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ABSTRACT

This chapter introduces two different ways to integrate Evolutionary Computation
Components in Ant Colony Optimization (ACO) Meta-heuristic. First of all, the ACO
meta-heuristic is introduced and compared to Evolutionary Computation to notice
their similaritiesand differences. Then two new models of ACO algorithmsthat include
some Evolutionary Computation concepts (Best-Worst Ant System and exchange of
memoristicinformationinparallel ACO algorithms) are presented with someempirical
resultsthat showimprovementsin the quality of the sol utionswhen compared with more
basic and classical approaches.

INTRODUCTION

Complex combinatorial optimization problemsariseinmany different fieldssuch as
economy, commerce, engineering or industry. These problemsare so complex that there
is no algorithm known that solves them in polynomial time (Garey & Johnson, 1979).
These kinds of problems are called NP-hard.
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Still, many of these problems have to be solved in a huge number of practical
settingsand thereforealarge number of algorithmic approacheswere proposed totackle
them. The existing techniques can roughly be classified into exact and approximate
algorithms. Exact algorithmstry to find an optimal solutionandto provethat the solution
obtained is actually an optimal one. These algorithms include techniques such as
backtracking, branch and bound, dynamic programming, and so forth (Brassard &
Bratley, 1996; Papadimitriou & Steiglitz, 1982). Because exact algorithms show poor
performance for many problems, several types of approximate algorithmsthat provide
high quality solutions to combinatorial problems in short computation time were
developed.

Approximateal gorithmscan beclassifiedinto two mainfamilies: deterministic and
probabilistic. Deterministic algorithms always produce the same solution when the
starting conditions are the same, while the latter algorithms are characterized by anon-
deterministic behavior; that is, for a specific problem and in the same execution
conditions (same seedsfromthe random number generators, sameval ues of thedifferent
parameters, same number of iterations, and so on), they return different solutions.

A different classification for approximate al gorithms distingui shes between con-
struction algorithms and local search algorithms. The former are based on generating
solutions from scratch by adding solution components step by step. The best- known
exampleisgreedy construction heuristics (Brassard & Bratley, 1996). Their advantage
is speed: they are typically very quick and, in addition, often return reasonably good
solutions. However, these solutions are not guaranteed to be optimal with respect to
small local changes. Local search algorithms repeatedly try to improve the current
solution by movements to (hopefully better) neighboring solutions. The simplest case
areiterativeimprovement algorithms: if in the neighborhood of the current solutions, a
better solution s' isfound, it replaces the current solution and the search is continued
from s'; if no better solution is found, the algorithm terminates in a local optimum.
Nowadays, hybridizations of both techniques are usually used: any construction
algorithm buildsaninitial solution, whichisthenimproved by alocal search algorithm.

Unfortunately, iterativeimprovement al gorithmsmay becomestuck in poor quality
local optima. Toallow for them afurther improvement in solution quality, inthelast two
decades the research in thisfield has moved attention to the design of general-purpose
techniques for guiding underlying, problem-specific construction or local search heu-
ristics. Thesetechniquesarecalled meta-heuristics(Glover & Kochenberger, 2003). They
involve concepts that can be used to define heuristic methods; that is, meta-heuristics
can be seen asageneral algorithmic framework that can be applied to different (combi-
natorial) optimization problemswithrelatively few modificationsif given someunderly-
ing, problem specific heuristic method. Infact, meta-heuristicsarenow widely recognized
as the most promising approaches for attacking hard combinatorial optimization prob-
lems(Aarts& Lenstra, 1997; Michalewicz & Fogel, 2000; Reeves, 1995).

Heuristics Based on Natureor Bioinspired Algorithms (Colorni, Dorigo, Maffioli,
Maniezzo, Righini & Trubian, 1996) are approximateal gorithmsthat have achieved good
results. All of them share at least one quality: they operate simulating some natural
processes, although some of them have evolved in order to increasetheir effectiveness.
However, theseimprovements sometimesinclude some aspectsthat do not have adirect
natural inspiration.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



31 more pages are available in the full version of this
document, which may be purchased using the "Add to Cart"
button on the publisher's webpage: www.igi-
global.com/chapter/integrating-evolutionary-computation-

components-ant/28327

Related Content

Segmentation of Peripheral Blood Smear Images Using Tissue-Like P
Systems

Feminna Sheeba, Atulya K. Nagar, Robinson Thamburajand Joy John Mammen
(2012). International Journal of Natural Computing Research (pp. 16-27).
www.irma-international.org/article/segmentation-peripheral-blood-smear-images/72869

Resistance of Cell in Fractal Growth in Electrodeposition

Y. H. Shaikh, A. R. Khan, K. B. Patange, J. M. Pathanand S. H. Behere (2011).
International Journal of Artificial Life Research (pp. 17-27).
www.irma-international.org/article/resistance-cell-fractal-growth-electrodeposition/52975

The Technology Demonstration of the Third Generation JPL Electronic Nose
on the International Space Station

Abhijit V. Shevade, Margie L. Homer, Adam K. Kisor, Shiao-Ping S. Yen, Liana M.
Lara, Hanying Zhou, Kenneth S. Manatt, Scott Gluckand Margaret A. Ryan (2013).
Human Olfactory Displays and Interfaces: Odor Sensing and Presentation (pp. 275-
295).

www.irma-international.org/chapter/technology-demonstration-third-generation-jpl/71929

Neural Networks in Medicine: Improving Difficult Automated Detection of
Cancer in the Bile Ducts

Rajasvaran Logeswaran (2010). Nature-Inspired Informatics for Intelligent
Applications and Knowledge Discovery: Implications in Business, Science, and
Engineering (pp. 144-165).
www.irma-international.org/chapter/neural-networks-medicine/36314

Quantum Automata with Open Time Evolution

Mika Hirvensalo (2010). International Journal of Natural Computing Research (pp. 70-
85).

www.irma-international.org/article/quantum-automata-open-time-evolution/41945



http://www.igi-global.com/chapter/integrating-evolutionary-computation-components-ant/28327
http://www.igi-global.com/chapter/integrating-evolutionary-computation-components-ant/28327
http://www.igi-global.com/chapter/integrating-evolutionary-computation-components-ant/28327
http://www.irma-international.org/article/segmentation-peripheral-blood-smear-images/72869
http://www.irma-international.org/article/resistance-cell-fractal-growth-electrodeposition/52975
http://www.irma-international.org/chapter/technology-demonstration-third-generation-jpl/71929
http://www.irma-international.org/chapter/neural-networks-medicine/36314
http://www.irma-international.org/article/quantum-automata-open-time-evolution/41945

