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ITepiAnyn

‘Eva d0okoho tpdPAnpa yia ke TovpioTa eival apod QTACEL GTOV TPOOPLGHO TOL VX TTOPATE-
oeL oL ot T ToAAG afloBéatar Tng TOANG ailel va emiokePTEL KATX TNV SLAPKELX TNG GOVTOUNG
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elvar yioo mopdderypa va mapelg kaveig vty Tov oxL povo tov xpovo mov Ba xpeldotel aAAd Ko
1000 Kootilel 1 emiokeym o kB aklobéaro.
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TpoPArpaTOG.
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Abstract

A difficult problem for every tourist is after reaching his destination to decide which of the many
sights of the city are worth visiting during her short visit to the city. In the academic bibliography
this is referred to as the orientation problem. Alternatively, it has been referred to as the constrained
travelling salesman problem, the main difference from the regural TSP being that the salesman (or
rather the tourist in this case) cannot visit all the sights, but only go to a few. In recent years, many
approaches to this problem have been published that take into account most of the facts from real
life. For example, how long you will need to travel or to visit an attraction, or how much a particular
sight will please the visitor. Another approach contains more than one constraints. For example,
except for the time one needs to also take into account how much it costs to visit each attraction.

In this diploma thesis, we will introduce another restriction. This constraint is that for each
kind of attraction we must visit a certain amount of them. For example, each day we want to visit
a restaurant. If we do not visit any, then we will be hungry. On the other hand, visiting a second
restaurant will not offer us anything.

Initially we will present the history of the problem, the different variants that have appeared
in the bibliography, as well as the proposed solutions. Then we will escape from the vague language
of text and we will define the problem strictly with the help of mathematics. We will present the
problem with the help of integer programming and will explain where each limitation of the problem
is derived from.

Then, we will further analyze the algorithm on which we have based our own, describing
how it works and the challenges faced by the writers. In the same chapter we will also describe the
datasets with which we will work and on which we will measure our success. Having described the
previous algorithm, we will describe our modifications and how they affect the solution. Analyzing
the effect of each variable with extensive experimentation, we present the results we obtained using
this algorithm on the aforementioned datasets. We will compare these results with previous attempts
on the problem without limitations and finally we will see how the final result is affected when we
set more constraints.

Key words

orienteering, constraints, time windows, tourist trip design problem, ILS, machine learning, 2-OPT,
heuristic, randomization, insert, shake






Evyapiotieg

Oa feha vt apLepdo® ot TNV SUTAHATIKT 6€ GAOLG Tovg avBp@ovg mov Porinoav otnv
0AOKAT pwOT) TNG, eite Apeca oLVELGPEPOVTAG GE VTNV eite Eppeca, fonbmvtog pe oe OAN TNV didkp-
KELQL TWV POLTNTLIKOV POV XpOovwv. [Tdvw amtd dhovg Ba ibela va evyaplotricw Tov emPAémovta pov
AnpiTpn PoOTEKT Yo TNV cuveXn LITOGTHPLEN TOU, TIG WOEEG TIG omoieg Tpoctpepe kK&be Popd mov
dev n€epa mwg va ouveyxiow kot tnv kabodynor Tov, 6xL povo ota TAalol TG SUTAWHATIKNAG,
aAAG& 0AOKANPNG TNG akadNpaikhG pov {wng. Mov deiarte OxL povo alyopiBpovg oAl Kot TwG
OUUTTEPLPEPETAL EVOG KOAOG TTadorywyos. O dAA0G peydAog mapiyovtag otV SIpOpOOGT] QUTHG
NG SutAwpatikig eivar o Nikog B&Ong, adiidg yvwotog wg Soft Silverwind, o omoiog mapodro mov
TaLTOY POV SOVAEVE KoL XaXOALOTAV e TO OLkd TOL SLSAKTOPLKO, TAVTX elye YPOVO Yla Vo culT)-
Trioovpe 1Oéeg, KDLk 1) TNV poper] Tov ketpévou. Xwpig eaéva autr 1) dutdwpatikn Ba xpetaldotoy
aAAOV Evay XpOVo av O)L TEPLEGOTEPO.

Oanfeda va evyapiotion tov Nikoiao [amacmtbpov, Tov TpdTo pov Kabnyntr 6Tov Tpoypoy-
potiopo, o onolog pali pe Touvg Niko BaOn, avayidtn Apodvn ko Nikoia Kopaoidn pov épabov
Vo TPOYPOPHOTIC® KoL TG va PTLdY Ve SteokedaoTikd tpdypota pe vtohoylotés. Katd tnv Sudp-
KELX TV XpOvwv mov mépaca oto EMII eiya tnv tOxn va yvwpiow moArodg avBpdmovg mov e
BorBnooav o kabévag pe Tov Sikd Tov TpdHITO. OfAw® var evyaplothow to Kovaptéto Avta, EAnida,
Anuntpa, EAévn yioe 0Aeg Tig Opoppeg oTLypég mouv mepaoape pall, Tov [dvvn, tov TNdpyo kot Tov
Mnva yia 6Aeg Tig oulnroetg, tnv NikoAétta, tnv Mopiiéva, Tov Ilovayiotn ko tov Mépto mov
TAVTO POV kpatovoav mapéa kal Tovg Xpnoto, [wpyo, Niko, Apyopn, Baciin kot I'évvn yix tov
Kopo mov mepaoape pali. Kabe évag ammd avtoig pe €xel emnpedoel pe Tov Sikd ToL TPOTO KoL pe
éxel Ponbroel va avamtuxfo.

duoikd amd avth v Mot dev B prtopovoe va Aeimtel 1) otkoyévela pov, 1) omola pe otrpiée o€
k&Be Pripa tng Lwng pov, ot k&be epmddio, oe kGbe evkarpia, oe k&Be dvororia kot oe k&be evkaipio.
>tov adep@o pov Baciin mov mavta Tav Kot eival éva TpoTumo Yo péva, Tov adeped pov Iacova
e Tov omolo polpaldpaote TOG0 TOAAG, TOV ToTépa pov XprjoTo ov mavta pe miele yio vor lpton
0 KaADTEPOG £ALLTOG POV Kot TNV punTépa pov E@rn ov frav mhvto exel yio péva oe k&Be A0 ko
k&Be yapd. Téhog, B Beda va evyoplotiow tnv NidPn 1 omola ta teAevtaio xpovia eival to
OTHPLYHA HOU KOL TO ATOHO JE TO OTOLO PHITOP® VA HOLPAo TS k&be oTiypn.

Kovotavtivog Apepavng,

ABYva, 251 Maiov 2018
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KepaAaio 1

Keipevo ota EAAnvika

1.1 Ewaywyn

1.1.1 To mpofAnpa tov TpocavaTtoAlopod otnv akadnuaikn ipAroypagpio

TNV EMOTHUN TOV VITOAOYLOTOV TO TPOPANHA TOL Tpocavatoilopol (Orienteering Problem)
opiCet N onpela mov to kobéva TposPépel Eva dloupopeTiid kKEPSOG KAl Ve KOGTOG YL VO TTOG oTth
k&Be onpeio oe k&be GAro. toy0og pog eivor va v Ppodpe va povortdTt amd éva apyLlkd onpeio
o€ éva TeAkO onpelo Tov omolov To kKOGTOG dev EemepvaeL Lol GLUYKEKPLUEVT) TN Ko pog divel To
péyroto duvatd képdog. Tkepteite Evav PLAO TTOL EMLOKETTETAL TNV TTOAN S KoL GG {NTAEL VO TOV
TpoTeiveTe TOL Vo el ATtogpacilel va Pyaivel k&Be pépa otnv 9:007p Kot v yopvéel oto Eevodo-
xeto Tov oTig 8:00pp. XNy TOAN o0g LITGPYOLY TOAAL eviLa@épovTal pépn, adld Sev éxeL Tov Xpovo
va o emioke@tel OAa. 'HOn éxete Eexviioel puoe Moo pe Tow pépr) oL oTAd TPETEL VO ETLOKEPTEL
Ko pall pe auTd okéPTeaTe PEPT) TTOL Elvat KOVTA 68 auTd Ko mioteveTe OTL B Tov dpecav. Xtnv
ovvéyeln poomabeite vo Ta fadete o€ pa oelpd, Palovtag o oe PEPEG Kol e TL oeLpd Ba HToy
Ko\ va T emioke@tel. HOn Advete o pop@r} Tov pofAfHatov Tov Tpocavatorlopot! Av kot yio
Tov LTToBeTIKO GOG Pido Exete oke@Tel OepaTikéG HEPES KL LOWG VX LOVOTILLEPO GE KATTOLOV KOVTLVO
TPOOPLGHO, TO apXLlkd TPOPANHA TOV SLAPOPPWUEVO PKETA TTLO OTTAX.

To IItII eppoavicTnke TPAOTH POoPA oV TO TPOPANIA TOV TEPLTAAVOHEVOL TTWANTI] HE TEPLOPL-
opovtg (Constrained Travelling Salesman Problem). ¥to amAd mpofAnpa tov mepLmAavdpevon mw-
ANt mpéel v eLOKEPTOVHE Ot T PEPT) 6TOV eAdXLoTO duvatd Xpodvo. ATd v GAAT, oto IItll
vTTap)EL Eva OPLO GTOV XPOVO TTOUL EXOVHE YL EMLOKEYELS. XTNV EMOTNHN TwV VTOAOYLoTAOV To [TTIT
opiletal wg éva TPOPANUa PEATIOTOTOINGELS TO OTOLO EMKEVIPOVETOL GTO TTOLQL HEPT) TLPETIEL VXL
emokePtel kavelg kat pe oo oetpd. Ilépa omd tnv Tpopavr) epoppoyn Tov TPoPARHATOS GTO OU®-
VUHO GOANpa, LITEPYOLY TOAAG TPk TG TPOPApOTA TOL PITOPOLY Vo avoxBoOV 6To TPOPANp
TOU TPOCOVATOALGHOD.

Sto tedevtalo TpLavTa Ypovia To TPOPANHA TOL TpocavaToAGpoD £xel eEeliyBel amd éva oye-
TG Gonpo TPOPANpHO oe Eva KEVTPLKO £peLVNTIKO evdlapépov aTo media Tng dtakpltig Pertioto-
noinong. Evo Eexivnoe wg éva apretd Bewpntikd mpofAnpa otnv diaotadpwon tng Bewplag ypd-
@V KoL TG PeATioTonoinong, Ta Tehevtaio Xpovior TOAD TTL0 TPaKTLKEG TapaAAoyég £xouv ovo-
AvBel ta tedevtaio ypovia. Kabdg to mpdPAnpa Tov mpocavatoropot optpdlel, oL AVGELG OTLG
dLbupopeg mopaAhayéc Tov yivovton OAO KoL Lo KOATAAANAEG YLt EQAPHOYEG GTNV TPOYHOTLKT] (T
a@ol oTadloKd OAO KoL TEPLOTOTEPOL TEPLOPLOHOL amd TNV TTporypatikty {wn éxovv ewcayBel oTov
oplopd tov. Eva mapdderypa puag tétolog OloTpoTtiog amoTeAel 1) XpOoviKh @UGT] TOL LITOKEHEVOD
YpGapov, eite OTIG eMLAOYEG TTOL PITOPOVHE Var KAVOLHE kGOe oTiypr, eite GTOV XpOVO TOL QUTXXLTEL-
TaL Yoo TNV petafoon amd to éva péPog oTo emdpevo, OTwg oupPaivel kol o éva guotkd dikTvo
HETOUPOPDV.

Aboelg 6To mpOPANHa TOL TPOGAVATOAMGHOV GUUTTEPLAXPPAVOLY TOAAG TpoPATaTa TNG emL-
XELPNOLOKNG €PELVAG, OWG AOYLoTIKA TPoPApaTa Ko TTpofAnpata SPOpoAOYNONG OXTUAT®V.
AMeg epappoyég amoteAovv To TPOPANpa oyedioong evog TovploTikod TaELdLov (to omoio avapé-
pOpE TPV aTtd pePLKEG TPy piPpous), TO Vo AToPacicel kaveig mwg Bo epdoel Tov xpoOVo Tov o€
éva Bepaticd mapko, 1 dpopoAdynon drones mov paledovv TANpo@opieg kat To TPOPANHA TOL An-
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o1 Tpameldv, 6mov Tpémel va artoacicelg moleg tpduteleg Oa Anotéelg mpiv tedewwoet 1) Pevivn
o0To apdEL oov (Sev maipvovpe LILOYLV TNV AoTUVOpLC).

S oquTh) TNV ATAGHATIKT TToLpOLGLALOULE L VEX TTOPAAAXYT) qLTOD TOUL TPOPAUATOG, TO TTPO-
BANpo Tov TPOGAVATOALGHO e XPOVIKE Top&Bupa, eEAAYLOTOVG KL HEYLETOVG TTEPLOPLOUOVG. AUTH
1 véa tapadloyn) mpoépyeton outd To TTpoypotikd mapadeiypo Tov tpofAfpatog oxedioong tov-
ptotikol takdlon, d6mov k&b pépa o TovpioTag BéAeL va mephoel 6oov To duvaTdV KHADTEPA Ko
va kepdicel 660V TO SUVATOV TTEPLOGATEPA OITO TNV GOVTOWUN ETLOKEYT] TOV, EVH TALTOYPOVOL LKA-
vorotel k&rrolovg meploptopons. Evog tétolog meploplopdg eivor va emiokeptel éva eoTitdpLo. Av
dev emokePtel kavéva eotiatdplo, B ewvdoel. Ao tnv GAAN, pio SeTep) eMIOKEYT) GE EGTLATOPLO
dev B Tov TpooPépel emumAéov evyapiotnon.

‘Evag tpomog yia va Avbel awth) 1 véa mapodiayn eival péow piag Emovodnmikng Tomikrg
‘Epevvog (ETE). Oo kGVOULE pLor EKTEVT] TEELPOPATLKT) EPEVVA YLOL VAL XITTOPACIGOVHE TIG TUES YLK TLG
diapopeg mapapétpovg. Ta amotedéopata avtg tng vAomoiong B cuykptBody pe adyopibpovg
tehevtaiag texvoloyiog otig idieg Tomoroyieg. TeAkwg, Ba mapovoiaotel o vtdBeot) yiow GArovg
TpOMOULG emiAvong ko mbavoi peAlovtikol adyopiBpot.

1.1.2 Kivntpo

Onwg éxovpe 1dn deiket, ToAAX pofArjpata prropovv va avaybei oto IItIl Eyxovpe 1dn ava-
@éper To TpoPANpa oxedioong tovprotikov TaEdod. AAAeg e@appoyég ovpmeptiopPdvooy 1 ka-
Bodnynon texvik®v, 6moL Lo eToupeio Tpémel va amopaoicel mov O oteilel k&Oe TexViKO péca
otnv pépa. Ao topadeiyportar eivo 1) emmhoyr] oy vididv oe éva Aovva topk ko 1) kabodriynon
drones mévw artd mboavoig otdyovs. o Tov Adyo avtd, Aboelg oto IITIl amoteAody 10 avTikeipevo
eEQULPETIKOV eVOLOPEPOVTOG TOGO GTNV ETMLGTNHOVLKT] OG0 KoL GTNV eTOyYEAHaTIKY] KOwvoTnTOL. MéE-
XpL TOP, Bewpodvtay 0Tl OAa Ta onpeia elval NG idlag KaTnyoplag Kol GLVETOG PITOPOVCE VoL
OVTOAAGEOLE OTTOLOONTTOTE Yiot KATTOLO0 GANO. 2NV mpaypatikt) {wn OpwS, propet va Bélovpe va
ovpmeptdAdPoupe éva onpeio pog ovykekpipévng katnyopiog. To mapadetypa mov ddoope mopo-
OV pe TO éva eaTiotOplo dev eivar povadikod, kabmg Bo prtopodoe va eival otidrmote, Omwg éva
HoVGELo 1) LA GUVOLALAL.

Evo o péylotol meplopiopol éxovv peretnOei eig P&Bog oe moAA& papers ko oe TOAAEG TToLpOA-
Aayég, oL eldyLoTol epLoplopol éxouvv Aiyo oto Sylejmani et al. (2012), dev vrtépyer GAAN TTponyov-
pevn SovAeld mov va peAeTdel avTd TO TPOPANLOL.

1.1.3 Zvvewopopa Sumdwpatikig dratpiPng
O kUpleg CLVELCPOPEG AVTNG TNG EPYNCLOG ELVOL OL ETTOPEVEG:
1. Zxedraopodg ko epappoyr] evog aiyopibpov ILS yio tn Aden tov MMCTOPTW.
2. Z0ykplon pe vdpyovteg alyoplBovg 0T TEPITTOOT XWPLG TEPLOPLGHOVG.

3. ZOykplon g mepInTWOoTG He TEPLOPLGPOVG HE TNV QTTAT).

1.1.4 Ilepiypoppa Kepalaiov

3to kepdhaio 1.2, mapovotdlovpe Tnv wotopic, TN PipAloypagpia kol To amapaitnto teviKd
vrtoPabpo mov amouteitan yio tnv kotovonet tov Il Mapovoidlovtal pepikég omd Tig Lo yvo-
OTEC TTaPOANYEG HOCL e Lot ETLEKOTNOT) TV TPOTELVOREVOV AVGEWV. ZTO TENOG TaLPOLGLALOU|LE
v pabnpotikn Satdnweon yia to IIpofAnpa tov Ilposavatoiiopod kot tng maparloyng tov Ba
QITOTEAEGEL TO ETTIKEVTPO YLOL TO LITOAOLITTO TNG SLaTPLPTG, TO TPOPANLA TV EAXXIOTWVY KAl HEYIOTWV
TEPLOPLOPUDY 6TO TPOPANHA TOV OHASLKOD TPOGAVATOALGHOD e Xpovikd TapdBupo.

3to ke@dhouwo 1.3, e€etdllovpe TPOoEKTIKA TNV TPOGéyyLon Tov Vansteenwegen et al. (2009b),
070 £€pyo tov omoiov avtr] 1 dwxtpPr Pacileton oe peydro Pabpo. Mportov, Ba eEeTtdoouvpe mpo-
oextikd TN pebodoroyia mov akorovbribnke oto mpoavapepBév paper kot OGS owtr) 1 SxTpLpPry
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EMEKTELVI] QUTT] TNV TTPOCEYYLOT). XTI GUVEXELXL TOPOVGLALOVIE TOV TTPOTELVOUEVO TPOTOTOLNHEVO
oAyopiBpo.

3to kepdhoto 1.4 péow melpapatiopov oe dabéoipa ovvora dedopévwv, tpocdiopilovpe Tig
BéATioTeg mapapéTpoug mov eppavioval oTov aAyoplOud pog, tpokepévou va emttevyel To Ko-
AVtepo duvartd atotédeopa. O EpWTHOELS TTOL TPOKVIITOVV OUPOPOTVV TO GTOYXAOTIKO EVAVTLAL GTO
VTETEPHULVIOTLKO, TO AITANGTO KPLTHPLo oL TPémel va xproiporolnOel, av ) xpron kivjoewv 2-OPT
B pog ddroet kaAVTePo amoTéAeopa Kot TEAOG TNV emLAoyT] Tov PApoug Tov TTpémel va SOOGOLHE GTO
V€0 KOPPATL TOL AmtAnaTov kpitnpiov. IpdTov, deiyvoupe 6Tt yia éva dedopévo Pépog oL katnyopieg
K6Be eAdyLoTOL AKOAOLOODY KOVOVLKT KALTOVOpT]. TNV cLVEYXELA dELYVOUHE OTL IO GTALTLKT] TLUT] OL-
oV oL PBhpoug dev eivan BEATIOTN Ko TeALKA Stepevvoipe i poper Stochastic Gradient Descent
(SGD) ywx va ptéoovpe oe pia BEATIOTN T, TOLTOXPOVOL HE TNV ETIAVGT) TOV TTPOPATHATOC.

>to kepdiouo 1.5, Ba cuykpivovpe TPOTO TOV AAYOPLOUO HaG GTO GEVAPLO XWPIG TTEPLOPLGHODG
évavtt ng Abong ILS otnv omola PBaciletal 1 epyaocio pog. Apydtepa oo keparoto Ba detEovkpe
TNV opaAt] Helwot) Tov emitevyBévTog amoteAéopaTog KaBdg oL TEPLOPLOOL YivovTaLl avaTnpOTEPOL.

310 ke@AAowo 1.6, avopépoupe TIG peAAOVTIKEG epyacieg Tov Ba propodoav va yivouv mave
o710 TPOPANHA KaL TOUg vEoLg TPOTTOVS TPocéyyLonc. EmumAéov, mpoteivoupe enavtnoeig otnv Tpé-
XOuox TPooéyylon kat GAleg TapoAhayég TAPOIOLES HE TNV GUYKEKPLUEVT).
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1.2 Iotopia Tov TpoPARpHATOg KL facikég TANPOPOPiEG
1.2.1 Iotopiax

To IpoPpAnpa tov Ipocavatoricpotd (OP) mepryphonke yia mpotn @opd oto Golden et al.
(1981), aAA& 0 6pog OP om0 yioe Tpdtn popd oo Tsiligirides (1984). Xt cuvéyewr, oto Golden
et al. (1987) aurodeixOnke 6tL 10 OP eivar NP-hard. To OP éxer mpoxdyer amd to TSP ko oA
gyypago avapépovtat e avtd wg Constrained TSP (Laporte and Martello (1990), Gendreau et al.
(1998a), Thomadsen and Stidsen (2003)). Mia woA0 pikpn) moapoddoyr) tov OP givar to Team OP
(TOP). Ze avtrv v moparloyr], avti va avalnticovpe povo pia, {ntovvrar M Swadpopég, kdbe
piow amo Tig omoleg propel vor Eekva ko var Teleldvel 6TLG LOLEG KOPLYES, aAAd va dev popel va
potpaletar dAlovg kopPoug. Opiopéveg amd TIg TPaKTIKEG eQappoyég Tov OP meptlapfavouvy Tov
TEPUTAAVAONUEVO TTWANTH HE AVETOPKT] XPOVO Yla vau emlokePTel OAeg TIG TTOAELG TNG TOANG KOl TO
TPOPANHA TNG TAPES0oTG KOG WY 6TO 0T0L0 £vag 6TOAOG POPTNYHOV TPETEL VA TToPAdDGEL KO-
Ol o€ Evoy PeyaAo aplBpd medatdv oe kabnpepivr) faom kot 1 otédBun tov arobépatog Kavsipwy
KG&Be meddn mpémel va dratnpeital oe katdAAnAo eninedo avé thoa otiypr). Qg ek TovTov, K&be
meldtng autovépeton Pabpodoyio avéhoya pe To tpéxov fj to mpoPAemdpevo eminedo amobéportog
Kowoipwv. O Tpoodloplopdg TOL LITOGLVOAOL TV TEAXTOV Yia TNV eEumn pétnon ot kK&be pépo koL 1
Sradpopr) Twv optnydVv eivar ovotaotikd To OP. AAeg epappoyég mepthopPévovy tov Odnyd Sye-
Sroopov Tovprotov Ta€diwv (Thomadsen and Stidsen (2003); Vansteenwegen and Van Oudheusden
(2007)) Twx To aptkd OP, vtdipyovv apketd dedopéva cuYKPLTIKAG AELOAOYNOTG, T OTTOL0 HITOPODVY
va BpeBovv ota Tsiligirides (1984), Chao et al. (1993), Chao et al. (1996b) kou Fischetti et al. (1998).
I'ox To TOP vmapyovv moAAG akdpo ta omoio prropovv va BpeBotv ato Chao et al. (1996a) kot Dang
et al. (2013b). ZuvoAikd, viapyovv Sabéoipa 385 mapadeiypota pe 21 wg 500 kopueég yioe To OP
Ko 472 mopoadeiypoto pe 21 ¢wg 399 xopugéc. Ilepiocdtepeg mAnpoopieg propovv v fpeboiv
oto Al

T v avtetomiot tov OP éyouv mpotabei apketol akpiPeic adAd ko evproTikol adydpld-
pot. Ov akpifeig Adoelg propotv va Ppeboldv otov mivaka A Kol TIG EVPLOTIKEG AVGELG OTOV TIi-
vaka A. Ov axpifeig Aoelg mepthapfévouv aiyopibpovg Branch and Bound (Laporte and Martello
(1990), Ramesh et al. (1992)), Branch and Cut (Fischetti et al. (1998), Gendreau et al. (1998a), Feillet
et al. (2005), Dang et al. (2013a)), Branch and Price (Boussier et al. (2007)) ko Cutting Plane (Leifer
and Rosenwein (1994)). K&Be éva otd avtdr ta papers metpopartiletal otny e€ebpeot twv PEATIOTWV
Aoewv koBog EedumAdvoupe Tov Xdpo avalhtnong.

Amo v GAAN TAevpd oL evploTikég péBodol kuplopyovv To medio ta tedevtaia xpovia. Evad
PV atd To 2000 TapaTpoVE eVPLOTLKEG HeBOSOVG KATOOKEVOGHEVES CUYKEKPLUEVA YL QLUTO
0 TPOPANpa 61twg To Centre of Gravity (Golden et al. (1987)), tnv evplotikn} Te66&pwV PACEWDVY
(Ramesh and Brown (1991)) fj tnv evpiotikn mévte fypdtwv (Chao et al. (1996b), Chao et al. (1996a)),
T TEAELTOLX YPOVIX TOPATNPELTAL 1) EPUPROYT] YVOOTOV EVPLOTIKGOV TUPOAAXYHEVOVY YL VOL TOL-
pt&€ouvv otnv @voT tov poPAnpatoc. Ta o yvwotd papers mepihapfavovv Greedy Randomized
Adaptive Search Procedure, Tabu Search, moAAég Siagpopeticég mapariayég tov Variable Neigborhood
Search, Iterated Local Search ko puoiké cuvdiaopodg avtmv, dmwg eivor o adyoptBpog Simulated
Annealing with Iterated Local Search. dvoika n AMota dev O popovoe va eiva TANpng kot pe pe-
pLKovg alyopiBpoug pe vonpoovvn opnvoug 60mwg eivoe To Ant Colony System ko Particle Swarm
Optimization. Mot TAnpn Aiota Twv aAyopiblov kot Twv dnpocteboewy 0oL ToUPOLCLAGTNKOLY
paivetol otov mivako A.

1.2.2 THoporioyég
Me tov koupo éxouv eppaviotel TOAAEG TOPAAACYEC, KOITOLEG EPTTVEVOUEVEG OUITO TNV TTPOLYHA-

Tikn) Lo kot GAAeg appiopntovrog mponyovpeveg vtobécelg. Ot o Yvwotég petakd aut®v eival
ot akOAovbeg:
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(Opadikoc) Ilpocavatohiopdg pe Xpovika Hoapdbupa - (Team) Orienteering Problem with
Time Windows [(T)OPTW]

Xpovikd EEaptnpévog Ipocavatoriopdg - Time Dependent Orienteering Problem [TDOP]

ToEwtog pooavartoiiopdg - Arc Orienteering Problem [AOP]
e Ytoyootikodg IIpocavatolopdg - Stochastic Orienteering Problem [SOP]

e Tevikdg [Iposavatolopds - General Orienteering Problem [GOP]

1.2.2.1  (Opadikog) Ipooavatoropdg pe Xpovika Iapdbuvpa

1o mpoPAnpa avtod k&Be avatiBeton oe k&be kOpPo Eéva xpovikd mapdbupo [O;, C;] kan o
eniokeyn oe éva kOpPo propel va Eekivijoel povo péoa e avTd TO XPovikod apdbupo. Amd ypopo-
BewpnTikt] KoM ovTIKOBLGTOOpE TOV OTATLKO YPAPO e évay xpovikd (temporal) ypagd. Avti 1)
TOPOAAALYT] TTPOEPXETAL KUPLWG atd TNV Tparypatikny {wr) 0tov ToAAG aELloBéata éxouvv Bpeg koLvoD
péoa 0TLG oTToieg PIopel Kavelg va T emlokePTel. AvTh 1) HiKpT) SLopopd €xeL peydAn emtidpact oTLg
pebddoug emidvong. Evd oto mapadooiakd (T)OP ot mepiocdtepeg AOOELS X PTIOLLOTOLODV KLVIOELG
2-OPT, oto (T)OPTW awrtr] n péBodog dev pmopeig va epappootei omotedeopatike. H avraioym
d0o emokéPenv propel va odnyroet pio §) ko Tig dvo va mpoypopaticBodv ektodg TOL TAPaBD-
pou toug. EmumAéov, eve oto (T)OP yperaldtov va kpatricovpe vmdyv povo pio petafintn yo
Tov o600 Ypovo éxouvpe akdpa diabéoipo, oto (T)OPTW 10 mdoo pmopodpe vo ompidEoupe ke
emiokeyn diopépet.

1.2.2.2 Xpovikd EEaptnuévog IlpocavatoAiionog

Onwg ko otV ponyodpevn apoddoyr, £Tol kot €8, pihdpe yioe évav xpovikd ypago. To
péyeBog mov e€aptaton atd Tov Xpovo auth) TNy popd eivor to Papog Twv akpdv. To mdoo pokpi
elvor 800 kopPor dev e€aptdton mAéov povo amd Touvg kOpPoug, aAAd ko amd Tov xpoévo. Avt
N mapaAloyn emiong TPoKLITEL OO TNV TPAYHATIKTY {wh) OTov avaAoya pe TV Kivnon Kot To
SPOpHOAOYLO TV GLYKOLVWVLMV 0 XPOVOG TTOL autatteitan yio Tnv petdPacm amd To éva onpeio 6To
aAro dapéperl péoa otny pépo. Eva dAro mopaderypo eivor o xpdvog mov amronteitan vor mepLpével
KOWVELG oTNV oLp& o€ v Aovva TPk, Eva péyefog To omoio aAAGlel péoa otnyv pépa.

1.2.2.3 ToEwtog IIpocavatoriopog

Ye autr) v apariayr o képdog Ppioketor oTIg GKpeg KAl OXL GTIG KOPLPES TOV YPAPOU.
Mopadeiypota yia avtd To TpOPAnpa mpoépyovror amd To medior TwV TNAETIKOLVOVIOY KoL TWV
petopopodv. Exel ammoderyBel 6TL puar mepintwon tov AOP pmopel va avayBel oe o mepintwon
tov OP. O mpotewvopeveg Aboelg mepthapfavouv ILS, Subpopouvg evpiotikots adyopibpovg oo
to Gavalas et al. (2015), Branch-and-Cut kot vBpidikr) Tabu Search pe @pb&on diapopormoinong oo
v axpiPry Abon tov ILP.

1.2.2.4 Yrtoxaotikog IIpocavatolicopog

Av ko péxpL topa, OAo Tow peyédn oo TPOPANHA TOV VIETEPULVUGTLKY, DITAPYXOLV HEPLKES TTO-
porhayég Tov OP omov éva 1) meplocdTepa peyeln oyetiCovral pe pia mBavOTnTa 1) P KOTaVOpT.
1o poPAnpua Orienteering pe XZtoyaotikd Képdn (OPSP), To képdog mov autokopileton amd puot ko-
puyr) elval pio Tuyodor petaANTH oL akoAovBel piot Kavovikh KoTavopr]. Amd tnv GAAN TAeLpAQ,
07O TPOPANHA TOV TPOCOVATOALTHOV [ GTOXAOTLKOVG XpOvoug TaELdlod kot xpovo eEumnpétnomng
(OPSTS) o xpdvog mov amonteital yio vo oAokAnpwBei pio eioken oe e kopuer) 1) vae Saoy1Bei
e Gcpn AopBavetan otd puoe yvwotr] kotavopr. Eva poktikd mopaderypo tov OPSP oto TTDP
elva va mpoypoppoartiotel To Takidt povo Paoel tng fabporoyiog yia k&be vtoymgLo pépog ywpig
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va E€pel autd mpLy OG0 O amoradoel Tpoypotikd TN entiokeyr). Ao tnv Al Thevpd, To OPSTS
elval ooy va tnyaivel kavelg 0T 6Tdor Tov Aew@opeiov xwpig va éxel et to xpovodidypayppe. To
note Oa £pBel To Aewpopeio eivan po Tuyaior petafAnth. Mo GAAN mpoTevopevn epappoy eival
éva Oepaticd TapKko OOV TO PIKOG TNG 0VPAG o€ kB oy vidl TpoépyeTon amd pior Starvopr). Zv-
viiBwg, 0 6TOY0Gg TwV Adcewv o TéTola TpoPAnpata eivon va e€ocpaiiotel éva oplopévo OpLo pe
ko) mBavotnTo. o mopdderypa 6TL O pTédoete oto Eevodoyeio mpy amd Tig 20:00 pe mhovoTnTa
peyadvtepn amd 90% 1) 0TL Ba CLYKEVTPHOCETE TAPUITTAV® ATTO £va OPLOPEVO KEPHOG.

1.2.2.5 Tevkog [IpocavatoAiopog

H dwaxgpopd avtng tng mapariaynig pe Tig mponyovpeveg Ppicketol 6Tov TPOTO TOL LITOAOYI-
Covpe T0 GLVOALKO KEPSOG piog ADomg. Méxpl oTLyprg To cuvorlkd képdog fTav 1o dBpolopa OAWVY
TWV EMPEPOVS KEPOIDOV TWV KOPLPWDV TTOV EMLOKEPTHKOHE. XE AUTH TNV TOPAAAOYT] TO 1) CLVAP-
o képdoug prmopel va eivor viTép- 1 Vo-ypoppky. Avtd to TpoPANpa Tpoomabel va meptAdPel
Vv oxéon petalld dioupopetikdv kOpPwv. OL oxéoelg avtég propel vo elvar ocvvepyaTikés, OmWg
TO VO ETLOKEPTEL KAVEIG TNV AKPOTTOAT] KCL TO HOVGELD TNG QtKPOTOANG 1] OVTAYWVLGTIKES, OTTWG 1)
enickeyn oe 00 SLLPOPETIKA EGTIATOPLAL GE HLKPO XPOVIKO SLACTNHCL.

1.2.3 Opiopog kot MaOnpatikog PoppaAiopog

>e oot TNV evotnTa, Oa ddoovpe évav erionpo opiopd tov OII kar tov MMCTOPTW. Ectw
éva A peg P katevBuvopevo ypaonpua pe Papr ko N kopugéc, 1 k&Be pic pe képdog P; ko ypodvo
emokéPeng Vi. Eotw 011 To Bdpog Tng akprg ej mov SnAdveTal tjj avTipocmmedel TO XpOVO oL
amonteiTan yio Ty petakivnon amd tnv kopuen i otnv kopu@r j. OL TIHEG Ej LKVOTTOLOOY TNV TPLY®-
vikf) avieotnta, dnhadn Vi, j, k : t;; < tig, + ti;. Eoto pia apyikn kopuen S ko pio TeAikr kopoer
T. O otd)0G oL OP eivor va kaBopicet pra oty Stadpopr] ortd v kopven S otnv kopver) T dudp-
Keag pkpotepng 1) tong pe kdrrora Tt Tiax £TOL OOTE VO HEYLOTOTOLEL TO Y P TV KOPLPDOV 6TO
HOVOTT&TL.

Mobnpatikd, propetl vo dtatvmwbel wg mTpdPAnpa aképatov mpoypappatiopod (IP). H padn-
potikn dtotvmworn tov wpofAfipatog IP propei emiong va Bpebel oto Vansteenwegen et al. (2011).
Eotw x;j = 1 étav pia entickeyn otnv kopuen i akolovbeitor amd puo enickeymn otnv kopover j- 0
Swapopetikd. Eotw u; eivon 1) 0éon tng kopueng i 6To athd povordTL.

N—-1 N
Mazx Z ZPZ.Z” (1.1)
i=1 j=2
Zl’sj = inT =1 (1.2)
J#S i#T
N N
wp =) ap <1y VE#ST (1.3)
i=1 j=1
N N
Ve + Vr Vi+V;
T + Z Z Tij (tw + 2 ) < Tmax (1'4)
=1 j=1
1 =ug <u; <up=max(u;); Vi#ST (1.5)
ui—uj+1 < (uT—l)(l—xij) Vi, (1.6)
wij €{0,1} (17)
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H avtwcepevikr ouvaptnon 1.1 peyiotomolei t ovvoAwkr] fabporoyio mov éxel ovykevipw-
Bel. Ou mepropiopoi 1.2 BePaidvouvv OtL 1 dtdpopny Eekivd amtd v KopLPr] S KoL TEAELWOVEL GTNV
kopuet) T. Ov eplopiopoi 1.3 e€acpariCovv n cuvéyela tng Stadpopng kot eyyvadvton 6Tt k&be Ko-
pLeN emokénTETAL TO TOAD pa popd. Ot meplopiopol 1.4 emPaArovv Tov meploplopd Tov Xpovou
otov mpovmoroytopd. Ot mepropiopol 1.5 kot 1.6 elval aapaitnTeg yuor TNV ato@uyn TV emté-
poug SLodpopdv. Adyw TwV TPONYOOHEV®VY TEPLOPLOR®Y, K&Be KopLET €xeL HEYLOTO £L0EPYOHEVO
Ko e€epyopevo Pobpod 1. Ao avtd WTopoOpE VoL GUUITEPAVOLHE OTL EKTOC OO TLG CLITOHOVWHEVEG
KOPLYES, TO Ypaynpa Bo mepiéxel amAd povomdtia ko k0kAovg. Ot empépoug Sradpopég eivar ot
KOKAoL o€ avTod TO Ypapnpo. Yéyvoupe yia i eviaia mopeio kol GUVETOS cLUTTEPLAAPAVOLHE OL-
TOVG TOUG TEPLOPLOUONG YL TNV eEdAeln Twv KOKA®VY. AvTol oL meploplopol cupmeptiapPdvovton
ovppwva pe tn drotvnworn Miller-Tucket-Zemlin (MTZ) tov TSP (Miller et al. (1960)).

Mo eméktaon oto apyikd OP, mov Ba mapovoidoel evdiapépov yio avtr tn dwatpfr, eivar
0 OP pe Windows Time (OPTW). 3¢ avtrjv tnv eméxtaon, 1 neiokeyn oe kdbe kopur propel
va payportonondei povo katd tn didpkela tov ypovikod mAausiov [0y, Cj]. M GAAN enéxtoon
tov OP eivow 1o Team OP (TOP), oto omoio amartovvron D povomdtio avti yia povo éva, kot
eved OAa Eektvolv kot tedewdvouv otig idieg Béoelg, dev potpdlovtar dAlovg kopPoug. Emopévag,
k&Be dpaoctnprotnta propel va cupmeptAneBei povo pic popk oe dAa T povomatia. TéNog, 1) emé-
KTOOT) TTOL Ttoepovotdletal outd ot T SrotpiPr] eivor to Minimum-Maximum Constraint TOPTW
(MMCTOPTW), 6700 €KTOG 0td TOL TTPOTYOUHEVAL XOPOKTNPLOTIKE, k&Oe kopuen £xel éva Siévu-
opa xatnyoptdv K;. Emurléov, ta o Staviopata m ko M vrodniodvouy Tovg eAdytoToug Kot
HEYLOTOUG TTEPLOPLGHOVG TOL TPOPANHATOG avTioTolyo. QG AMOTEAECUN OAWY TWV TOPATAV®, 1)
poOnpoatikn Sratdnmwon tov OP mpémer va emaveetaotel. Xt véa Satdnwon, Bo tpootedel évag
QKO delkTng oTIg TEPLoTOTEPES OItd TIG PETAPANTEG pag yio va viTodeiEoupe TNV NEépa TTOL ava-
@é¢povpe. EmumAéov, Ba etoayBov mpdobetol meplopiopol yio va ekppasToOV oL TepLopLopol X povou
TOV XPOVIKOV TTapafipwv kot oL eAdyLoTol kal péylotol meptoptopol. I va ekppdoovpe Toug me-
PLOPLORONVG TV XPOVIKOV Topadnpwv, 1 peTafAnTr sz SnAdvel tnv évapén tng emiokeyng ot
dpaotnplotnTa i 6T0 povomartt d.

D N-1 N
Vs Y33 P =
d=1 i=1 j=2
D
Z D Tsie =) wira = (19)
d=1 j#S d=1i#T
N N
Y k=Y wpja <l Vk#STivd (1.10)
N N
Vs +V, Vi+ V]
S DD waltiy + — ) < TV (1.11)
i=1 j—1
Sia + T +tij — sja < M(1 — x45q);  Vi,5,d (1.12)
1 =wugq < ujg < upg = max(u;); Vi#S,T (1.13)
uig — wjg + 1 < (urg — 1)(1 — x45q0); Vi, Jj (1.14)
O; < s8ig < Cj; Vi, d (1.15)
|Ki|1=1; Vi (1.16)
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D N-1 N
<SS Kirga < 1 (.17
d=1 1=1 j=2

Tijd € {O, 1} (1.18)

H avrtikepevikny ocvvéptnon 1.8 tdpa eivon éva dBpotopa ce 6Aeg Tig Sadpopég. O meplopt-
opog 1.9 ekacparilel 6t k&be pépa Eexiviel amd S ko telewwdvel oto T. Ol meplopiopoi 1.10 eEaopa-
Aillovv T ovvéyela g mopeiog oe kabe nuépa kar drac@aiilovv OTL k&Be KOpPLET emMOKETTETOL
70 TTOAD pioe popd kéBe pépa, 6mwg mapamdvw. Ot eplopiopoi 1.11 PePocdvouv ot dev vdpyeL
vrtépPoact tov mpobmoloylopot xpovov kdbe dadpoprg. O meplopiopoi 1.12, 1.13 ko 1.14 eivon
QUITOPALLTITEG YLOL TNV QITOPLYT] TV EMUEPOLS SLadPOUOY GVOUPwVa e TNV TuTtonoinen MTZ tov
TSP. Ou epropiopoi 1.15 Stacpaiilovv otL oL ypdvol Evapéng eivot evTOG TOL EXLTPETOUEVOL Y PO-
vikov hauciov. Télog, ot meplopiopol 1.16 Sroecparifovv 6Tt k&Be KopLPT avikel akplPadg ot pio
kotnyopia. Ot meplopiopol 1.17 ex@palovy TIg eEAXXLOTEG KoL HEYLOTES ETMLTPETOUEVEG KOPLPES KGO
Kot yopiog.
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1.3 Xxedraopog kot vAomoinon

1.3.1 Xxedwaopog kot Yhomoinon

e autd TO KePhhalo B SOCOLHE TPOTH Lo TTEPLYpapr) LYNAOD emmédov Tov adyopifpov
oto Vansteenwegen et al. (2009b), otn ovvéxelx Bo epPabivoupe oTig TeXVIKEG AETTTOREPELEG KOl
TéAog B TapovoLicovpe Tov Sikd pog adyoppo.

IMiotedouvpe 6TL 0 dpog “POI” mov xproipomoleital otny avapepopevn dnpocievon dev mept-
ypapeL oAOKAN PN TNV évvola wTob oL BéAovpe va ekpploovpe pe pia emtioker), Kabdg ex@plet
KUPIWG JL XWPLKT] ovTOTNTA £V BEAOUpE VOor SOOOLE ELPAOT) KAL GTOV XPOVIKO TG XXPOKTHPOL.
Tt awtdv TOV AdY0, 0t €86 kaL oo €€Ng, Ba Tig avoupepBolpe wg Activities, oL omoieg AapPdvovv
XOpo oe pio tomobeaia, aAAd éxouvv emiong xpovikd mapdBupo. Avtr 1) 1déa mepLypdpel kKaAdTEpaL
YEYOVOTO OTIWG OL GLVAVALEG, SLVOVTOG EUPAOT] GTO YEYOVOG OTL EVG TTOAAEG SpaaTnpLOTNTEG PIto-
polv va mpaypatomonfoiv atnyv idia Béomn, 1) k&Be pio eivor SropopeTi).

H mpotewvopevn Adon eivon pioe emavoropPovopevn tomikr) avalrjtnon (ILS). O apyikdg -
YopLOpog mepLyphpetor mopakdtw. Xe k&b emavainym, ot Apactnplotnteg elodyovtal drinota
otV Tpéxovoa AVCT XPrCLLOTOLOVTRG Hict EVPLOTIKH oLVAPTNON Y v aEtodoyrBouv ot mibavoi
vroym@LoL, £wg 6Tov dev popolv va elcayBovv mepiocdTepol. Apov elcayBovv OAeg ol duvatég
Apactnprotnreg, a€loloyeiton 1) véa Abor. Av givon kadOTepn atd TNV KaAdTept AOoT) TOL EXOLE
Bpet péxpt oTLypnic, kévoupe autrv TV kKoAttepn Abor). Xto TéAog Tov Ppdyxov, apoipodvTal Tur-
poto TG TPEXOLOOG ADONG YLl Vo LITOPEGOUHE var dnpLovpyrjoovpe pia véa Abor). EmoavolopBé-
voupe autr T ddikacio éwg 6Tov 1 Abon dev PeATiwbel yia 150 emavoarnPerg. Kabohg ou Apa-
OTNPLOTNTEG ELGAYOVTOL KL GTI GUVEXELX QLPALPODVTAL, OL TTaPoyOpeVeS ADCELG VO OVGLACTIKK
delypata orrd pio Katavopr) outd Tnv ool SLatnpovpe To éva e To LYMAGTEPO KEPSOG.

OvolaoTikd, propovpe va Stapécovpe Tov alyoplBpo oe téooepa Eexwplotd Pripota. Apyiko-
moinon, elooywyr], aELOAOYNOT Kol apaipect). ApYLKOTOLOV|E TOL HOVOTTATLY, OTI) GUVEXELX ELGA-
youpe 660 to duvatdv meplocdtepa péca oe évav Ppdyxo, aEloloyolpe n véa ADoT), A@oLpovpE
THAHOTO TOV, YLOL VOL ATOKTHGOUVHE £vol VEO OTO eTtOpEVO Pripa.

Evo katd Tnv mpddtn avéyvewon auto propel va gaiveton oav évag ebkoAog alyoplBpog, vhp-
XOLV KQTOLEG TTayideg oV epappoyr mov mtpémel va An@Botv voyn. Apoo Ppolue tnv emdpevn
ApooTnpLOTNTA YLO VAL ELGAYOUE KOUL TTOV VAL TNV ELGXYOULE, 1) ST prjoT) TV Sop®v deSopévav pag
MOTE VO VAL GUVETTELG YLOL TNV eTTOpEVT) eovaAn P Oev elval acT|HavTr). AOY® TOL XPOVLKOL TTopoL-
B0pov, Omwg avopépdnie Tponyovpiveg, k&be emdpeVOg XpOVOG EKKIVIONG TTPETEL VO LTTOAOYLOTEL
ek véov. To GAAO epdTNHA TTOL YiveTan Lo SOOKOAO elvol AV HLOL GUYKEKPLUEVT] SPAOTNPLOTNT
propet va ewoayBel otn Ador. Xto TOP, Siatnpdvrtag pro petafAnti avé povomdrtt yie to md6co
mepLocOTEPO XpOvo Popolpe va yprotpornotcovpe yio véx POI eival apreto, adid oto TOPTW
amouteiton pioe petofAntn yuoe kaBe ApaotnplotnTo Ko TPETEL VoL EVIHEPOVETOL PETG otd KGDe eL-
ocoywyn. Avtr n petafAntr ovopdletar péylotn petatonion. Exmpoowmel mdéco apydtepa pmopet
va Eekvijoel ovTh 1) ApactnplotnTa.

M onpavtikn PeAtioon 660V apopd To XpOVo eKTEAEOTG elval 1) ETTLAEKTIKT) eEETACEL TWV
Apactnprotitowv ot k&be emoavaAnym. Av dev propovoope var pTAGOVHE Ge pioe ApaoTnploTnTo
OTNV TPOTYOUHEVT) ETOVAANYT), TOTE HeTA TNV TPooOnkT pog akopa Apactnplotntag otrn Adon
pog, dev Ba eipacte eniong oe Béon va v pTdcovpe. Adyw Twv Xpovikdv mapabipwv, Bo prtopoo-
COJLE VX PTAGOVE YL PLot SPAGTNPLOTNTO VWPLTEPOL OTTO TNV MPO EVOPENG. X aLUTT| TNV TTEPLTTWOT),
Oo mpémeL va weppévoupe. Auvth eivon por GAAN petaPAntr mov mpémel va evpep@veTal o€ KaBe
TPOTOTOINGT) TNG AVGTC.

Otav eicdyete pua véa dpaotnprotnta to Vansteenwegen et al. (2009b) Aapféver vrdym Sdvo
npbypoto: Xpovog ko Képdog. Evd 1o képdog eiva a6 otn pOBuion twv tpocbétwv, o xpovog
npémnel va AapPavel vdyn tOco v enickePn 660 kot Tov xpovo Ta€Ldlov. I To oxomd avto, ot
ovyypageig éxovv opicel tnv petaPAnti Shift, n omola eivan méco apyodtepa Ba pTdcovpe TNV
eMOpEVT ApaoTnpLOTNTO €AV EMOKETTOUAGTAV TN VEX Apactnplotnta. Zovddacav autd To SO0
e pio ToAV kopym pétpnon Ratio = % TN k&Be vroym el ApactnploTnTao XproLlomoLeiton
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10 eAdiyloto Shift. H ebpeon tng eAdylotng HeTaTOMIONG amattel TNV Tpoowadela eLoaywyng tng
Apactnprotnrog petakd k&be dvo Sradoyikdv ApactnplotTewy Tov vtdpyovy ot Abor. [ pe-
YOAEG TTEPLTTMOGELS, 1) TTOALTTAOKOTNTA TNG EVPESTC AVTHG TNG EAGXLOTNG pHeTaTOMIoNG dev elval
opeANTE.

St ovvéxela, o emikevtpwBope oTo Pripa Tng apaipeonc. Apoo akloloynBei kaBe Ao, mpé-
TLEL VAL OLPOLLPECOVHE €Vl PEPOG ATTO ALUTTV, €T0L WoTe va dnpovpynBel pua véa, Sapopetikn Adom.
Ytov alyopBud tovg, mpoomabolv va kovvrjcouvy Atydtepo amd to 1/3 tng tpéxovoag Avong. H
ek véou exkivnon dev mpoopépel timota, kabdg 1 Ao eivan kaBoprotiky, omtdte Oa katadi€oupe
va dnpovpyricovpe Adoelg mov éxouvpe 1o det. Na va emtevyBel avtod, petd amd kdbe kodvnua,
av€dvouv tov aplBpd twv Apactnplotrtwy mov Ba apaipebovv katd 1. Eniong, to onpeio évapéng
yla g aaipeong avkavetal pe Tov aplBpd twv Apaotnplotitwy Tov éxovy aporpebel.

Ot tOmot yia TNV evijpépwot Twv dtoupdpwv mocothTev cuvoyilovtat oto 3.1. O apxikodg Yev-
doxwdikag mapartifeton mopoakdtw oto 3.1, 3.2 ko 3.3.

1.3.1.1 AAyopiBuog

O apyrdg adyoplBpog mpémel va emaveEetaotel yioo var An@Bodv vtdym oL eAdyloTol Ko pé-
yiotot meplopiopoi. Ot péyltotor mplopiopol eivar oAb ebkolo vo tnpnbodv. H povn avoykoio
Tpomornoinem eivar 6to Pripa eloaywyng, 0mov oL Apactnplotnteg mov e€etalovtal, dev B Tovg
nopofialav edv eiyav etooyBel. Ao TV GAAN TAELPA, 1) THPNOT) TV EAAYLOTOV ATOLTHOEWDV OeV
elvar t6o0 oAy IIpopavadg, pikpd eAdylota o GUXVEG KaTnyopieg oe peydho povomaria Oa tica-
VOTTOLOOVTOUL TTAVTA, OtkOpT Kol He Tov apyLkd adyopiBpo. Qotdc0, OTaV oL TTepLlopLlopol elvat Lo
QITOULTNTIKOL, OL ADCELG TToV TTapdyovTal artd Tov apykd adyopiBpo mbavortata dev Ba eivar éyku-
pec. Emopévag, 1) evpnotikn ouvaptnon mpémel va Pedtiobel yia va Sdoel mo epikTég Aboelg o
oL VAL

(Profit;)?
Shift;

Demand|Category;]

Ratio; = (1+WwW (1.19)

Supply|[Category;]

Avtdg 0 kavovag Ba avapépetal atd edm kal 0To €€ WG TeTpaywviko képdog, ToAAamAacia-
otk {nnon mpog mpocpopd”. Mlapdro mov e€axorovBodv va eivar dvvartég Aboelg mov dev eivon
EPIKTEG, O TPOTTOG He TOV omolo mapdyovtal oL Avcelg, divel potepatdtnta (o€ kdmoto Pabpod) oe
ApacTnplOTNTEG TTOL AVHKOLV € KarTnyopieg mov éxouvv {ntndei. Onwg Oa pavei, cvth ) et tpo-
TOTTOLNOT) ElVaL APKETT] YLOL TNV eMiTeVEN ADoewv LYMAT G oot Tog yioo to MMCTOPTW. Mia &AAn
Tpomomnoinot mov Poribnoe otV TaHpaywyr KAADTEP®Y AVGEWMV TOLOTNTOG ELVOL 1] ELGXYWOYT HLOG
HIKpNG TUXoOTNTAG. ALTO emITLYXAVETOL ToAAaTAacLdlovTtag To Ratio; pe évav Tuxaio aplOuo
IOV TTPOEPXETOL AT L OHOLOHOPPT) KOTaVOpT]. PUOLKK, AUTEG OL TPOTOTOLNGELS SHLOVPYODV TO
EPOTNHO TOV TIHOV TTOL TPETEL Vot £XOLV AUTEG OL TtapdpeTpot. [lapdlo o ot apyLkol cuyypopeig
dev ypnoponoinoav kivroelg 2-OPT, Oa tpoomadrcouvpe pepikég maparloyég mov Ba propovooy
va pog Ponbricouvv otnv emitevén KOADTEP®VY TOLOTIKOV atoTeAeopdT®VY. O Yevdokddikag yio To
2-OPT pmopei va Bpebet oo 3.4.

1.3.1.2 Ileprypopn twv dedopévmv

Tt GAovg TOLG LITOAOYLEHOVG, TO GVVOAO dedopévwv mov Tepthopfdvet 113 tomobeoieg (Lovoein
KO YKOAEPL TEXVNG, PYOLOAOYLIKOVG XMOPOUG, HvnHeio Kot opdoTa, dpOHOUG Ko TAaTelES, YELTO-
viég, ekkAnoieg kat Opnokevtikr kKAnpovopLd, mhpka) ot omoieg fpiokovtal 6o kévpo tng AbBrvog
ko Tov [Tetpoud. Amod Tig mapamdve meplypagopeveg torobeaieg SnpovpyrBnroay 20 StapopeTikég
“tomoloyieg”, SLATNPOVTAG TIG TPAYHATIKEG CUVTETAYUEVES KOL ETTOPEVHOG TOVG X POVOUG HETAKIVT)-
oG, WOTOGO TUYLOTOLONKAY T avTioToLyo kKéPDT), OL XPOVOL ETIOKEYTG KL OL OPEG VOLYHOTOG
kot kAewoipatog. Emiong, éxel mpootebel Tuyaio pia katnyopio oe kébe dpactnprotnra, 6Hmwg @ai-
vetow oty 3.2.
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To cbvolro dedopévwv olokAnpovetor and 144 wooaméyovoeg Béoelg, oL omoieg PITopovv vau
xpnoomonfovv wg onpeia ekkivnong.

Mopokdte, oto oxnua 1.1, paivovton OAeg oL SpacTnpLOTNTEG KOL OL TEPLOYES GTOV XAPTH TNG
Attikng. To péyeBog tou deixtn eivon avéroyo pe to képdog tng oxetikng Apactnprotntag. To
XPWHo ToL SeikTr) eivo Lo PITAe yia SpaoTnpLOTNTEG e PLKpoUG XPOVOUG ETLGKEPNG KOLL TTLO EVTOVEG
yloe SpactnplotnTeg pe peydieg xpovoug emiockeyng. O x&ptng twv meploxdv akolovbeitar otnv
elkova 1.2.

Ty
G b

¢
A
!

fpou

S

e

LI b
1 \i_ {:,,
L LT s
L= !J',]i]f.%'ﬁ',a

%
Y
ety

Txnua 1.1: Xaptng twv Apactnplotitenv
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Txnpo 1.2: Xaptng twv Teploxmv

Ipopoavdg, povo ol éykvpeg meployég Bo xpnoomotnBoldv wg onpelo eKKIVNONG KoL TEPHATIGHOD
Ko OxL exeiveg wov dev elval mpoomehdoipeg (.. vToPpUyLeg).
1.3.2 Kodikag
1.3.2.1 Mé£0Bodor kot Aopég Aedopévmv

H telwr) Adon amoteleital atd povorario. Kabe povomdrtt amoteleiton omtd pia oeiplakty AMoto
kopPwv. Ta pédn tov koépPov mapatiBevtal oto 3.3. Ot W8LdTNTEG TOL KOPPOL TOpaTiBevTal otV
KopTélo 3.4.

IMivakag 1.1: MéAn tov KopPov

Ovopa Tomog IMeprypogn
activity | Activity Agixtng otnv avtictolyn ApaotnploTnTo
arrive int XpoOvog ov PTAVOULE GTNV ApaoTNpLOTHTA
start int Xpovog mov Eekivaype TNV Apactnplotnta
max_shift int Xpovog mov avtr 1 ApactnpLotnTa propel va petatebel apyodTepa
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IMivakag 1.2: Iduotnteg Tov KopPou

Ovopa | Tomog [eprypapn Etiocwon
wait int Xpovog petakd Geileng kot ekkivong start-arrive
max_start int To apyodtepo mov propei va Eekvrjoel 1) Apaoctnpiotnta | arrive+max_shift
leave int Xpovog avaywpnong amo tnv Apaotnplotnta start+visit

To cvotnpa enidvong éxel TpwtotumonoinOei oe Python 2.7 kou éxel BeAtioTomomnbel dote va Aet-
toupyel oe Rust. O emhvtig xpetdletor otnv apylkomoinot] tov to eEng:
O apBpog twv dSradpopmv

O xpovor évapéng ko ANEng yio k&Be npépa

O Siabéopeg Apaotnplotnteg

H meproxn évapéng kot Anéng

To eddyioto amontodpeva ad ke katnyopia

To péylota mov emitpémovton amd kébe katnyopia
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1.4 Elpeon PEATIOTOV TIHOV TAPAPETPOV

Evag apiBuog amd topapétpoug éxouvv etoayBel kai mpémet vo Anedei vioyn n emAoyn TOV THOV
yuo kéBe pioe otd awtég. Evd oL meplocdtepeg oo TIG TapapETPOLS £XOLV pict Tur ToL elvon Ttpo-
TIHOTEPT) OO OAEG TLG AAAEG KO ETTOPEVOG HITOPOVV VO XPTGLHoTTonBolV e aopaielx oe OAES TIG
EPUPROYEG TOL ahyopiBpov, 1) BéATIoTN TIpn Yo pepicég amd avtég aAAGlel avdhoya pe T mepi-
TTWOT). Xe auTd TO TR, o avalbooupe Tig SLdpopeg evadhakTikég Tov eEetdoaye yio k&Be pio
KoL Oo TOPOVCLACOVHE TELPAHATIKE ATTOTEAEGHAT VIO TIG ETLAOYEG HOG.

1.41 Xvvaptnon Ratio

H npotn emhoyn mov mpémel va yivel eivar awtr| tng ovvaptnong Ratio. H faocikn andgpoon &l-
VAL Vo XPIooTTojcovpe g apldpunth to (Profit) (to omoio eivor 1 TUTIKTY EVPLOTIKT] YO TO
avticTtotyo mpoPAnpa tov knapsack) 1} (Profit)? (mov mpoteiveton amd to Vansteenwegen et al.
(2009b)). Tl Vo UTALVTI|GOLE GE QUTHV TNV EPOTNOT), EKTEAEGAYLE TNV TEPITTWOT] XWPLG TEPLOPL-
opotg yio k&Be tomoAoyio yiar 100 Qopég Kot GUYKPIvole TA OTTOTEAEGUATO GE GXEOT) HE TO HEGO
K€POOG KoL TOV Péco Xpovo olokAfipwong. Ta amoteAéopata paivovtal ota oxfpata B.1-B.6.
%10 TTpGHTO GVVONO Sedopévwv eivar cagéc 6TL To profit? maipvel TOAD Aydtepo xpovo, aAld Si-
vel vodvéoTepa amoTeEAEGHATA AT TNV drton Tov kEPSOLG YLa TIG TePLOTOTEPEG TOooAoyieg. O
AOYOG YLt TOUG HELWHEVOLG XPOVOULG elvat OTL XLTO TO KAGGHA €LVOEL TIG SPACTNPLOTNTEG He fle-
yodOTepa k€pdn KoL, GUVETTAOGC, peyadbTepoug Xpovoug emtickeymng. Q¢ amotéleopa, Alyotepeg dpa-
OTNPLOTNTEG GUHHETEXOLY GTNV TEALKT ADGT Ko G ek TovTOL, K&be véa Abor vroAoyileton e
ALYOTEPEG ELOAYWYEG, OL OTIOLEG e TN GELPG TOVG YpeLdlovTal AtydTepo xpovo. AdcTte TpocoyT 6To
t11 yio 1 Stadpopr], 670U oL SpacTNPLOTNTEG elvarl, KATA PEGO OpO, HOVO 60% ekeiveg Twv AVGEWVY
pe profit otov apBuntr g ovvaptnong Ratio.

Tt o oVvoro Sedopévwv Montemanni, Ta oamoteAéopata eival apketd opota ortd Tnv dmoyn 16éco
TOU XPOVOL OG0 KL TOL kKEPSOLG. MItopoUpe var SoOpE OTL LTTAPYOVV PHEPLKES OLLXHEG OTO XPOVO, KANK
pItopovv var ortodoBolv e oTATIOTIKO GPAMIX TToPA o€ TPayHaTLKéG dloupopéG. XTo Tedevtaio o0-
volo dedopévav, propodv va yivouv ot idleg mapatnpricelg 6mwg ato mponyovpevo. Kabog avth
1) EPYOOLOL ETTLKEVTPOVETAL KUPLOG GTNV TOPAYWYT] TOLOTIK®OV ADGEWV e TOAAOVG eAdYLGTOVG TTe-
PLOPLOHOVG, ATTALTEITAL VO GUHTIEPIANPOOUV TTEPLEGOTEPEG dPAGTNPLOTNTEG GTNV TEALKT) ADGT). Qg
€k TOUTOV, TO LIOAOLTTO TNG epyaciag o emikevTpwbel 6T ATOTEAEGHAT XPTOLLOTOLOVTAS TOV
apOuntn profit.

1.4.2 Touyxootnto

H devtepn mapdpetpog mov xprilet Piog TG ELVOLL 1) TUXOLOTN TA. ZUYKEKPLLEVAL, TO EDPOG TLLMV TOV
Ba éxouv oL Tuyaieg Tyéc. Omwg avapépBnke mapamtdve, aod vtoloyicovpe to Ratio yio kébe
Apootnplotnta, ot To TOAATAAGLAGOUVHE HE [Lo TUX U TUUT] TTOL TTPOEPYETOL OITO HLOL OHLOLOHOPPT)
karavopr. Eotw 611 T0 £0pog tvou [low, high], low, high € RT. apatnpricote 611 emeldr] o xpn-
OLLOTTOL)GOVHE QLTI TNV TIHT YL VO TOAATAXGLAGOUHE TNV avahoyia, autd eivor loodOvayo e
omotodfmote &AAo e0pog [a * low, a * high],a € R. Enopévwg, xopic amdAeia tng yevikoTnTag,
HTTOPOUE VoL TTEPLOPICOLHE TO €0pOg pog o€ [low, 1], low € [0,1]. Qg anotédeopa, xpetaldpocte
povo pio Tn, low avti yio dvo. Otav low = 1, o tuxaiog alydpibpog ek@uAileton otov avti-
otoLyo vreTepvioTikd. EAAeiym pag emionpng avéivong, Oa katoplyoupe o ekTeTaPEVES SOKLIES
o€ TPEYOLOEG TOTTOAOYiEG Yo var eEdyoupe amoteAéopata. [io To 6Kk0md avTod, 1) TPWTN ToToAoYix
tou F'oPodd étpeke Yo 1 éwg 3 dpopordyia ov Eexivodv amd to kévrpo tng ABnvag (6mov ot Apa-
oTNPLOTNTEG Elvaul TTLO TTUKVEG) KaL pe eddyota [0, 2, 4, 6] tng katnyopiog 1. H dpa évapéng frov
600 ko 1 wpo ANéng NTav 1020 yioe OAeg Tig Stadpopés. Mapakdtw, oL ypopikég eppavilovv péon,
HEYLOTN KOl TUTTLKT] ATOKALOT) TOU KéPSOUG, KAXBMG Ka To HEGO PO TOL YPOVOUL OV XPELAGTNKE Yot
Tov voAoylopod g Avong. Kabe mepintwon ektedéotnke 100 popég yio va eEaderpbel 1 otoyo-
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Mean Profit and Duration for 1 routes and 0 minimums Mean Profit and Duration for 1 routes and 6 minimums
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Yxnpa 1.3: Képdog évavtt tuyondtntag yia 1 povomdtt

oTIKY QUOT) TV Topayopevev Adcewv. [lepthapfdvovpe povo ta mo evdiagpépovta ototyeio €5
oto 1.3 xau 1.4. Ta tAfpr amoteAéopata propovv va Ppebodv ota oynpata B.7-B.13.

O Adyog ywx Tov omoio amopacicaje vo GUITEPLAGPOUIE QUTES TIG TPELS YPOPLKEG elvarl OTL eppavi-
{ovv TpeLg SLOPOPETLKEG GUNTTEPLPOPEG. 2TO TTPHOTO o)X, PAEmovpe To péco kEPdog va avEdvetal
otaBepa péxpt To low = 0.9 amd to omoio ko petd mapoapével otabepo. apdAinio pe tnv od-
Enon avtn, mapatnpovpe o otadept pelwor TG TUTTLKNG ATOKALONG, HEXPLS OTOL OAEG OL AboELg
etvan idieg (std = 0). Avtr) 1) ovpmepLpopd vitooTNPilel pia peyodvTepn T low, 1) acOpo Ko Evory
VTeTEPULVIOTIKO adyopiBpo. H Sevtepn ypagikn mapovotdlet pia TOAD tOTOT TTMOGT) TOL HEGOV
képdoug petd to low = 0.95. Ze autr) TNV TEPINTWOT PTOPOVE VO SOVHE TAL TAEOVEKTIHATR TNG
ELOOYOYNG HLoG Hikprig Tuyondtntog. Etva oAb o Svokodo va koAAnoelL o€ éva Tomikd PEATIOTO
Ot vTapyel mEPLoGOTEPY TLYOLOTN T ALTH 1) elkOV autelkovilel amdAvTa yiati Siapopomotlr)-
oope TNV Adon pog otd T faon tng SovAeldg pog ko dev emtAéyoupe Tavta T ApooTnploTnTa
e to péyroto Ratio. AutOg 0 UNYOVIOHOG HOG ETLTPETEL VO DLEPEVVIICOVHE TTLO TTOLKIAEG AVOELG Ko
Vo v €xoupe KoAAfoel otV emavadnpiovpyio g idiag Abong Eava ko Eova. Télog, 1) telev-
Talo ypagikr) pog deiyvel L ovpPoaivel 0tav o xdpog avalrtnong dev alomoleitol apkeTd. Xe ovTh
TNV TEPLTTWOT), 1] TUXALOTNT deV TPOCPEPEL KAADTEPEG AVGELS, AAAG pag avarykdlel va eEepevvy-
ooUpE Ge ALyOTEpPO eATTLOOPOPEG TTEPLOXES, BETOVTOG GE KivEUVO TNV LKOVOTNTA HOG VO ELTOXOVHE
™ PéATiotn Adon.

Ta cupepdopaTo otd TIG TPELS YPaPLkég eivar to topakdtw. Oco peyoditepog eivar o Tuxaiog
Tophyovtog, 1060 Ayotepeg Sloupopég vmdpyovy avapeca otig dpopetikég Avoels. To axpaio
YO QUTO TO CUUTTEPACHO UITOPEL VoL POVEL GTO TPOTO GYNHA, OTTOL YLo TUXALO TapiyovTa Loo pe
1, 6Aeg oL mapoydpeveg Adoet eivon ot idieg. Ooo peyaddTepog eivar o x@pog avaltnong, T6co pe-
yoAOTepr eival 1 Sakdpaven otig Adoelg. Emiong, yio peydAovg xdpovg avalitnong, To HEYLETO
akoAovbBei To péco 6po. H tuyoudtnTo mpoépyetal otd Tov TuXoio TopiyovTa Ko TV T oio apo-
peon kOpPwv. Oco peyadvtepog eivar o Tuxaiog tapdyovtag, TOoo mo mbavo eivon v apoyDel
poe Abom vYmAng mowdTnTag, aAAd elvon pepikég gopég Aydtepo mibavo va mopdyBet n koadbTepn
Sdvvath Aoon.

A6 auté ta ototyeia, kaBng kot ad To vtoAoura oto Hapaptnpa B, eivor EexdBopo OTL yiox pcpég
TEePLITOOELS, O Tpémel va eloaryOel meplocdTEPT) TUXALOTN T PETG OTTO Alyeg eMAVOANYELG, EVED YLot
peyaAdTEPOLG XD POULG arvalnTNoNG, av dev LITAPYXEL apkeTOG XpOVoG, Ba tpémel va eEepeuvnBoidy oL
VTETEPHUIVIOTIKEG AVOELG aVTL UTOV. 2 peAAovTIkéG epyacieg B B¢ ape va Sovpe Tnv TuXOLOTNTA
vo pnv apopével W kotd tn didpkela oAOKANpNG TNG avalrtnong, aAld va Eekivael amd v
TOPOYWOYT VIETEPULVIOTIKOV ADoE®V Kol KaBOG eMoTPEPOLE OTLS idLeg ADoELS oL delyvouv OTL 1|
QAOT) TNG EKHETAAAELOTG OAOKANPOVETL WG €Tl TO TAEIGTOV, Var EekLviyie va eLGAYOLE TTEPLEGO-
TEPT] TUXOULOTNTO OGTE VoL eEEPEVLVOTIE PEYOADTEPES TTEPLOYES TOV XWPOL AVl TNoNG.
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Mean Profit and Duration for 3 routes and 0 minimums
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Yxnpa 1.4: Képdog évavt tuyondtnTrog yo 3 povordria

1.43 Xpnowonowwvtag kivnoet 2-OPT

Ytnv dnpocievot] tovg Vansteenwegen et al. (2009b), o1 cvyypopeic emédeEov v pnv ekteAodv Ki-
vioelg 2-OPT, Aoyw tng pikprg alAnAemikaivyng tov Xpovikov Hapabipwv. Qotoco, oto mio
peadiotikd oet dedopévwv Gavalas et al. (2015) vdpyel onpovTikr cAAnAemicdAvym petakd TV
XPOVIKGOV T paBOpwv TV SLapopwv ApacTnploThTey Kol ©g ek ToLTOL BewpriBnke evepyeTikd va
oupeptAn POtV Kot ot dvo emhoyég oto cOoTNpa pog. Emteldn petd amd kdBe emitoxnpuévn kivnon
2-OPT, mpémel va yivouv meplocdtepeg eloaywyEc, kabe emavainymn diapkel mepiocdTepo. Amd tnv
GAAN mAevpd, katd TV ektédeot) Tov 2-OPT, o adyopiBpog va mapdyel kaAdTepa amoTeAéGpATOL.
Apykd, dokipdoape va tpoypoatorolovpe 2-OPT, apot eiyope etooydyet OAeg Tig ApaotnploTnTeg
IOV WITOPOVCOE KL 0T GUVEXELR TTpoaTtadnoale va eloiyoupe Eavd 660 To SuvaTdY TEPLETO-
tepeg Apaotnprotntes. To amoteAéopoto QLTS TNG TPOGEYYLONG TOPOLGLALOVTOL GTLG YPOUPLKES
nopaotdoelg B.14-B.19 wg kA&oa TOL avTicToLlyoL HEGOU KEPSOUG TTOU EMLTLYXAVETAL XWPIG KLVT]-
oelg 2-OPT.

Av xou 1 xprion Tov 2-opt eivar cuoTnpatikd kadvTepn, Sev PeAtidvel onpoavTikd tnv amtddoor. To
oVOvoAo dedopévwv Montemanni w@eleitol TepLoGOTEPO QUTO AVTT| TNV TPOTOTOLNGT], AAAL TTOPOAX
auvtd, 1 péon PeAtioon eivar k&tw and 1%. H extédeon tov Pripatog etoaywyng petd amd 2-opt,
Toipvel TOAD Xpovo, kabmg OAeg oL ApaoTnploTnTeg TPETeL va emaveeTaaToVY. AUTO QITLTEL TTOAD
XPOVO KOl G €K TODTOV 1) TPOCEYYLOT) aLTH elval TOAD TTL0 apyr).

Ipwv Opwg amoppiovpe aLTH TNV TEXVIKT], TPOoTOBNooE eMTioNG VO AVTIKATOOTHGOVHE Apo-
oTNPLOTNTEG avTi var elodryoupe véeg. Tow oyeTKd ATOTEAECHATO HTTOPOVY VO PAVODV GTLS YPOLPL-
kég B.20-B.25 Katd péoo 6po, 1 xprion 2-OPT mapdyet ehappag kahbtepeg Aoelg. Qotdoo, auth
1] TEXVLKT] XPT|CLUOTTOLELTOL KOADTEPX GE OpLopéva cUVOAX dedopéviv Kot Atydtepo oe GAleg. Eto
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Spread of observed values with 2 minimums
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Spread of observed values with 4 minimums
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Spread of observed values with 6 minimums
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Yxfpe 1.5: TIAR00g Apaotnplotitwy oe kdbe Abon pe katnyopia ‘1’ oe oxéon pe to PAPog ko Tor
eAdyLOTA Yo £VaL HOVOTTALTL

nmAaiocto tov ILS, 1 extédeon 2-OPT eivou apketd damavnpr 660V apopd Tov XpOVO LITOAOYLOUOD
Ko kot ouvémela dev epappoletol e0KOAQ Kol TTOTEAEGUATIKA. XTO TAAIOLO TNG HEAAOVTIKNG ep-
yaoiog, Oa popovoe va ypnotpomonOei pia o etotkodopntikn kot kaBodnyovpevn xprion 2-OPT,
1 omoia Bo amoépel GUYKPITIHA 1] KAl KAADTEPA ATOTEAEGHATAL, XWPIG VO AITALTELTOL TOGO PEYOAT
LTTOAOYLOTLKY LoYOG.

1.44 H emAoyn tov w

TéNog, vtdpyel To TPOPANHA TG TG TOL W oTh cuvdptnon Ratio. Exovtag puo oD xapnin
T Bo 0dnyroel oe Alyeg epLktég ADoELS Ko WG €K TOVTOV, TIG TTeplocOTepeg Ppopég Bar Sotovn-
Bovv vtoroyilwvtag Adcelg Tov dev propovv va yprotponrolnBoiv. Amd tnv GAAn TAELPAE, Lo TOAD
peydAn ofia Oo éxel apvnTiKég EMNTOGELS GTOV TOpdyovTa KEPSOLG Ko oLVeEr®g Ba dnpovpyel
AOGELS YOUNAGTEPTG TTOLOTNTOG. LTNV TPALYHATLKOTN T, AVAAOYQ e TO XpOVO TTOL LIT&pP)XEL, TN Béon
™G TpéXovoag SLadPOopnG, T EAGXLOTA TTOL £XOVHE KOL TNV TOTOAOYIX, VITAPYEL Lol LUPOPETLKT
BéAtiomn T w. Qotdoo, dedopévov OTL N T owTn elvan eoupetikd aotodng, vITapyeEL pikp
eAtido va kaBoploToOy avTég ot BEATIOTES TUHES Yot ONEG TIG TIEPUTTMGELG @ Priori. 2e auTr) TNV evo-
to B deiovpe TpoTa 6TL To TANOOG TV ApacTnplotitwv k&be katnyopiog ot pix Ador eivat
deiyporta amd pua Srakplrry kavovikr kotavopr]. Tote Ba deifovpe mog avt 1 Katavopr] dixgpo-
pomoteital yio dixpopetikd Pépn. Télog, B mapovoidoovpe pepikot Aayopibpovg pabnong mov
BaciCovtal otnv Etoyaoctikn KataPaong Kiiong (SGD).

ZEKLVOVTOG, XPTCLHOTOCOHE o eviaio TIUN Yoo OAEG TIG TOTOAOYiEG KL TIG kKaTnyopieg. to
oxnua 1.5 éyovpe Katoypayel TNV KATApHETPNOT TV SPAGTNPLOTHTWY OV GVIKOUV OTNV KATT)-
yopia ‘17 yuo drowpopetiké eddytoto ko drapopetikd otabepd Papn. T kébe Papog mapdyovpe
nepimov 2000 dropopetikég AVoELS.
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Average profit for 3 routes and 8 minimums Average profit for 3 routes and 14 minimums
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Yxfipa 1.6: Képdog oe oxéon pe éva Papog yio 8,14,17 ko 20 eAdyiota tng katnyopiog ‘17 yux 3
HOVOTTATLOl

E&etdlovrog tnv ypogukn, eivor capég 0tL dtav epoappolovtot Aiyor 1 kaBoAov meploplopol, o aptd-
HOG TwV APAGTNPLOTHTWYV OV LIEPYOLY 6THY ADoT pe TNV kKatnyopio ‘17 akoAovOel kavovikn ko
tavopr]. To 810 woyvet yia xapnAég tipég Bapoug yia Lo meplopiopéveg pubpicels. Te o mepLopt-
opéveg pubpicelg, n kavovikr] katavopr e€akolovbel vor vITapyEL KGTw ad o kabopiopévo 6pLo,
QAAL GUYKEVTPOVETUL TEPLOGOTEPO GTO KATAOTATO OpLo KaBMG To fapog awEdvetatr. Avtd pmopel
vo povel oty e€ooBevnpévn pithe ypoppr 6tov amontobpe TovAdyLtotov ¢€L ApacTnpLldTNTEG TNG
katnyopiag ‘17 ko to B&pog eivor petakd 2 ko 4. Avtr 1) vtdBeon evioyveTOL TEPALTEPW OTOV
e€etalovpe PeYOADTEPEG TEPLITTMOGELS pe TTOAAODG TTEPLOPLOHOVG.

KaBog adrélovv ta ehdiyiota, 0 aplBpdg kot oL Stapkeleg Twv LOVOTaTIOV, To 1810 cupPaivel kot
pe tn PéAtiotn Ty yie To otabepd Papog. Ta va dodpe oG aAldlel avto, Tpé€ape Tov alyo-
pOpo yio Sroepopetid Phpn ko dropopeticd eAdixiota yix vor dovpe oG ennpedleton To kéPSOG.
ITpokepévou va eEovdetepwbolv Ta amoteAéopata TNG TUXOLOTNTAC, EKTEAécayLe K&BE Teipogia 100
@opéc. Ao A avtd T amoteAéopata, emhéEape vor cupTTEPLAGPoupe €80 TA O EVTUTWOLOKK
amd avtd mov Ba pog fonbricovy va mapoupe pia SiaioBnomn kabdg Ba Siatvmdoovpe TO ETOHEVO
Pripac pacg.

Onwg prropovpe vor SOOHE AITd TNV TPMTH ELKOVAL, OTAV 0 EAGXLOTOG aplOHOg APpacTnploTHTOVY TNG
katnyopiag ‘1° eivon pukpotepog amd 0,11 kavovikd Ba vipye oe pia tuyaio Abor, to Bapog dev
EXEL KOPLA TTOADTWG emtidpaon. Amd tnv GAAn mAevpd, otny TepinTwon mov Ba vitrpyoy cuvhBwg
Myotepeg ApaotnpLdtnTeg e avthv TNV Kartnyopia (oe avtr] tn pObuon, eivon mepinov 12), amau-
telto pn pndevikn Tiun yio tnv entitev€n kadbtepwv amoteAeop&twy. To oY TNG KATAVOUNG TGV
KEPODV OV TTaPAYOVTOL GE OYECT) Pe TO Papog pmopel v pavel amd minimums = 14 ko apyo-
Tepo. ApLKd, LITAPYEL Eva €0POG OTTOL 0 AAYOPLOHOG ATTOTLYXAVEL VA PpeL OTOLEGSTTTOTE EPUKTEG
AOoELG KO ETOPEVWG TO PEYLOTO KEPDOG elvan pndév. Ztn cvvéyela, kabnhg avEdvetol to Pépog, To
idto ocupPaivel ko pe TNV TOVOTN TR EVPEGTG HLOG EPLKTHG AVOTG. ALTO prtopel va pavel oto GApa
YOpw amd to Bapog w = 0.5 yie minimums = 14. H mBoavotnta va Ppebel pia éykopn Adon
avEavetal péxpLg 0Tov OAeg oL Stadpopég Tapdyouvv pio e@Lktr) AboT), 0OTE TO EAdXLOTO KEPDOG
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nd& mepimov otV idia Tipr| pe to péyioto. Kovtd oe autd, mapatnpeital emiong to péyioto péco
KéPS0G. MeTd ard arutod, T0 PHEGO KEPDOG PHELDOVETAL OLYA-GLYQ, KOBNOG 1) ELPLOTIKT] elvar TOPa TTEPLO-
GOTEPO ETMKEVTPWHEVT] GTNV ELCAYOYT TOV APAGTIPLOTHTOV AUTHG TNG KATNYOPLAG, Tapd Yo TNV
entitev€n vYmMAod Kképdoug. TNV ovoin, 0 LTOAOYLLOpHEVOG AOYOS TTUPAHOPPOVETAL OUTTO TNV ETLAOYT
TOU KOAVTEPOL KEPSOLG KoL TEPLEGOTEPO ATd TNV eMAOYT] APpACTPLOTHTOV HE TIG OUTOULTOVHEVEG
KT YOPLEG.

H emloyn evidg otatikod Bapoug Aettovpyei yia oplopéveg tomoroyieg, aAA& katd mhoo mbovo-
rta k&be emdoyn Ba aéxel ToAD amd T PéATioTn . Emopéveg, otnv emdpevn evotnta, Ba
npoonabricovpe va Bpolpe avth T PéATIoT 0l TLTOYPOVA HE TNV TTOPOYWYT] VEWV LTTOYTPiwV
Aoewv. o va To emLTOYOUVHE AVTO, GTPEPOUAGTS TTPOG T KX OVIKT P&Onon.

Ipoxeyévou va xpnotpomonBel pnyoviky pabnon, to TpOTo TPAYHO TOL TPETEL VO YIVEL ElVaL Vo
emwvon)fet pio avtikelpeviky Aettovpyia yia va BedtiotomomBet. H tipr toug fapoug mov Yayvoupe
elval o PaAdg TAV® ard To 0PLo OTTOL eV LILAPYOLY EYKLPEG ADGELG. 2T GUVEYELX, 1) TLUT TTOVL Y-
XVOULE TTPETel va elvat Tave artd to OpLo 61ov 1) ekTéAeon evdéxetal va pnv emoTpéPel pio AOoT).
Eivou BéPato Ot pia karkny Ao eivon kaddtepn otd xapio Abor. Télog, Oa Béhaype va katanEovpe
o€ o Tipn ov dev vrepPaivel katd TOAD TO PO YOUHEVO OpLo, KaBHOG oL peydieg akieg Oa 0dn)-
yrjoouvv o YoapunAodtepa képdn. Amd tnv maportdve meptypagr PAEmouvpe 6TL 6TV TPAYHATIKOTN T
Yayvoupe yioo minweight : P(|weight) = 1. Ztnv apyxn avtrg tng vtoevotntag, deifaype Ot yio
éva dedopévo Phapog, n mbavotnta tdécwv dpactnplotitev B mepéyovtol oe pioe TUXio AoT,
akoAovBei pior kovovikn kotovopr. Qg amotéAeopa, vTd TOL TPAYHATIKE vl TOVHE elval TO i-
KkpoOTEPO Papog mov Ba eEacparioel 6L Bo vTdpyxoLvy TOAAES Eykupeg Aboelg yia va StahéEouye.
Mot opreT@ KoAT TPOGEYYLOT) VL 1) XPT|OT) HLOG YPOHILKTG GUVAPTNOTG. LUVETAOGC, 1) AeLTovpyio
OV Y PTOLULOTTOLOVE eivort

0 w<?
a
P(w) = ¢aw—10b bl
1 bl

a

Exovtag katali€el oe i ovvaptnon Pabpoddynong, topa tpémel vo emdé€ovpe évay alyoplOpo
pabnongc. Aedopévou 6TL éxoupe évav TpoTo va Ppodpe ypriyopa tuxaieg Avoelg pe dedopévo Papog,
xpnoonowwvtag to ILS, n alomoinon tng yvwotng texvikng Stochastic Gradient Descent eivou
o KoeAr) emmloy.

Apyikd, doxipdlovpe évov amthd alyopibpo SGD, o omoiog édwoe pio véao Tuyoior AOoT pe oTot-
oelg D mov mapdxOnrov pe Papog W evnpepwveton wg e€ng:

Whew = W 4+ D x step (1.20)

. . . In(0.05)*iterats , ,
H petafAnti step eivon g popenig step = exp(— m:é tod 2:;?;?@%2@0715 ). Me avtn T otpatnyky

evnpépwong, eivar cagég ot kot apynv, To W Ba mpémel va cuykAivel oe pia T 6ov OAeg
oL Aboelg eival €ykupeg. Avotux®g, emteldr) to W hapfdveton vmoym povo dtav dev €xel tnpnel to
eAG(LOTO YLaL ALUTT) TV KT YOPLa, 0 aplOPOC TwV ApaGTNpLOTHTWV JLE VTV THV KATNYOpio oTTévia
Bo elvor mavw amd to kabopiopévo opro. Qg amotérecpa, o W ovykAivelr oe moAD vymAdtepn
T amd v embopntn. Ta .otoypappata Tov TeAtkod W yla TIg TEPUTTOCELS He 3 HOVOTTATIO e
anaitnon 13-20 eAdylota eppovilovTol TaPaKAT® Lo VO TTopEXOLV fiot EDKOAT TTAPATHPNOT Y
T0 TG0 avTh 1 Aettovpyio vepPaivel To emBuunTo.

Mropodpe var Sobpe OTL 1) cUYKALvoLo X TIUT elval TOGO HEYOAN TTOL 6TO TEAOG KupLopXel TTANPOG
oe omoladnmote GAAN cuvicTOoa TG ouvaptnong Ratio. Qg amotéAeopa, 1 enitevén evog KaAo
képdovg dev elvat TAEOV 1) TPOTEPALOTNTA AVLTAG TNG cLVApPTNOoNG. AvtiBeta, eoTidlel amA®dG oTn
OLPTTEPIAN YT ot TOVHEVODY SpaoTnPLlOTTOV Xwplg va AapPdver vtdyn to képdog. Avt’ awTod
propovoaye Vo ELoGyovpe ApacTnpLloOTnTEG HOVO ATO TIG AUTALTOVHEVES KaTnyopieg. H mpornyoo-
pevrn Aettovpyio teivel va cuykAivel oe peydheg TIpég, TpAypo ov eivor emlipio yior To TeEALKO
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Spread of converged weights for 1 routes
and minimums of 4, 6 and 8 POls of category 1
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Yxnpa 1.7: Totoypoppo twv TeEAMKOV Papdv yia SLapopeTikd e Xy LOT

amotéleopo. Ta va aogevyBei avto, Ba X priCLHLOTOLCOVE KOVOVIKOTTOINGT) TPOTOTOLOVTAS TNV
PO YOUUEVT) cLVAPTNOT WG €ENG.

Whew =W + (D — A\W) % step (1.21)

Avth 1) Tpomornoinon mepropilet Tnv tiur) tov W kot BonBéer 6o va mAnoidoet tnv emtBopnth Ti.
INoa g 3 dradpopég ka ) {Tnom g katnyopiag 1 Apactnplotnteg otnv meproxn 13-20 éxouvpe
TG AKOAOLOEG KATOVORES.

Eva e0kolo cupmépocpo omtd tnv ypoeikr] 1.8 eival 6t 1 tposOnikn kavovikomoinong cupPdilet
OTHAVTLIKY OTOV TEPLOPLOHO TV aKpainV TGOV Tov W, el81k& 08 ToLTTIKEG TTEPUTTMOGELS, OOV
elva advvarn 1 e€ac@diion 6TL OAeg oL Aboelg mov mapdyovtal eivat £yvpeg eival advvaro. Xtnv
ovoia, 1 Kavovikomoinon eival évog TPOTOG YLt Vo LELWOGOUVHE TNV artodekTr] mhovotnTa éyKupwv
AMoewv. Kabog to W avEavetat, to idio cupPaivel kot pe tnv €kntwon wov odnyel oe xapunAotepo
otabepod onpeio. Eva &GAlo onpeio ov mpémet v onpetwbel eivan g 1 kaevovikomoinon ennpedlet
NV tOKALOT) TV TEMKOV Popdv. Onwg prtopei ebkoAa va gavel, xwpig Kovovikomoinon vdpyet
HEYOAT OTTOKALGT) HETOED TWV TAPAYOHEVOV TILMV, TTOL KUHAIVOVTOL EVTOVA YOPW QIO TOV HEGO OPO.
Amd v GAAN TAELPA, YPTOLHOTOLOVTAS KOVOVLKOTIOLNGT), 1] TUTLKY atOKALoT) €ivol ONpHavTLKd
XOUHUNAOTEPT) KL, OTTWG AVOHEVETAL, ELVOLL HEYOADTEPT) VIO TTLO TTEPLOPLOTLKEG TTEPLITTMOTELG.

Téhog, ag oxedlioovpe T GLpTEPAGHATA 0td TO oXNH 1.6 Ko &G Tot GLVSVAGOUE HE TNV TAPXL-
TAVE OVAALGT) Yo Vo SOVHE OGO KOAT €LVaL 1) TPOGEYYLOT) HOG.

Ao To Topotdve oToLyeio LITopovpE Vo SLUTLGTOGOUHE OTL e PeYdAT EPTTLETOTVV 0 aAyOpLOpog
Ba kataAnEet oe pio TOAD kahn) Tiun yio to W kou g ek To0ToL vITdp)el peyaAn TlavoTnTa va a-

36



Spread of converged weights for 3 routes
and minimums of 13-20 POls of category 1
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Yxnpa 1.8: Iotéypoppo Twv TeEAMKOV Papidv yio SLaQopeTIKe EAXYLOTA JLE KOLVOVLKOTTOLNGT)

payovTal TOAAEG EYKUPEG KOL AKPWG AVTAYWVIOTIKEG AVCELS PEATIOVOVTAG TN GUVOALKT] TTOLOTNTA
NG TEALKNG EMLOTPEPOUEVNG ADOTG.

Téhog, mpoomabricape va tpocBécovpe oppr ot cuvaptnon evnpépwong. O TOog Tov X PN oLHo-
o Onke eivo:

Vi=Vie1%0.7+ (D —0.15 % W) (1.22)

W; = W;_1 + step; x V; (1.23)

AvGTUYWG, TO ATTOTEAEGHO QLVTNG TNG TPOTTOTOLNGNG TAV 1) 510 KAVOVIKT] KXTOVOUT), ALK e peyor-
Abtepn drokvpaveon. Ta amoteAéopata koL Twv 3 AeLTovpyLOV eVpépwang eppavilovtal oo 1.3. H
TPATN cLVEPTNOT XWPIG Kavovikomoinon viepPaivel katd TOAD v avalntovpevn aio. Me tnv
npocBnkn g kavovikomoinong, tAnowdlovpe oAl tnv akia tov emtBupoipe, Stacpaiilovtag 6TL
Bo Ppebel pia ko) Adom. Télog, TpocBétwvtag oppn, KATAANYOUE e KOAEG ADGELS, AAAX oL AU-
oelg eivon o amAwpéves. Ia o Adyo autd, emhéyovpe tn devtepr Aettovpyio evpépwong.
TéAhog, Bo Sei€ovpe OTL T TeEAKA Papn e€aptdvTar XL pOVO outd Tor EAGLOT YLt QUTHY TNV Ka-
Tnyopic, aAA& ko ad ta ehdixloto yioo dAAeg katnyopieg. Avtr 1) e€dpnon petad KotnyopLdv
propet va mopartnpnbel oe évav 2D yé&ptn oo 1.9

H AoyapiBpikr ovvaptnon éxer epappootel ota fapr, dote v dolpe pior opalodTepn petdPoot
KoL 0L HOVO €Val THARX TTOV €LvVOiL KOKKLVO Kol TO LTTOAOLTO pithe. Mopotpe v dovpe otL To Pfapog
OV ATTOKTHopE Yior k&Be katnyoplo eivar cLUVAPTNOT TV EAAXLOTWV Yl OAEG TIG KATNYOpPieg
KoL 0L HOVO Ylow ekelveg mov avTimpocwmebovy. Qg amotéheopa, PAémovpe O0TL 1) éATIoTN Adon
e€aptartal OxL povo ard T eAdyloTo TNG kébe pepovwpévng katnyopiag, oAAd WG GLVAPTNOT TOV
oLVOAOUL TOL dtavbopatog m. Eutuxdg, 1) mpocéyylor] pag elvol apKeTd Lo LPT] OOTE VO HTTOPECEL
VO OVTHETWTTLGEL QUTHV TNV TTOAVTAOKOTI TO.
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EAéyioor Xwplg xavovikomoinon | Kavovikoroinon Me oppn
avg std avg std avg std
13 5.403 0.684 2.386 0.173 2.408 | 0.264
14 6.054 0.754 2.617 0.174 2.627 | 0.271
15 6.368 0.792 2.681 0.172 2.700 | 0.245
16 6.930 0.895 2.735 0.181 2.732 | 0.283
17 7.788 1.208 2.799 0.217 2.808 | 0.292
18 9.475 1.959 2.884 0.258 2.924 | 0.363
19 14.255 3.632 3.095 0.310 3.122 | 0.453
20 29.218 7.042 4.000 0.560 4.040 | 0.748

ITivakoag 1.3: ZOykpLon cuvaptioemy evijHEPWoNG Yo SLapopPeTIKE EAAYLOTA

Learned weights for two category minimums

Learned weights for two category minimums
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Yxnpa 1.9: AAAnAeEdptnon teAlkodv Bapdv oe oxéon pe eAdyloTo yio S00 KaTnyopieg

1.5 Xvykpioeig

1.5.1 X0ykpion pe TPONYyovHEVE KAADTEPQ

Y& avTO TO KEPAALO Bt X PO LHLOTTOLGOVE TLG TAPAHETPOLGS TTOL £XO0UV emLhexDel 6TO TponyoLpeVo
KEPAAOLO YL TNV TOPAYWYT] QTTOTEAEGUATMOV TPOKEPEVOL Vo cUYKpLBoUV pe mapopoleg AVGELG.
To amoteréopatd pog ekteréotnkav oe enefepyact Intel® Xeon® E5 - 2630 v3 @ 2.40GHz pe
xopnTkotnTa 62 GB pviung RAM, éva peydho Pripo amd o vALKS mov ypnoipomolfnke yio ta
QTOTEAEGHATA TV TTPONYOUUEVWV epyaclav. o To Adyo avtd dev Ba cuykpivouvpe Toug Ypovoug
AVong otV avdAuoTn Hog.

Apyikd, B ovykpivovpe Tov adyopOpd pag pe tov ahyopibpo ILS and to Vansteenwegen et al.
(2009b). O aAyopiBpog pag Pprke cuVTPLLTIKE KAADTEPA ATOTEAECUATO, EETEPVOVTOG TOV TTPO-
Kk&tox6 Tov o€ 217 atd TIG 304 TEPUTTOGELS, TaphyovTag To S0 amotéleopa oe 61 kot divovtag
XelpoOTepa amdTeEAéopOT 68 AyOTEPEG QUTd 26 TEPUTTMOGELS. DUYKEKPLUEVY, 6TO 6UVOAO Sdedopé-
vwv Solomon (¢*_100, r*_100, rc*_100), pé6vo 1-2 TePLITAOCELS TOV XELPOTEPEG, EVE) OTLG EKTETOYE-
veg mepuntioelg ad Montemanni ko Gambardella (¢*_200, r*_200, rc*_200) tov Bacilovtal otov
Solomon, TapaTNPROOLE TNV TAELOVOTITO TWV XELPOTEPWV TEPUTTOCEWV e 7 delypata wov dev emt-
detcvoouy Pedtioon yia 1 diadpopny. To o onpavtikd, yio 3 povomdtio vppxoy 14 mepntdoelg
OV TP yayov To S amoTeAéopaTA Kol yior 4 HOVOTATIaL 27 TEPUTTMOCELG TTapryoyov ta iduat,
BéAtiota amoteléoparta. X1o oOvoro dedopévwv Cordeau (pr1-10) vmdpyovv kot péco 6po 7.5
TEPLITTAOOELG TTOV elvall KaADTEPOL e TIG LTTOAOLTTEG VO eival YeLpOTEPeG. OHOLWG, Yo TO EKTETAPEVO
oVvolo dedopévwv Cordeau (pr11-20) vidpyxovv Kot péco 6po 9.25/10 KaADTEPEG TEPUTTMOCELG.
Katd péoo 6po, ov Adoelg pag eivon kadbtepeg kot 1.43%. To eldyioto xdopa mov mapatnpy-
Onke ftav méve arnd 10% oe pio artd Tig mepintdoelg Solomon. Avtibeta, To péyloto Ydopo HTov
Alyo mave amd 4% oe pio amd Tig extetopéveg mepintdoelg Cordeau. To peyadbtepo péco yaopo
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vIép TOL aAyopiBpov pag TapatnpnOnke eniong oo ekteTopévo ovvoro dedopévwv Cordeau mov
Ntav 2.55%. To péyioto péco 6pLo NTay oto cvvoro dedopévwv Montemanni kot Gambardella tov
Baciotnke 6to cbvoro dedopévwv Solomon. QotdG0, 0 PEGOG OPOG NTAV AKOU APVNTIKOG, KOTA-
AT YOVTOG OTO GUUTEPAGHA OTL 0 aAYOPLOpOG pog fTav Kot péco 0po 0.67% kaltepa. IIpémel va
onpetwdel 6TL avtd eivor Ko To GHVOAO Sedopévv OOV OAEC OL TTEPLITTOOELS HTaV oL idLeg yia 4
Sradpopiéc, petdvovtog Tov péco 6po, kabmg 6AoL oL kopPol cupmeptAOnkay ko otig S0 AVoELC.
Eivat puoikd Ot yio Aryotepeg SLadpopég oL Tipég Twv Stokevadv eivon peyadbtepeg, Kabdg To ortod-
Avto képdog eival pIKPOTEPO KO WG €K TOVTOUL Hiol Mtior GAACYT, oG oOpe 10 movToL popel va
ONHOiveL pio peyahn dtoupopd Tave artd 5%. Ta meplocdTepeg Stadpopég 0ov To atdALTO KEPSOG
elvon tepimov 600, pioe Abom mov éxel képdog 610 eival poALg 1.64% kadOtepr). Mmopolpe v dodje
auth TNV Tdom péoa amd Toug pécoug dpoug yia k&be aplBpd diadpopmv. Onwg diamiotdoope, oo
TN Je TAEVPE, PKPEG TTEPLITTAOGCELG OTWS TO aPXLkd cUVOA0 dedopévwv Solomon pe o pikpd Xbpo
avalnitnong eivon evkoAotepo va Ppebolv kahbtepeg ADGELG, amd TNV AAAN TAELPA, HEYOADTEPX
oVvola dedopévwv O0mwg Toe Montemanni éyovv pedetnOel Aydtepo kou emiong vo mopovoLtioovy
KoAOTEpOL aumoTeAéapOTA.

Evag &Alog Adyog mov dev Ppickovpe KoAd outoTeAéopata yior TeplocOTEPA HOVOTATIO EivaL TO
péyebog Tov ydpov avalntnong. Evd yia mepioodtepo LOVOTATIO SomatvdVTon amapai T TaL mepLo-
00TepN LITOAOYLOTLKT Lo U, TO péyeBog Tov xdpov avalrtnong kat ot mhavég Aboelg ekpriyvuvTon
ekBetikd, mphypo ov onpaivel 6TL 1) TodTNTA TV TPOPANUATOVY pog ovveyilel va emdevdveTan
mepottépw yior k&be véo povoTtdtt mov mpémel va eEeTdoovpe. XTo péAAov, avtd Ba popodoe vo
Stopbwbel amopacilovrog Suvopkd mote o otapatioet 1 avalTnon yia pa kadbtepn Avon.
Me Ay Adyia, 0 odyoplOpdg pog ouykpivetal ToAD eLVOIKA [e TTPOTYOUHEVEG TTPOCTTaDeLeS eTiAv-
ong awtov Tov mpoPAnparog. Ilapovoidlovpe ToOpa T amoteléopata o€ mivakeg A.14-A.17. K&be
mivokag mepiéyel amoteAéopota yio dadpopég 1-4. H mpodTn othiAn mepiéxel To Gvopa tng Tomo-
Aoyiag. Ta emopeva tpio aetkovilovv to amotédecpa g ILS, to amotéAeopa mov mapd€ope Ko
v mocootiaia diapopd petakd toug. Eva apvntikd mocootd onpaivel 6t 0 adyoplOpds pag ei-
vou koA vtepow. To mocootiaio kevd 0.00 onpaivel 4t o1 d0o Aboelg eivar ioec. Omwg prropovpe va
dovlpe, 0 alydplBpog poag talplilel e T TPONYOOHEVO QITOTEAEGHATO KOl GUYKPIVETOL ELVOTKK JLE
PO YOUHEVEG AVGELC.

TNo vo punv Popedet o avayvootng pe moAdd dedopéva, ol mivakeg avtoi éxovv petakivnBel oto
appendix A kot €d® ocvpmeplhapPavoupe povo pia epiAnym yuo k&Be cOvoro dedopévwv mov pe-
TPpGEL o€ TOGES MEPLTTOTELS dNpovpyrioope Eva KaADTepPo, Xelpdtepo 1) To 810 amoTéAespa Kol
OGO €lval TO EAAYLOTO, TO HEYLGTO KOL TO HECO XAOHOL.

IMivakag 1.4: IeptAnNmTikd TOTEAEGHATA YO TO TNV TEPLTTOOT XWPLG TEPLOPLOHOVG
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Worse Same Better Max Min Average

Name routes
righiniTOPTW?2 1 1 8 20 0.68 -1041 -2.10
2 1 8 20 095 -6.36 -1.52
3 2 0 27 0.14 -5.05 -1.62
4 0 1 28 0.00 -4.08 -1.83
MontemanniTOPTW1 1 7 0 20  3.65 -3.57 -1.03
2 4 1 22 2.34 -3.57 -0.98
3 0 14 13 0.00 -2.86 -0.68
4 0 27 0 0.00 0.00 0.00
righiniTOPTW3 1 1 2 7 1.91 -4.77 -1.71
2 2 0 g§ 271 -5.10 -1.52
3 4 0 6 1.29 -3.58 -1.15
4 1 0 9 0.56 -2.84 -1.09
MontemanniTOPTW2 1 0 0 10 -0.60 -9.75 -5.15
2 2 0 8 4.19 -7.66 -1.65
3 0 0 10 -0.25 -5.76 -2.32
4 1 0 9 2.70 -3.99 -1.08
Tevika 1 9 10 57 3.65 -10.41 -2.50
2 9 9 58 4.19 -7.66 -1.42
3 6 14 56 1.29 -5.76 -1.44
4 2 28 46  2.70 -4.08 -1.00
Ol tar dedopéva 0 26 61 217 419 -1041 -1.43

1.5.2 AvokoAOotepeg TOTOAOYiEG

Y autr) TNV evOTN T B TAPOVOLAGOVE TG CUIITEPLPEPETAL O AYOPLOpOG pag KaBmG CnTéypie 6A0
Kot teplocoTepo eAdytota. Mmopoipe va dovpe pio otabepny peiwor tov képdoug, kabodg petaPoi-
VOULE G€ TTLO OTTOLTNTIKA GEVAPLAL. € GEVAPLOL OTTOL SeV EXOLV ETLGTPOPEL ADGELG, AVTIKOTAGTICOE
pe tipéc NaN. Sto vtolouta keAld, Topovotdovpe Tov HEGO OPO TWV EYKLPWV ADGEWV TTOL ETL-
oTPAPNoOV. AUTO GNHAIVEL OTL EVE OE HEPLKEG OTTO TLG TTLO CLTTOLTTTLKEG TTEPUTTMOOELG, LOVO HEPLKEG
eMADCELG TTAPT)YAYOV £VOL ATOTEAEGH, YLO VAL NV QTTOKALVOLY QtUTA Tt ITOTEAEGHATA TLPOG TTOAD
HKpEG THEG, TO amoTédeopa Yo kK&Be pOBon Ba eival o pécog 6pog Povo Twv pn Pndevikdv Av-
CEWV. 2g AUTNV TNV evOTNTA cUPTEPLAPONKE emtiong To cOVoA0 dedopévwv mov xpnotpomoiOnke
oto Gavalas et al. (2015). Ze yevikég ypappég, prropovpe vor SoOpe 0TL kaBDG eLoyoLe TEPLEGOTEPXL
EAGLLOTO, TO ETMLOTPEPOHEVO ITTOTENEGHA TIALPUUEVEL TO LOLO 1) HELOVETAL OTTWG OLVOHEVOTAV.
Qo716060, o€ 34 Ad TG CUVOALKK 96 TEPUTTMOGELG HIC OTTO TLG TTEPLOPLOHEVES TTEPUTTMOCELS TTOV TP
YOVTOL TTPOKOTITEL KAADTEPT] KATX TOVAGYLOTOV Ve TOVTO KATA PEGO OPO AITO TO WUT) TEEPLOPLOHEVO.
Av kalL avtd propel va paivetal mopdEevo, ptopovpe vo dovpe 0Tt dev eival. Me tnv elcaywyn
ehayiotwv, aAAdlovpe TIG TPOTEPALOTNTES TOV AAYOPiBHOUL. T OPLOHEVES TTEPUITTMOGELS, CLUTH 1) Le-
papyxnor odnyel oe xalbtepo oumoteAéopata, eved oe dAleg emdetvdvetat. QoTd60, HOVO o€ 2 TO-
oAoyieg pic od TIG TEPLOPLOPEVEG TTEPUTTOCELG Elval KAADTEPT) KAT& 5 0OAOKANPOLG TOVTOUS KT
péco opo.

3TIQ MEPLOGOTEPEG TTEPLTTWOCELS, PAETOVE OTL GTO OTTEPLOPLOTO TEPPAAAOV KoL TO EAAPPAOG TTE-
PLOPLOHEVO OTTOL QUTALTOVVTOL HOVO dVO APpaGTNPLOTNTESG TNG TPWOTNG KATNYOPLOG, TO HEGO KEPDOG
Topapével To 1d10. Amtd Tnv AAAN TAeLPQ, KaBdG amaTovpe OAO KoL TEPLoTOTEPEG ApacTnpLOTN-
TEC QUTNG TNG KATNYOpLag, LItopovpe v SoOpe EQPVIKES TTOGELS oTa eTLTELYOEVTO amoTeAéopaLTOL.
Oplopéveg otd oTEG TIG TTOGCELS elval TOGO 0pATEG TTOL delYVOUV GaP®S OTL 1) Tapayopevn AdoT)
dev Ba AngBei vtoym edv dev cupmepthdPope ta eAdyloTo. Ao ATOTEAECHAT OTTWG AUTA, Elvarl
oOoPEG OTL 0 OAYOPLONOG HaG AELTOVPYEL KOIL TTALPALYEL TO AVOLHEVOUEVOL ATTOTEAEGHALTAL.
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Tevikd, o metpopaticd amoteAécpata mov AeOncoy fTov ToAD KOVIA G€ AUTA TOL TTEPLHEVOLE
and Tig avrtiotolyeg Oewpntikég mpoPAéYelc. EmumAéov, o alyoplBpog pag éxel ouykpbel vvoikd
pe Toug tedevtaiovg alyopifpovg ota yvwotd octvola dedopévwv. Ev odiyolg, o alyopiOuog pog
anotehel ToAOTN TpocOKkn otn PLpAloypapio kot oL déeg kot 1 avahvcoT) oL YpnoiporoL)Onkov
yla TN SLOPPWOT) TOL HTOPOVVY Vo atoTeEAEGOLY TH) BAOT] Yia HEAAOVTLKT] EPYOGLO GTOV TOHEQL.
Télog, k&Oe alyopbpog xpedletar éva dvopa. Exovpe emidé€er tov 6po Learning Randomized
Weighted Iterated Local Search 1) LRWILS yia cvvtopio. To tuyaio pépog avoagépetol 6Tov Tu-
X0o TTaAPAYOVTOL TTOU X PT|CLHOTOLOOE YL VO EEQUYOVHE QUTO T TOTLKG EAXYLOTH OTLG HIKPEG TTE-
PUTTOCELG KoL TO GTAOULGHEVO PEPOG VAPEPETOL OTOV VEO OpO oL TTpocBécape oTov alydplOpo
ILS, mpokepévou v SOGOLE TPOTEPALOTNTA OTIG WO TEG ApaotnpLotntes. Téhog, evdd Adveta To
otiypotumo, o LRWILS Bpiokel ta kadbtepa Suvatd Papn yio tnv mepintwon auth).
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1.6 Zvpnépacpa Kot PEAAOVTIKT épya

1.6.1 TIlepiinyn

YV mopodon SITAWHATIKY €pyOciot TAPOLCLACOUE it VEX TTAPoAAoyr) TOL TTPOPARHATOC
Orienteering epmvevopévo and to IpoPAnua Xxediaopot tov Tovpiotikod Ta€idiov. To kivntpod
HOG yia T SO pPwot) avthg NG véag mopoarioyrg kabiotd tov opiopd tov TTDP mo mpoypo-
TLKO Kot 70 TTPOKTLKO e PAEYELS TPOG TNV ePappoyr) oTnV Tpaypotikt) {wr) ov propei vo fonBrjoet
TPALYHOTIKOVG TOUPLOTEG VoL ETTLAEEOLY TG VO SOUNCOLVY TLG ETLOKEYELS TOVG O€ HLa VE TTOAT TNV
omoia B emiokepBovV yia Alyeg pépeg. Zekvadvtag ammd tov alyopiBpo oto Vansteenwegen et al.
(2009Db), To emekTVOE pE VO VEO KOPPATL Yia Vo wBT1jcovpe Tov adydplOpo ©ote va eloaydyel me-
pLocoTEPEG APAOTNPLOTNTES e TIG ATapaitnTEG KT yopieg. Xtov id1o avtd alydpiBpo e€ethooye
TOUPUAXYEG OTIWG TNV TUXXLOTNTA, TIG KLvijoelg 2-OPT ko ta amoteAéopata tng emLAoyng va Xpnot-
pomotriBet To kKA&opa profit?/shift ko mdg avTéG oL avEncelg ennpedlovy TO TEAKO ATTOTEéNECHAL
Tov ahyopiBpov. KatadnEope oto cupmépacpa 6t 1 mpocdrjkn tuyadTntag Bonbd otnv ekeped-
VIGT] TOL XOPOL avalNTNONG, EVQ O VIETEPULVIOTIKOG alyoplBpog Ponbd otnv a€lomoinon koo
Moewv. T pukpég mepuntdoelg 6mov Eodebouvpe apketr) LITOAOYLOTIKHG dOvapn, 1) eEepebvnon pag
BonBdet va Eepiyoupe amd tomikd eAdyiota. Amd Tnv &AL TAELPK, OE PEYGAES TTEPUTTMOGCELS OOV
dev vdpyel apketdg xpovog yia va SiepevvnBel cwoth 0 Ydpog avalnTnong, 1 eotioon oty ex-
petdAAevon amodidel koAdTEpo aumoTeAéGpHATO. AOYW® TWV XPOVIK®OV OPlwV OV OUTALTOVVTOL, OL
kwhoelg 2-OPT eivar moA0 dvokoho va xprotpomotfodv cwoTé KoL ov KoL Topiyovy KaAVTepa
QoTEAEGHOTAL, X PELALETOL TTOADG XPOVOC YLot VO EKTEAEGTEL COOTA KoL WG €K TOVTOUL deV elvail OLKO-
vopké amodotikd. Ocov apopd T cuVEpTNGT avaloyiag, To profit? maphyel cLYKPIGLX ATOTE-
Aéopata, adld ovvnBwg tepthapPavel Atyotepeg Apactnplotnteg otnv teAikr) Ao Ipokeyévou
vou eTLTOXOVHE TNV KaAUTepT duvarr) Ao, émpene va fpolpe To katdAAnio Papog. Xpnopomnot-
noaype pnyovikn padnon kot oxediboaype évav alyopiBpo Stochastic Gradient Descent yio vor pog
BonBnoel va fpodpe avtr) tn PéATioTn Twpr). Eidape mog n kavovikomoiner Pornce va deopevbei
QUUTH) 1) TIUT] TTLO KOVTG GTNV EMLOUUNTY] TEPLOXT] KO TTAPOVGIAGE AVTAYWOVIOTIKY ATTOTEAEGHATX L€
GAAOLG AYOPLOHOLG BTNV OTEPLOPLOTT PUBHLOT) KOl ATTOTEAECHOLTOL GTIV CLVTLGTOLYT) TLEPLOPLOUEVT).

1.6.2 MeAlovtikn dovAerx

Yrédpyovv moArég odoi yio va eEepevvnBel peddovtikr dovdeld. Xe dpeon oxéon pe avtd To TPOH-
PAnpo e€etaleton 1 mepintwon 6mov kdbe ApacTnploTnTo PIopel vor el TEPLOGOTEPES AITO Pl
Kotnyopleg. e avtd To £pyo k&be SpacTnplotnTa eiye povo pia katnyopic. AAAX GTNV TPOYPATL-
KOTNTO, P ApootnpLoTnTa propel vo epmtintel oe ToAAEG kot yopies. Exovtag moAAég katnyopieg
aAAG&lel OLOLAGTIKG TOV TPOTTO eMIALGTG AVTOV TOL TTPOPATHATOG. M epdTNOT elvat TOG Ta Siar-
QopeTikd Papn mpémel va GLVSVAGTODVY e AUTEG TIG KALTNYOPLES.

Mo GAAN Aew@dpog ov mpémet va e€epevvriBel elva To O Tpémel va xpnopomownBei 1 Tuyouod-
mrta. O adyopiBpog Bo popodoe vo apyloel VIETEPULVIOTIKG Yo VYNAT] EKPHETOANEVOT) KoL JLE TNV
TOPodO TOL XPOVOL VO YAap®OVEL YLt va emmLtyyeL KadOTepn e€epedvnor. To xpovodibypoppor oo-
NG TNG XOAAPWOTG KoL TO OGS oXeTICeTONL pe To péyeBog Tov xwpov avalntnong eival o GAAN
evilapépovoa EpHOTNOT.

Ye autn} ™ duthwportikn diatpiPry éxovpe aoxoAnOel pe tnv eEapyrig emidvoel piog povo mepinTe-
ong. Qotdc0, 1 enilvon TOAAATAGV TEpITTOCEDY 6TV idLa ToTtoAoyia Bo prropovoe va pog doaoet
vEoug TPOTOUG TTPOGEYYLoTG TOL TpoPAnpatog. [ mapddetypa, avti va xprnotpomotcovpe SGD Oa
prtopovcaye Vo eKTToldEDGOVE £Va HOVTEAOD YO Vo PO TTaepdoel éva a priori fapog yia vo xpr)-
oomotjoovpe Aappavovtog vtoym OAeg Tig petaPAntég eigddov. EmumAéov, 1 emidvon moAAGVY
TEPLITOoEWV TOPdAANAa Bo propovoe va Béoel Tig Sikég Tov mpokAfoels. IIpémel oL mepLTOoELS
vou elvo GVGCWPEVHEVES 1] TAG va. éxouv TPOGPaoT) Ge 6TATIKEG TTANPOPOpleg Ko kKABe piot amd
avtég va Aubei oe Sropopetikr) CPU eivon 1) L0 QITOTEAEGUATIKT TPOGEYYLOT] TTOV PITOPOVHE VL
EXOULE;
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Aedopévou 6t 0 vopog Tov Moore éxet tapopeivel yia 35 xpovia artd tnv cOAAN YN tov Ilpoypdppa-
tog [Ipocavatoiilopod kot kaBadg £xovv oxediaotel OAO Kol KaADTEPEG EVPLOTLKEG YLaL TNV eTTIALGT
QUTOD TOL TTPOPATLATOC, £XOVHE QTTOKTIGEL TNV LKOVOTIT VoL ETTLADOULE TTEPUTTOCELS YLt OAO KoL
peyoddtepeg tomoAoyleg. Qotdco, OAa Ta ovyxpova clvola dedopévwv eEakorovBolv va eivar
yOpw otovg 100 k6pPoug, pokpld amd ta mpaypatikd ovvoha dedopévwv OOV LITEPYOLY EKATO
ApooTnploTNTEG QKON KoL G pia HKpT) TTOAT Ko XLALGSES OTIg peyGheg PnTpomOAELS o€ OAO TOV
koopo. To va eivo oe Béom vor KAPaK®OGEL tUTEG TIG ADOELG OTLG YIALAOEG KOl TOL EKATOPPHDPLAL Elvat
(TG onpaciog yio T SuVaTOTNTO HETACYTHATIOHOV avToL atd pia Bewpnrikn dnpocisvon o
poe Ao ov mpaypatikd Ponbd tovg avBpdmoug va Aapfdvouy o evipEPOHEVES ATTOPATELG.
Avalntovrog ) Ppioypagio oe avtd To TPOPANH TApaTPOVHE OTL OAOL oL ahyOpLOpoL exTe-
AoOV éva xavovpylo Eskivipa. Avtod onpaivel 60Tl 6tav apyilovv va emtAbovy pia véa mepintwor
TOL TPOPARHATOG, deV XPNIOLHOTOLODV Kapior TPONYOVUEVT YV&oT kot epmetpia. T Tovg meplocod-
TePOLG KoLvolg adyopiBpovg, ot didpopeg mibavég eicodol ov propodv v Anebovv eivor OG0
TTOAAEG 1OV Sev elval SuVATH 1) ATOPVIHOVELOT). QGTOCO, XPNCLLOTOLOVTOG UNXovikT pddnor Oa
prtopovoe Kavelg va LIToBEceL OTL HET TNV eMIALCT) SLOEKATOUHLPLWV SLLPOPETLKOV TEPLTTOCEWV
yia pioe toAn Ba prtopovoe va dnpovpyn et éva povtédo mov Ba prtopovoe v AdoeL ototeAecpa-
TLIKQ 0oL ONTOTE OTTO QVTEG TIG TEPLTTOOELG KAADTEPX KL TOYVTEPOL ATTO OTOLOVONTTOTE CTTO TOUG
KoLvoUg ahyopiBpoug. Axdpn ko av kétotog dev otpagel ot Mnyoviky MaOnon, n mopdAinin
eniAvon ToAAGOVY mepLTdoE®Y otnV (Sl TomoAoyio Ba fTav éva eviapépov TpdPANpa TG0 oo
NV oy TnNg HNXoviKig 060 kat amd TNV dmoyn tng TANPOPOPLKHG.
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Chapter 1

Introduction

1.1 Orienteering as a sport

Orienteering is a group of sports that requires navigational skills using a map and com-
pass to navigate from point to point in diverse and usually unfamiliar terrain whilst
moving at speed. Participants are given a topographical map, usually a specially pre-
pared orienteering map, which they use to find control points. Originally a training
exercise in land navigation for military officers, orienteering has developed many vari-

ations. Among these, the oldest and the most popular is foot orienteering.

From Wikipedia, The free encyclopedia

Orienteering as a sport originates in late 18" century Sweden as military training. The actual term
“orienteering” was first used in 1886 at the Swedish Military Academy Karlberg. The first competitive
event was held for Swedish military officers on 28 May 1893 at the yearly games of the Stockholm
garrison. The first civilian competition was held four and a half years later, in Norway on 31 October
1897 and was sponsored by the Tjalve Sports Club.

The sport gained popularity with the development of more reliable compasses in the 1930s. In 1932
the first international event between orienteers from Sweden and Norway was held outside Oslo,
Norway. In the subsequent years, the sport was spread to Finland, Switzerland, the Soviet Union and
Hungary. By the end of the 1970s, orienteering had spread all over the world, with many countries
having established national federations and championships.

Orienteering events can be distinguished by
e Method of travel: Foot, Bike, Ski, Canoe, Car
e Length: Ultrasprint, Sprint, Middle, Long
e Time the competition is held: Day, Night
e Order of controls: cross-country (specific order), score (free to decide order)
e Number of competitors: Individual, Team, Relay

Ultrasprint events are held in specially constructed labyrinths and allows for simultaneous local
competitions to be held concurrently in different geographical locations as parts of a larger tourna-
ment. Sprint events are usually 12-15 minutes long and are usually set in urban settings or parks.
Middle races are about 30 minutes long, while the winner for long races takes about 75-90 minutes

to complete the race.
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In cross-country races, all contestants must follow the same route and placement is decided in order
of completion. Usually, contestants are spaced out in a staggered start. On the other hand, in score
races, there are usually mass starts with different points for each control point, depending on dif-
ficulty and one point per minute penalty. Of particular interest is the large-scale, endurance-style
version of a Score-O known as rogaine, in which some events last (often) 24 hours. For these kinds
of competition, which originated in Australia, very large areas are used.

In relay races, several athletes run different parts of the course and the total amount of the team’s
time is taken into consideration. To avoid having athletes group together, various techniques have
been applied. Team orienteering usually follows the score format and the members of the team

disperse to capture as many of the control points in as little time as possible.

1.2 Orienteering in Combinatorial Optimization

In Computer Science the Orienteering Problem (OP) is focused on the score variant of the sport.
In terms of the field, given /N points each giving a different score and a cost to go from each point
to another, we need to devise a path from a starting to finishing point whose cost does not exceed
a predetermined constant. Imagine a friend who visits your home city and asks you to give him a
suggestion of where to go for the few days that he will be visiting. He decides to go out every day at
9:00 AM and be back at his hotel by 8:00 PM. In your home city there are many interesting places,
but he doesn’t have the time to visit and appreciate all of them. Already you are making a mental
list of the best places to visit, along with what lies close to them and would be worthwhile. Then,
you try to order the candidate visits in days and succession, based on what is close. You are already
solving an instance of the OP! While you are also taking into account thematic days and maybe
including a day trip somewhere close, the original problem formulation was a bit more mundane.
The OP was first introduced as the Constrained Traveling Salesman Problem. In the Traveling Sales-
man Problem we need to tour all nodes in the minimal time possible. On the other hand, in the OP
there is a limit to the time we have to tour nodes. In CS, the OP is formulated as an optimization
problem focusing on which control points should be visited and in what order. Beyond the obvious
use case in solving question about the sport, many practical problems can be reduced to the OP.

In the last thirty years the Orienteering Problem (OP) has come from relative obscurity to a central
place in the area of discrete optimization. Starting from a highly abstracted problem in the crossroads
of graph theory and optimization, much more concrete variants and solutions have been introduced
during the recent years. As the OP matures, solutions for its many variants become more and more
suited for real life applications as gradually more real life constraints and peculiarities are inserted
in the problem definition. An example of such a peculiarity is the temporal nature of the underlying
graph, either in the possible choices at each step of the solution, or the time it takes to transition
from one node to another, much as it happens in a physical transportation network.

Solutions to the OP include many operational research problems, such as logistics or routing vehicles
for deliveries of goods or services. Other applications are the Tourist Trip Design Problem (which
we mentioned a few paragraphs ago), deciding how to spend your time in a theme park, routing
information collecting drones and the bank robber problem, where you have to choose which banks

to steal from before your car gas tank runs out (police is not taken into consideration).
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In this Diploma Thesis, we introduce a new variant of that problem, the Minimum-Maximum Con-
straints Orienteering Problem with Time Windows (MMCTOPTW). This new variant comes from
the real life example of the Tourist Trip Design Problem (TTDP), where in each day the tourist wants
to have the best time and get the most out of his short visit, whilst at the same time satisfying some
constraints. One such constraint is to visit exactly one restaurant. If he visits no restaurants he will
go hungry. On the other hand, visiting a second restaurant will give him no further utility.

As a way to solve this new variant, an ILS algorithm is considered and extensive experimental results
are conducted to help evaluate parameter choices. The results of this implementation are then com-
pared to state of the art algorithms in the same topologies. Finally, a speculation of other candidate

solution algorithms is presented and possible future extensions.

1.3 Motivation

As we have highlighted, many problems can be reduced to an instance of the OP. We have already
mentioned the TTDP. Other applications include the routing technicians, where a company has to
decide where to send each technician in a single day. Other applications that can be reduced to the
OP are choosing rides in an amusement park and routing drones for information collection above
candidate targets. For that reason, solutions to the OP are of extreme interest to both the scientific
and the industrial community. The application that will be the main focus of this thesis is the Tourist
Trip Design Problem (TTDP) (Gavalas et al. (2014a), Souffriau et al. (2008), Worndl (2016)). Until this
point, all POIs were considered to be of the same category, meaning that they were interchangeable.
But in real life, we might want to include a POI of a certain category. The example we gave above is
that of a restaurant, but it could also be anything else, such as a museum or a concert.

Although minimum constraints have been briefly considered in Sylejmani et al. (2012), as of the
writing of this thesis, to the best of the author’s knowledge, there is no previous work dealing with

minimum constraints.
1.4 Thesis contribution
The main contributions of this work are the following:
1. Design and implementation of an ILS algorithm for the solution of the MMCTOPTW.

2. Comparison with existing algorithms in the unconstrained setting.

3. Comparison of the constrained settings to the unconstrained.

1.5 Chapter outline

In Chapter 2, we present the history, bibliography and necessary technical background that is needed
to understand the Orienteering Problem. A few of the most cited variants are introduced along
with an overview of the proposed solutions. We finish by introducing the mathematical formulation
for the Orienteering Problem, and the variant that will be the focus for the rest of the thesis, the

Minimum-Maximum Constraint Team Orienteering Problem with Time Windows.
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In Chapter 3, we take a further look into the approach of Vansteenwegen et al. (2009b), on whose
work this thesis is largely based. First, we will take a closer look into the methodology followed in
the aforementioned paper and how this work furthers that approach. Then we present the proposed
modified algorithm.

In Chapter 4 through experimentation on available datasets, we determine the optimal parame-
ters that appear in our algorithm, in order to achieve the best result. Questions that arise consider
the stochastic versus deterministic, the greedy criterion that should be used, whether using 2-OPT
moves will provide us with a better result and finally, the choice of the weight we need to give
to our new part of the greedy criterion. Firstly, we show that for a given weight the categories of
each minimum follow a normal distribution. Then we show that a static value of this weight is not
optimal and finally we explore a form of Stochastic Gradient Descent (SGD) to arrive to an optimal
value, at the same time as solving the problem.

In Chapter 5, we will first compare our algorithm in the unconstrained scenario against the ILS
solution our work is based on. Later in the chapter we will establish the smooth decrement of the
achieved result as the constraints become tighter

In Chapter 6, we list future work that could be undertaken in the problem and new venues to ap-
proach it. Furthermore, we propose augmentations to the current approach and additional variants

similar to this.
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Chapter 2

Background

2.1 History

The Orienteering Problem (OP) was first described in Golden et al. (1981), but the term OP was first
introduced in Tsiligirides (1984). Subsequently, Golden et al. (1987) proved that the OP is NP-hard. OP
has stemmed from the TSP and many papers have refer to it as constrained TSP (Laporte and Martello
(1990); Gendreau et al. (1998a); Thomadsen and Stidsen (2003)). A very slight variation of the OP is
the Team OP (TOP). In this variant, instead of seeking just one, M routes are requested, each of which
may start and end at the same vertices, but share no other nodes. Some of the practical applications of
the OP include the traveling salesman with insufficient time to visit all cities in Tsiligirides (1984) and
the home fuel delivery problem in Golden et al. (1987), where a fleet of trucks has to deliver to a large
number of customers on a daily basis and each customer’s fuel inventory level must be maintained
at an adequate level at all times. Hence, each customer is awarded an urgency score depending on
his current or projected fuel inventory level. Determining the subset of customers to service each
day and the path of the trucks is essentially the OP. Others include the Mobile Tourist Guide and
Tourist Trip Design Problem (Thomadsen and Stidsen (2003); Vansteenwegen and Van Oudheusden
(2007)). For the original OP, several benchmark instances exist. These can be found in Tsiligirides
(1984), Chao et al. (1993), Chao et al. (1996b) and Fischetti et al. (1998). Additionally, several more
exist for the TOP and can be found in Chao et al. (1996a) and Dang et al. (2013b). In total, 385
instances are available with 21 to 500 vertices for the OP and 472 instances with 21 to 399 vertices
for the TOP. More information can be found in Vansteenwegen et al. (2011) and Gunawan et al.
(2016). A list of the details for these datasets can be found at A.1

To tackle the OP several exact as well as heuristic algorithms have been proposed. The exact so-
lutions can be found in table A and the heuristic solutions in table A. The exact solutions include
Branch and Bound (Laporte and Martello (1990), Ramesh et al. (1992)), Branch and Cut (Fischetti et al.
(1998), Gendreau et al. (1998a), Feillet et al. (2005), Dang et al. (2013a)), Branch and Price (Boussier
et al. (2007)) and Cutting Plane (Leifer and Rosenwein (1994)) algorithms. Each one of these papers
plays on finding the optimal solutions as we unfold the search space.

On the other hand the heuristic approaches follow the trend of the field. While before 2000 we see
hand crafted algorithms like Centre of Gravity (Golden et al. (1987)) and the Four-phase heuristic
(Ramesh and Brown (1991)) or the Five-step heuristic (Chao et al. (1996b), Chao et al. (1996a)), in
recent years the trend is applying known heuristics to this problem. In the new millennium we see a
clear trend towards heuristic approaches instead of exact algorithms. During the last eighteen years

there have been more than 19 heuristic approaches compared to about 6 papers discussing exact
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algorithms. A plethora of metaheuristic optimization algorithms have been applied to the OP and
the TOP. Tabu search (Gendreau et al. (1998b), Archetti et al. (2007)), several variants of Variable
Neighborhood Search (Archetti et al. (2007), Vansteenwegen et al. (2009c), Liang et al. (2013)), a
technique to which researches return to through the years and use to solve almost all variants of the
TOP. Among other metaheuristics used are Ant Colony Optimization (Ke et al. (2008), Gambardella
et al. (2012)), Iterated Local Search (Vansteenwegen et al. (2009b), Gunawan et al. (2015a)), Greedy
Randomized Adaptive Search Procedure also known as GRASP (Campos et al. (2014), Marinakis et al.
(2015), Particle Swarm Optimization aka PSO (SEVKLI and SEVILGEN (2010), Sevkli and Sevilgen
(2010), Muthuswamy and Lam (2011b), Dang et al. (2011), Dang et al. (2013b)), Simulated Annealing
(Vincent and Lin (2014)) and of course the other oldest metaheuristic algorithm, Genetic Algorithms
(Ferreira et al. (2014)).

These attempts have built on one another and have met various degrees of success. While most of
them have failed in producing better than the already known solutions, they have helped us into
gaining a deeper understanding of the underlying problem. Some papers have tried to win in time
instead of quality. Exact algorithms like Branch-and-Cut and swarming algorithms like PSO and
ACO require non-negligible time of computation to arrive to a good result. On the opposite side
of these, algorithms like Iterated Local Search (ILS) produce results of comparable quality (but not
quite the same) in a very small fraction of the time. While for offline application, we can invest more
time to achieve a better solution, in an online context or a system shared by many users where each
computing cycle is weighted against the additional quality it brings to the final answer, algorithms
that produce a good-enough solution in very little time seem very appealing.

While in the early years after the formulation of the problem, mainly exact solutions were proposed,
most contemporary papers attempt to solve this problem utilizing heuristics. This shift is logical if
we bear in mind that the OP is NP-hard and the flourish of the heuristic optimization field in the
early 2000s. While in the beginning researchers aimed to solve even small instances with only a few
nodes, modern researchers aim solving ever larger datasets and ever faster solutions. As computers
now are used interactively (in contrast with batch processing jobs in the 1990s) our perception of
time has changed and if we want to transfer these solutions to end users, solving durations of more
than a few seconds can seem like an eternity and highly discourage users to continue using such a

solution.

2.2 Variations

Over time, a number of variants have emerged, others stemming by real life applications and others

from revisiting previous assumptions. The most notable among them are following:

e (Team) Orienteering Problem with Time Windows [(T)OPTW]

Time Dependent Orienteering Problem [TDOP]

Arc Orienteering Problem [AOP]

Stochastic Orienteering Problem [SOP]

General Orienteering Problem [GOP]
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2.2.1 (Team) Orienteering Problem with Time Windows [(T)OPTW]

In the OPTW, each vertex is assigned a time window [O;, C;] and a visit to a vertex can only start
during this time window. In terms of graph theory, we substitute the static graph with a temporal
one. This variation stems mostly from real life problems, such as the TTDP, where most attractions
are not always open and especially some events might have a very specific starting time. This slight
variation has a profound impact on solution methods. While in traditional (T)OP most solutions use
some form of 2-OPT moves, in (T)OPTW this approach cannot be applied efficiently. Exchanging
the visits between two vertices can lead to one or both of the vertices to be scheduled outside of their
respective Time Windows and as a result, make the route invalid. The other difference that must be
taken into account is that in this variation we might have to wait at a vertex for its opening and
therefore adding a visit halfway across the route will move every other visit after it by a possibly
different amount. In the classic OP if the next vertex is moved by X amount, then all further vertices
have to move also by that amount. This does not hold for the OPTW.

Kantor and Rosenwein (1992) were the first to solve the OPTW. They first describe an insertion
heuristic of ”score over insertion time”. This is the same greedy criterion that is used in the con-
tinuous Knapsack Problem. It has proven a very good baseline and will form the basis for our own
algorithm later. Secondly, a depth-first search algorithm is proposed that constructs partial paths
using the insertion heuristic and beginning in the start vertex. Righini and Salani (2009) designed
an bi-directional dynamic programming algorithm, which is exact. In Vansteenwegen et al. (2009b)
an Iterated Local Search (ILS) is proposed, where for each insertion step, all vertices are considered

in between two included vertices and for each vertex the best possible place for insertion is chosen

and then the vertex with the best Ssc,ff;: is inserted in the solution. Our approach is largely based
on this work. After no more insertions can be performed the solution is evaluated, in the shake step
a contiguous part of the solution is removed and we start again. Their approach has the unique
trait of finding a solution in a matter of seconds, as opposed to most approaches which need a few
minutes of computation. The algorithm finishes when there has been no improvement for 150 itera-
tions. In Gavalas et al. (2015) two clustered algorithms are used in an effort to reduce the time spent
on traveling. Gunawan et al. (2015a) using ILS and Gunawan et al. (2015b) using Hybrid Simulated
Annealing and ILS (SAILS) are currently state-of-the-art algorithms for the (T)OPTW. Labadie et al.
(2011) proposes a hybridization of a Greedy Randomized Adaptive Search Procedure (GRASP) and
Evolutionary Local Search (ELS) algorithm (GRASP-ELS), Cura (2014) uses Artificial Bee Colony
(ABC), yet another metaheuristic. More details can be found on Gunawan et al. (2016). Gambardella
et al. (2012) has used Enhanced Ant Colony System (EACS), Lin and Vincent (2012) uses fast and slow
Simulated Annealing, Labadie et al. (2012) an LP-based Granular Variable Neighborhood Search and
Duque et al. (2015) the Pulse Algorithm. A lot of work is being done on this problem and garners the
most attention after the original (T)OP. The switch from exact solutions to heuristics is very striking
in the previously presented papers, in favor of the ability to solve larger datasets in a reasonable time

frame. A more complete list can be found on A.

2.2.2 Time Dependent Orienteering Problem [TTDP]

In the OPTW we abandoned the notion of a static graph in terms of vertices. We couldn’t visit any

vertex, any time. In this variation, we abandon instead the notion of a static graph in favor of a

51



temporal one in terms of edges. How far away two nodes are depends not only from the nodes,
but is also a function of time. This variation also stems from real life problems. One only needs to
think of traffic jams every morning and afternoon in his favorite city, where the nodes are stationary
and the time to travel from one to another changes over time or of moving targets, whose relative
distance is obviously a function of time. Another application arises from the schedules of public
transportation where the time we have to wait for a train depends on the time we get to the station.
Another interesting application is navigating in a theme park where going from one ride to the
next depends mostly on the time you will have to wait in line waiting for your turn. That time is a
function of time depending on the peak hours of the theme park.

This variation was first introduced in Fomin and Lingas (2002). The solutions that have been pro-
posed include Dynamic Programming (Li (2012)) ILS (Gunawan et al. (2014), Garcia et al. (2010))
which extends the work from Vansteenwegen et al. (2009b), ACS (Verbeeck et al. (2014)) and Adapted
Genetic Algorithm (Abbaspour and Samadzadegan (2011)). A contains more information on each of

these solutions.

2.2.3 Arc Orienteering Problem [AOP]

This variation assigns profits to the edges instead of the vertices. Examples for this problem are
taken from telecommunications and transportation. It has been shown that an AOP instance can
be reduced to an OP instance. Proposed solutions include ILS, various approximation algorithms
by Gavalas et al. (2015), Branch-and-Cut, and Hybrid Tabu Search and diversification phase with

the exact solution of ILP models.

2.2.4 Stochastic Orienteering Problem [SOP]

While up until now, all sizes in the problem were deterministic, there are a few variations of the OP
were one or more sizes are associated with a probability or a distribution. In Orienteering Problem
with Stochastic Profits (OPSP) the profit accrued by a vertex is a normal distribution. On the other
hand, in Orienteering Problem with Stochastic Travel and Service Times (OPSTS) the time taken to
complete a visit to a vertex or traversing an edge is taken from a known distribution. A practical
example of OPSP in the TTDP is having to plan the trip with only seeing the reviews for each
candidate place and not knowing before hand how much you will enjoy actually going there. On
the other hand the OPSTS is going to the bus stop without having seen the timetable. When the
bus will pick you up is a stochastic amount. Another proposed application is going to a theme park
where the length of the line at each attraction comes from a distribution. Usually, the goal of the
solutions to such problems is to guarantee a certain threshold with good probability. That you will
reach you hotel before 8:00 PM with a probability greater than 90% or that you will collect above of
a certain amount of profit.

Proposed solutions include bi-objective Genetic Algorithm, Variable Neighborhood Search, Monte
Carl sampling, Mixed Integer Linear Programming Approximation, Local Search and Adaptive Vari-

able Neighborhood Search. More information about these solutions can be found on table A
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2.2.5 General Orienteering Problem [GOP]

The difference in this variation lies in the objective function. In the previous variations, the ob-
jective function was implicitly defined as the sum of the profits of the visited nodes (or edges in
the case of AOP). In this variation, the objective function can be super- or sub-modular. This prob-
lem tries to capture relationships between vertices that might benefit (or not) from the selection
of another node. An example of a cooperative relationship could be visiting Acropolis first and
then the adjacent museum of Acropolis. A competitive relationship could be visiting two restau-
rants back to back. In Geem et al. (2005) each node was associated with a vector of attributes
S(i) = (S1(i), S2(), ..., S4(4)). Each attribute also has a weight W;. The final objective function
is listed in 2.2.5.

MazximizeZ = ZW {Z A& (2.1)
icP
Furthermore, 22:1 W; = 1 and k in a non-negative exponent. Of course, by setting ¢ = 1 and

k = 1 we get the original OP. As k approaches infinity, Z approaches Z, where

MazimizeZ = ;W{rlrg}g(( (i)} (2.2)

Papers on GOP are listed in table A.

2.3 Definition and Mathematical Formulation

In this section, we will give a formal definition of the OP and of the MMCTOPTW. Let there be a
full weighted undirected graph with N vertices, each with a profit P; and a visiting time V;. Let the
weight of the edge e; denoted t; represent the time needed to move from vertex i to vertex j. The
values of t;; adhere to the triangle inequality, meaning Vi, j, k : t;; < t;, +11;. Let there be a starting
vertex S and an ending vertex T. The goal of the OP is to determine a simple path from vertex S to
vertex T of duration less than or equal to some value Ty, such that it maximizes the > P; of the
vertices in the path.

Mathematically, it can be formulated as an Integer Programming (IP) problem. The mathematical
formulation of the IP problem can also be seen in Vansteenwegen et al. (2011). Let x;; = 1 when a

visit to vertex i is followed by a visit to vertex j - 0 otherwise. Let u; be the position of vertex i in the

path.
N-1 N
Mazx Z Z Pll‘l] (2.3)
i=1 j=2
Zl’gj = in;p =1 (2.4)
J#S i#T
N N
wp =) ap <1y VE#ST (2.5)
i=1 j=1
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u + Z inj(tij + 7]) < Tmax (2'6)

2 et £ 2 -
1=1 j5=1
1 =ug <u; <up=max(u;); Vi#S,T (2.7)
u; —u; +1< (up —1)(1 — a:ij) Vi, J (2.8)
zi; € {0,1} (2:9)

The objective function 2.3 maximizes the total collected score. Constraints 2.4 ensure that the path
starts at vertex S and ends at vertex T. Constraints 2.5 ensure the continuity of the path and guar-
antee that each vertex is visited at most once. Constraints 2.6 enforce the time budget limitation.
Constraints 2.7 and 2.8 are necessary to prevent subtours. Because of the previous constraints each
vertex has in and out degree of at most 1. From this, we can deduce that other than the isolated ver-
tices, the graph will contain paths and cycles. Subtours are the cycles in this graph. We are looking
for a single path and therefore we include these constraints to eliminate the cycles. These subtour
elimination constraints are reiterated according to the Miller-Tucket-Zemlin (MTZ) formulation of
the TSP (Miller et al. (1960)).

An extension to the original OP, that will be of interest in this thesis, is the OP with Time Windows
(OPTW). In this extension, each vertex can be visited only during the time frame [O;, C]. Another
extension of the OP is the Team OP (TOP), in which D paths are requested instead of a single path, all
starting and ending at the same positions, but sharing no other nodes. Therefore, each activity can
be visited only once in all the routes. Finally, the extension presented by this thesis is the Minimum-
Maximum Constraint TOPTW (MMCTOPTW), where in addition to the previous features, every
vertex has a category vector K;. Additionally, the two vectors m and M denote the minimum and
maximum constraints of the problem respectively. As a result of the all the above, the mathematical
formulation of the IP needs to be revisited. In the new formulation, one more subscript will be added
to most of our variables to indicate the day that we refer to. Moreover, additional constraints will be
introduced to express the Time Windows constraints and the Minimum-Maximum constraints. In
order to express the Time Windows constraints, the variable s;; states the start of service at activity

i on route d.

D N-1 N
xz ZR:UUd (2.10)
d=1 =1 j=2
D D
ZZ‘TSj ZZ TiTd = (2.11)
d=1j#5 LitT
Y wika=Y aka<l; Vk#S,Tivd (2.12)
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D N-1 N
m<> > Y Kaja<M (2.19)
d=1 i=1 j=2
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The objective function 2.10 now sums over all routes. Constraint 2.11 ensures that each day starts
from S and ends at T. Constraints 2.12 provide the continuity of the path in each day and ensures
that each vertex is visited at most once in all days, same as above. Constraints 2.13 ensure that each
route’s time budget is not exceeded. Constraints 2.14, 2.15 and 2.16 are necessary to prevent subtours
according to the MTZ formulation of the TSP. Constraints 2.17 ensure that start times are within
the allowed time frame. Constraints 2.18 ensure that each vertex belongs to exactly one category.

Constraints 2.19 express the minimum and maximum allowed vertices of each category.
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Chapter 3

Design and Implementation

3.1 Introduction

In this chapter we will first give a high level description of the algorithm in Vansteenwegen et al.
(2009Db), then delve deeper into the technicalities and finally, present our own algorithm.

We believe that the term "POI” used in the referenced paper does not capture the whole meaning
of what we want to express with a visit, as it expresses mainly a spatial entity while we want to
give emphasis to its temporal nature as well. For that reason, from now on, we will refer to them
as Activities, which are taking place in a location, but also have a Time Window. This notion, better
captures events such as concerts, giving an emphasis to the fact that while many Activities can take
place in the same place, each one is different.

The proposed solution is an Iterated Local Search (ILS). The original algorithm is described below.
In every iteration, Activities are inserted greedily into the current solution using a heuristic to rate
possible candidates, until no more can be inserted. After inserting all possible Activities, the new
solution is evaluated. If it is better than the best found solution, we make this the best solution. At
the end of the loop, we shake parts of the current solution in order to be able to create a new one.
We repeat this procedure until the solution has not been improved for 150 iterations. As Activities
are inserted and then removed, the produced solutions are essentially samples from a distribution
from which we keep the one with the highest profit.

Basically, we can divide the algorithm into four discrete steps. Initialization, insertion, evaluation
and shaking. First we initialize the paths, then in a loop insert as long as possible, evaluate the new
solution, shake parts of it, in order to acquire a new one in the next step.

While on first reading this might seem like an easy algorithm, there are quite a few implementation
trappings that must be taken into consideration. After we have found the next Activity to insert and
where to insert it, keeping our data structures consistent for the next iteration is not trivial. Due
to the Time Windows, as we have mentioned previously, each subsequent starting time needs to
be recalculated. The other question that becomes more difficult is whether a certain Activity can be
inserted in the solution. In the TOP, keeping a path variable of how much more time we can use
for new POIs is enough, but in the TOPTW a variable for each Activity is required and needs to
be updated after every single insertion. This variable is called maximum shift for. It represents how
much later this Activity can start.

A major improvement in terms of execution time is not considering all Activities in each iteration.
If we were unable to reach an Activity in the previous iteration, then after adding one more Activity

to our solution we will also be unable to reach it. Due to the time windows, we might arrive for an
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Listing 3.1: Pseudo code for the insertion step.

For each non included Activity:

| Determine the best possible insert position and Shift;
| Calculate Ratio;

Insert Activity with highest ratio (j);

Node j: calculate Arrive, Start, Wait;

For each Node after j (until Shift == 0):

| Update Arrive, Start, Wait, MaxShift, Shift;

Node j: update MaxShift;

For each Node before j:

| Update MaxShift;

Activity earlier than its opening time. In that case, we will have to wait. This is another variable that
needs to be updated in every modification of the solution.

When inserting a new Activity Vansteenwegen et al. (2009b) takes into account two things: Time
and Profit. While profit is straightforward in the additive setting, time needs to take into account
both visit and travel times. To that end, the authors have defined Shi ft, which is how much later we
would arrive to the next Activity if we first went to the new Activity. They have combined these two
in a very elegant metric Ratio = % For each candidate Activity the minimum Shi f is used.
Finding the minimum shift requires trying to insert the Activity between every two consecutive
Activities present in the solution. For large instances, the complexity of finding this minimum shift
is not negligible.

Next, we will focus on the shake step. After each solution has been evaluated, we need to shake a part
of it, so that a new, different solution can be created. In their algorithm, they try to shake less than
1/3 of the current solution. Starting over doesn’t offer anything as the solution is deterministic. To
achieve that, after each shake, they increase the number of Activities to drop by 1. Also the starting
place to perform the shake is increased by the number of Activities dropped.

The formulas for updating various quantities are summarized in 3.1. The original pseudo code is
listed below in 3.1, 3.2 and 3.3.

Table 3.1: Update formulas.

Name Formula Name Formula
W ait; max|0, open — arrive] MaxShift; | min[Close; — Start;, Waitit1 + MaxShift;i1]
Shift; | tij + Wait; + Visit; + t;x Ratio; (Profit;)?/Shift;

3.1.1 Algorithm

The original algorithm needs to be revisited to take into consideration the minimums and max-
imums. Maximums are very easy to honour. The only modification needed is in the insert step,
where the Activities that are considered, would not violate them if they were inserted. On the other
hand, implementing a solution to respect the minimums set is not as straightforward. Obviously,
small minimums of frequent categories in large tours will always be satisfied, even with the original

algorithm. However, when the constraints are more exacting, the solutions produced by the original
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Listing 3.2: Pseudo code for the shake step.

For each tour:

| Delete the set of visits (i => j);

| Calculate Shift;

| For each Node after j (until Shift == 0):

| | Shift Node towards the beginning of the tour;
| | Update Arrive, Start, Wait, MaxShift, Shift;

| For each Node before 1i:

| | Update MaxShift;

Listing 3.3: Pseudo code for the ILS heuristic.

S « 1;

P« 1;

NumberOfTimesNoIlmprovement < 0;

while NumberOfTimesNolmprovement < 150 do

| while not local optimum do

| | Insert;

| If Solution better than BestFound then

| | BestFound < Solution;

| | R « 1;

| | NumberOfTimesNoIlmprovement <+ 0;
| Else

| | NumberOfTimesNoIlmprovement < NumberOfTimesNolmprovement +1;
| Shake Solution (R, S)

| S <« S + R;

| R <« R+1;

| If S>=Size of the smallest Tour then

| | S < S$-Size of smallest Tour;

| If R==n/(3"m) then

| | R «— 1;

Return BestFound;

algorithm will most likely be invalid. Therefore, the heuristic must be improved upon to yield more

feasible solutions more frequently.

(Profit;)? ( Demand|Category;]
Shift; Supply|[Category;]

Ratio; = (3.1)

This rule will be mentioned from now on as the “squared profit, multiplicative demand over supply”.
While obtaining infeasible solutions is still possible, the way that the solutions are generated, prior-
itize (to some degree) Activities which belong to categories that have been requested. As it will be
shown, this simple modification is enough to obtain high quality solutions to the MMCTOPTW. An-
other modification that has helped produce better quality solutions is inserting a little randomness.
This is achieved by multiplying Ratio; by a random number drawn from a uniform distribution.
Naturally, these modifications give rise to the question of values that these parameters should have.
Although the original authors did not utilize 2-OPT moves, we will try a few variations that might

help us in obtaining better quality results. The pseudocode for the 2-OPT can be found in 3.4.
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Listing 3.4: Pseudo code for the 2-OPT.

HasChanged < False;

for every Route in Solution

for 0 < i < length(Route)

for i < j < length(Route)

TravelBefore « TravelTime (Route[i—1], Route[i])
+ TravelTime (Route[j], Route[j+1]);

TravelAfter < TravelTime (Route[i—1], Route[j])
+ TravelTime (Route[i], Route[j+1]);

if TravelBefore > TravelAfter

Construct NewRoute;

if (NewRoute is feasible) and

(NewRoute has greater MaxShift)

| replace Route with NewRoute;

| | HasChanged <« True;

eturn HasChanged;

|
|
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
r

3.1.2 Description of Dataset

For all computations, the dataset from Gavalas et al. (2015) with 113 sites (museums and art galleries,
archaeological sites, monuments and landmarks, streets and squares, neighbourhoods, churches and
religious heritage, parks), which are mostly situated around Athens down-town and Piraeus areas
has been used. From the above described sites 20 different "topologies” have been generated, main-
taining the real coordinates and hence the travelling times, however their respective profits, visiting
hours, opening and closing hours have been randomized. To each of these topologies a category
classification has been added. Also, a category has been added to each Activity at random as shown
in 3.2.

Furthermore, the datasets from Vansteenwegen et al. (2009b) have been utilised to give a clearer
image of how the various algorithms cope with different datasets. The same randomization has

been used to generate categories for these topologies as well.

Table 3.2
Category 1 2 3 4 5 6
Probability | 30% | 20% | 20% | 10% | 10% | 10%

The dataset is completed by 144 equispaced locations, which can be used as starting positions.
Below, in figure 3.1, all activities and areas are depicted on the map of Attica. The size of the marker
is proportionate to the profit of the associated Activity. The color of the marker is bluer for activities
with small visiting times and redder for activities with large visiting times. The map of areas follows
in 3.2
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Figure 3.2: Map of Areas
Obviously only valid areas will be used as starting and finishing points and not those that are un-

reachable (e.g. underwater).

3.2 Code

3.2.1 Methods and Data Structures

The final solution consists of routes. Each route consists of an ordered list of Nodes. The members
of the Node are listed in 3.3. The properties of Node are listed in 3.4.
The solving system has been prototyped in Python 2.7 and optimized to run in Rust. The solver needs

in its initialization the following:

1. The number of routes

2. The start and end times for each day
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Table 3.3: Members of Node

Name Type Description
activity | Activity Pointer to the associated activity
arrive int Time that we arrive for this activity
start int Time that the activity is started
max_shift int Time that this activity can be pushed forward

Table 3.4: Properties of Node

Name Type Description Formula
wait int Time between arrive and start start-arrive
max_start | int | The latest time at which the activity can be started | arrive+max_shift
leave int Time of departure from the Activity start+visit
Table 3.5: Methods offered by the solver

Name | Arguments Description
solve The main method of the solver. Returns a list of lists of Nodes.

insert | curr_solution

Inserts a single new Activity to the current solution.
If no Activity can be added, then it returns False.

shake | curr_solution Removes a number of Activities from each route.

2-OPT | curr_solution

Performs 2-OPT moves on the current solution,
increasing the maximum allowed shift.

3. The available activities
4. The starting and ending area
5. The minimums required from each category

6. The maximums allowed from each category

The methods of the Solver are listed in 3.5.
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Chapter 4

Hyperparameter optimization

A number of parameters have been introduced and the choice of values for each of these must
be considered. While most of the parameters have one value that is preferable over all others and
therefore can be safely used in all runs of the algorithm, the optimal value for some of them changes
depending on the setting. In this section, we will analyse the different alternatives we considered

for each one and present experimental results for our choices.

4.1 Ratio function

The first choice that has to be made is that of the augmented ratio function. The main decision
is whether to use as the nominator (profit) (which is the standard heuristic for the corresponding
knapsack problem) or (profit)? (which is proposed by Vansteenwegen et al. (2009b)). To answer that
question, we ran the unconstrained setting for every topology for 100 times and we will compare
the results in respect to average profit and average time to completion. The results can be seen in
figures B.1-B.6.

In the first dataset, it is clear that profit? takes significantly less time, but has sub par results in
terms of profit for most topologies. The reason for the reduced times is that this ratio function favors
activities with larger profits, and hence, larger visiting times. As a result, fewer activities participate
in the final solution and therefore, each new solution is computed using fewer insertions, which in
turn take less time. Pay attention to ¢11 for 1 route, where the activities are, on average, only 60%
that of the solutions with profit in the nominator of the ratio function.

For the Montemanni dataset, results are quite similar in terms of both time and profit. We can see
that there are a few spikes in time, but they can be attributed to statistical error rather than actual
information. In the last dataset, the same observations as in the previous dataset can be made. As
this work focuses mainly on producing quality solutions with a lot of minimums constraints, it is
required to include more activities in the final solution. Therefore, the rest of this work will focus

on results utilizing the profit ratio.

4.2 Random factor

The second parameter in need of a value is that of randomness. Specifically, the range the ran-
dom values will have. As we mentioned above, after calculating the ratio for each Activity,
we will multiply it with a random value drawn from a uniform distribution. Let the range be

[low, high],low, high € R*. Notice that because we will use this value to multiply the ratio, this
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Figure 4.1: Profit vs Random factor for 1 route

is equivalent to any other range [a * low, a * high],a € R™. Therefore, without loss of generality,
we can limit our range in [low, 1], low € [0, 1]. As a result, we only need one value, low instead of
two. When low = 1, the randomized algorithm degenerates to the corresponding deterministic one.
Barring a formal analysis, we will resort to extensive testing on current topologies to extract results.
To that purpose the first topology of Gavalas was run for 1 to 3 routes starting from the middle of
Athens (where Activities are the most dense) and with minimums [0, 2, 4, 6] of category 1. Start time
was 600 and the end time was 1020 for all routes. Below, the plots show average, max and standard
deviation of the profit, as well as the mean of the time it took to on average to compute the solution.
Each setting was run 100 times to eliminate the stochastic nature of the produced solutions. We
include only the most interesting of the figures here in 4.1 and 4.2. The full results can be found in
figures B.7-B.13.

The reason we decided to include these three figures is that they display three different behaviors. In
the first figure, we see the mean profit to steadily rise until low = 0.9 from which point it remains
steady. Alongside that increase, we see a steady decline in the standard deviation, until all solutions
are the same (std = 0). This behaviour argues towards a larger low value, or even for a deterministic
algorithm. The second figure shows a very steep decline in the mean profit after low = 0.95. In this
setting we can see the advantages of introducing a little randomness. It is a lot more difficult to get
stuck in a local optimum when there is more randomness. This figure illustrates perfectly why we
differentiated ourselves from the basis of our work and do not always pick the Activity with the
maximum Ratio. This mechanism allows us to explore more varied solutions and not being stuck in
recreating the same solution again and again. Lastly, the final figure shows us what happens when
the search space is not exploited enough. In that case, randomness doesn’t offer better solutions,
but instead makes us explore in less promising areas, jeopardizing our ability to obtain an optimal
solution.

The takeaways from the three figures are the following.

1. The larger the random factor is, the less variance exists in the solutions. The extreme for this
takeaway can be seen in the first figure, where for random factor equal to 1, all of the produced

solutions are the same.

2. The larger the search space, the more variance there is in the solutions. Also, for large search
spaces, the max follows the mean. Randomness stems from the random factor and the random
shake.
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Figure 4.2: Profit vs Random factor for 3 routes

3. The larger the random factor, the more likely it is for a high quality solution to be produced,

but it is some times less likely to produce the best possible solution.

From these figures, as well from the rest in Appendix B, it is clear that for small cases, more random-
ness should be introduced after few iterations, while for larger search spaces, if there is not sufficient
time, the deterministic solutions should only be explored instead. In future work we would like to
see the randomness not stay the same during the whole search, but instead start from producing
deterministic solutions and as we cycle back to the same solutions indicating that the exploitation
phase is mostly completed, start introducing more randomness to explore greater areas of the search

space.

4.3 Using 2-OPT moves

In their seminal paper Vansteenwegen et al. (2009b), the authors chose not to perform 2-OPT moves,
due to the small overlap of the Time Windows. However, in the more realistic dataset of Gavalas
et al. (2015) there is considerable overlap between the Time Windows of the various activities and
therefore it was deemed beneficial to include 2-opt moves in our system. Because after each success-
ful 2-OPT move, more inserts need to be performed, each iteration takes longer. On the other hand,
when performing 2-OPT, the algorithm should produce better results. Initially, we tried performing

2-opt moves after we had inserted all the Activities we could and then try inserting again as many
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Activities as possible. The results of that approach are shown in figures B.14-B.19 as a fraction of
the respective average profit achieved without 2-OPT moves.

Although using 2-OPT is systematically better, it doesn’t improve the output greatly. The Monte-
manni dataset benefits most from that modification, but even so, the average improvement is under
1%. Performing the insert step after 2-OPT, takes a lot of time, as all Activities need to be revisited.
That takes a lot of time and therefore this approach is a lot slower.

Before dismissing this technique though, we also tried replacing Activities instead of inserting new
ones. The relative results can be seen in figures B.20-B.25 On average, using 2-opt produces slightly
better solutions. However, this technique is better utilized in some datasets and less so in others. In
the context of ILS, performing 2-OPT is quite expensive in terms of computation time and therefore
not easily and efficiently applied. As part of future work, a more sporadic and guided use of 2-OPT
could be employed, which will yield comparable or even better results, without demanding as much

computational power.

4.4 The choice of w

Finally, there is the problem of the value of w in our Ratio function. Having a very low value will
lead to few feasible solutions and therefore, most of the time will be spent computing solutions which
cannot be utilised. On the other hand, a very large value will have adversarial effects on the profit
factor and hence generate solutions of lower quality. In truth, depending on the time there is, the
location of the current route, the minimums we have, and the topology, there is a different optimal
value of w. However, since that value is highly volatile, there is little hope of determining those
optimal values for all instances a priori. In this section we will first demonstrate that the count of
each category in a solution are samples from a discrete normal distribution. Then we will show how
this distribution varies for different weights. Finally, we will present a couple learning algorithms
based on Stochastic Gradient Descent (SGD).

Starting off, we used a single value for all topologies and categories. In figure 4.3 we have plotted the
count of Activities belonging to category ‘1’ for different minimums and different constant weights.
For each weight we produce about 2000 different solutions.

Looking at the figure, it is clear that when little or no constraints apply, the number of Activities
present in the solution with category ‘1’ follows a normal distribution. The same holds true for low
values of weight for more constrained settings. In more constrained settings, the normal distribution
is still present below the appointed threshold, but gets more concentrated towards the threshold as
the weight increases. This can be seen in the fading blue line when we require a minimum of six
Activities of category ‘1’ and the weight is between 2 and 4. This hypothesis is further reinforced
when we look at larger instances with a lot of constraints.

As the minimums, number and durations of routes change, so does the optimal value for the constant
weight. In order to see how this changes, we ran the algorithm for different weights and different
minimums to see how the profit is affected. In order to derandomize results we ran each experiment
100 times. Of all those results, we have chosen to include here the most striking of those that will
help us get an intuition as we formulate our next step.

As we can see from the first image, when the minimum number of Activities of category ‘1’ is less

than what would normally be present in a random solution, weight has no impact whatsoever. On the
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Figure 4.3: Count of Activities in each solution with category ‘1’ respective to weight and minimums
for one route

other hand, in the case there would normally be fewer Activities with that category, (in this setting,
it is about 12), a non zero value is needed to achieve better results. The shape of the distribution of
the profits produced relative to the weight can be seen from minimums = 14 and later. First, there
is a range where the algorithm fails to find any feasible solutions and therefore the maximum profit
is zero. Then, as the weight increases, so does the probability of finding a feasible solution. This
can be seen in the jump around weight = 0.5 for minimums = 14. The probability of finding a
valid solution increases until all runs produce a feasible solution, at which point the minimum profit
jumps at about the same value as the maximum. Close to that, the maximum average profit is also
observed. After that, the average profit slowly declines, as the heuristic is now more concerned about
inserting Activities of that category, rather than achieving a high profit. In essence, the calculated
ratio is skewed away from selecting the best profit over shift and more to selecting Activities with
needed categories.

Selecting a static weight works for some topologies, but most likely every selection will be far from
the optimal value. Therefore, in the next section, we will attempt to find that optimal value at the
same time as producing new candidate solutions. To achieve this, we turn to learning.

In order to use learning, the first thing that needs to be done is devising an objective function to
optimize. The weight value we are looking for is certainly above the threshold where no valid so-
lutions are found. Next, the value that we are looking for needs to be above the threshold where a
run might not return a solution. Admittedly, a bad solution is better than no solution at all. Lastly,

we would like to arrive to a value not far above the previous threshold, as large values will result
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Figure 4.4: Count of Activities with category ‘1’ respective to weight and minimums for three route

to lower profits. From the aforementioned description we see that in reality, we are searching for
min weight : P(solutionisvalid|weight) = 1. In the beginning of this subsection, we showed that
for a given weight, the probability of how many Activities will be contained in a random solution,
followed a normal distribution. As a result, what we are really looking for, is the smallest weight
that will ensure that there will be many valid solutions to choose from. A fairly good approximation

is using a linear function. Therefore the function we use is

0 w<§
Plw)=qaw—b L<w<bil
1 bEL <

a

Having come up with a scoring function, now we need to choose a learning algorithm. Given that
we have a way to quickly come up with random solutions given a weight, using ILS, utilizing the

well known technique of Stochastic Gradient Descent is a good choice.

70



Average profit for 3 routes and 8 minimums Average profit for 3 routes and 14 minimums

1500 1500 4
.. 1000 4 ., 1000 4
S S
= — Avg & — Avg
500 500 4
— Max — Max
— Min —— Min
] 0
) Weight ) ) ! ' ! ) Weight !
1420 f\/vv\_/\,\,-\/\/\,vv\/n./\,\, 1380 1
K] K]
£ 14104 £ 1360
2 1400 | TT—————————————————— g
s < 1340 -
£ 1390 Avg g Avg
£ — Max £ 1320 4 —— Max
1380 4 — Min — Min
1300 1— T T T T

0 2 4 6 8 10 ] 2 4 © 8 10

Weight Weight
Average profit for 3 routes and 17 minimums Average profit for 3 routes and 20 minimums
1500 1500
. 1000 4 .. 1000
i3 s
& &
500 - avg 500 { Avg
—— Max —— Max
— Min —— Min
o T T T v 04— T v v
Weight Weight

1340
1240
1320 A

1220 §
1300 4
1200 §
1280 4 — avg
1260 — Max 1180 -
— Min
1240 1 T T T T T 1160 ~—

Weight Weight

Profit (zoomed)
Profit (zoomed)

Figure 4.5: Profits relative to single weight for 8,14,17 and 20 minimums of category ‘1’ for 3 routes

At first, we try a vanilla SGD algorithm, which given a new random solution with demands D

produced with weight W updates as follows:

Whew = W + D % step (4.1)

In(0.05) xiteration
estimated total iterations

The variable step is of the form step = exp(— ). With that update strategy in
mind, it is clear that, in principle, W should converge to a value where almost all solutions are valid.
Unfortunately, because W is taken into consideration only when the minimum for this category has
not been met, the count of Activities with that category will seldom be over the set threshold. As a
result, W converges to a much higher value than the desired one. The histograms of the final W for
the instances with 3 routes with a demand of 13-20 minimums are shown below to provide an easy
overlook of how much this function overshoots.

We can see that the converged value is so great that in the end it completely dominates any other
component of the Ratio function. As a result, achieving a good profit is no longer the priority of that
function. Instead it just focuses on including required Activities without taking into consideration
the profit. Instead we could just admit Activities only from the required categories. The previous
function tends to converge to large values, which is detrimental to the final result. To avoid this, we

will use regularization by modifying the previous function as follows.

Whew =W + (D — A\W) % step (4.2)

This modification limits the value of W and helps get closer to the desired value. For 3 routes and

demand of category 1 Activities in the range 13-20 we get the following distributions.
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Figure 4.6: Spread of converged weights for different minimums

An easy takeaway from figure 4.7 is that adding regularization greatly helps towards limiting ex-
treme values of W especially in demanding instances, where ensuring that all generated solutions
are valid is impossible. In essence, regularization is a way to discount the probability of the gen-
erated solutions being valid. As W increases, so does our discount, leading to a lower fixed point.
Another point of note is how regularization impacts the deviation of the final weights. As can easily
be seen, without regularization there is a great spread of the produced values, ranging wildly around
the average. On the other hand, using regularization, the standard deviation is significantly lower
and, as expected, is larger for more limiting instances.

Finally, let’s plot the takeaways from figure 4.5 and combine them with the above analysis to see
how good our approach is.

From the above figures, we can see that with great confidence the algorithm will end up learning a
very good value for W and therefore there is a high probability that many valid and highly compet-
itive solutions will be produced, improving the overall quality of the final solution returned.

Finally, we tried adding momentum to our update function. The formula that was used is:

Vi=Vie1%0.7+ (D —0.15x W) (4.3)
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Figure 4.7: Spread of converged weights for different minimums with regularization

. No regularization | Regularization | With momentum
Minimums
avg std avg std avg std
13 5.403 0.684 2.386 0.173 2.408 0.264
14 6.054 0.754 2.617 0.174 2.627 0.271
15 6.368 0.792 2.681 0.172 2.700 0.245
16 6.930 0.895 2.735 0.181 2.732 0.283
17 7.788 1.208 2.799 0.217 2.808 0.292
18 9.475 1.959 2.884 0.258 2.924 0.363
19 14.255 3.632 3.095 0.310 3.122 0.453
20 29.218 7.042 4.000 0.560 4.040 0.748

Table 4.1: Comparison of update function in terms of avg and std for different minimums

W; = W;_1 + step; x V; (4.4)

Unfortunately, the result of this modification was the same normal distribution, but with a greater
variance. The results of all 3 update functions are shown in 4.1. The first function without normal-
ization greatly overshoots the sought value. By adding normalization, we get very close to the value
we would like, ensuring that a good solution will be found. Lastly, trying momentum, we end up
with good solutions, but the solutions are more spread out. For that reason, we choose to go with

the second update function.
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Figure 4.8: Inter-dependency of learned weight relative to minimums for two categories

Finally, we will show that the learned weights depend not only on the minimums for this category,
but also from the minimums for other categories. This inter-category dependency can be seen in a
2D map in 4.8

The log function has been applied to the weights so that we can see a smoother transition and not
just see a part which is red and the rest be blue. We can see that the learned weight for each category
is a function of the minimums for all categories and not just of the one they represent. As a result,
we see that the optimal solution is dependent not only on the minimums of each individual category,
but as a function of the entire vector of m. Luckily, our approach is robust enough to be able to cope

with that complexity.
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Chapter 5

Comparisons

5.1 Results with previously Best Known

In this chapter we will use the parameters as they have been chosen in the previous chapter to
produce results in order to compare with similar solutions. Our results were run on an Intel(R)
Xeon(R) CPU E5-2630 v3 @ 2.40GHz with 62 GB of RAM, a big step up from the hardware used for
results in previous papers. Solely for that reason we will not compare solution times in our analysis.
For starters, we will compare ourselves with the ILS algorithm by Vansteenwegen et al. (2009b). Our
algorithm found overwhelmingly better results, outperforming its predecessor in 217 out of 304 in-
stances, producing the same result in 61 and underperforming in only 26 instances. More specifically,
in the Solomon dataset (c*_100, r*_100, rc*_100) only 1-2 instances underperformed, while on the
extended instances by Montemanni and Gambardella (c*_200, r*_200, rc*_200) based on Solomon,
we noticed the majority of underperformances with 7 instances underperforming for 1 route. More
importantly, for 3 routes there were 14 instances that produced the same results and all 27 instances
produced the same, optimal results for 4 routes. In the Cordeau dataset (pr1-10) there is an aver-
age of 7.5 instances that are better with the rest being worse. Similarly, for the extended Cordeau
dataset (pr11-20) there are on average 9.25/10 better instances. On average, our solutions are bet-
ter by 1.43%. The minimum gap that was observed was over 10% in one of the Solomon instances.
Conversely, the maximum gap was a little over 4% in one of the extended Cordeau instances. The
biggest average gap in favor of our algorithm was also observed in the extended Cordeau dataset
being 2.55%. The maximum average gap was in the Montemanni and Gambardella dataset which
was based on the Solomon dataset. However that average was still negative, concluding that our al-
gorithm was on average 0.67% better. We should note that this is also the dataset where all instances
were the same for 4 routes, bringing down the average as all nodes were included in both solutions.
It is natural that for fewer routes the gap values swing more wildly to more extreme values, as the
absolute profit is smaller and therefore a mild change of let’s say 10 points can mean an aggressive
swing of more than 5%. For more routes where the absolute profit is maybe around 600, a solution
that has a profit of 610 is only 1.64% better. We can see this tendency through the averages for
each number of routes. Same as in Vansteenwegen et al. (2009b) we notice that on the one hand
small instances like the original Solomon dataset with its small search space are easier to find better
solutions, on the other hand, larger datasets such as the Montemanni have been studied less and
also present themselves to find better results.

Another reason we do not find as good results for more routes is the size of the search space. While

for more routes we necessarily spend more computing power, the size of the search space and the
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possible solutions explodes exponentially, which means that the quality of our considerations con-
tinues to deteriorate further for each new route we need to consider. In the future this could be
rectified by deciding dynamically when to stop searching for a better solution.

In short, our algorithm compares very favorably with previous attempts at solving this problem.
We now present the results in tables A.14-A.17. Each table contains results for 1-4 routes. The
first column contains the name of the topology. The next three depict the ILS result, the result we
produced and the percent difference between them. A negative percentage means our algorithm is
better. A gap of 0.00 means that the two solutions are equal. As we can see, our algorithm matches
previous results and compares favorably with previous solutions.

In order not to bore the reader with long tables, those tables have been moved to appendix A and
here we only include a summary for each dataset counting in how many instances we produced a

better, worse or the same result and how much the minimum, maximum and average gap are.

Table 5.1: Aggregate results in the unconstrained setting

Worse Same Better Max Min Average

Name routes
righiniTOPTW?2 1 1 8 20  0.68 -10.41 -2.10
2 1 8 20 095 -6.36 -1.52
3 2 0 27 0.14  -5.05 -1.62
4 0 1 28 0.00 -4.08 -1.83
MontemanniTOPTW1 1 7 0 20  3.65 -3.57 -1.03
2 4 1 22 234 -357 -0.98
3 0 14 13 0.00 -2.86 -0.68
4 0 27 0 0.00 0.00 0.00
righiniTOPTW3 1 1 2 7 191 -4.77 -1.71
2 2 0 8§ 271 -510 -1.52
3 4 0 6 129 -358 -1.15
4 1 0 9 056 -2.84 -1.09
MontemanniTOPTW2 1 0 0 10 -0.60 -9.75 -5.15
2 2 0 8 419 -7.66 -1.65
3 0 0 10 -0.25 -5.76 -2.32
4 1 0 9 270 -3.99 -1.08
General 1 9 10 57 3.65 -10.41 -2.50
2 9 9 58 419 -7.66 -1.42
3 6 14 56 129 -5.76 -1.44
4 2 28 46 270  -4.08 -1.00
Entire Dataset 0 26 61 217 419 -10.41 -1.43
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5.2 Increasingly difficult topologies

In this section we will present how our algorithm behaves as we ask for increasingly more mini-
mums. We can see a steady decrease in profit as we move to more demanding scenarios. In scenarios
where no solutions were returned, we have substituted with NaN values. In the rest of the cells, we
present the average of the returned valid solutions. This means that while in some of the more ex-
acting cases, not all runs produced a result, in order not to skew those results toward very small
values, the result for each setting will be the average of only the non zero solutions. In this section
we have also included the dataset used in Gavalas et al. (2015). In general, we can see that as we
introduce more minimums, the returned result stays the same or diminishes as expected.
However, in 34 out of the total 96 instances one of the constrained instances produced results by at
least one point on average than the unconstrained. Although this may seem strange, we can see that
it is not. By introducing minimums, we change the priorities of the algorithm. In some cases, this
prioritization leads to better results, while in others to worse. However, only in 2 topologies one of
the constrained instances is better by 5 whole points on average.

In most cases, we see that in the unconstrained setting and the slightly constrained where we require
only two Activities of the first category the average profit stays the same. On the other hand, as we
require more and more Activities of that category we can see sudden falls in the achieved results.
Some of these falls are so visible that indicate clearly that the produced solution would not be con-
sidered if we hadn’t included the minimums. From results like these, it is clear that our algorithm

works and produces the expected results.

min=0 min=2 min=4 min=6 min=38

Name

c101 320.00 31990  309.50  290.00  251.82
c102 360.00 360.00 360.00 360.00  349.90
c103 394.20 39440  387.00 371.04 NaN
c104 416.50  416.40  411.00 39398  363.64
c105 340.00  340.00 330.00  330.00 275.62
c106 340.00  340.00 340.00 319.50  263.64
c107 365.60  365.40  368.20  370.00  344.20
c108 37820 36150 34530  327.80  288.32
c109 380.00  380.00 380.00 377.50  358.31
c201 86140 861.20 860.90  858.80  851.70
c202 908.40  908.20 91140  910.50  912.10
c203 938.00 93730 937.70  938.20  937.90
c204 963.70  962.90  963.10  963.70  963.70
c205 902.20  902.10  902.50  901.40  900.40
c206 91890 91930  918.10  919.10  919.10
c207 91840 91890 918.80  918.80  917.10
c208 93230 933,50 933.40 93440  933.00

Continued on next page
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min=0 min=2 min=4 min=6 min=3§
Name
pro1 299.06 29849  296.96  292.79  251.85
pro2 381.39 38190 381.78  382.70  382.76
pro3 378.11 376.78 37856  379.61  378.99
pro4 450.86  452.05  451.20  450.22  451.54
pro5 550.46  550.91 54991 54949  553.08
pro6 496.73  493.60  495.13  495.05  493.77
pro7 280.66 28248  281.40 28190  258.44
prod 44533  444.82  443.89  447.24  445.78
pro9 443.47  446.01  447.40  438.68  428.81
prio 528.14  529.79  528.72  528.03  528.67
prii 32491 32547  325.18 324.78  318.54
pri2 424.65  423.83 42436 42531  424.59
pri3 440.30 44091  442.33  441.01  434.81
pri4 499.54  502.32  499.17  497.40  499.49
pri5 635.68  635.03  639.20  636.50  639.07
prle 553.15 555.12  553.86 553.92  558.12
pri7 346.21  346.09  345.77 346.16  345.18
pri8 449.06  448.66  447.80  448.59  438.57
prio 461.78  460.65  456.71 45591  455.68
pr2o 583.63  580.95 580.94 576.28  556.41
r101 197.76  197.71 197.11 177.94 NaN
r102 279.63  280.35 280.93 27447  269.73
r103 289.41  289.72 29156  292.20 277.44
r104 300.32  300.56 300.81  281.83  264.59
r105 241.67  242.29 24098  235.57  201.58
r106 285.98  286.15  281.05 268.46  255.68
r107 298.96  298.96  293.81 248.67  190.83
r108 304.62  303.79  294.07  285.51  269.08
r109 273.85  273.83  272.08 263.82 212.24
r110 280.78  280.64 268.04 249.39  235.16
r111 299.80  299.52 29930 298.02  282.88
r112 293.17 29343  287.58  276.09  230.00
r201 753.30  753.83  753.02 75291  752.06
r202 874.62 87434  876.15  873.75  874.60
r203 966.08  965.44  965.21  965.04  967.14
r204 1054.99 1056.17 1055.57 1055.41 1056.35
r205 867.50  867.09  867.02  866.34  869.27
r206 949.96  947.93  946.97  948.17  950.99

Continued on next page
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min=0 min=2 min=4 min=6 min=3§
Name
r207 1014.41 1017.21 1015.54 1013.73 1015.19
r208 1080.13 1081.40 1080.64 1080.52 1081.65
r209 888.76 ~ 887.20  887.75  889.22  887.53
r210 927.97  928.92  927.80  926.39  925.58
r211 990.80  995.14  991.60  991.29  988.82
rc101 218.03  218.09  216.62 NaN NaN
rc102 249.96  247.89  246.69 22043 NaN
rc103 254.59  255.89  258.77  244.17  195.22
rc104 27747 27353 27599  273.30  265.29
rc105 23796  238.48 23798 235,54  215.00
rc106 242.13  239.11  234.62 219.24 NaN
rc107 269.62  269.34  269.48  256.48  239.88
rc108 283.76  291.24 27747  265.54 NaN
rc201 742776 74334 74343  749.08  749.95
rc202 876.57 874.85 873.19  873.61  877.47
rc203 950.29  951.41 948.70  950.52  950.85
rc204 1081.99 1080.82 1082.56 1081.18 1083.57
rc205 817.88  818.86  816.92  817.95 817.73
rc206 836.36  837.68  836.45 83491  836.77
rc207 902.01 905.89  899.69  903.30  901.12
rc208 968.82  967.31 96825  970.23  968.28
t1 512.89  512.89 504.67 491.00  455.06
t2 499.82  499.47  498.80  494.00 472.44
t3 532.00 532.00 53196 516.53  478.19
t4 533.00 533.00 533.00 523.98 478.35
t5 495.38 49536  491.01  477.63  463.00
t6 504.23  504.49 504.97 498.90  496.04
t7 535.00 535.00 533.50 516.44  502.00
t8 567.17  569.00 554.51 518.19  474.00
t9 534.66 53496  526.65 506.88  469.98
t10 579.95 569.04 566.93 529.98  497.00
t11 52545 52584 525.61 524.20  506.53
t12 524.09 524.06 524.04 52494 512.77
t13 529.00  528.00 513.00 474.17  416.62
t14 552.00  552.00 535.00 497.36  465.00
t15 520.65 517.94 49450 452.84 NaN
t16 504.70  504.61 504.56  499.86  482.18
t17 537.00 537.00 529.64 504.96 474.50

Continued on next page
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min=0 min=2 min=4 min=6 min=8

Name

t18 476.88 470.66 457.34 436.18 NaN
t19 531.70 531.89 527.60 516.78 NaN
t20 520.91 520.98 521.00 464.50 NaN

In general, the experimental results we obtained were very close to the ones we were expecting from
the corresponding theoretical predictions. Furthermore, our algorithm has compared favourably
with the state of the art on the known datasets. In short, our algorithm is a valuable addition to the
bibliography and the ideas and analysis that have been used for its formulation can form the basis
for future work in the field.

Finally, every algorithm needs a name. We have chosen the term Learning Randomized Weighted
Iterated Local Search or LRWILS for short. The randomized part refers to the random factor that we
have used to escape local minimums in the small instances and the weighted part refers to the new
term we have added to the ILS algorithm in order to prioritize the correct Activities. Finally, while

solving the instance, LRWILS finds the best possible weights for this instance.
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Chapter 6

Conclusion

6.1 Synopsis

In this diploma thesis, we introduced a new variant of the Orienteering Problem inspired from the
Tourist Trip Design Problem. Our motivation for formulating this new variant is making the set-
ting of the TTDP more real and more practical with an eye towards real life application that can
help actual tourists make a choice on how to structure their visits in a new town that they will
be visiting for just a few days. Starting from the algorithm in Vansteenwegen et al. (2009b) we ex-
tended it with a new part in order to skew the algorithms insert choice towards including more
Activities with the needed categories. On that same algorithm we have explored augmentations like
including randomness, 2-OPT moves and the effects of the authors choice to use profit?/shift and
how these augmentations affect the final result of the algorithm. We have concluded that adding
randomness helps with exploring the search space, while the deterministic algorithm helps in ex-
ploiting good solutions. For small instances where we spend enough computing power, exploration
helps us escape local optima. On the other hand, in large instances where there is not enough time
to properly explore the search space, focusing on exploitation yields better results. Because of the
time windows using 2-OPT moves is very difficult and although it produces better results, it needs
a lot of time to be properly executed and therefore it is not cost efficient. Regarding the ratio func-
tion, profit? produces comparable results but usually includes fewer Activities in the final solution.
In order to achieve the best possible solution we had to find an appropriate weight. We turned to
learning for that and designed a Stochastic Gradient Descent algorithm to help us find that optimum
value. We saw how normalization helped bound that value closer to the desired range and presented
competitive results with other algorithms in the unconstrained setting and results in the respective

constrained one.

6.2 Future work

There are many avenues to explore future work. In direct relevance to this problem is examining
the case where each Activity can have more than one categories. In this work each Activity had
only category. But in reality, an Activity can fall under many categories. Having many categories
changes substantially the way that this problem is solved. One question is how the different weights

should be combined with these categories.
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Another avenue to explore is how should randomness be utilised. The algorithm could start being
deterministic for high exploitation and over time relax to achieve better exploration. The schedule
of this relaxation and how it relates to the size of the search space is another interesting question.
In this diploma thesis we have concerned ourselves with cold solving a single instance. However,
solving multiple instances in the same topology could give us new ways to approach the problem.
For instance, instead of using the SGD we could train a model to provide us with a a-priori weight to
use taking into account all the input variables. Furthermore, solving many instances in parallel could
pose its own challenges. Should instances be batched together, or having access to static information
and each one being solved in a different CPU is the most efficient approach we can have?

As Moore’s law has been ticking away for 35 years since the conception of the Orienteering Problem
and as better and better heuristics have been devised to solve this problem, we have acquired the
ability to solve instances for ever greater topologies. However all modern datasets are still around
100 nodes, a far cry from the real life datasets where there are a hundred Activities even in a small
city and thousands in the big metropolises around the globe. Being able to scale these solutions to
the thousands and millions is crucial for the ability to transform this from a theoretical paper to an
engineered solution which actually helps people make more informed decisions.

Looking through the bibliography on this problem one notices that all algorithms perform a cold
start. This means that when they start to solve a new instance of the problem they don’t utilise any
prior knowledge and experience. For most common algorithms, the different possible inputs that can
be received are so many that no memoization is possible. However, utilizing Machine Learning one
could suppose that after solving billions of different instances for a city a model could be created that
would be able to efficiently solve any of these instances better and faster than any of the common
algorithms. Even if someone doesn’t resolve to Machine Learning, solving in parallel many instances
on the same topology would be an interesting problem both in terms of engineering but also in terms

of computer science.
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Appendix A

Tables
Table A.1: Benchmark OP and TOP instances
Reference Problem Number of Number of Number of
test instances vertices (N) paths m
Tsiligirides (1984) or 18 32 1
11 21 1
20 33 1
Chao et al. (1993) and OP 26 66 1
Chao et al. (1996b) 14 64 1
Fischetti et al. (1998) (0)3 3*15 21-262 1
3%44 47-400 1
4*11 25-500 1
5*15 21-301 1
Chao et al. (1996a) TOP 3"18 32 2to4
3*11 21 2to 4
320 33 2to4
3*20 100 2to 4
326 66 2to4
3*14 64 2to 4
3*20 102 2to4

Table A.14: Results comparison between the ILS and our own algorithm for m=1 route

Name ILS profit  Gap (%) ‘ Name ILS profit Gap (%)
c101 320 320 0.00 | c201 840 870 -3.57
c102 360 360 0.00 | c202 910 930 -2.20
c103 390 400 -2.56 | c203 940 960 -2.13
cl104 400 420 -5.00 | c204 950 970 -2.11
c105 340 340 0.00 | c205 900 910 -1.11
c106 340 340 0.00 | c206 910 930 -2.20
c107 360 370 -2.78 | ¢c207 910 930 -2.20
c108 370 380 -2.70 | c208 930 950 -2.15
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Table A.14: Results comparison between the ILS and our own algorithm for m=1 route

Name ILS profit Gap (%) ‘ Name ILS profit Gap (%)
c109 380 380 0.00

r101 182 198 -8.79 | r201 788 777 1.40
r102 286 289 -1.05 | r202 880 903 -2.61
r103 286 291 -1.75 | r203 980 988 -0.82
r104 297 303 -2.02 | r204 1073 1078 -0.47
r105 247 247 0.00 | r205 931 897 3.65
r106 293 291 0.68 | r206 996 989 0.70
r107 288 299 -3.82 | r207 1038 1040 -0.19
r108 297 306 -3.03 | r208 1069 1096 -2.53
r109 276 277 -0.36 | r209 926 914 1.30
r110 281 284 -1.07 | r210 958 949 0.94
ri11 295 300 -1.69 | r211 1023 1032 -0.88
rl12 295 295 0.00

rc101 219 219 0.00 | rc201 780 768 1.54
rc102 259 266 -2.70 | rc202 882 910 -3.17
rcl03 265 266 -0.38 | rc203 960 992 -3.33
rcl104 297 301 -1.35 | rc204 1117 1122 -0.45
rcl05 221 244 -10.41 | rc205 840 852 -1.43
rc106 239 252 -5.44 | rc206 860 877 -1.98
rcl07 274 277 -1.09 | rc207 926 949 -2.48
rc108 288 298 -3.47 | rc208 1037 1031 0.58
pr01 304 304 0.00 | pr10 539 546 -1.30
pr02 385 394 -2.34 | prll 330 336 -1.82
pro3 384 388 -1.04 | pri2 431 436 -1.16
pro4 447 464 -3.80 | pri3 450 464 -3.11
pro5 576 565 191 | pri4 482 529 -9.75
pro6 538 556 -3.35 | pri5 638 674 -5.64
pr07 291 298 -2.41 | prl6 559 605 -8.23
prod 463 463 0.00 | pr17 346 360 -4.05
pr09 461 483 -4.77 | prl8 479 521 -8.77
pr10 539 546 -1.30 | pr19 499 502 -0.60
prll 330 336 -1.82 | pr20 570 618 -8.42

Table A.15: Results comparison between the ILS and our own algorithm for m=2 routes

Name ILS profit Gap (%) ‘ Name ILS profit Gap (%)

c101 590 590 0.00 ‘ c201 1400 1450 -3.57
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Table A.15: Results comparison between the ILS and our own algorithm for m=2 routes

Name ILS profit Gap (%) ‘ Name ILS profit Gap (%)

c102 650 650 0.00 | c202 1430 1460 -2.10
c103 700 710 -1.43 | c203 1430 1460 -2.10
c104 750 760 -1.33 | c204 1460 1470 -0.68
c105 640 640 0.00 | c205 1450 1470 -1.38
c106 620 620 0.00 | c206 1440 1480 -2.78
c107 670 670 0.00 | c207 1450 1480 -2.07
c108 670 680 -1.49 | c208 1460 1490 -2.05
c109 710 720 -1.41

r101 330 351 -6.36 | r201 1231 1215 1.30
r102 508 509 -0.20 | r202 1270 1308 -2.99
r103 513 518 -0.97 | r203 1377 1378 -0.07
r104 539 555 -2.97 | r204 1440 1443 -0.21
r105 430 443 -3.02 | r205 1338 1356 -1.35
r106 529 524 0.95 | r206 1401 1407 -0.43
r107 529 529 0.00 | r207 1428 1445 -1.19
r108 549 558 -1.64 | r208 1458 1458 0.00
r109 498 503 -1.00 | r209 1345 1353 -0.59
r110 515 520 -0.97 | r210 1365 1372 -0.51
r111 535 536 -0.19 | r211 1422 1431 -0.63
r112 515 541 -5.05

rc101 427 427 0.00 | rc201 1305 1344 -2.99
rc102 494 507 -2.63 | rc202 1461 1455 0.41
rc103 519 523 -0.77 | rc203 1573 1546 1.72
rc104 565 565 0.00 | rc204 1656 1674 -1.09
rc105 459 481 -4.79 | rc205 1381 1398 -1.23
rc106 458 482 -5.24 | rc206 1495 1460 2.34
rc107 515 526 -2.14 | rc207 1531 1539 -0.52
rc108 546 553 -1.28 | rc208 1606 1632 -1.62
pro1 471 495 -5.10 | pril 542 548 -1.11
pro2 660 680 -3.03 | pri2 727 738 -1.51
pro3 714 723 -1.26 | pri3 757 815 -7.66
pro4 863 885 -2.55 | pr14 925 937 -1.30
pro5 1011 1028 -1.68 | prl5 1126 1130 -0.36
pro6 997 970 2.71 | prl6 1110 1105 0.45
pr07 552 556 -0.72 | pr17 624 628 -0.64
pro8 796 806 -1.26 | pr18 877 905 -3.19
pro9 867 855 1.38 | pr19 955 915 4.19
pr10 1004 1041 -3.69 | pr20 1056 1113 -5.40




Table A.2: Exact algorithms on OP and TOP

Reference Problem Algorithm Benchmark instances Performance
Uniformly generated
Laporte and Martello )
(1990) oP Branch and Bound graphs of up to 20 0.8-1.0 of Optimum
vertices
Ramesh et al. (1992) (0) Branch and Bound Up to 150 vertices
Leifer and Rosenwein )
()3 Cutting Plane
(1994)
Fischetti et al. (1998) OP Branch and Cut Fischetti et al. (1998)
Gendreau et al. (1998a) OoP Branch and Cut Gendreau et al. (1998a)
Feillet et al. (2005) (0)3 Branch and Cut
) ) 2 hours for 15
Boussier et al. (2007) TOP Branch & Price Up to 100 customers
customers per path
. Branch-cut-and-price No improvement on
Martinelli et al. (2011) TOP ) Chao et al. (1996a)
algorithm known dataset
Branch-and-cut Improve 29 best known
Dang et al. (2013a) TOP ) Chao et al. (1996a) )
algorithm solutions
Branch-and-price and
Branch-and-cut-and- Improve 17 best known
Keshtkaran et al. (2016) TOP Chao et al. (1996a)

price

algorithm

solutions

Table A.16: Results comparison between the ILS and our own algorithm for m=3 routes

Name ILS profit Gap (%) ‘ Name ILS profit Gap (%)
c101 790 810 -2.53 | c201 1750 1800 -2.86
c102 890 910 -2.25 | c202 1750 1790 -2.29
c103 960 970 -1.04 | c203 1760 1780 -1.14
cl104 1010 1020 -0.99 | c204 1780 1800 -1.12
c105 840 870 -3.57 | c205 1770 1800 -1.69
cl106 840 870 -3.57 | c206 1770 1810 -2.26
c107 900 910 -1.11 | c207 1810 1810 0.00
c108 900 910 -1.11 | c208 1810 1810 0.00
c109 950 970 -2.11

r101 481 483 -0.42 | r201 1408 1414 -0.43
r102 685 687 -0.29 | r202 1443 1452 -0.62
r103 720 732 -1.67 | r203 1458 1458 0.00
r104 765 784 -2.48 | r204 1458 1458 0.00
r105 609 614 -0.82 | r205 1458 1458 0.00

Continued on next page
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Table A.16: Results comparison between the ILS and our own algorithm for m=3 routes

Name ILS profit Gap (%) ‘ Name ILS profit Gap (%)

r106 719 722 -0.42 | r206 1458 1458 0.00
r107 747 754 -0.94 | r207 1458 1458 0.00
r108 790 796 -0.76 | r208 1458 1458 0.00
r109 699 698 0.14 | r209 1458 1458 0.00
r110 711 729 -2.53 | r210 1458 1458 0.00
ri11 764 770 -0.79 | r211 1458 1458 0.00
r112 758 757 0.13

rc101 604 621 -2.81 | rc201 1625 1658 -2.03
rc102 698 709 -1.58 | rc202 1686 1702 -0.95
rc103 747 753 -0.80 | rc203 1724 1724 0.00
rc104 822 828 -0.73 | rc204 1724 1724 0.00
rc105 654 687 -5.05 | rc205 1659 1682 -1.39
rc106 678 688 -1.47 | rc206 1708 1724 -0.94
rc107 745 758 -1.74 | rc207 1713 1724 -0.64
rc108 757 785 -3.70 | rc208 1724 1724 0.00
pro1 598 604 -1.00 | pri1 632 641 -1.42
pro2 899 895 0.44 | pri2 902 949 -5.21
pro3 946 973 -2.85 | pri3 1046 1067 -2.01
pro4 1195 1222 -2.26 | prl4 1197 1266 -5.76
pro5 1356 1388 -2.36 | prl5 1488 1521 -2.22
pro6 1376 1361 1.09 | pr16 1478 1493 -1.01
pro07 713 730 -2.38 | prl7 808 810 -0.25
pro8 1082 1081 0.09 | pr18 1165 1191 -2.23
pro9 1144 1185 -3.58 | pr19 1238 1269 -2.50
pr10 1473 1454 1.29 | pr20 1514 1523 -0.59

Table A.17: Results comparison between the ILS and our own algorithm for m=4 routes

Name ILS profit Gap (%) ‘ Name ILS profit Gap (%)

c101 1000 1020 -2.00 | c201 1810 1810 0.00
c102 1090 1130 -3.67 | c202 1810 1810 0.00
c103 1150 1180 -2.61 | c203 1810 1810 0.00
c104 1220 1240 -1.64 | c204 1810 1810 0.00
c105 1030 1060 -2.91 | c205 1810 1810 0.00
c106 1040 1060 -1.92 | c206 1810 1810 0.00
c107 1100 1110 -0.91 | c207 1810 1810 0.00
c108 1100 1110 -0.91 | c208 1810 1810 0.00
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Table A.17: Results comparison between the ILS and our own algorithm for m=4 routes

Name ILS profit Gap (%) ‘ Name ILS profit Gap (%)

c109 1180 1180 0.00

r101 601 613 -2.00 | r201 1458 1458 0.00
r102 807 820 -1.61 | r202 1458 1458 0.00
r103 878 902 -2.73 | r203 1458 1458 0.00
r104 941 967 -2.76 | 1204 1458 1458 0.00
r105 735 765 -4.08 | r205 1458 1458 0.00
r106 870 877 -0.80 | r206 1458 1458 0.00
r107 927 936 -0.97 | r207 1458 1458 0.00
r108 982 989 -0.71 | r208 1458 1458 0.00
r109 866 873 -0.81 | r209 1458 1458 0.00
r110 870 895 -2.87 | 1210 1458 1458 0.00
r111 935 940 -0.53 | r211 1458 1458 0.00
r112 939 960 -2.24

rc101 794 796 -0.25 | rc201 1724 1724 0.00
rc102 881 899 -2.04 | rc202 1724 1724 0.00
rc103 947 961 -1.48 | rc203 1724 1724 0.00
rcl104 1019 1054 -3.43 | rc204 1724 1724 0.00
rc105 841 857 -1.90 | rc205 1724 1724 0.00
rc106 874 890 -1.83 | rc206 1724 1724 0.00
rc107 951 972 -2.21 | rc207 1724 1724 0.00
rc108 998 1010 -1.20 | rc208 1724 1724 0.00
pr01 644 654 -1.55 | prll 654 657 -0.46
pr02 1014 1029 -1.48 | pri2 1041 1074 -3.17
pro3 1162 1163 -0.09 | pri3 1263 1289 -2.06
pro4 1452 1471 -1.31 | pr14 1528 1536 -0.52
pro5 1665 1687 -1.32 | prls 1818 1826 -0.44
pro6 1696 1723 -1.59 | prilé6 1889 1838 2.70
pr07 840 841 -0.12 | pr17 889 898 -1.01
prod 1267 1303 -2.84 | pr18 1352 1406 -3.99
pro9 1460 1477 -1.16 | pr19 1560 1572 -0.77
pr10 1782 1772 0.56 | pr20 1846 1866 -1.08




Table A.3: Heuristic algorithms on OP and TOP

Reference Problem Algorithm
Golden et al. (1987) OP Centre-of-gravity
Ramesh and Brown o
opP Four-phase heuristic
(1991)
Chao et al. (1996b) & ) o
TOP & OP Five-step heuristic
Chao et al. (1996a)
Gendreau et al. (1998b) op Tabu search
Archetti et al. (2007) TOP Tabu search Slow and Fast Variable Neighborhood Search
Ke et al. (2008) TOP Ant Colony Optimization
Vansteenwegen et al. .
TOP Guided Local Search
(2009a)
Vansteenwegen et al. ) )
TOP Skewed Variable Neighborhood Seach
(2009¢)
Souffriau et al. (2010) TOP GRASP with Path Relinking
Sevkli and Sevilgen ) o
OP Strengthened Particle Swarm Optimization
(2010)
SEVKLI and SEVILGEN ) , o
(2010) opP Discrete Strengthened Particle Swarm Optimization
Muthuswamy and Lam ) ] o
OP Discrete Particle Swarm Optimization
(2011a)
Chekuri et al. (2012) OP Approximation algorithms
Liang et al. (2013) op Multi-Level Variable Neighborhood Search
Greedy Randomized Adaptive Search Procedure and Path
Campos et al. (2014) 0) o
Relinking
Marinakis et al. (2015) op Memetic-Greedy Randomized Adaptive Search Procedure
Bouly et al. (2010) TOP Memetic Algorithm
Muthuswamy and Lam ) ) o
TOP Discrete Particle Swarm Optimization
(2011b)
Dang et al. (2011) TOP Particle Swarm Optimization-based Memetic Algorithm
Dang et al. (2013b) TOP Particle Swarm Optimized inspired Algorithm
Vincent and Lin (2014) TOP Multi-start Simulated Annealing
Ferreira et al. (2014) TOP Genetic Algorithm
Ke et al. (2016) TOP Pareto mimic algorithm
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Table A.4: Papers on (T)OPTW

Reference Problem Algorithm
Kantor and Rosenwein
OPTW Score over insertion heuristic
(1992)
Righini and Salani o ] ) )
(2009) OPTW Bi-directional dynamic programming algorithm
Mansini et al. (2006) OPTW Granular Variable Neighborhood Search
Montemanni and o
TOPTW Ant Colony Optimization
Gambardella (2009)
Tricoire et al. (2010) TOPTW Variable Neighborhood Search
Vansteenwegen et al.
TOPTW Iterated Local Search
(2009b)
) Hybrid Greedy Randomised Adaptive Search Procedure and
Labadie et al. (2011) OPTW & TOPTW ]
Evolutionary Local Search
Gambardella et al.
OPTW & TOPTW Enchanced Ant Colony System
(2012)
Lin and Vincent (2012) | OPTW & TOPTW Fast SA and Slow SA
Labadie et al. (2012) OPTW & TOPTW LP-based Granular Variable Neighborhood Search
) Hybrid Greedy Randomized Adaptive Search Procedure and
Souffriau et al. (2013) | OPTW & TOPTW
Iterated Local Search
Gavalas et al. (2013) OPTW & TOPTW | Cluster Search Cluster Ratio and Cluster Search Cluster Routes
Hu and Lim (2014) OPTW & TOPTW Hybrid Local Seach and Simulated Annealing
Cura (2014) OPTW & TOPTW Artificial Bee Colony
Duque et al. (2015) OPTW Pulse algorithm
Gunawan et al. (2015a) OPTW Iterated Local Search
Gunawan et al. (2015b) | OPTW & TOPTW Hybrid Simulated Annealing and Iterated Local Search

Gunawan et al. (2015c¢)

OPTW & TOPTW

Well-Tuned Iterated Local Search
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Table A.5: Papers on TTDP

Reference Problem Algorithm Application
Fomin and Lingas TDOP 2+¢ Approximation Moving Targets
(2002) Algorithm Interception
) ) ) Transportation
Li (2012) TDOP Dynamic Programming
Network
Verbeeck et al. (2014) TDOP Ant Colony System -
Theme Park Navigation
Gunawan et al. (2014) TDOP Iterated Local Search
Problem
) Hybrid Iterated Local Personalized Electronic
Garcia et al. (2010) TDOPTW . .
Searchg Tourist Guides
Abbaspour and Adapted Genetic Tourist Trip Design
TDOPTW
Samadzadegan (2011) Algorithm Problem
) Hybrid Iterated Local Personalised Electronic
Garcia et al. (2013) TDOPTW . _
Search Tourist guides
Time Dependent ) ) )
Tourist Trip Design
Gavalas et al. (2014b) | TDOPTW CSCRoutes the
Problem
SlackCSCRoutes
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Table A.6: Papers on SOP

Reference Problem Characteristic Algorithm Application
Exact Solution
Stochastic profits / Algorithm and o
Ilhan et al. (2008) OPSP T ) Logistic Problem
scores bi-objective Genetic
Algorithm
Stochastic travel and Variable Neighborhood o
Campbell et al. (2011) OPSTS - Logistic Problem
service times Search
Monte Carlo sampling
Papapanagiotou et al. Stochastic travel and and Hybrid Monte o
OPSTS o ) Logistic Problem
(2014) service times Carlo sampling and an
analytical solution
_ Hybrid Variable
Stochastic ] o
) Neighborhood Search | Theme park navigation
Lau et al. (2012) DSOP time-dependent travel ]
) and Simulated problem
times
Annealing
Stochastic Mixed Integer Linear o
Varakantham and . . Theme park navigation
DSOP time-dependent travel | Programming - Sample
Kumar (2013) ] o problem
times Average Approximation
. Sample Average
Stochastic travel and o o
Evers et al. (2014) OPSW o Approximation and Logistic problem
service times
OPSW heuristic
) o Variable Neighborhood Sales representative
Zhang et al. (2014) SOPTW Stochastic waiting time .
Search planning problem
Verbeeck et al. (2016) | TD-OPSWTW | Stochastic travel times Local Search Logistic problem
. Adaptive Stochastic Adaptive Variable
Dolinskaya et al. (2018) OPST ] ] Search and Rescue
travel times Neighborhood Search
Table A.7: Papers on GOP
Reference Problem Algorithm Application
Tourist trip design
Geem et al. (2005) GOP Harmony Search
problem
) ) Tourist trip design
Wang et al. (2008) GOP Genetic Algorithm
problem
Two- t Tourist trip desi
Silberholz and Golden (2010) GOP woparatnetet OUHSE tHp design
iterative algorith problem
Hybrid
, Smuggler search
Pietz and Royset (2013) GOP-RDR | Brnach-and-bound and bl
roblem
four phase heuristic P
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Table A.8: Comparison of profit and profit? ratio functions for 1 route

’ Set ‘ Instance ‘ Profit Profit? Percentage difference
’ ‘ ‘ Profit Time Activities ‘ Profit Time Activities ‘ Profit  Time  Activities
t1 439.35 0.04 9.12 418.96 0.03 7.7 -4.64% -38.29% -15.57%
t2 425.35 0.04 10.03 420.01 0.03 7.84 -1.26% -30.78%  -21.83%
t3 463.0 0.03 11.0 430.14 0.03 7.81 -7.10%  -24.70% -29.00%
t4 837.18 0.10 25.55 838.58 0.08 24.64 +0.17% -15.40% -3.56%
t5 428.0 0.04 10.0 406.1 0.02 7.02 -5.12%  -39.40% -29.80%
t6 902.46 0.13 28.63 885.19 0.11 25.74 -1.91% -12.29% -10.09%
t7 897.38 0.13 27.8 894.54 0.11 25.29 -0.32%  -10.62% -9.03%
t8 898.61 0.11 26.89 854.22 0.10 23.91 -4.94% -2.06% -11.08%
- t9 457.96 0.04 9.45 440.0 0.02 7.0 -3.92%  -45.04% -25.93%
% t10 492.3 0.03 9.59 489.57 0.03 7.98 -0.55%  -25.44% -16.79%
50 t11 456.42 0.06 13.58 421.09 0.03 8.2 -7.74%  -55.36% -39.62%
t12 460.0 0.04 10.0 436.71 0.03 8.22 -5.06% -32.38% -17.80%
t13 453.0 0.03 9.0 434.53 0.03 8.01 -4.08% -21.03% -11.00%
t14 475.74 0.04 8.99 467.67 0.02 7.11 -1.70%  -34.94% -20.91%
t15 444.94 0.04 10.0 427.43 0.03 7.88 -3.94% -35.07% -21.20%
t16 428.59 0.04 11.19 396.33 0.02 7.03 -7.53%  -48.92% -37.18%
t17 460.0 0.04 9.0 456.0 0.02 7.0 -0.87% -35.75%  -22.22%
t18 404.98 0.04 9.5 387.89 0.02 7.06 -4.22%  -48.84% -25.68%
t19 464.0 0.03 10.0 451.1 0.03 8.7 -2.78%  -23.36% -13.00%
t20 449.99 0.03 8.0 450.0 0.02 8.0 +0.00% -20.85% +0.00%
c201 800.0 0.07 32.0 786.8 0.06 30.73 -1.65% -13.36% -3.97%
c202 852.9 0.11 31.77 857.3 0.10 31.43 +0.52%  -5.83% -1.07%
c203 911.3 0.14 32.86 906.9 0.13 32.38 -0.48% -7.56% -1.46%
c204 940.1 0.21 33.15 936.6 0.19 32.75 -0.37% -9.91% -1.21%
c205 868.2 0.08 31.33 864.7 0.08 30.38 -040% +1.09% -3.03%
c206 897.5 0.10 32.13 893.3 0.10 31.24 -047%  +6.22% -2.77%
c207 893.4 0.14 33.33 882.4 0.11 30.61 -1.23%  -19.34% -8.16%
c208 911.6 0.12 32.71 913.3 0.10 31.67 +0.19% -18.71% -3.18%
r201 739.9 0.11 39.18 762.1 0.10 38.4 +3.00% -10.20% -1.99%
r202 862.99 0.16 48.07 871.71 0.16 46.33 +1.01% -2.41% -3.62%
§ r203 954.87 0.25 53.42 963.81 0.25 50.23 +0.94% -1.13% -5.97%
E r204 1043.27  0.39 56.63 1051.08 0.36 54.83 +0.75%  -7.37% -3.18%
8 r205 854.12 0.17 45.54 884.37 0.17 43.84 +3.54% +0.87% -3.73%
é r206 937.82 0.25 51.62 967.43 0.22 49.41 +3.16% -9.10% -4.28%
g r207 1003.23  0.33 54.84 1014.13  0.27 51.95 +1.09% -17.69% -5.27%
% r208 1070.68  0.44 57.85 1073.44 0.41 55.82 +0.26%  -7.82% -3.51%
§ r209 879.31 0.20 47.87 897.53 0.21 46.08 +2.07%  +6.08% -3.74%
r210 915.15 0.22 50.5 929.22 0.21 48.42 +1.54%  -3.34% -4.12%
r211 980.89 0.30 52.15 997.38 0.29 50.16 +1.68%  -0.38% -3.82%
rc201 734.7 0.11 35.56 763.4 0.08 35.19 +3.91% -23.06% -1.04%
rc202 861.95 0.14 43.27 879.28 0.14 40.7 +2.01% -6.01% -5.94%
rc203 937.1 0.21 48.71 938.49 0.19 44.36 +0.15% -11.92% -8.93%
rc204 1068.25  0.37 52.79 1079.34  0.30 47.43 +1.04% -20.23% -10.15%
rc205 802.42 0.14 39.85 819.47 0.13 38.18 +2.12%  -6.27% -4.19%
rc206 823.88 0.15 40.95 847.32 0.13 37.49 +2.85% -16.62% -8.45%
rc207 887.75 0.19 44.21 909.28 0.18 41.91 +2.43% -1.34% -5.20%
rc208 954.07 0.24 46.83 988.4 0.23 43.55 +3.60% -4.23% -7.00%
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Table A.9: Comparison of profit and profit? ratio functions for 1 route

’ Set ‘ Instance ‘ Profit Profit? Percentage difference

’ ‘ ‘ Profit Time Activities ‘ Profit Time Activities ‘ Profit Time  Activities
prll 319.3 0.05 22.21 325.21 0.02 22.1 +1.85%  -46.66% -0.50%

™~ pri2 420.67 0.09 25.82 420.17 0.09 24.72 -0.12% -0.51% -4.26%
E pri3 429.83 0.12 26.81 439.59 0.07 26.71 +2.27%  -45.49% -0.37%
% pri4 488.84 0.16 30.04 498.76 0.10 28.61 +2.03%  -39.76% -4.76%
E pris 638.07 0.27 38.51 639.95 0.20 36.97 +0.29%  -24.92% -4.00%
% prleé 542.84 0.23 32.44 556.85 0.17 31.36 +2.58% -23.97% -3.33%
QE) prl7 335.8 0.06 21.07 343.9 0.03 20.92 +2.41% -50.81% -0.71%
% pri18 437.32 0.11 26.35 447.82 0.07 25.43 +2.40%  -39.49% -3.49%
= pr19 449.61 0.15 29.16 478.63 0.15 29.46 +6.45% +0.31% +1.03%
pr20 578.51 0.23 35.41 588.74 0.19 34.42 +1.77%  -20.78% -2.80%

50 c101 160.0 0.01 8.0 140.0 0.01 7.0 -12.50% -4.99% -12.50%
50_c102 230.0 0.02 11.0 230.0 0.02 11.0 +0.00% +1.07% +0.00%

50 c103 270.0 0.03 11.99 270.0 0.02 11.06 +0.00%  -25.55% -7.76%
50_c104 290.0 0.03 12.0 290.0 0.03 11.66 +0.00% -12.11% -2.83%

50 _c105 240.0 0.01 12.0 228.6 0.01 11.43 -4.75% -3.82% -4.75%
50_c106 180.0 0.01 10.0 180.0 0.01 10.0 +0.00% +6.34% +0.00%

50 _c107 270.0 0.02 12.0 270.0 0.02 12.0 +0.00% +2.08% +0.00%

50 c108 280.0 0.02 12.0 280.0 0.02 12.0 +0.00% +4.01% +0.00%
50_c109 310.0 0.02 12.0 310.0 0.02 12.0 +0.00% +3.03% +0.00%

50 r101 118.0 0.01 7.0 114.0 0.01 6.0 -3.39% -3.52% -14.29%
50_r102 178.22 0.01 10.74 178.52 0.01 10.8 +0.17% +5.60% +0.56%

50 r103 201.0 0.02 11.0 200.31 0.02 10.77 -0.34% -7.49% -2.09%

g 50_r104 212.14 0.02 11.01 216.0 0.02 11.0 +1.82% -2.73% -0.09%
E 50 _r105 146.08 0.01 7.82 135.65 0.01 7.0 -7.14% -18.39% -10.49%
8 50_r106 190.7 0.02 10.1 191.12 0.01 10.02 +0.22% -8.49% -0.79%
E 50 _r107 206.96 0.02 11.0 205.88 0.02 10.92 -0.52% +5.03% -0.73%
.ob 50_r108 212.45 0.02 11.0 216.0 0.02 11.0 +1.67%  -22.06% +0.00%
a 50 _r109 188.0 0.01 10.0 188.0 0.01 10.0 +0.00% -6.84% +0.00%
50 r110 189.86 0.02 10.76 192.71 0.02 10.71 +1.50% +1.26% -0.46%

50 _r111 206.98 0.02 11.0 205.62 0.02 10.9 -0.66% -15.92% -0.91%

50 r112 210.19 0.02 11.01 210.09 0.02 11.0 -0.05% -16.87% -0.09%
50_rc101 170.0 0.01 8.19 170.0 0.01 8.04 +0.00% -3.58% -1.83%

50 _rc102 217.0 0.01 10.13 220.0 0.01 10.0 +1.38% -13.12% -1.28%
50_rc103 206.2 0.01 11.2 204.9 0.01 9.17 -0.63% -6.80% -18.12%

50 _rc104 200.0 0.02 12.0 242.6 0.02 10.95 +21.30% +19.86% -8.75%
50_rc105 185.5 0.01 10.42 190.0 0.01 10.0 +2.43% -4.06% -4.03%
50_rc106 196.1 0.01 10.17 190.3 0.01 10.92 -2.96% -4.87% +7.37%
50_rc107 210.0 0.01 10.0 219.8 0.01 10.01 +4.67%  +15.93% +0.10%
50_rc108 202.6 0.02 11.82 225.8 0.01 10.58 +11.45% -6.21% -10.49%
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Table A.10: Comparison of profit and profit? ratio functions for 1 route

’ Set ‘ Instance ‘

Profit

Profit?

Percentage difference

’ ‘ ‘ Profit Time Activities ‘ Profit Time Activities ‘ Profit  Time Activities
cl01 180.0 0.01 7.0 180.0 0.01 7.0 +0.00% -5.17% +0.00%

cl102 270.0 0.03 11.0 261.2 0.02 10.12 -3.26% -28.88% -8.00%

c103 348.2 0.05 11.97 340.1 0.04 11.01 -2.33% -31.45% -8.02%

cl04 370.0 0.06 12.0 370.0 0.06 12.0 +0.00% -1.24% +0.00%

cl105 272.9 0.02 10.83 260.0 0.02 10.0 -4.73% -3.98% -7.66%

cl06 290.0 0.02 10.0 290.0 0.02 10.0 +0.00% -1.01% +0.00%

c107 319.3 0.02 11.96 318.3 0.02 11.83 -0.31% +3.51% -1.09%

cl108 330.0 0.03 12.0 330.0 0.03 12.0 +0.00% -4.00% +0.00%

c109 350.0 0.04 12.0 350.0 0.03 12.0 +0.00% -3.56% +0.00%

r101 174.0 0.01 10.0 143.0 0.01 7.0 -17.82% -16.05% -30.00%

r102 268.9 0.04 12.84 274.65 0.03 12.06 +2.14%  -26.55% -6.07%

r103 279.57 0.04 13.88 275.01 0.04 12.01 -1.63% -11.33% -13.47%

g r104 287.38 0.05 14.12 285.67 0.05 13.09 -0.60% -4.33% -7.29%
E r105 218.5 0.02 11.92 211.69 0.02 11.17 -3.12% -0.12% -6.29%
8 r106 265.79 0.04 13.07 274.64 0.03 12.01 +3.33% -20.10% -8.11%
é r107 280.94 0.04 14.0 279.08 0.04 13.15 -0.66% +0.20% -6.07%
ﬁﬁ r108 288.47 0.04 14.01 291.64 0.04 14.0 +1.10% +0.65% -0.07%
. r109 261.81 0.03 13.39 263.42 0.03 13.53 +0.61%  +6.95% +1.05%
r110 266.88 0.03 13.04 268.0 0.03 13.0 +0.42% -14.50% -0.31%

ri11 279.03 0.04 13.97 277.65 0.04 13.61 -0.49% +2.29% -2.58%

r112 279.84 0.04 14.0 277.2 0.04 12.7 -0.94% -10.58% -9.29%

rcl01 195.64 0.02 10.21 195.13 0.01 10.0 -0.26% -16.20% -2.06%

rcl02 239.5 0.03 12.09 237.82 0.02 11.05 -0.70% -24.21% -8.60%

rc103 239.16 0.03 12.02 242.56 0.03 11.46 +1.42% -20.89% -4.66%

rcl104 256.98 0.04 12.81 265.81 0.03 11.07 +3.44% -21.87% -13.58%

rcl05 213.27 0.02 11.91 213.51 0.02 11.56 +0.11% -7.39% -2.94%

rcl106 232.0 0.02 12.44 228.87 0.02 11.89 -1.35% +1.74% -4.42%

rcl107 260.31 0.03 13.01 261.56 0.03 12.49 +0.48% -9.39% -4.00%

rc108 266.64 0.03 13.14 277.27 0.03 11.99 +3.99% -14.21% -8.75%

pro1 298.62 0.03 21.77 301.63 0.04 21.69 +1.01% +13.25% -0.37%

pro2 368.75 0.06 22.48 372.1 0.05 22.17 +0.91% -9.79% -1.38%

o pro3 364.62 0.07 22.27 374.62 0.06 22.02 +2.74% -1.10% -1.12%
E pro4 443.53 0.11 25.96 445.28 0.08 25.13 +0.39% -24.07% -3.20%
% pro0s5 538.38 0.17 32.84 552.93 0.17 31.9 +2.70% -3.17% -2.86%
% pro6 494.37 0.12 28.65 522.9 0.12 27.5 +5.77% -0.28% -4.01%
éo pro7 269.56 0.04 17.77 280.25 0.03 17.49 +3.97% -12.39% -1.58%
i) pr08 431.01 0.08 25.09 436.1 0.07 25.02 +1.18% -7.97% -0.28%
pro9 433.87 0.12 26.64 454.82 0.10 26.43 +4.83% -13.44% -0.79%

pr1o0 515.41 0.16 29.41 525.67 0.15 28.8 +1.99% -5.44% -2.07%
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Table A.11: Comparison of profit and profit® ratio functions for 3 routes

’ Set ‘ Instance ‘

Profit

Profit?

Percentage difference

’ ‘ ‘ Profit Time Activities ‘ Profit Time Activities ‘ Profit  Time  Activities
t1 1238.08 0.17 30.27 121535 0.12 24.25 -1.84% -29.86% -19.89%

t2 1213.0 0.17 29.67 1178.68 0.11 23.26 -2.83% -35.98% -21.60%

t3 1225.57 0.17 29.69 1202.34  0.13 24.0 -1.90% -24.69% -19.16%

t4 1772.8 0.20 47.93 1790.48 0.17 46.61 +1.00% -18.06% -2.75%

t5 1177.85 0.15 29.17 1159.73  0.11 22.76 -1.54%  -25.66% -21.97%

t6 1993.82 0.26 60.72 2030.18 0.21 56.84 +1.82% -20.26% -6.39%

t7 2078.71  0.27 62.16 2095.43 0.21 60.17 +0.80% -23.20% -3.20%

t8 2051.33 0.28 60.66 2016.14 0.19 57.15 -1.72%  -31.90% -5.79%

- t9 1251.37 0.18 31.41 121345 0.12 24.72 -3.03% -35.20% -21.30%
% t10 1343.15 0.15 28.26 1334.73  0.12 25.45 -0.63% -20.57% -9.94%
50 t11 1239.87 0.21 33.79 1193.89 0.12 25.51 -3.71%  -44.13% -24.50%
t12 1215.17 0.18 29.04 1178.98 0.12 24.6 -2.98% -31.94% -15.29%

t13 1217.28 0.18 30.11 1193.39 0.13 25.03 -1.96% -27.76% -16.87%

t14 1283.86 0.16 27.57 1269.74 0.12 23.78 -1.10%  -25.96% -13.75%

t15 1220.65 0.16 26.81 1206.56 0.12 22.96 -1.15%  -28.49% -14.36%

t16 1186.03 0.18 30.21 1147.4 0.12 24.24 -3.26% -34.17% -19.76%

t17 1222.37  0.16 26.73 1198.06 0.11 23.31 -1.99% -34.71% -12.79%

t18 1136.13  0.16 26.88 1135.16 0.12 22.2 -0.09% -27.57% -17.41%

t19 1251.18 0.17 29.07 1238.05 0.12 24.24 -1.05% -29.45% -16.62%

t20 1235.83 0.15 25.82 1211.51 0.11 23.08 -1.97%  -26.52% -10.61%

c201 1733.0 0.32 98.33 1716.7 0.31 96.69 -0.94% -3.25% -1.67%

c202 1704.1 0.35 95.59 1699.9 0.33 95.1 -0.25% -6.16% -0.51%

c203 1713.2 0.38 96.39 1708.5 0.38 95.94 -0.27% -0.07% -0.47%

c204 1748.9 0.47 99.9 1744.2 0.45 99.42 -0.27% -3.83% -0.48%

c205 1745.1 0.35 99.53 1725.6 0.37 97.56 -1.12% +3.69% -1.98%

c206 1757.6 0.39 100.76 1741.0 0.40 99.12 -0.94% +2.81% -1.63%

c207 1760.0 0.42 101.01 1748.2 0.42 99.82 -0.67% -0.81% -1.18%

c208 1784.5 0.44 103.46 17719 0.43 102.19 -0.71% -2.40% -1.23%

r201 1382.5 0.36 96.48 1383.27  0.37 95.95 +0.06% +1.35% -0.55%

r202 1420.74 0.38 101.26 1423.52  0.39 101.26 +0.20% +1.76% +0.00%

§ r203 1457.72 042 105.91 1457.72  0.44 105.92 +0.00% +4.62% +0.01%
E r204 1458.0 0.42 106.0 1458.0 0.43 106.0 +0.00% +1.42% +0.00%
8 r205 1457.49  0.39 105.81 145694 0.43 105.68 -0.04% +9.46% -0.12%
g r206 1458.0 0.36 106.0 1458.0 0.38 106.0 +0.00% +5.93% +0.00%
g r207 1458.0 0.38 106.0 1458.0 0.40 106.0 +0.00% +4.99% +0.00%
é r208 1458.0 0.46 106.0 1458.0 0.47 106.0 +0.00% +2.15% +0.00%
§ r209 145796 0.41 105.96 1457.72  0.42 105.8 -0.02% +3.64% -0.15%
r210 1458.0 0.39 106.0 1458.0 0.39 106.0 +0.00% +0.67% +0.00%

r211 1458.0 0.41 106.0 1458.0 0.41 106.0 +0.00% +2.11% +0.00%

rc201 1604.09 0.33 92.38 1605.77 0.34 91.84 +0.10% +3.67% -0.58%

rc202 1668.09  0.37 99.55 1666.95 0.40 99.02 -0.07% +7.52% -0.53%

rc203 1712.98 0.42 104.51 1712.66  0.42 104.46 -0.02%  +0.07% -0.05%
rc204 1724.0 0.44 106.0 1724.0 0.44 106.0 +0.00% -0.22% +0.00%

rc205 1627.73  0.37 96.34 1633.19  0.39 95.79 +0.34%  +4.96% -0.57%

rc206 1704.08 0.44 102.86 1702.08 0.42 102.21 -0.12% -4.54% -0.63%

rc207 1706.36  0.43 103.34 1705.66  0.46 102.99 -0.04% +7.75% -0.34%

rc208 1724.0 0.41 106.0 1724.0 0.43 106.0 +0.00% +4.02% +0.00%
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Table A.12: Comparison of profit and profit? ratio functions for 3 routes

’ Set ‘ Instance ‘ Profit Profit? Percentage difference

’ ‘ ‘ Profit Time Activities ‘ Profit Time Activities ‘ Profit  Time  Activities
prll 617.77 0.10 48.82 622.91 0.07 48.43 +0.83% -23.75% -0.80%

o~ pri2 897.14 0.26 62.58 903.27 0.28 61.79 +0.68% +8.42% -1.26%
E pri3 1016.2 0.48 72.2 1043.0 0.39 70.71 +2.64% -18.73% -2.06%
% pri4 1187.18 0.77 78.18 1202.57 0.67 74.73 +1.30% -12.98% -4.41%
E pris 1418.75 1.28 88.2 1447.12 1.24 86.55 +2.00% -3.30% -1.87%
% prleé 1406.51 1.54 86.55 1431.34 1.40 84.26 +1.77% -9.20% -2.65%
QE) prl7 774.28 0.19 56.33 780.0 0.14 55.06 +0.74%  -29.45% -2.25%
% pri18 1116.69 0.51 70.67 1138.52 0.43 69.24 +1.95% -15.07% -2.02%
= pr19 1188.02 1.03 82.35 1232.03  0.92 79.39 +3.70% -10.07% -3.59%
pr20 1435.57 1.46 90.19 1476.64 1.40 87.06 +2.86% -4.37% -3.47%

50 c101 410.0 0.02 23.0 410.0 0.02 23.0 +0.00% -0.97% +0.00%
50_c102 514.2 0.05 30.58 514.9 0.04 30.57 +0.14% -4.69% -0.03%

50 c103 592.8 0.07 34.48 590.5 0.06 33.01 -0.39% -12.46% -4.26%
50_c104 640.0 0.10 36.84 640.0 0.11 36.5 +0.00%  +4.57% -0.92%

50 _c105 582.5 0.04 32.33 582.7 0.04 32.27 +0.03% -4.39% -0.19%
50_c106 478.5 0.03 26.88 477.0 0.03 26.7 -0.31% -6.19% -0.67%

50 _c107 629.5 0.06 35.99 628.8 0.06 35.9 -0.11% +7.51% -0.25%

50 c108 648.4 0.06 36.47 645.3 0.07 36.35 -0.48% +3.84% -0.33%
50_c109 684.7 0.09 38.81 683.9 0.10 38.78 -0.12% +4.20% -0.08%

50 r101 300.63 0.03 19.5 297.8 0.03 18.91 -0.94% -3.80% -3.03%

50 _r102 419.97 0.04 27.87 418.45 0.04 27.55 -0.36% -7.42% -1.15%

50 r103 460.22 0.06 29.95 462.91 0.05 29.57 +0.58% -14.08% -1.27%

g 50_r104 518.94 0.09 33.35 518.95 0.08 33.21 +0.00% -5.56% -0.42%
E 50 _r105 379.54 0.04 24.24 387.93 0.03 24.01 +2.21% -9.44% -0.95%
8 50_r106 459.99 0.05 30.97 467.93 0.05 30.87 +1.73% -9.38% -0.32%
é 50_r107 497.2 0.06 32.17 498.38 0.06 31.52 +0.24% -10.32% -2.02%
'ED 50_r108 529.64 0.09 34.08 530.73 0.08 33.9 +0.21% -12.15% -0.53%
- 50 _r109 458.03 0.05 28.6 464.25 0.06 28.04 +1.36% +5.28% -1.96%
50 r110 482.58 0.07 30.31 486.07 0.06 30.06 +0.72% -9.31% -0.82%

50 _ri111 500.49 0.08 31.48 497.69 0.06 31.59 -0.56% -26.02% +0.35%

50 r112 538.51 0.09 33.04 536.26 0.09 32.97 -0.42% -8.07% -0.21%
50_rc101 508.7 0.03 28.91 500.0 0.03 27.0 -1.71% +3.27% -6.61%

50 _rc102 559.7 0.04 32.09 598.7 0.04 30.01 +6.97% +16.85% -6.48%
50_rc103 603.9 0.04 32.77 622.4 0.05 30.36 +3.06% +27.65% -7.35%

50 _rc104 625.5 0.06 34.94 654.4 0.06 31.6 +4.62% +11.08% -9.56%
50_rc105 520.3 0.03 30.97 521.8 0.03 27.45 +0.29%  +6.96% -11.37%
50_rc106 565.7 0.05 32.83 577.1 0.05 31.61 +2.02% -0.16% -3.72%
50_rc107 588.0 0.05 34.28 626.9 0.05 34.57 +6.62% +6.92% +0.85%
50_rc108 609.1 0.06 35.47 616.8 0.06 31.57 +1.26% +0.74% -11.00%
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Table A.13: Comparison of profit and profit? ratio functions for 3 routes

’ Set ‘ Instance ‘ Profit Profit? Percentage difference

’ ‘ ‘ Profit Time Activities ‘ Profit Time Activities ‘ Profit  Time  Activities
cl01 500.0 0.05 23.0 500.0 0.04 23.0 +0.00% -16.73% +0.00%

cl102 652.6 0.10 31.53 655.2 0.10 31.37 +0.40% -5.73% -0.51%

cl103 824.1 0.18 34.14 818.3 0.14 33.46 -0.70%  -19.04% -1.99%

cl04 895.8 0.23 36.24 891.1 0.19 35.52 -0.52%  -15.66% -1.99%

cl105 732.8 0.07 33.11 732.6 0.08 32.51 -0.03% +21.28% -1.81%

cl06 733.7 0.08 32.39 722.9 0.08 32.29 -1.47% +7.28% -0.31%

c107 806.9 0.10 35.88 806.4 0.10 35.57 -0.06% +0.15% -0.86%

cl108 829.6 0.11 36.24 829.6 0.12 36.28 +0.00% +6.72% +0.11%

c109 881.3 0.16 36.78 880.3 0.17 36.37 -0.11% +6.26% -1.11%

r101 425.44 0.06 24.91 421.01 0.05 23.02 -1.04% -13.27% -7.59%

r102 608.56 0.10 34.46 614.42 0.10 32.89 +0.96% +3.08% -4.56%

r103 668.61 0.16 37.13 665.2 0.15 36.04 -0.51% -6.11% -2.94%

g r104 729.28 0.22 40.41 730.53 0.20 39.1 +0.17% -8.07% -3.24%
E r105 540.43 0.08 31.53 555.45 0.07 30.34 +2.78%  -13.29% -3.77%
8 r106 654.49 0.13 36.43 670.9 0.11 35.8 +2.51% -14.10% -1.73%
§ r107 709.04 0.14 38.92 709.3 0.13 37.57 +0.04% -7.31% -3.47%
ﬁﬁ r108 741.04 0.22 39.73 749.69 0.20 39.06 +1.17% -6.91% -1.69%
- r109 644.19 0.11 35.68 653.28 0.12 35.21 +1.41% +10.52% -1.32%
r110 681.03 0.14 37.7 697.05 0.14 37.52 +2.35% -0.77% -0.48%

rl11 723.13 0.16 38.67 715.26 0.17 37.69 -1.09% +6.96% -2.53%

r112 701.16 0.18 39.34 729.55 0.18 37.4 +4.05% +2.68% -4.93%

rcl101 561.74 0.06 31.99 562.26 0.07 31.33 +0.09% +34.13% -2.06%

rc102 643.72 0.10 35.49 658.12 0.09 34.51 +2.24% -6.99% -2.76%

rcl103 673.6 0.14 36.22 697.07 0.11 33.76 +3.48% -18.64% -6.79%

rcl104 749.18 0.16 39.48 782.05 0.14 36.38 +4.39% -10.03% -7.85%

rc105 600.17 0.10 34.58 601.73 0.08 32.14 +0.26% -24.51% -7.06%

rcl106 639.97 0.09 34.96 644.93 0.09 34.12 +0.78% -1.64% -2.40%

rc107 709.45 0.12 37.6 711.08 0.11 34.83 +0.23% -9.49% -7.37%

rc108 726.17 0.14 38.78 744.3 0.14 36.46 +2.50% -2.67% -5.98%

pro1 572.31 0.09 45.82 576.62 0.08 45.45 +0.75% -5.49% -0.81%

pro2 845.79 0.19 58.3 858.99 0.20 57.76 +1.56% +3.63% -0.93%

o pro3 906.6 0.30 61.82 931.31 0.30 60.43 +2.73% -1.10% -2.25%
E pro4 1135.13 0.54 72.3 1155.7 0.47 70.33 +1.81% -12.15% -2.72%
% pro5 1308.12  0.92 82.79 1327.66  0.86 79.59 +1.49% -6.47% -3.87%
E pro6 1289.62 0.95 79.28 1319.55 0.92 77.07 +2.32% -2.86% -2.79%
.'4;:"0 pro7 700.26 0.13 50.67 705.34 0.11 50.26 +0.73%  -20.65% -0.81%
ke pro8 1023.4 0.34 64.43 1033.11  0.31 63.21 +0.95% -10.29% -1.89%
pro9 1099.23  0.63 74.29 1126.75  0.57 72.05 +2.50% -9.14% -3.02%

pr10 1353.36  1.05 83.83 1380.22 1.01 81.75 +1.98% -4.26% -2.48%
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Appendix B

Figures

Comparison of profit and profit? in 1 route for gavalas
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Comparison of profit and profit? in 3 routes for MentemanniTOPTW2
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