
1ON THE COMBINATION OFFUZZY LOGIC ANDEVOLUTIONARY COMPUTATION:A SHORT REVIEW ANDBIBLIOGRAPHYO. Cord�on,F. Herreraand M. LozanoDept. of Computer Science and Arti�cial Intelligence,University of Granada, 18071 - Granada, SpainABSTRACTIn this paper, an evaluation of the current situation regarding to the combination ofFuzzy Logic and Evolutionary Computation is given. This is made by means of aclassi�cation in fourteen areas, giving a short introduction to each one of them andpresenting a selected bibliography (mainly journal contributions and book's chapters)in these areas. The overview of bibliography is, of course and unfortunately, notcomplete, but should give a representative account of current focuses of research inthe bidirectional integration of Fuzzy Logic and Evolutionary Computation.1 INTRODUCTIONRecentely, numerous papers and applications combining fuzzy logic (FL) andEvolutionary Computation (EC) have become known, and there is an increasinginterest in the integration of these two topics.The present contribution tries to give a short review of the combination ofFL and EC, introducing a classi�cation of the publications in fourteen areas,presenting brie
y them and showing selected bibliography in these areas.1



2 Chapter 1Before to introduce the aforementioned areas, a few remarks seem to be neces-sary.The �rst, regarding to the EC.Evolutionary Algorithms (EAs) are search and optimization techniquesbased on the principles of natural evolution. The important mainstreamforms of EAs are: Genetic Algorithms (GAs), Genetic Programming (GP),Evolution Strategies (ES) and Evolutionary Programming (EP). The greatmajority of contributions are related to the use of GAs and FL, thereforein the following we will use without a lack of generality the term GAsinstead of EC, understanding that some references can use either GP, ESor EP.The second, is regarding to the selected bibliography.It is extracted from our technical report \A Classi�ed Review on the Com-bination Fuzzy Logic-Genetic Algorithms Bibliography", Dept. of Com-puter Science and A.I., University of Granada, Tech.Report 95129, Oc-tober 1995 (Last version December 1996). Available at the URL address:http://decsai.ugr.es/~herrera/
-ga.html. It classi�es and lists 562 refer-ences. Although much e�ort has been devoted to collect as many refer-ences as possible, the list is certainly not complete. Anyway, it shouldgive a representative account of the current emphasis in research in theintegration of these two topics. This report classi�es the bibliography in15 sections according to the following table. It contains the keywords andthe number of papers on each of them. These keywords covers the applica-tion of FL based tools to GAs (with the name of fuzzy genetic algorithms)and the di�erent areas of FL and fuzzy set theory where GAs have beenapplied. The underlying report is continuously being updated.In this contribution we consider fourteen areas, we join the table areas7 and 13 in a global area with the name Genetic fuzzy rule-based controlsystems.The selected bibliography collects mainly journal's contributions and book'schapters although some conference's papers are selected either becausethey are well known and representative of the area or in the absence ofother kind of contributions.



On the Combination of FL and EC 31 Fuzzy genetic algorithms 242 Fuzzy clustering 143 Fuzzy optimization 394 Fuzzy neural networks 345 Fuzzy relational equations 66 Fuzzy expert systems 87 Fuzzy classi�er systems 338 Fuzzy information retrieval 6and database quering9 Fuzzy decision making, �nancial, 10and economic models10 Fuzzy regression analysis 611 Fuzzy pattern recognition and 24image processing12 Fuzzzy classi�cation - Concept 24Learning13 Fuzzy logic controllers (Design, 287Learning, Tuning, Applications)14 Fuzzy logic - Genetic algorithms framework 1315 Fuzzy logic miscellaneous 38Table 1. Classi�cation keywordsIn the following we describe the aforementioned classi�cation areas and presentthe selected bibliography.2 FUZZY GENETIC ALGORITHMSA Fuzzy Genetic Algorithm (FGA) is considered as a GA that uses fuzzy logicbased techniques or fuzzy tools to improve the GA behaviour modeling di�erentGA components.An FGA may be de�ned as an ordering sequence of instructions in which someof the instructions or algorithm components may be designed with fuzzy logicbased tools, such as, fuzzy operators and fuzzy connectives for designing geneticoperators with di�erent properties, fuzzy logic control systems for controllingthe GA parameters according to some performance measures, fuzzy stop crite-ria, representation tasks, etc.



4 Chapter 1Outstanding references are:1. Bergman A., Burgard W., and Hemker A. (1994) Adjusting parameters ofgenetic algorithms by fuzzy control rules. In Becks K. H. and Gallix D. P.(eds) New Computer Techniques in Physics Research III, pages 235{240.World Scienti�c Press, Singapore.2. Herrera F., Lozano M., and Verdegay J. L. (1995) Tackling fuzzy geneticalgorithms. In Winter G., Periaux J., Gal�an M., and Cuesta P. (eds)Genetic Algorithms in Engineering and Computer Science, pages 167{189.John Wiley and Sons, England.3. Herrera F., Lozano M., and Verdegay J. L. (1995) The use of fuzzy connec-tives to design real-coded genetic algorithms. Mathware & Soft Computing1(3): 239{251.4. Herrera F. and Lozano M. (1996) Adaption of genetic algorithmparametersbased on fuzzy logic controllers. In Herrera F. and Verdegay J. (eds)Genetic Algorithms and Soft Computing, pages 95{125. Physica Verlag.5. Herrera F., Lozano M., and Verdegay J. L. (1996) Dynamic and heuristicfuzzy connectives based crossover operators for controlling the diversityand convergence of real-coded genetic algorithms. International Journalof Intelligent Systems 11(12): 1013-1040. .6. Herrera F., Lozano M., and Verdegay J. L. (1996) Fuzzy connective basedcrossover operators to model genetic algorithms population diversity. FuzzySets and Systems (to appear) .7. Lee M. A. and Takagi H. (July 1993) Dynamic control of genetic algorithmsusing fuzzy logic techniques. In Proc. Fifth International Conference onGenetic Algorithms (ICGA'93), pages 76{83. San Mateo.8. Pedrycz W. and Reformat M. (1996) Genetic optimization with fuzzy cod-ing. In Herrera F. and Verdegay J. (eds) Genetic Algorithms and SoftComputing, pages 51{67. Physica Verlag.9. Serapi~ao A. B. S., Rocha A. F., Rebello M. P., and Pedrycz W. (1996)Towards a theory of genetic systems. In Herrera F. and Verdegay J. (eds)Genetic Algorithms and Soft Computing, pages 68{94. Physica Verlag.10. Xu H. Y. and Vukovich G. (October 1993) A fuzzy genetic algorithm withe�ective search and optimization. In Proc. International Joint Conferenceon Neural Networks (IJCNN'93), pages 2967{2970. Nagoya.



On the Combination of FL and EC 53 FUZZY CLUSTERINGClustering plays a key role in searching for structures in data. Given a �nite setof data, X, the problem of clustering in X is to �nd several cluster centers thatcan properly characterize relevant classes of X. In classical cluster analysis,these classes are required to form a partition of X such that the degree ofassociation is strong for data within blocks of the partition and weak for datain di�erent blocks. However, this requirement is too strong in many practicalapplications, and it is thus desirable to replace it with a weaker requirement.When the requirement of a crisp partition of X is replaced with a weakerrequirement of a fuzzy partition or a fuzzy pseudopartition on X, the emergedproblem area is refered as fuzzy clustering.GAs may be used for a global search of the space of possible data partitionsgiven a choice of the number of clusters or classes in the data, for determiningthe number of clusters, etc.The following four references show these applications.1. Bezdek J. C. and Hathaway R. J. (June 1994) Optimization of fuzzy clus-tering criteria using genetic algorithms. In Proc. First IEEE Conferenceon Evolutionary Computation (EC-IEEE'94), pages 589{594. Orlando.2. Hall L. O., Bezdek J. C., Boggavarpu S., and Bensaid A. (1994) Geneticfuzzy clustering. In Proc. North American Fuzzy Information ProcessingSociety Biannual Conference (NAFIPS'94), pages 411{415. San Antonio.3. Srikanth R., George R., Warsi N., Prabhu D., Petry F. E., and BucklesB. P. (1995) A variable-length genetic algorithm for clustering and classi-�cation. Pattern Recognition Letters 16: 789{800.4. Yuan B., Klir G. J., and Swan-Stone J. F. (March 1995) Evolutionaryfuzzy C-Means clustering algorithm. In Proc. Fourth IEEE InternationalConference on Fuzzy Systems (FUZZ-IEEE'95), pages 2221{2226. Yoko-hama.4 FUZZY OPTIMIZATIONFuzzy optimization deals with how to �nd a best point under some fuzzy goalsand restrictions given as linguistic terms or fuzzy sets.



6 Chapter 1GAs have been used for solving di�erent fuzzy optimization problems. Thisis the case for instance of fuzzy 
owshop scheduling problems, vehicle routingproblems with fuzzy due-time, fuzzy mixed integer programming applied toresource distribution, interactive fuzzy satisfycing method for multiobjective 0-1, fuzzy optimal reliability design problems, job-shop scheduling problem withfuzzy processing time, fuzzy optimization of distribution networks, etc.Outstanding references are:1. Buckley J. J. and Hayashi Y. (1994) Fuzzy genetic algorithm and applica-tions. Fuzzy Sets and Systems 61(2): 129{136.2. Castillo L. and Gonz�alez A. (1996) Fuzzy optimization of distribution net-works by using genetic algorithms. In Herrera F. and Verdegay J. (eds)Genetic Algorithms and Soft Computing, pages 641{657. Physica Verlag.3. Cheng R., Gen M., and Tozawa T. (1995) Vehicle routing problem withfuzzy due-time using genetic algorithms. Japanese Journal of Fuzzy Theoryand Systems 7(5): 665{679.4. Cheng R. and Gen M. (1996) Fuzzy vehicle routing and scheduling problemusing genetic algorithms. In Herrera F. and Verdegay J. (eds) GeneticAlgorithms and Soft Computing, pages 683{709. Physica Verlag.5. Herrera F., Lozano M., and Verdegay J. L. (1994) Applying genetic al-gorithms in fuzzy optimization problems. Fuzzy Systems and Arti�cialIntelligence 3(1): 39{52.6. Ishibuchi H., Yamamoto N., Murata T., and Tanaka H. (1994) Genetic al-gorithms and neighborhood search algorithms for fuzzy 
owshop schedul-ing problems. Fuzzy Sets and Systems 67: 81{100.7. Mizunuma H. and Watada J. (1995) Fuzzy mixed integer programmingbased on genetic algorithm and its application to resource distribution.Japanese Journal of Fuzzy Theory and Systems 7(1): 97{117.8. Sakawa M., Kato K., Sunada H., and Enda Y. (1995) An interactive fuzzysatis�cing method for multiobjective 0-1 programming problems throughrevised genetic algorithm. Japanese Journal of Fuzzy Theory and Systems7(2): 233{245.9. Sakawa M. and Shibano T. (1996) Interactive fuzzy programming for mul-tiobjective 0-1 programming problems through genetic algorithms withdouble strings. In Ruan D. (ed) Fuzzy Logic Foundations and IndustrialApplications, pages 113{128. Kluwer Academic Press, Boston.



On the Combination of FL and EC 710. Sasaki M., Yokota T., and Gen M. (1995) A method for solving fuzzyoptimal reliability design problem by genetic algorithm. Japanese Journalof Fuzzy Theory and Systems 7(5): 681{694.11. Tsujimura Y., Gen M., and Kubota E. (1995) Solving job-shop schedulingproblem with fuzzy processing time using genetic algorithm. JapaneseJournal of Fuzzy Theory and Systems 7(5): 695{707.12. Wong K. P. and Wong S. Y. W. (February 1996) Combined genetic al-gorithm/simulated annealing/fuzzy set approach to short-term generationscheduling with take-or-pay fuel contract. IEEE Transactions on PowerSystems 11(1): 128{135.5 FUZZY NEURAL NETWORKSNeural networks have been recognized as an important tool for constructingmembership functions, operations on membership functions, fuzzy inferencerules, and other context-dependent entities in fuzzy set theory.On other hand, attempts have been made to develop alternative neural net-works, more attuned to the various procedures of approximate reasoning. Thesealternative neural networks are usually referred to as fuzzy neural networks.The following features, or some of them, distinguish fuzzy neural networksfrom their classical counterparts: inputs are fuzzy numbers, outputs are fuzzynumbers, weights are fuzzy numbers, weighted inputs of each neuron are notaggregated by summation, but by some other aggregation operation. A devia-tion from classical neural networks in any of these features requires a properlymodi�ed learning algorithm to be developed.GAs may be used for designing an overall good architecture of fuzzy neuralnetworks and fuzzy neural networks, for determining an optimal set of linkweightd, for participating in hybrid learning algorithms, etc.Outstanding references are:1. Buckley J. J., Reilly K. D., and Penmetcha K. V. (1996) Backpropagationand genetic algorithms for training fuzzy neural nets. In Herrera F. andVerdegay J. (eds) Genetic Algorithms and Soft Computing, pages 505{532.Physica Verlag.



8 Chapter 12. Figueiredo M. and Gomide F. (1996) Evolving neurofuzzy networks forbasic behaviors and a recategorization approach for their condition. InHerrera F. and Verdegay J. (eds) Genetic Algorithms and Soft Computing,pages 533{552. Physica Verlag.3. Fukuda T. and Shibata T. (1994) Fuzzy-neuro-GA based intelligent robotics.In Zurada J. M., Marks II R. J., and Robinson C. J. (eds) ComputationalIntelligence Imitating Life, pages 352{363. IEEE Press, New York.4. Hanebeck U. and Schmidt G. K. (1996) Genetic optimization of fuzzynetworks. Fuzzy Sets and Systems 79: 59{68.5. Ishigami H., Fukuda T., Shibata T., and Arai F. (May 1995) Structureoptimization of fuzzy neural networks by genetic algorithm. Fuzzy Setsand Systems 71(3): 257{264.6. Lehotsky M., Olej V., and Chmumy J. (1995) Pattern recognition basedon the fuzzy neural networks and their learning by modi�ed genetic algo-rithms. Neural Network World 5(1): 91{97.7. Pal S. K. and Bhandari D. (1995) Genetic algorithms with fuzzy �tnessfunction for object extraction using cellular networks. Fuzzy Sets andSystems 65(2): 129{139.8. Scha�er J. D. (1994) Combinations of genetic algorithms and neural net-works or fuzzy systems. In Zurada J. M., Marks II R. J., and Robin-son C. J. (eds) Computational Intelligence Imitating Life, pages 371{382.IEEE Press, New York.9. Xue H. (1994)Applications of Genetic Algorithms in Optimization of Fuzzy-Associative Memory Based Controllers. PhD thesis, University of NewMexico, CAD Laboratory for Intelligent and Robotic Systems. Depart-ment of EECE.10. Zhang L., Li Y., and Chen H. (March 1996) A new global optimizingalgorithm for fuzzy neural netowrks. International Journal of Electronics80(3): 393{403.6 FUZZY RELATIONAL EQUATIONSThe notion of fuzzy relational equations is associated with the concept of com-position of binary relations. This operation involves exactly the same com-binations of matrix entries as in the regular matrix multiplication. However,



On the Combination of FL and EC 9the multiplications and additions that are applied to these combinations in thematrix multiplication are replaced with other operations. These alternativeoperations represent, in each given context, the appropriate operations of fuzzyset intersection and union, respectively. Fuzzy relational equations have beenintensively exploited in many areas of applications of fuzzy sets.GAs may be used either for �nding approximate solutions to a system of fuzzyrelational equations or for learning in relational structures.Two references related to the aforementioned applications are:1. Negoita M. G., Fagarasan F., and Agapie A. (September 1994) Applica-tions of genetic algorithms in solving fuzzy relational equations. In Proc.Second European Conference on Intelligent Techniques and Soft Comput-ing (EUFIT'94), pages 1126{1129. Aachen.2. Pedrycz W. (1995) Genetic algorithms for learning in fuzzy relational struc-tures. Fuzzy Sets and Systems 69(1): 37{52.7 FUZZY EXPERT SYSTEMSAn expert system is a computer-based system that emulates the reasoning pro-cess of a human expert within a speci�c domain of knowledge. In fuzzy expertsystems, the knowledge is usually represented by a set of fuzzy productionrules, which connect antecedents with consequent, premises with conclusions,or conditions with actions.GAs can solve two basical problems of the knowledge base, the knowledge basebuliding and the knowledge �ltering.Two references related to this topic are:1. Perneel C., Themlin J. M., Renders J. M., and Acheroy M. (1995) Op-timization of fuzzy expert systems using genetic algorithms and neuralnetworks. IEEE Transactions on Fuzzy Systems 3(3): 300{312.2. Zhang L., Wang L., Zang Y., Seki H., and Itoh H. (March 1995) On rulechecking and learning in an acupuncture diagnosis fuzzy expert systemby genetic algorithm. In Proc. Fourth IEEE International Conference onFuzzy Systems (FUZZ-IEEE'95), pages 455{460. Yokohama.



10 Chapter 18 FUZZY INFORMATION RETRIEVALInformation retrieval may be de�ned as the problem of the selection of doc-umentary information from storage in response to search questions. The mo-tivation of the application of fuzzy set theory to the design of databases andinformation storage and retrieval systems lies in the need to handle impreciseinformation. The database that can accommodate imprecise information canstore and manipulate not only precise facts, but also subjective expert opinions,judgments, and values that can be speci�ed in linguistic terms.GAs are used for designing models for optimization of queries in a fuzzy infor-mation retrieval system.Two references related to this topic are:1. Kraft D. H., Petry F. E., Buckles B. P., and Sadasivan T. (1995) Applyinggenetic algorithms to information retrieval systems via relevance feedback.In Bosc P. and Kacprzyk J. (eds) Fuzziness in DataBase ManagementSystems, pages 330{344. Physica-Verlag Heidelberg, Germany.2. Sanchez E., Miyano H., and Brachet J. P. (July 1995) Optimization offuzzy queries with genetic algorithms. application to a data base of patentsin biomedical engineering. In Proc. Sixth International Fuzzy SystemsAssociation World Congress (IFSA'95), volume 2, pages 293{296. SaoPaulo.9 FUZZY DECISION MAKING,FINANCIAL, AND ECONOMICMODELSDecision making is the study of how decisions are actually made and how theycan be made better or more successfully. Fuzzy set theory has been widely usedin the �eld of decision making. For the most part, the application consistedon fuzzi�cations of the classical theories of decision making. Also it is used formodelling some �nancial and economic problems.GAs may be used for cooperating in the design and resolution of these models.The following references show three speci�c applications to these �elds.



On the Combination of FL and EC 111. Goonatilake S., Campbell J. A., and Ahmad N. (1995) Genetic-fuzzysystems for �nancial decision making. In Furuhashi T. (ed) Advancesin Fuzzy Logic, Neural Networks and Genetic Algorithms. Proc. 1994IEEE/Nagoya-University World Wide Wisepersons. Selected papers. LNAI1011, pages 202{223. Springer-Verlag, Berlin.2. Loia V. and Scandizzo S. (September 1995) Qualitative selection strate-gies in genetic-based evolutionary economic models. In Proc. Third In-ternational Symposium on Uncertainly Modeling and Analysis and AnnualConference of the North American Fuzzy Information Processing Society(ISUMA-NAFIPS'95), pages 333{338. Maryland.3. Rubinson T. C. and Geotsi G. M. (July 1996) Estimation of subjectivepreferences using fuzzy logic and genetic algorithms. In Proc. Sixth Inter-national Conference on Information Processing and Management of Uncer-tainty in Knowledge Based Systems (IPMU'96), pages 781{786. Granada.10 FUZZY REGRESSION ANALYSISRegression analysis is an area of statistics that deals with the investigation ofthe dependence of a variable upon one or more other variables. Two distinctmotivations, fuzzy relation seems intuitively more realistic and the nature ofdata which in some applications are inherently fuzzy, lead to two types of fuzzyregression analysis. One involves fuzzy parameters and crisp data, while theother one involves crisp parameters and fuzzy data.GAs may be used for solving the underlying optimization problems.The following reference show an example of the application of GAs to fuzzyregression analysis.1. Yabuchi Y., Watada J., and Tatsumi K. (1994) Fuzzy regression anaysisof data with error. Japanese Journal of Fuzzy Theory and Systems 6(6):673{685.



12 Chapter 111 FUZZY PATTERN RECOGNITIONAND IMAGE PROCESSINGThere are various aspects of image processing and analysis problems where thetheory of fuzzy sets has been applied: as generalizations of classical membership-roster methods, generalizations of classical syntactic methods, providing imageambiguity/information measures and quantitative evaluation, computing fuzzygeometrical properties, etc.In handling uncertainty in pattern analysis, GAs may be helpful in determiningthe appropriate membership functions, rules and parameter space, and in pro-viding a reasonably suitable solution. For this purpose, a suitable fuzzy �tnessfunction needs to be de�ned depending on the problem.The following four selected references deal with some of the aforementionedapplications:1. Albert J., Ferri F., Domingo J., and Vicens M. (1990) An approach tonatural scene segmentation by means of genetic algorithmswith fuzzy data.In P�erez de la Blanca N., SanFeliu A., and Vidal E. (eds) Fourth NationalSymposium in Pattern Recognition and Image Analysis ( Selected Papers),pages 97{112. World Scienti�c Publishers Co. Inc., Singapore.2. Ankenbrandt C. A., Buckles B. P., and Petry F. E. (1990) Scene recognitionusing genetic algorithms with semantic nets. Pattern Recognition Letters11(4): 285{293.3. Bhandari D., Pal S. K., and Kundu M. K. (March 1993) Image enhance-ment incorporating fuzzy �tness function in genetic algorithms. In Proc.Second IEEE International Conference on Fuzzy Systems (FUZZ-IEEE'93),volume 2, pages 1408{1413. San Francisco.4. Lee Y. G., Lee J. H., and Hsueh Y. C. (November 1995) Genetic-basedfuzzy hit-or-miss texture spectrum for texture analysis. Electronics Letters31(23): 1986{1988.



On the Combination of FL and EC 1312 FUZZY CLASSIFICATION - CONCEPTLEARNINGFuzzy classi�cation sytems based on fuzzy logic are capable of dealing withcognitive uncertainties such as the vagueness and ambiguity involved in classi-�cation problems. In a fuzzy classi�cation system, a case or an object can beclassifed by applying (mainly) a set of fuzzy rules based on the linguistic valuesof its attributes.GAs are used in a fuzzy classi�cation system for learning fuzzy rules, member-ship functions, fuzzy partitions, etc.Outstanding references are:1. Gonz�alez A., P�erez R., and Verdegay J. L. (1994) Learning the structure ofa fuzzy rule: A genetic approach. Fuzzy Systems and Arti�cal Intelligence3(1): 57{70.2. Gonz�alez A. and P�erez R. (February 1995) Completeness and consistencyconditions for learning fuzzy rules. Fuzzy Sets and Systems, To appear.3. Ishibuchi H., Nozaki K., YamamotoN., and TanakaH. (1994) Constructionof fuzzy classi�cation systems with rectangular fuzzy rules using geneticalgorithms. Fuzzy Sets and Systems 65: 237{253.4. Ishibuchi H., Nozaki K., YamamotoN., and Tanaka H. (1994) Performanceevaluation of a GA-based method for selecting fuzzy classi�cation rules.Transactions Inst. Electron. Inf. Commun. Eng. 10: 1409{1411.5. Ishibuchi H., Nozaki K., Yamamoto N., and Tanaka H. (1995) Selectingfuzzy if-then rules by genetic algorithm for classi�cation problems usinggenetic algorithms. IEEE Transactions on Fuzzy Systems 3(3): 260{2706. Ishibuchi H. and Murata T. (1996) A genetic-algorithms-based fuzzy par-tition method for pattern classi�cation problems. In Herrera F. and Verde-gay J. (eds) Genetic Algorithms and Soft Computing, pages 555{578. Phys-ica Verlag.7. Janikov C. Z. (1996) A Genetic Algorithm Method for Optimizing FuzzyDecision Trees. Information Sciences 89: 275-296.8. Yuan Y. and Zhuang H. (1996) A genetic algorithms for generating fuzzyclassi�cation rules. Fuzzy Sets and Systems 84: 1{19.



14 Chapter 113 GENETIC FUZZY RULE BASEDCONTROL SYSTEMSFuzzy rule based systems have been shown to be an important tool for mod-elling complex systems in which, due to the complexity or the imprecision,classical tools are unsuccessful. The experience of skilled operators and theknowledge of control engineers are expressed qualitatively by a set of fuzzy con-trol rules. Fuzzy logic controllers (FLCs) constitute knowledge-based systemsthat include fuzzy rules and fuzzy membership functions to manage adequatelyhuman knowledge. The FLC knowledge base (KB) is comprised of two com-ponents, a data base (DB), containing the de�nition of the fuzzy partitions orfuzzy rule membership functions, and a Rule Base (RB), constituted by thecollection of fuzzy control rules representing the expert knowledge. The de�ni-tion of fuzzy rules and fuzzy membership functions is one of the key questionswhen designing FLCs. Some e�orts have been made to obtain an improvementon system performance by incorporating learning mechanisms to modify therules and/or membership functions of the KB.GAs have demonstrated to be a powerful tool for automating the de�nition ofthe KB, since adaptive control, learning, and self-organization may be consid-ered in a lot of cases as optimization or search processes. Their adavantageshave extended the use of GAs in the development of a wide range of approachesfor designing FLCs over the last few years. In particular, the application to thedesign, learning and tuning of KBs has produced quite promising results. Theseapproaches can receive the general name of Genetic Fuzzy Systems (GFSs).We must remark that we can also understand a GFS as an approach for learningfuzzy rules for classi�cation systems, although we have prefered to distinguishbetween FLCs and fuzzy classi�cation systems, and to introduce the GFSs inthis section in order to not become diluted the few references in fuzzy classi-�cation into the big set of references in FLCs. On other hand, we also mustunderstand the GFSs as the application of GAs to any fuzzy system being thefuzzy rule based systems a particular case although the most extended, this isthe reason of calling this section as genetic fuzzy rule based control systems.EAs, specially GAs in the great majority of the cases, are applied to mod-ify/learn the DB and/or the RB. In this classi�cation we distinguish two dif-ferent groups of genetic fuzzy rule based control systems:1. Genetic de�nition (learning) of the fuzzy logic controller data base, or inshort called genetic tuning processes.



On the Combination of FL and EC 152. Genetic learning of the fuzzy logic controller rule bases or knowledge bases.Di�erent approaches have been proposed for genetic learning processes (forlearning RB or KB). The main problem in these applications consists of �ndinga "comfortable" representation in the sense that it might be capable both ofgathering the problem's characteristics and representing the potential solutions.Three genetic learning approaches have been proposed:The Michigan approach: The chromosomes are individual rules and arule set is represented by the entire population. The collection of rulesare modi�ed over time via interaction with the environment. This modelmaintains the population of classi�ers with credit assignment, rule discov-ery and genetic operations applied at the level of the individual rule.The Pittsburgh approach: Each chromosome encodes a whole RB orKB. Crossover serves to provide a new combination of rules and mutationprovides new rules. In some cases, variable-length rule bases are used,employingmodi�ed genetic operators for dealing with these variable-lengthand position independent genomes.Iterative Rule Learning approach: In the latter model, as in the Michi-gan one, each chromosome in the population represents a single rule, butcontrary to the latter, only the best individual is considered as the solu-tion, discarding the remaining chromosomes in the population. Therefore,in the iterative model, the GA provides a partial solution to the problemof learning. In order to obtain a set of rules, which will be a true solutionto the problem, the GA has to be placed within an iterative scheme similarto the following:1. Use a GA to obtain a rule for the system.2. Incorporate the rule into the �nal set of rules.3. Penalize this rule.4. If the set of rules obtained till now is adequate to represent the ex-amples in the training set, the system ends up returning the set ofrules as the solution. Otherwise return to step 1.The main di�erence with respect to the Michigan approach is that the�tness of each chromosome is computed individually, without taking intoaccount cooperation with other ones. This reduces substantially the searchspace, because in each sequence of iterations only one rule is searched.



16 Chapter 1The structure used for classifying the references include the following subsec-tions: one for genetic tuning processes, three for the genetic learning processesaccording to the three aforementioned representation approaches, and a �nalsection that will include reviews, other approaches and unclassi�ed papers thatdo not belong to our collection and can not be classi�ed.Therefore the structure is the following:Genetic tuning processesGenetic learning processes: Michigan approachGenetic learning processes: Pittsburgh approachGenetic learning processes: Iterative Rule Learning approachGenetic fuzzy rule based control systems: reviews, other approaches andunclassi�ed papersOutstanding references are:Genetic tuning processes1. Filipic B. and Juricic D. (1996) A genetic algorithm to support learningfuzzy control rules from examples. In Herrera F. and Verdegay J. (eds)Genetic Algorithms and Soft Computing, pages 403{418. Physica Verlag.2. Glorennec P-Y. (1997) Co-ordination between autonomous robots. Inter-national Journal of Approximate Reasoning (to appear) .3. Karr C. L. (February 1991) Genetic algorithms for fuzzy controllers. AIExpert 6(2): 26{33.4. Karr C. L. and Gentry E. J. (February 1993) Fuzzy control of pH usinggenetic algorithms. IEEE Transactions on Fuzzy Systems 1(1): 46{53.5. Karr C. L. (1996) Designing precise fuzzy systems with genetic algorithms.In Herrera F. and Verdegay J. (eds) Genetic Algorithms and Soft Comput-ing, pages 331{348. Physica Verlag.6. Herrera F., Lozano M., and Verdegay J. L. (1995) Tuning fuzzy logic con-trollers by genetic algorithms. International Journal of Approximate Rea-soning 12(3): 293{315.



On the Combination of FL and EC 177. Surmann H. (1996) Genetic optimizing of fuzzy rule-based systems. InHerrera F. and Verdegay J. (eds) Genetic Algorithms and Soft Computing,pages 389{402. Physica Verlag.Genetic learning processes: Michigan approach1. Bonarini A. (1996) Evolutionary learning of fuzzy rules: Competition andcooperation. In Pedrycz W. (ed) Fuzzy Modeling: Paradigms and Practice,pages 265{283. Kluwer Academic Press, Norwell.2. Bonarini A. (1996) Delayed reinforcement, fuzzy q-learning and fuzzy logiccontrollers. In Herrera F. and Verdegay J. (eds) Genetic Algorithms andSoft Computing, pages 447{466. Physica Verlag.3. Bonarini A., Basso F. (1997) Learning to compose fuzzy behaviors forautonomous agents. International Journal of Approximate Reasoning (toappear) .4. Furuhashi T., Nakaoka K., Morikawa K., and Uchikawa Y. (1994) Anacquisition of control knowledge using multiple fuzzy classi�er system.Japanese Journal of Fuzzy Theory and Systems 6(3): 603-609.5. Furuhashi T., Nakaoka K., Morikawa K., Maeda H., and Uchikawa Y.(1995) A study on knowledge �nding using fuzzy classi�er system. JapaneseJournal of Fuzzy Theory and Systems 7(4): 555{567.6. Furuhashi T., Nakaoka K., and Uchikawa Y. (1996) A study on fuzzyclassi�er systems for �nding control knowledge of multi-input systems. InHerrera F. and Verdegay J. (eds) Genetic Algorithms and Soft Computing,pages 489{502. Physica Verlag.7. Geyer-Schulz A. (1993) Fuzzy classi�er systems. In Lowen R. and RoubensM. (eds) Fuzzy Logic: State of the Art, pages 345{354. Kluwer AcademicPublishers, Dordretch.8. Geyer-Schulz A. (1995) Fuzzy Rule-Based Expert Systems and Genetic Ma-chine Learning. Physica-Verlag, Heidelberg.9. Geyer-Schulz A. (1995) On the speci�cation of fuzzy data in management.In Bandemer H. (ed) Mathematical Research: Modelling Uncertain Data,pages 105{110. Akademie Verlag.10. Parodi A. and Bonelli P. (July 1993) A new approach to fuzzy classi�ersystem. In Proc. Fifth International Conference on Genetic Algorithms(ICGA'93), pages 223{230. San Mateo.
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