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Chapter 1Preface \Living organism are consummate problem solvers.They exhibit a versatility that puts the best computerprograms to shame." John H. Holland [1]The material of this bibliography has been extracted from the genetic algorithm bibliography [2], whichwhen this report was compiled contained 6478 items and which has been collected from several sourcesof genetic algorithm literature including Usenet newsgroup comp.ai.genetic and the bibliographies[3, 4, 5, 6]. The following index periodicals have been used systematically� ACM: ACM Guide to Computing Literature: 1979 { 1993/4� CA: Computer Abstracts: Jan. 1993 { Feb. 1995� CCA: Computer & Control Abstracts: Jan. 1992 { Mar. 1996 (except May -95)� CTI: Current Technology Index Jan./Feb. 1993 { Jan./Feb. 1994� DAI: Dissertation Abstracts International: Vol. 53 No. 1 { Vol. 56 No. 10 (Apr. 1996)� EEA: Electrical & Electronics Abstracts: Jan. 1991 { Mar. 1996� P: Index to Scienti�c & Technical Proceedings: Jan. 1986 { Mar. 1996 (except Nov. 1994)� A: International Aerospace Abstracts: Jan. 1995 { May 1995� N: Scienti�c and Technical Aerospace Reports: Jan. 1993 - Dec. 1995 (except Oct. 1995)� EI A: The Engineering Index Annual: 1987 { 1992� EI M: The Engineering Index Monthly: Jan. 1993 { Mar. 19961.1 Your contributions erroneous or missing?This bibliography is updated on a regular basis and certainly contains many errors and inconsistences.The editor would be glad to hear from any reader who notices any errors, missing information, articlesetc. In the future a more complete version of this bibliography will be prepared for the genetic algorithmsin the Mediterranean research community and others who are interested in this rapidly growing area ofgenetic algorithms.When submitting updates to the database, paper copies of already published contributions are pre-ferred. Paper copies (or ftp ones) are needed mainly for indexing. We are also doing reviews of di�erentaspects and applications of GAs where we need as complete as possible collection of GA papers. Please,do not forget to include complete bibliographical information: copy also proceedings volume title pages,journal table of contents pages, etc. Observe that there exists several versions of each subbibliography,therefore the reference numbers are not unique and should not be used alone in communica-tion, use author, title, and year instead. 1



2 Genetic algorithms in the MediterraneanComplete bibliographical information is really helpful for those who want to �nd your contributionin their libraries. If your paper was worth writing and publishing it is certainly worth to be referencedright in a bibliographical database read daily by GA researchers, both newcomers and established ones.For further instructions and information see ftp.uwasa.fi/cs/GAbib/README.1.1.1 How to cite this report?The complete BiBTEX record for this report is shown below:@TECHREPORT{gaMEDITERbib,KEY = "MEDITER",ANNOTE = "*on,*FIN,bibliography /special",AUTHOR = "Jarmo T. Alander",TITLE = "Indexed Bibliography of Genetic Algorithms in the {Mediterranean}",INSTITUTION = "University of Vaasa, Department of Information Technology and Production Economics",TYPE = "Report",NUMBER = "94-1-MEDITER",NOTE = "(\ftp{ftp.uwasa.fi}{cs/report94-1}{gaMEDITERbib.ps.Z})",YEAR = 1995}You can also use the BiBTEX �le GASUB.bib, which is available in our ftp site ftp.uwasa.fi in directorycs/report94-1 and contains records for all GA subbibliographies.1.2 How to get this report via Internet?Versions of this bibliography are available via anonymous ftp and www from the following sites:media country site directory �leftp Finland ftp.uwasa.fi /cs/report94-1 gaMEDITERbib.ps.Zwww Finland http://www.cs.hut.fi �ja/gaMEDITERbib gaMEDITERbib.htmlObserve that these versions may be somewhat di�erent and perhaps reduced as compared to this volumethat you are now reading. Due to technical problems in transforming LATEXdocuments into html ones thewww versions contain usually less information than the corresponding ftp ones. It is also possible thatthe www version is completely unreachable.The directory also contains some other indexed GA bibliographies shown in table 1.1.1.3 AcknowledgementThe editor wants to acknowledge all who have kindly supplied references, papers and other informa-tion on genetic algorithms in the Mediterranean literature. At least the following GA researchers havealready kindly supplied their complete autobibliographies and/or proofread references to their papers:Dan Adler, Patrick Argos, Jarmo T. Alander, James E. Baker, Wolfgang Banzhaf, Christian Bierwirth,Joachim Born, Ralf Bruns, I. L. Bukatova, Thomas B�ack, Yuval Davidor, Dipankar Dasgupta, MarcoDorigo, J. Wayland Eheart, Bogdan Filipi�c, Terence C. Fogarty, David B. Fogel, Toshio Fukuda, Hugode Garis, Robert C. Glen, David E. Goldberg, Martina Gorges-Schleuter, Hitoshi Hemmi, Je�rey Horn,Aristides T. Hatjimihail, Mark J. Jakiela, Richard S. Judson, Akihiko Konagaya, Aaron Konstam, JohnR. Koza, Kristinn Kristinsson, D. P. Kwok, Gregory Levitin, Carlos B. Lucasius, Michael de la Maza,John R. McDonnell, J. J. Merelo, Laurence D. Merkle, Zbigniew Michalewics, Melanie Mitchell, DavidJ. Nettleton, Volker Nissen, Ostrowski Tomasz, Kihong Park, Nicholas J. Radcli�e, Colin R. Reeves,David Rogers, Ivan Santib�a~nez-Koref, Marc Schoenauer, Markus Schwehm, Hans-Paul Schwefel, MichaelT. Semertzidis, William M. Spears, Donald S. Szarkowicz, El-Ghazali Talbi, Leigh Tesfatsion, Peter M.Todd, Marco Tomassini, Andrew L. Tuson, Jari Vaario, Gilles Venturini, Hans-Michael Voigt, Roger L.Wainwright, D. Eric Walters, Steward W. Wilson, Xin Yao, and Xiaodong Yin.The editor also wants to acknowledge Elizabeth Heap-Talvela for her kind proofreading of the ma-nuscript of this bibliography.



Acknowledgement 3
�le contentsga94bib.ps.Z GA in 1994ga95bib.ps.Z GA in 1995ga96bib.ps.Z GA in 1996gaAIbib.ps.Z GA in arti�cial intelligencegaALIFEbib.ps.Z GA in arti�cial lifegaARTbib.ps.Z GA in art and musicgaAUSbib.ps.Z GA in AustraliagaBASICSbib.ps.Z Basics of GAgaBIObib.ps.Z GA in biosciences including medicinegaCADbib.ps.Z GA in Computer Aided DesigngaCHEMPHYSbib.ps.Z GA in chemistry and physicsgaCONTROLbib.ps.Z GA in controlgaCSbib.ps.Z GA in computer science (incl. databases and GP)gaDBbib.ps.Z GA in databasesgaECObib.ps.Z GA in economics and �nancegaENGbib.ps.Z GA in engineeringgaESbib.ps.Z Evolution strategiesgaFAR-EASTbib.ps.Z GA in the Far East (Japan etc)gaFRAbib.ps.Z GA in FrancegaFTPbib.ps.Z GA papers available via ftpgaFUZZYbib.ps.Z GA and fuzzy logicgaGERbib.ps.Z GA in Germany (and DDR)gaGPbib.ps.Z genetic programminggaIMPLEbib.ps.Z implementations of GAgaLOGISTICSbib.ps.Z GA in logisticsgaMANUbib.ps.Z GA in manufacturinggaMEDITERbib.ps.Z GA in the MediterraneangaNNbib.ps.Z GA in neural networksgaNORDICbib.ps.Z GA in Nordic countriesgaOPTIMIbib.ps.Z GA and optimization (only a few refs)gaORbib.ps.Z GA in operations researchgaPARAbib.ps.Z Parallel and distributed GAgaPOWERbib.ps.Z GA in power engineeringgaPROTEINbib.ps.Z GA in protein researchgaROBOTbib.ps.Z GA in roboticsgaSAbib.ps.Z GA and simulated annealinggaSIGNALbib.ps.Z GA in signal and image processinggaTHEORYbib.ps.Z Theory and analysis of GAgaTOP10bib.ps.Z Authors having at least 10 GA papersgaUKbib.ps.Z GA in United KingdomgaVLSIbib.ps.Z GA in VLSI design and testingTable 1.1: Other indexed GA subbibliographies.



Chapter 2IntroductionThe table 2.1 gives the queries that have been used to extract this bibliography. The query system as wellas the indexing tools used to compile this report from the BiBTEX-database [7] have been implementedby the author mainly as sets of simple awk programs [8].string �eld classin Italian NOTE GAs in Italian*ITA ANNOTE GAs in Italy*ESP ANNOTE GAs in Spain*POR ANNOTE GAs in Portugal*GRE ANNOTE GAs in Greece*ISR ANNOTE GAs in Israel*TUR ANNOTE GAs in Turkey*CYP ANNOTE GAs in Cyprus*SLOVE ANNOTE GAs in Slovenia*CRO ANNOTE GAs in Croatia*ROM ANNOTE GAs in Romania*LYB ANNOTE GAs in LybanonTable 2.1: Queries used to extract this subbibliography from the main one.
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Chapter 3Statistical summariesThis chapter gives some general statistical sum-maries of genetic algorithms in the Mediterraneanliterature. More detailed indexes can be found inthe next chapter.References to each class (c.f table 2.1) are lis-ted below:� GAs in Croatia 5 references ([9]-[13])� GAs in Cyprus 3 references ([14]-[16])� GAs in Greece 18 references ([17]-[34])� GAs in Israel 34 references ([35]-[68])� GAs in Italy 147 references ([69]-[215])� GAs in Portugal 11 references ([216]-[226])� GAs in Romania 9 references ([227]-[235])� GAs in Slovenia 17 references ([236]-[252])� GAs in Spain 44 references ([253]-[296])� GAs in Turkey 10 references ([297]-[306])Observe that each reference is included (by thecomputer) only to one class (see also the queriesfor classi�cation in table 2.1).3.1 Publication typeThis bibliography contains published contributionsincluding reports and patents. All unpublishedmanuscripts have been omitted unless acceptedfor publication. In addition theses, PhD, MScetc., are also included whether or not publishedsomewhere.Table 3.1 gives the distribution of publicationtype of the whole bibliography. Observe that thenumber of journal articles may also include ar-ticles published or to be published in unknownforums.

type number of itemsbook 1part of a collection 6journal article 70proceedings article 185report 30PhD thesis 3MSc thesis 2others 1total 298Table 3.1: Distribution of publication type.3.2 Annual distributionTable 3.2 gives the number of genetic algorithmsin the Mediterranean papers published annually.The annual distribution is also shown in �g. 3.1.The average annual growth of GA papers has beenapproximately 40 % during almost the last twentyyears. year items year items1989 4 1990 101991 21 1992 291993 47 1994 721995 96 1996 19total 298Table 3.2: Annual distribution of contributions.3.3 Classi�cationEvery bibliography item has been given at leastone describing keyword or classi�cation by the edi-tor of this bibliography. Keywords occurring mostare shown in table 3.3.5



6 Genetic algorithms in the Mediterraneanengineering 47neural networks 35parallel GA 25robotics 20machine learning 18control 17optimization 12scheduling 11comparison 11hybrid 10review 8implementation 7economics 7CAD 7fuzzy sets 6�lters 6crossover 6controllers 6classi�ers 6telecommunications 5signal processing 5population size 5medicine 5fuzzy systems 5analysing GA 5QAP 5others 526Table 3.3: The most popular subjects.6
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Figure 3.1: The number of papers applying gene-tic algorithms in the Mediterranean (�) � =total GA papers. Observe that the last two yearsare most incomplete in the database.

3.4 AuthorsTable 3.4 gives the most productive authors.total number of authors 421Dorigo, Marco 34Davidor, Yuval 21Maniezzo, Vittorio 19Colorni, Alberto 11Filipi�c, Bogdan 8Petridis, V. 8Parisi, Domenico 7Tarantino, E. 7Aldana Montes, Jos�e Francisco 6Herrera, F. 6Lozano, M. 6Miranda, V. 6Proenca, Luis Miguel 6Tettamanzi, Andrea 6Verdegay, J. L. 6Hatjimihail, Aristides T. 514 authors 426 authors 360 authors 2304 authors 1Table 3.4: The most productive genetic algo-rithms in the Mediterranean authors.3.5 Geographical distributionThe following table gives the geographical distri-bution of authors, when the country of the authorwas known. Over 80% of the references of themain database are classi�ed by country.



Geographical distribution 7

Total 298Italy 147Spain 44Israel 34Greece 19Slovenia 17Portugal 11Turkey 10Romania 9Croatia 6Cyprus 3Holland 3United Kingdom 3Japan 2United States 2Austria 1Canada 1Czech Republic 1Denmark 1Singapore 1Switzerland 1Venezuela 1Unknown country -19Table 3.5: The geographical distribution of aut-hors.



8 Genetic algorithms in the Mediterranean3.6 Conclusions and futureThe editor believes that this bibliography contains references to most genetic algorithms in the Mediter-ranean contributions upto and including the year 1995 and the editor hopes that this bibliography couldgive some help to those who are working or planning to work in this rapidly growing area of geneticalgorithms.



Chapter 4Indexes4.1 BooksThe following list contains all items classi�ed asbooks.Genetic Algorithms and Robotics: A heuristic strategy foroptimization, [51]4.2 Journal articlesThe following list contains the references to everyjournal article included in this bibliography. Thelist is arranged in alphabetical order by the nameof the journal.Adaptive Behavior, [76]AIAA Journal, [114]Arti�cial Intelligence, [181]Biological Cybernetics, [204]Chromatographia, [226]Clinical Chemistry, [29, 30]Complex Systems, [53, 68]Computer, [101]Computers in Chemical Engineering, [36]Computers & Operations Research, [112, 65]Electr. Power Syst. Res.Eng. Jpn, [244]Electric Power Systems Research, [41, 45]Electronics Letters, [298]Elektroteh. Vestn. (Slovenia), [243]Eur. Trans. Telecommun. Relat. Technol. (Italy), [78]European Journal of Operational Research, [120]Evolutionary Computation, [185]Fuzzy Sets & Arti�cial Intelligence, [260]IEE Proceedings, Generation, Transmission and Distrib.(UK), [18]IEEE Potentials, [26]IEEE Transactions on Biomedical Engineering, [141]IEEE Transactions on Magnetics, [108, 192]IEEE Transactions on Neural Networks, [87, 14]IEEE Transactions on Power Systems, [217, 283, 28]

IEEE Transactions on Systems, Man, and Cybernetics, [285,183, 251]Informatica y Automatica (Spain), [294]Information Sciences, [40]Inform�atica y Autom�atica (Spain), [287]Int. J. Mod. Phys. C, Phys. Comput. (Singapore), [73]Int. J. Power Energy Syst. (USA), [278]International Journal of Approximative Reasoning, [115]International Journal of Electronics, [110, 24]International Journal of Production Economics, [43]J. Acoust. Soc. Am., [82]J. Aircraft, [143]J. Comput. Acoust. (Singapore), [97]Journal of Computing in Civil Engineering, [21]Journal of the Acoustics Society of America, [115]Journal of the Institute of Systems, Control, and Informa-tion Engineers (Japan), [64]Journal of Wind Engineering and Industrial Aerodynamics,[88]Machine Learning, [132]Meccanica, [135]Microelectron. J. (UK), [279]Microprocessing and Microprogramming EURO-Micro Jour-nal, [175]Network: Computation in Neural Systems, [205]Neural Network World, [242, 213]Neural Parallel Sci. Comput, [236]Note Recensioni e Notizie, [161]Optics Letters, [66]Parallel Processing Letters, [159]Pattern Recognit. Lett. (Netherlands), [140]Pattern Recognition Letters, [119]Power Systems Research, [35]Rivista di Ricerca Operativa, [196]Sens. Actuators A. Phys. (Switzerland), [289]Software - Practice and Experience, [153, 155]The European Journal of Finance, [86]Transactions of the Institute of Measurement and Control(UK), [158]total 71 articles in 58 journals9



10 Genetic algorithms in the Mediterranean4.3 ThesesThe following two lists contain theses, �rst PhDtheses and then Master's etc. theses, arranged inalphabetical order by the name of the school.4.3.1 PhD thesesImperial College for Science, [48]Politechnico di Milano, [187]Universidad Polit�ecnica de Madrid, [255]total 3 thesis in 3 schools4.3.2 Master's thesesThis list includes also \Dimplomarbeit", \Tech.Lic. Theses", etc.The Hebrew University of Jerusalem, [37]University of Genova?, [75]total 2 thesis in 2 schools4.4 Report seriesThe following list contains references to all pa-pers published as technical reports. The list isarranged in alphabetical order by the name of theinstitute.Aristotle University of Thessaloniki, [17]Hellenic Complex Systems Laboratory, [19, 31]Imperial College, [47]Institute of Psychology CNR, [202]International Computer Science Institute, [182, 186]International Computer Science Institute (ICSI), [176]LASPP-FER, [246]Politcnico di Milano, [162]Politecnico di Milano, [163, 164, 166, 168, 170, 178, 180, 184,193, 195, 198]The Weismann Institute of Science, [55]The Weizmann Institute of Technology, [62]Universidad de M�alaga, [253, 258, 286]Universita degli Studi di Milano, [92]University of Granada, [281, 282]Utrecht University, [218]total 30 reports in 15 institutes4.5 PatentsThe following list contains the names of the pa-tents of genetic algorithms in the Mediterranean.The list is arranged in alphabetical order by thename of the patent.� none



Authors 114.6 AuthorsThe following list contains all genetic algorithmsin the Mediterranean authors and references totheir known contributions.Abbattista, F., [69, 140]Abbattista, Fabio, [102, 121, 148]Abbattista, Nicola, [102]Adamidis, Panagiotis, [17]Agapie, Alexandru, [230]Aharoni, Gad, [42]Aizpuru, J. R. Z., [262]Alba Torres, Enrique A., [263, 286, 287, 288]Al�ci, M., [303]Aldana Montes, Jos�e Francisco, [253, 258, 263, 264, 286, 288]Al�eri, C. A., [126]Alippi, Cesare, [101]Annicchiarico, W., [292]Arnone, Salvatore, [70, 93, 213]Arroyo, J. M., [283]Aydin, K. K., [300]Aytekin, T., [301]Baiardi, Fabrizio, [116]Baiardi, F., [83, 207]Bakirtzis, A. G., [25, 283, 28]Bakirtzis, A., [18, 20]Balio, R. Del, [79, 113, 159, 160]Baracco, P., [126]Barak, Amnon, [42]Bassani, Domenico, [135]Bazgan, Chistina, [232]Beltratti, Andrea, [201]Bene, G. Di, [107, 130]Ben-Kiki, Oren, [61]Beritelli, Francesco, [103]Bernal-Agustin, J. L., [278]Bersini, Hugues, [156]Bertoni, Alberto, [181, 182]Bifulco, Andrea, [104]Biro, O., [192]Blagajac, S., [11]Bonarini, Andrea, [71, 149]Bontempi, Bruno, [72]Botta, M., [190]Bratko, Ivan, [248]Braunstingl, R., [274]Buiu, C., [234]Buttitta, B., [157]Cagnoni, S., [141]Calabretta, R., [105]Campanini, R., [73]Canas, A., [293]Caponetti, Laura, [102]Caponetto, R. C., [106]Caponetto, R., [74, 94, 127, 158]Carlo, A. Di, [161]Carvalho, Luis, [220]

Casale, Salvatore, [103]Casao, Jorge Gasos, [289]Catania, V., [128]Caul�eld, H. John, [66]Cecconi, F., [150]Cecconi, Federico, [208, 209]Celli, G., [129]Cerrolaza, M., [292]Chiaberge, M., [107, 130, 144]Chincarini, A., [75, 108]Christodoulou, N., [27]Cioppa, A. Della, [113]Ciu�olini, D., [207]Coli, M., [109]Colombetti, Marco, [76, 176, 177, 186]Colorni, Alberto, [77, 95, 120, 163, 165, 171, 173, 180,184, 195, 196]Comellas, F., [290]Concilio, A., [131]Conejo, A. J., [283]Costamagna, E., [129]Cotta Porras, Carlos, [253, 264]Crawford, Kelly D., [10]Cuesta, P., [259, 273]Cumming, Andrew, [229]Cuppini, M., [78]Curatelli, F., [110]Dalbis, Donato, [148]D'Antone, I. D., [73]Davidor, Yuval, [38, 42, 46, 47, 48, 49, 50, 51, 52, 53,54, 55, 56, 57, 58, 59, 60, 61, 62, 63, 64]DeFalco, Ivan, [79]De Falco, I., [96, 111, 151]DellaCioppa, A., [143]Della Cioppa, A., [151]Della Croce, Federico, [112, 126]Del Balio, R., [96, 111, 151]Dell'Orto, Massimo, [70, 93]Di Caro, G., [73]Diviacco, B., [88]Dobnikar, Andrej, [236, 240, 242, 246]Dorigo, Marco, [76, 77, 85, 95, 120, 132, 162, 163, 164,165, 166, 167, 168, 169, 170, 171, 172, 173, 174, 175, 176,177, 178, 179, 180, 181, 182, 183, 184, 185, 186, 187, 195,196]Dumitrache, I., [234]Duro, Richard J., [257]D�zeroski, S., [239]Dzeroski, S., [237]Eiben, Gusz E., [223]Eker, I., [304, 305]Elbaum, R., [44]Elmakis, David, [35, 41, 45]Ersoy, Cem, [299]Ersoy, O. K., [298]Fabbricatore, P., [108]Fagarasan, Florin, [230]Fakotakis, Nikos, [26]Falco, I. De, [113, 159, 160]Falcon, J. F., [291]



12 Genetic algorithms in the MediterraneanFanelli, A. M., [69]Fanni, A., [129]Fern�andez, G., [268, 296]Fichera, S., [133]Filelis, A., [32]Filipi�c, Bogdan, [238, 243, 247, 248, 249, 250, 251, 252]Fiorito, N., [128]Fla�sker, Jo�ze, [245]Floreano, Dario, [188]Fortuna, L., [74, 94, 106, 158]Foy, Mark, [117]Foy, M., [189]Franceschini, G., [80]Franchi, Claudio G., [114]Furst, M., [67]Gal�an, M., [259, 273]Galante, M., [292]Gallieni, Daniele, [114]Garcia, F., [294]Garnica, A. O., [279]Ga�sper�si�c, Janez, [245]Gemme, G., [108]Genco, A., [134, 145]Genta, Giancarlo, [135]Gentili, Paolo, [136]Gentili, P., [81]Georgiou, Panos G., [21]Gerstoft, Peter, [115]Gerstoft, P., [82, 97]Giani, A., [83]Giani, Antonella, [116]Giordana, A., [84, 190, 191]Giordana, Attilio, [98, 100, 138]Gitler, Daniel, [42]Giusti, G., [73]Goldberg, Yaron, [52]Gonzalez, F. J., [256]Gord�on, Oscar, [265, 284]Gorrini, V., [85]Gottvald, A., [192]Grabensek, L., [246]Grasso, V., [133]Graziani, S., [158]Greiner, D., [273]Grosmann, Tal, [62]G�uvenir, H. Altay, [302, 306]G�uvennir, H. A., [301]Hatjimihail, Aristides T., [19, 23, 29, 30, 31]Hatjimihail, Theophanes T., [19, 23]Hatziargyriou, N., [222]Herrera, F., [254, 260, 266, 275, 281, 282]Herrera, Francisco, [265, 284]Herrera-Viedma, E., [254]Holmes, Dawn J., [40]Horrocks, D. H., [303]Imecs, Maria, [233]Jacucci, Gianni, [117]Jim�enez Rendondo, N., [283]
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Appendix A

Abbreviations

The following other abbreviations were used to compress the titles of articles in the permutation titleindex: 53
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