimality bution, by Knowles and Corne, addresses the implementation
Then, in multiobjective optimization the aim is to find a sebf external archives to store nondominated vectors found
of solutions called thé>areto optimal setThe vectors corre- throughout the evolutionary process. The use of external
sponding to the solutions included in the Pareto optimal set anehives has become a popular practice in the last few years
callednondominatedThe image of the Pareto optimal set undesince Horn's suggestion [10] and after the success of the
the objective functions is calleéareto front Strength Pareto Evolutionary Algorithm (SPEA) [24]. How-
Over the years, operations researchers have developed anamer, very few researchers have studied the different issues
portant number of techniques to deal with multiobjective optassociated with the implementation of a secondary memory
mization problems of any type (e.g., combinatorial, numericdhr an MOEA (e.g., how to decide what hondominated vectors
linear, nonlinear, etc.) [12]. These techniques, however, nonust be retained and which can be eliminated). Knowles and
mally require an initial search point and only generate a singlorne provide an in-depth study of archiving algorithms for
nondominated solution per run. These methods are also suseese in MOEAs and analyze several related concepts such as
tible to the shape or continuity of the Pareto front and, therefoilnvergence and spread of points.
their applicability may be severely limited in many real-world The performance assessment of MOEASs has been a critical
applications. issue that has worried researchers since the origins of the field
This context gives the main motivation for using evolutionarfwhen only graphical comparisons were normally used to com-
algorithms for solving multiobjective optimization problemspare MOEAS). Several metrics have been proposed in the liter-
First, evolutionary algorithms use a population and, thereforaure, but most of them have been found to be misleading under
they allow the generation of several members of the Pareto @ertain conditions [19], [1]. The second paper, by Zitdeal,
timal set in a single run. Additionally, evolutionary algorithmgrovides a formal framework that allows the authors to perform
are less susceptible to the shape or continuity of the Pareto framtgorous analysis and classification of performance assessment
and do not require an initial search point defined by the user (threasures for MOEAs. As part of this study, several current met-
initial population can be randomly generated). rics are classified and analyzed, identifying their limitations and
The first implementation of a multiobjective evolutionanjincompatibilities with each other.
algorithm (MOEA) dates back to the mid-1980s [16], [17], but The third paper, by Jaszkiewicz, also refers to performance
it was not until the mid-1990s that the field now called “evoassessment, but from a more pragmatic point of view. The study
lutionary multiobjective optimization” started to take shapepresented here compares single and multiobjective evolutionary
Important algorithms were designed at that time, from whiddgorithms, and single and multiobjective memetic algorithms.

it is worth mentioning the Multi-Objective Genetic Algorithm ) ) ) o )
1See the EMOO repository (which contains over 1100 bibliographical
entries). [Online] Available: http://delta.cs.cinvestav.mx/~ccoello/EMOO, with
mirrors at http://www.lania.mx/~ccoello/EMOO/ and http://www.jeo.org/emo/.

Digital Object Identifier 10.1109/TEVC.2003.810762 2[Online] Available: http://conferences.ptrede.com/emo03/main.py/index.

1089-778X/03$17.00 © 2003 IEEE



98 IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION, VOL. 7, NO. 2, APRIL 2003

The main rationale behind this comparative study is the claim ACKNOWLEDGMENT

by the .author rggardlr_]g thg |mport_anc.e of ensuring that anThe Guest Editor would like to thank all the contributing
MOEA is competitive with a single objective evolutionary algo- :
uthors and the many anonymous referees who made possible

rithm, both in terms of quality of solutions and computation%aL. L .
- is special issue. He is also very thankful to D. B. Fogel
efficiency. To allow such an assessment, the author proposes

methodology which he applies to the set-covering problem. an% X. Yao for their prompt editorial assistance. Finally, he

. L .~ would like to thank M. Margarita Reyes Sierra, G. Toscano
Van Veldhuizenret al. provide in the fourth paper a detailed_ " ; : :
. . o . -Pulido, and E. Mezura Montes for their help in the diverse tasks
discussion of parallel and distributed MOEAs which covers is- . . .

) X . N related to the preparation of this Special Issue.
sues such as design and implementation, suitability, hardware

and software, and testing. The authors also discuss innovative

concepts regarding migration and replacement and niching in REFERENCES

parallel MOEAs. Some important development guidelines and[l] C. A. Coello Coello, D. A. Van Veldhuizen, and G. B. LamoB#olu-
even a small performance assessment study (using the multiob- tionary Algorithms for Solving Multi-Objective ProblemsNew York:
jective knapsack problem) complement this paper, which should_ Kluwer, May 2002.

. . int f ishi . K. Deb, “Multi-objective genetic algorithms: Problem difficulties and
be considered a good starting point for anyone wishing to desig construction of test problemsEvol. Comput.vol. 7, no. 3, pp. 205-230,

and/or use parallel MOEAs. Fall 1999. . N
The fifth paper, by Bosman and Thierens, deals with one of[3] K.Deb, A. Pratap, S. Agarwal, and T. Meyarivan, “A fastand elitist mul-

. . s e . tiobjective genetic algorithm: NSGA-II,IEEE Trans. Evol. Comput.
the several dilemmas that characterizes this field: how to bal- s b5 182-197, Apr. 2002.

ance closenessto the true Pareto front with good spread of pointg] K. Deb, A. Pratap, and T. Meyarivan, “Constrained test problems for
when designing an MOEA. The authors argue that this balance Mmulti-objective evolutionary optimization,” iRroc. 1st Int. Conf. Evolu-

. L. . . tionary Multi-Criterion OptimizationE. Zitzler, K. Deb, L. Thiele, C. A.
is really a nonrealistic design goal, because it turns out to be  qe6 Coello, and D. Comne, Eds. Berlin, Germany: Springer-Verlag,

multiobjective as well! The possible multiobjective nature of 2001, Lecture Notes in Computer Science, pp. 284-298.
these two issues (diversity and proximity to the Pareto front),[5] F. Ysidro Edgeworth, Mathematical Physics London, U.K.. P.

. . . Keagan, 1881.
however, does not invalidate the current research efforts in th%] C. M. Fonseca and P. J. Fleming, “Genetic algorithms for multiobjective

field, butinstead suggests that new algorithmic frameworks may  optimization: Formulation, discussion and generalizationPiioc. 5th
be required. In fact, the authors suggest a possible multiobjec- Nt Conf. Genetic Algorithms. Forrest, Ed. - San Mateo, CA: Morgan

ti | ithmic f k and includ le of it Kaufmann, 1993, pp. 416—-423.
Ive algorithmic rramework and Include an example or Its use. [7] T. Hanne, “On the convergence of multiobjective evolutionary algo-

The sixth paper, by Weickeat al,, describes a novel applica- rithms,” Eur. J. Oper. Resvol. 117, no. 3, pp. 553-564, 1999.
tion of MOEAs: the positioning of base station transmitters of [8] —— “Global multiobjective optimization using evolutionary algo-

bil h K ianing f . h . rithms,” J. Heuristics vol. 6, no. 3, pp. 347-360, Aug. 2000.
a mobile phone network assigning frequencies to the transmityg; __ “«giobal multiobjective optimization with evolutionary algo-

ters. The authors propose a new MOEA which is found to be  rithms: Selection mechanisms and mutation control,Pinc. 1st Int.
Competitive with respect to the NSGA-II [3] and SPEA2 [23] in Conf._ Evolutionary Multi-Criterion OptimizatignE. Zitzler_, K. Deb,
L. Thiele, C. A. Coello Coello, and D. Corne, Eds. Berlin, Germany:
a real world prOblem' Springer-Verlag, 2001, Lecture Notes in Computer Science no. 1993,
Last, but not least, the paper by Ishibuehialaddresses the pp. 197-212.
importance of hybridizing genetic and local search to impI’OVélO] J. Horn, “Multicriterion decision making,” inHandbook of Evo-

. S lutionary Computation T. Back, D. Fogel, and Z. Michalewicz,
the performance of a MOEA in the context of mumObJeCt'Ve Eds. Bristol/Oxford, U.K.: IOP Publishing /Oxford Univ. Press, 1997,

combinatorial optimization. The critical balance between ge-  vol. 1, pp. F1.9:1-F1.9:15. _ _
netic and local search is analyzed and a comparative study [El] J. Horn, N. Nafpliotis, and D. E. Goldberg, “A niched pareto genetic al-

f d ing fl h heduli bl gorithm for multiobjective optimization,” ifProc. 1st IEEE Conf. Evo-
perrormed, using Tlowshop scheauling problems. lutionary Computation, IEEE World Congress on Computational Intel-

The papers in this Special Issue are representative of the ligence Piscataway, NJ: IEEE Service Center, June 1994, vol. 1, pp.
state-of-the-art in the field and are indicative of the research _ 82-87.

. . . 12] K. M. Miettinen, Nonlinear Multiobjective Optimization Boston,
trends that will be followed in the years to come. Itis expecteo[ ] MA: Kluwer. 1998. ) P

that the contents of this Special Issue, as well as the mary3] V. Pareto,Cours D’Economie Politique Lausanne, Switzerland: F.
other ongoing activities in the field, will motivate researchers_  Rouge, 1896, vol. I and Il.

. L. s . 14] G. Rudolph, “On a multi-objective evolutionary algorithm and its con-
and students to enter this exciting research discipline. Being 3 vergence to the pareto set,"Roc. 5th IEEE Conf. Evolutionary Com-

young research area, evolutionary multiobjective optimization  putation Piscataway, NJ: IEEE Press, 1998, pp. 511-516.
still has many opportunities to offer to newcomers, makingl15] G Rudolph and A. Agapie, “Convergence properties of some multi-ob-

it fertile land f tributi for th h b jective evolutionary algorithms,” irProc. 2000 Conf. Evolutionary
It Terule land tor new contributions for those who may be Computation Piscataway, NJ: IEEE Press, July 2000, vol. 2, pp.

interested. 1010-1016.
[16] J. D. Schaffer, “Multiple objective optimization with vector evaluated
genetic algorithms,” Ph.D. dissertation, Vanderbilt Univ., Nashville, TN,
CARLOS A. COELLO COELLO, Guest Editor 1984. o
[17] J. D. Schaffer, “Multiple objective optimization with vector evaluated
CINVESTAV-IPN genetic algorithms,” inGenetic Algorithms and Their Applications:
Seccion de Computacion Proc. 1st Int. Conf. Genetic AlgorithmsHillsdale, NJ: Lawrence
Departamento de Ingenieria Eléctrica Erbaum, 1985, pp.93-100. =~ ,
[18] N. Srinivas and K. Deb, “Multiobjective optimization using nondomi-
Col. San Pedro Zacatenco, nated sorting in genetic algorithms£vol. Comput.vol. 2, no. 3, pp.
D.F. 07300, Mexico 221-248, Fall 1994.



IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION, VOL. 7, NO. 2, APRIL 2003 99

[19] D. A. Van Veldhuizen, “Multiobjective evolutionary algorithms: Clas- [22] E. Zitzler, K. Deb, L. Thiele, C. A. Coello Coello, and D. Corne,
sifications, analyzes, and new innovations,” Ph.D. dissertation, Dept. Eds., “Evolutionary multi-criterion optimization,” irProc. 1st Int.

[20]

(21]

Elect. Comput. Eng., Air Force Inst. Technol., Wright-Patterson AFB, Conf. (EMO’01) Springer, Berlin, 2001, vol. 1993, Lecture Notes in
OH, May 1999. Computer Science.

D. A. Van Veldhuizen and G. B. Lamont, “On measuring multiobjective [23] E. Zitzler, M. Laumanns, and L. Thiele, “SPEA2: Improving the
evolutionary algorithm performance,” i8@000 Congress on Evolu- strength pareto evolutionary algorithm,” iEUROGEN 2001—
tionary Computation Piscataway, NJ: IEEE Service Center, July Evolutionary Methods for Design, Optimization and Control with
2000, vol. 1, pp. 204-211. Applications to Industrial Problem$. Giannakoglou, D. Tsahalis, J.

E. Zitzler, K. Deb, and L. Thiele, “Comparison of multiobjective evolu- Periaux, P. Papailou, and T. Fogarty, Eds. Athens, Greece, Sept. 2001.

tionary algorithms: Empirical resultsivol. Comput.vol. 8, no. 2, pp.  [24] E. Zitzler and L. Thiele, “Multiobjective evolutionary algorithms: A
173-195, 2000.

comparative case study and the strength pareto appra&tfg Trans.
Evol. Comput.vol. 3, pp. 257-271, Nov. 1999.

Carlos A. Coello Coello(M’99) received the B.Sc. degree in civil engineering from the Univer-
sidad Autonoma de Chiapas, Chiapas, México, and the M.Sc. and the Ph.D. degrees in computer
science from Tulane University, New Orleans, LA, in 1991, 1993, and 1996, respectively.

He is currently an Associate Professor (CINVESTAV-3B Researcher) with the Electrical Engi-
neering Department of CINVESTAV-IPN, Mexico City, México. He has authored and coauthored
over 80 technical papers and several book chapters. He has also coauthored tedbatidnary
Algorithms for Solving Multi-Objective Problenislorwell, MA: Kluwer, 2002). His major re-
search interests are evolutionary multiobjective optimization, constraint-handling techniques for
evolutionary algorithms, and evolvable hardware.

Dr. Coello Coello has served in the program committees of over 30 international conferences
and has been a Technical Reviewer for several international journals, including the IEEE
TRANSACTIONS ON EVOLUTIONARY COMPUTATION, for which he also serves as Associate
Editor. He is a member of the Association for Computing Machinery (ACM) and the Mexican
Academy of Sciences.



	Index: 
	CCC: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	ccc: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	cce: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	index: 
	INDEX: 
	ind: 


