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ABSTRACT

This thesis studies the dynamic route and transport mode optimization for partici-
pating at a jointly decided activity subject to spatio-temporal variations. Joint activity
participants have to travel from their current locations to a common location which is
the location of the joint activity. Apart from the recurrent joint activities (such as work,
school etc.), there are several joint leisure activities where activity participants have to
decide about the location and the starting time of the joint leisure activity along with
the transport mode(s) that each one of them has to use for commuting from his/her

current location to the joint leisure activity location.

The objective of this thesis is the development of a comprehensive system for the
optimization of joint leisure trips that are not related to work by optimizing (a) the
location and the starting time of the joint leisure activity (b) the public transport
operations (c) the transport mode(s) selection for each activity participant in order to

arrive there as fast as possible while satisfying his/her personal trip preferences.

Activities not related to work can be responsible for more than 60% of trips at an urban
environment. Non-working travel patterns differ from the more stable, recurrent travel
patterns of work-related activities such as trips from/to work, school etc. and the three

main differences of those activities are:
e The location of a leisure activity can differ on a daily basis (it is not static like the
location of the working or studying place)

e The starting time of a leisure activity has greater elasticity and can differ on a

daily basis (it is not stable such as the starting time of work, school etc.)



e The alternative journey options to and from a leisure activity location are not
well-known to the users (users are more aware of their journey alternatives when
it comes to transfers from/to work-related activities since those activities are

re-current)

Given that a significant number of transfers is related to leisure activities, the optimization
of the (1) location selection, (2) starting activity time, (3) transport mode selection and
(4) route selection are of paramount importance for both the commuters’ total travel
cost and the transport network performance. In addition, the prediction of non-recurrent
activities in time and space can be an important step forward for the tactical and
dynamic planning of transport networks since the volume and the non-recurrent nature of
such activities lead to significant travel demand variations compared to the more stable,

work-related activities.

Due to the above, this thesis focuses on: (i) Understanding the State-of-the-Art (SoA)
work on utilizing user-generated data for increasing the efficiency level of joint leisure
activities and proposing actions towards this direction; (ii) Capturing users’ willingness
to travel certain distances for participating in different types of activities; (iii) Optimizing
the selection of locations and starting times of joint leisure activities (iv) Re-scheduling
the starting times of public transportation trips in order to adjust to the joint leisure
activity demand without deteriorating the Quality of Service (QoS) for other passengers;
(v) Optimizing the journey/path selection of users’ who are willing to travel from one
point of the network to another for participating at one activity and, possibly, utilize

multiple modes while also satisfying their preferences.

Keywords: Social Media; Social Networks; Utility-Maximization; Joint Activities;
Spatio-Temporal Pattern Recognition; Joint Travel Optimization; Stochastic Search;
Regularity-based Public Transportation; Nonlinear Programming; Real-Time Multi-

modal Fastest Paths; Intermodal Networks; Resource Constrained Shortest Path Problem
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Chapter 1

Extetopevn Ilepiindn ota
EANN VX

1.1 Ewayoyn

H Swter) yehetd ) Beitiotonolnomn tne Suvouixic emAOYNS EVOC UETAPORIXOD UEGOU
() OELPdC UETAPOPIXDY UECWY) Yot OAANAOEEUPTOUEVES UETOXIVAOELS UE UETABOANOUEVOUC
npoopiopols.  Mio mpogavic xatnyoplor tAANAOEEAPTWUEVOY UETAXIVACEWY, OTNY OTold
ETUXEVTRPOVETAL 1) TR0 VG BLATELBT, ELVOIL OL UETOXVACELS ULAG OUABOE ATOUMY U0 TIC TEEYOVUOES
tonoV¥eoieg Toug ot pla xown Tonoveata yio Ty TeayUaToTonon plog opadixnc deac TNELOTN-
tac. Extoc and xowég dpactneldotnteg mou enavalopfdvoviar o xodnuepvy Bdon, omwg
1 CLYXEVTPWOT| ATOUWY OE x0WOoUG YWEoug cpyaoiaug, oyolela x.a., umdpyel éva Thrdog
OOV €EM-EQYACLOXDY ORACTNRIOTATOY OTIC OToleg plal Ouddo ATOUMY UE XOWVWVIXOUS
deopole anogactlel ylor TNy Tonovesior GUVAVTINOTC TOUS, TO YPOVO CUVAVTNGCHC TOUC Xl
TO N TA UETOPOPXE UECO TOU TEETEL VAL YENOWOTOACEL 0 xodévag Yl Tn UeTaxivno
Tou otnyv tomovecta outh. H Bwboxtopiny| St €xel we oTéYO TNV AVATTUEY EVOC
ONOUATPOUEVOL GUC TAUATOS BEATIOTOTOINONE TWV UETOXWVACEWY oL oyeTiovTon Ue TETOLOU
eldoug OANAOEE AP TOUEVES EEW-ERYACLUXES BRAUTTNELOTNTES ATOUWY UE XOWKVIXO0UE BEGHOVC
BektioTonowdvtag (o) Tov TOTO Xou To Ypbvo tne Tonodestag cuvdvtnone (B) to Spopold-

Yo TV pécwv palixic HeTapopdc xot (YY) To Y To HETAPOPXE Péoa TToU yenoulonotel xdde



XeNoTNG Yo var mapevpelel o auUTY| TN 0PACTNELOTATA WOTE 1) UeTaxivnot| Tou va elvon 1)

CUVTOUOTERT] BUVOTY XAl VO IXOVOTIOLEL TIC TPOCWTIXES TOU TPOTYWHOELS.

O eZw-epyaotaxéc SpaoTnEldTNTES UTopOUY VoL ATOTEAECOUY €we ot To 60% twv peto-
XVACEWY OE €Vl A0TIXO TERUSAANOV %ol BLAUPEPOLY OO BEACTNPLOTNTES EMAVUAUBAVOUEVOU
YAUEOX TR OTWE VOl 1) HETOPORA OO KO TIEOC TO YO EEYAOLag, To OyoAelo x.o. xaddC:
[o] H tonodeoio tne dpaotnetdntac unopel va petafindel (Sev eivar dedopévn odmwe yia
Topdderypa 1 Tonodesia Tou yweou epyasiog), [B] O yedvoc évaping e SpaotnetdTnTog
umopel vor yetoBAndel (Sev etvan Sedouévog 6mwe yio Topdderypo o yedvos évapéng epyooiog,
oyohelou x.o.), [y] Ot evodhaxtixol tpdémol petapopds and xou mpog uio eEm-epyootoxt
SpaoTnetoTNTaL BEV vl ETUEXAOS YVWo Tl 0ToUC YPHOTES (Yo TopddeLypa, YeRoTES €YOUV
XAADTEQT] YVWOT TWV EVAAANIXTIXDV ETLAOYMVY TOUC ToL oyeTilovTon Ye xordnuepLvéS PeTo-
XWACELS a6 /Tpoc TNy epyooio/oyolelo x.a. xadde oL dpaoTnELdTNTES AUTEC Elvat ETAVONo-

Bovoueveq).

AeBou£vou 6Tt EVag ONUAVTIXOS aptduog HETOXVACEWY OYETICEToL PE eEW-EQYATLAXES DPAUTTN-
eLotNnTES, N BehtioTonolnoyn tng emhoyric Tonodeaiog, yedvou dpLEng xon HECOU PETAPORAS
amoxtoLV Poaplvouca onuacia Yot TNV adENon TNS AELTOURYIXOTNTIC TOU GUYXOLVWVIAXOD
OI(TOOUL XL TN UElwoT NG xuxhogoploxrc cuupoenone. Emmiéov, n mpdfBredn tou oprd-
L0 EEW-EQRYUCLONMY UETAXIVIOEWY GTO YWEO XUl TO YPOVO UTOREL VoL ATOTEAETEL ONUAVTING
EQYOAEID YLl TOV TAXTIXO Xol DUVAUIXO GYEBIAOUO UETAPORIXWDY CUC TNUATLY XodOS 1) Blaxd-
HOVOT TV EEM-ERYACLOXDY UETUXIVHOEWY GTO YWRO XL TO YpoVo elval Wialtepa LoyupY| o€
SUYXELOT UE TIG XONUERLVE ETOUVOAAUSUVOUEVES HETUXLVATELS OO XAl TIEOS TO Y WEO0 ERYATLog

1) To oyohelo.

H mohumhoxdtnta tne Bertiotonoinong e€m-gpyaotaxy dpao TNELOTHTWY EYXELTAUL 0TV Loy U-
o) Toug Blaxdpavon amd Nuépa o NUEPd, XATL oL amoutel TN CUVEYT aVIAUGCT, VEWY Ot-
OOUEVOY OYETIXG UE TIC ATOMXES UETAVIOELS avTE TNG YPHONG OTATIXWY HOR(POY GUANOYHS
TANEOPORLWY, OTWS EpwTNUaTorOYLa. o To oxond autd, ota mhaicio TNE BB TOEXTNG
otateBric, emyelpelton 1 OMUoLEYld CUCTAUATKY YLl TN CGUAAOYY| Xl OVAAUGT] GUVEY KOS
AVOVEWOLUWY ATOULXMY OEBOUEVODY ATO OXTUN XOWOWIXAS OXTOWONG, CUOKEVES XWVNTHG
TNAEQPWVIAC XAl CUGTAUATA TAOHYNONG.  2XOTOC TNG CUANOYHAC ATOUIXGY OEBOUEVLDV El-
VOl QUOTNEE O EVIOTUOHOS TNE AAAXY YIS VESTIC TV ATOUMY GTO YEOVO HEGE TOU TTAYXOGULOU
CUCTAUATOS EVIOTUONOU YEWYRAUPWAC Véong mou yenowonoleiton and €EUTVEC GUOXEVES

XVNTAC TNAEQPWVINS X0 OTOUIXE GUC THUATA TAOYYNOTG.



Mo axdpo duoxohio elvon 1) ene€epyascio PEYIANG pONG ATOULXDY BEGOUEVWV UE ETEROXANTES
HOPQES xau 1) EEAYWYT| CUUTIERUCUATMVY GE GYEDOV TTRAYHATIXO YEOVO OYETIXE UE TNV ETAOYN
tomoVeoiog, ypdvou APilng xal UEowy PEToxivNoNG Yo EEW-EQYACLOXES DPUOTNELOTNTES -
%4t Tou amoutel T dnutovpyio LBEWBXGY HoVTEALY BelTioTomolinomng Tou TaEéyouy ALENUEVN
oaxp{Belo amoTEAEOUATOVY YE YUUNAO UTOAOYIGTIXG X060 ToC. Téhog, To TEOBANUO TEQITAE-
XETOL TEQOUTERE OO TNV AVAYXT) LOVIEAOTOINONG TWV ATOPACEWY TV UETUXIVOVUEVKY, X0k
V¢ (dde ueToVOUUEVOS amOhouBAvEL BLOPORETIXY YENOWOTNTA ATO T1 GUUMETOY N OF e€w-
EQYOOLUXES BPACTNELOTNTES OE GUVEETNOT| UE TNV TEOCRBUCILOTNT TOU TEAXO0) TEOOELGUOU
am6 TNV Teéyouca YEoT Tou, TO YpOVOo EVORENC TN DPAC TNELOTNTAS XAl TO ETMAEYUEVO UECO

UETOPORAS.

Y10 mhalolo g daxtopinhc SlatelBic e€etdlovton Tor &g empépoug avTixeiueva:

e Aigpeivnon tou mpoPAfuatos tne Pertiotonolnong twv aAANAOEEUpTOUEVWY EEw-
EQPYUCLAXWY UETAAVACERDY OOV TUPEURIGKOVTOL ATOUA UE XOWVWVIXO0VE BEGUOUS, OLo-

TUTWOT) TWV TUPUUETEMY XAl TV YULAXTNELO TIXWY TOU.

o Alpelvnon TV ETAOYOV TV UETOXVOUUEVWY UE YPNOT CUVEYDS AVOVEDCIIWY OTO-

WXV BESOUEVLY ahhayTic YEOTC OTO YDEO %ot GTO YPOVO.

o Avdmtugn olydprduwy yia TNy eniluct tou TpoPAfuatog BEATIOTNE emAOYTC TOTO-
Yealog, ypdvou Evapine xou UECKY PETAPORAS Y10t IAANAOEL VO TOUEVES EEW-EQYATLUXES

METOUVACELS.

o Eqgapuoy ahyoprduny eniiuong o aotixd bixtuo xan meoBAedr eEw-gpyootoxdy
METOXWVACEMY YIoL TO BUVOULXO CYEBLICUO UETAPORIXWY CUCTNUATLY %ot dNpociwy

CUYXOWVWVLDV.

[ot Ty e€€100m TV TORTEVL ELEUVNTIXDY AVTIXEWEVKY, 1 SlaTelBY) Ywelleton ot empépoug

XEQANOLOL (Vepatinéc evotnTeg) oL omoleg avahloVTOL ToEOXATE.

1.2  BiBAoypagpixn Avaoxdonnon

Yopgwva e tov TIL [2], 29.2% twv nuepriowwy petaxivicewy oyetiloviar ye Quyoryw-

yiée Spootnetdtnies, 28% pe Tpoowmnés ayopés, hivior xou SAec TpocwTXéS epyaoies



xou 10.7% pe dhhec e€w-cpyactaxés SpaoTnploTNTeS OTWE 1 GUVODELL GAAWY UEADY TNG
owoyévelog. Iopouota anoteréopata €youv xatoypapetl xan ané tnv New York Regional
Travel survey RTS [1] émou 1o 70% tou 6UVOROL TO YETOXVACEWY EXTIUTOL OTL TPOEPYETOL

oo eEw-QYACLAXES BEACTNELOTNTES.

Méyper ofuepa, TOAEC epeuvnTIXéS SpaoTNELOTNTES €youv emixevipwiel oty avdmtuln po-
VIEAWY PeTovioewy yenotov (Gonzalez et al. [58]) pe yprion atopxmy dedopévwy mou

Tpoépyovton and Tig e€ng TNyEC:

® OTOUIXE DEDOUEVO IOV TROEEYOVTUL UG TN HETABOCT) DEDOUEVLV HECE XUVNTWVY TNAE-
povev: Musolesi and Mascolo [86], Musolesi and Mascolo [86], Chen et al. [37],
Wu et al. [123]

e atopxd dedouéva and péoo xowmvixhic dixtimone: Qu et al. [99], Qu et al. [98],

Alesiani et al. [5], Hawelka et al. [62]

e atouxd dedouéva and “¢Zumvec” xdpteg petagopds: Pelletier et al. [94], Wilson et al.
[120], Ceapa et al. [31], Bagchi and White [11], Zhong et al. [125], Munizaga and
Palma [85]

o atouxd dedopéva GPS and npocwmixolc mhonyols xou “€€umval xvntd TnAEpwvaL

Wu et al. [122], Hato [61], Li et al. [74], Witayangkurn et al. [121]

Kotd tn Bihoypapuxn avaoxonnor Siepeuvidnxe 1 Ypnon otouxdy Sedouévemy and Tic
TUPATAV® TNYES, TA TAEOVEXTAUATO XOU UELOVEXTHUTA XddE TNYTg OEGOUEVMLY XaL Ol ouTleg
ToL atouxd dedouéva dev €youv yenotponoiniel yioo T BeAtioTonoinomn Twv xowny e€w-
EQYOCLUXWY BEACTNPLOTATWY €WC CHUEPA. ApYIXd, TOL TAEOVEXTAUATO X0 TO UELOVEXTAUITA

4 / 7 Z 7 7.
xade TNYNg atoux@y dedouévewy mapatiievton otov mivaxo 1.1.

Yougwva pe ) BBAoYpapuxr] avacrOTNoT YIVETOL GapES OTL TOPOTL OEV €YOLV YIVEL TPOOTY-
Yeleg BelTioTomolnomg Twv eEW-gpYaoLOXOY BAC TNRLOTATOLY £C GNP, 1) OVIEST ETUEPOUS
TINYOV oTOUXOV OEBOPEVLDY SUVUTOL VoL TORACYEL TIC AMAPAiTNTEC TANEOPORIEC OOTE Va
onuovpyndolv Bondntixol unyoavioyol Adng anogdoewy oyetixd pe tn Behtiotonolnom

TWV EEW-EPYOOLUXMY BRAUCTNRLOTATWY.

Y auth TN SLotelr), e€etdleTon €val EVPOC BLUPORETIXGY TROBANUATKDY Ue 0TdY0 TN BehTioTO-

nolnon v e&w-epyootoxdy dpaotnplotitwy. To mpoBiiuata autd eondlouv (1) otny



IMINAKAY 1.1: Avvototnreg ypone tov atowxody dedopévmy and Sopopetinés mnyéc olupwva ue t Biphloypapuxr avaoxdénnon

an6é Metddoon

and Kowwvixd Abxtua

an6 "E€unvec” Kdptec

an6d Aedouévo

Aedopévwy xvntig Metagopwv Tomnodeaioc Xenotomvy
TNAEQViag UECL EEUTVODV XIVNTHOVY

X0l TEOCOTUXWY
TAOTY WV

Extiunon petagopixic {itnong Nou Oy Nou Nou

Extiunon tou yécou yetopopdc Nou Oy Nou Oy

Avayvoplon  tov  Oldgopny  TUN- Oy Oy Now Nou

udtwyv plog yetoxivnong

Extiunon tne xuxhogoplag oe mpay- Nou Oy Oyt Nou

HoTixd ypovo

Extilunon tov xadnuepvodv  peto- Oy Nou Oy Oy

XVACEWY YENOTWV HUE XOWVWVIXOVG

deauoic

Avdhuon Wlaktepmv OUV- Oy Nou Oy Oyt

Vv /exdnhidoewy mou ennpedlouy

TN peTopopiny| {Tnon

Extiunon tov potifov yetmavioswy Nou Nou Oy Oy

YENOTOV

Avayvopeion v ApaoTneloThtwy Nou Nou Oy Oy

Twv Xpenotov

pbPBhedn e Awxdpovong g Oy Na Oy Oy

uetapopxnc {htnong Aoyw Ewduxdyv

Exdnhdoewy

Aoy wploudc Metoavioswy Nou Oy Oy Nou

Extlunon twv MotiBwv Apactneto- Nou Nou Nou Nou

4 7,
ATV TV XpenoTtov




emAoy1| TonoVesiog eZw-epYAOIIXWY SPACTNELOTATOLY (2) TNy ETAOYT TOU YEOVOU Evaping
e Spaotnptétntac (3) otny emAoyh peTapopol PEcou Yia xdde ouppetéyovta xou (4)
oty emhoyn ddpounc. O TeMxdC 0TOY0¢ elvol 1 TaUTOYEOVY ENLAUCT TWV TUPATAVE
TEOBANUAT®WY Yl TN UYelwor Tou x6cToug PETUXVONS TWV YENoTOY xou TN Peitiwon tng

CUYOMXAC YPNOWOTNTAS and Tr CUUUETOY Y| OE TETOLOU EBOUS dpaoTNELOTNTES.

O xdplot tukavee e dratplBric etvon oL pedodoroyieg mou avoartdyInxay oyeTd ue (o) Tov
TEOGOLOPICUO TOV UEYIOTWY ATOOTACENY Tou eivan dtatedeluévol var Slavhoouv oL YenoTeg
YIOL VO CUUPETACYOLY OE €EW-EQYAOLIXES ORUOTNELOTNTES Péow TN emelepyaoiog TwV -
OTOPXAOY ATOUIXMY dedoUévwy peToxvioemy Toug (B) tn Bedtiotonoinon tne tonodeoioug
X0l TOL YEOVOU €vaping xovmy ew-epyactox®y petaxiviceny (Y) tn BeAtiotonoinon twv
ONUOCIWY CLYXOWVWVIOY YL TNV EEUTNEETNOT TWV EEW-ERYAUCLOXDY UETAXIVACEWY PETL TNG
OVOTPOCURUOY TG TOU YeOVoU avaywenone xdde dpogoloyiouv mou duvaton vor eEUTNEETHOEL
Lhtnom v e€w-cpyaotaxés dpaotnoidtntes xar (8) tnv emhoyh e Péltiotne dradpouhc
yioo T yetoxivnon otny tonodecion Tng e€w-epyactaxic SpaoTNELOTNTAS HE Yprion EVOS N
TEPLOCOTEPWY UETAPOPIXWY UECWY BACEL TV TEOCKTIXOY EMILULOY Tou YeNoTr. Autég

oL empépouc pevodohoyiec TapouctdlovTal entypouaTixd oto dtarypduparto 1.1, 1.2 xadog

xae pio amd aUTEC aVamTUGOETL EVOEAEY WS OTaL XEQAhona 3-6 Tng dtaTE3rC.

[t T eqopuoyn Tne Topamdve uedodohoyiag ot SLAPORES TROYUUTIXES EQUOUOYES omonTel-
Tan €Vog CLYXEXPWEVOC TUTOC dedopévmwy. To amoutolueva SeBoPEva Yo TNV EQUEUOYT TNG

uedodoloylog oe didpopeg meployéc mapovatdlovial oTov mivaxa 1.2.

To amontodueva Sedouéva Onwe topouotdlovton otov mivaxa 1.2 elvan amapoitnTa Yo TV
AN €QapUoYY) TwV UeYOBOROYLOVY Xat TNV eNiTeLdn TN PEYLOTNG duvathc Bedtinong Twy
e€w-gpYaolax®Y dpac TNeloTHTwy. 201600, oL peodoloyieg aUTEC UTOPOLY Vo EPUPUOC TOOY
X0l OF UXPOTERNC EXTUONG CEVAEL YIaL TNV ETXVEMOT TNG axEiBelag xaL TG eQapUOCUOTN-
TaC TV uevodoloyiwy ywels anwieta T yevixdtntog. Elautioc autol, xou eneldy| orucpa
UTIAPYEL UEYTAT TEOXTIXH OUOXOMA W TEOS TN CUANOYT) OAWY TWV ATUTOVUEVKY ATOUL-
AWV OEBOUEVLY am6d OAOLG Toug xatolxoug plag toAuthndolc teployrc, oTn dwtelBn yenot-
pomotdnxoy o dedouéva Tou tapovstdlovTal oTov Tivoxa 1.3. Edo ouwe mpénet vor onuein-
Vel 6TL 0 YeVindg YapaxTHpdS Twv UeVoBohoYL®Y ETTEETEL TNV o&lomolnorn OAWY TwV dlo-
Véotpmv dedopévmv edv autd etvan pehhovTixd TpooBdotua (yio TapdderyUa EGV 1) YEWYPUPIXN

Véomn OV TwV xatoixwy ulag TOANE xaL oL 6eouol PETaEl TOUG XUTOYEAPOVTAL UECL) TOV



i ZXETIKA PE TNV €PEUVA OTOUIKWYV PETAKIVATEWY HECW
B|B)\|oypqq)||(n XPAONS ATOHIKWV SESOUEVWY ATTO:
p . Aedopéva Kivntig TnAspwviag
AVGUKOTTVIUV] . Aedopéva Méowv Kovwvikng AikTiwong
. Aedopéva amrd ‘Egumveg KapTeg Anpooiwv
‘ ZUYKOIVWVIWV
. Aedopéva Mewypagikng Oéong péow Kivntwv
, TnAe@wvwy 1 ZuotnudTtwy MNMAorynong e
M€9050A0VIG (1 /2) evepyotroinuéva Zuotiuara GPS
. AvAAuCN 1I0TOPIKWY ATOUIKWY deSOUEVWVY Kal
MeBodohoyia yia Tov €gaywyn VoG NUEPNOIOU JOVTEAOU TTOU
uttoAoyIou6 TG €TTIBUPIOG TTpoadiopilel TO poTiBo SPACTNEIOTATWY KAl
TWV XPNOTWV VO METAKIVAGEWY XPNOTWV
TOCIBEWPOUV OUYKEKPIMEVES . >0vdeaon TwV TOTTOBECIWY TTOU ETTIOKETITETAI
QTTOOTAOEIS VIO VO KGBe xpnaTng e mavoug TUTToug

dpacTNPIOTATWYV

. Anpioupyia evég HOVTEAOU PEYIOTOTTOINONG TNG
ATOMIKNG XPNOINOTNTAG YIO TOV TTPOCOIOPIoHO
NG BEANONG TWV XPNOTWV YIa PETOKIVNON
avaloya Pe 10 Xpovo Tagidiol Kail To €i00G TNG
dpaoTNPIOTNTOG

. MpakTIKA epapuoyn o€ deiyua 65 xpnoTwy Kail
KATNYOPIOTTOINCN XPNOTWYV O OUOIOYEVEIG

OUMMETAOYOUV O€ £EW-
EPYAOIOKEG SpAOTNPIOTNTEG

ouadeg
MeBodoAoyia yia Tn . Anuioupyia piag OTOXAOTIKAG HOPPNG EUPEONG
BeATioTOTIOINGN TS 10U BacifeTal oTnVv Katnyopia Twv “Simulated

Annealing” e€€AIKTIKWV aAyopiBuwy yia Tnv
eupean NG BEATIOTNG TOTTOBETIAG KOl XpOvou
€vapgng KOIVWV £EwW-EpYaciakwV
OpacTNPIOTATWY

. >0ykpion Tou aAyopiBuou pe dGAAoug
€eAIKTIKOUG aAyopiBuoug (Hill Climbing or
Genetic Algorithms) katd Tnv e§eUpecn KOIVWV
METOKIVACEWYV O€ Oeiyua 75 xpnoTwyv

TOTT00€0i0g Kal Tou Xpdvou
évapéng eEw-epyaoiakwyv
OpaoTNPIOTATWY

ATATPAMMA 1.1: Medodoloyiec (1/2) mou avanticoovion ot EMPépous xepdhona 3,
4 g dateBric

XVNTOV TOUG TNAEPOVOY XAl 1) EEEUVNTIXY XOWOTNTA EYEL TEOGCT, OE UTA aPol TEWTA

BLoPUAGCCOVTAL To GTOLYE(O! TPOCWTIXAS TAVTOTNTOG).



MeBodoAoyia (2/2)

MeBodoAoyia yia Tn
BeATioToTTOINON TWV
ONUOCIWY CUYKOIVWVIWV
TTOU €EUTTNPETOUV £EW-
EPYAOIOKEG NETAKIVAOEIG
MEOW TNG TTPOCAPHOYNAG
TOU XpOvou gkkivnong k&be
OpouoAoyiou TToU duvaTal
va eguTTNEETAOElI CATNON YIA
€EW-EPYATIAKEG
dpaoTnNPIOTNTEG

MeBodoAoyia yia Tnv
€TTIAOYT) TOU BEATIOTOU
TPOTTOU PETAKIVNONG
XPNOTWV OTnVv ToTT00Tia
NG £EW-EPYACIOKAG TOUG
OpacTnPIOTNTAG
AapBdvovrag utrdwiv TIg
TIPOCWTTIKEG TOUG
TTPOTINACEIG KaI TN XPrion
TTOAATTAWY PHECWV

METaPOPAS

Anpioupyia pun ypapuikou Kai gn ouvexoug
HovTéAou BEATIOTOTTOINONG YIA TNV TTPOCOPUOYN
TWV XPOVWV eKKivnong dpouoAoyiwv aTn
ZNTNon Twv eEW-EPYATIOKWY OPATTNPIOTATWY
XWPIG va eOEIVWVETAI N EEUTTNPETNON TOU
OUVOAOU TwV ETTIRATWV

Anpuioupyia peBOdouU dIAdOXIKAG EUPETIKAG
avadATNoNG PE XAPOKTNPIOTIKA YEVETIKWV
aAyopiBuwv yia Tnv aAAayr Tou Xpovou
€kKivnong dpopoAoyiwv ag axedov TTpayuaTIKO
Xpovo

EmkUpwon Tng ueBoddou pe epappoyr Tng
MEOow Xprong dedopévwy atrd dUO KEVTPIKES
AEWPOPEIOKES YPAUUEG TNG ZTOKXOAUNG

MovTeAoTroinan Tou TTPoARpATOG EUPETNG TNG
BEATIOTNG B1adPOPNAG ME XPAoN TTOAAATTAWY
METAQOPIKWYV PECWV AauBAavovTag uTToyIv TIg
TIPOCWTTIKEG TOUG TTPOTIMNOEIG TOU XPHoN
ASyw Tou uYnAou UTTOAOYIOTIKOU KOOTOUG
BéATIOTNG S1adpopng, dnuioupyia piag “label-
setting” yeBOdOU Kal EVOG punxaviopou yia Tnv
emOeTIKA diaypa@n labes TTou éxouv PIKPATEPN
mBOavéTNTa va 0dnyroouv aTnv eUpean TNG
BEATIOTNG B1adPONNAS

EmkUpwon Tou UTTOAOYIOTIKOU KOGTOUG Kal TG
akpiBelag utroAoyiopou TnG BEATIOTNG
1adpOUNG O€ TTPOCOUOIWNEVA BIKTUA PE EWG
ka1 30,000 ouvdéapoug

ATATPAMMA 1.2: Medodoloyiec (2/2) mou avanticoovton ot ENPEPOUS XEPGALAL 5,
6 e dateBric

1.3 Ilpoocdioplondc TV UEYLIOTWY ATOCTACEWY TOU £i-
vai StatedellEVOL Va BLatvOoOUY Ol YPNOTES YL VA

OUUUETACYOVY OE EEW-ERYACLAXKES OPATTNELOTNTES

Avahbovtag tepoutépn TN pedodoloyio, otny teltn evotnta diveton EUpooy GTOV TEOGOLO-
CLOUO TWV UEYIOTOV AMOCTACEWY Tou eivan Slatedeuévol vor Blavdcouy oL YeroTES Yiol Vol
CUUHETACYOUY OF €EW-EQYACLAXES BPUAGTNELOTNTES UECW TNG EMELepYaoiag TwV LOTOPIXWY

ATOUXAY OEBOUEVWY UeToviioewy Toug. H moapoloo dlatel3h cuvelogépel e auTh TNV



INIINAKAY. 1.2:

Arnawtolyeva Acdopévor vy pla Oloxhnpwuévn Egopuoyh twyv

Medodoroyidv Behtiotonoinong ew-gpyaotondy Metaavioewy

ot Tov mpoodloplopd TwV UEYIOTWV ono-
oTtdoenwy mou elvon dlotedelpévol var Blavi-
G0oLY 0oL YPACTES YLOL VO CUUUETECYOUV OE
elw-epyootaxés dpaotnpldTnTeS

Acdopéva and Méoca KowwvixAc Atr-
®xTOWOYNG OhWV TWV XATOXWY TNC TEPLOYAC
uerétne § Aedopéva I'ewypapixic Oéong
OAOV TWV XATOXWY TNG TEELOY NG UEAETNG XU TIWE
AUTE HETABEANOVTOL GTO YEOVO HECH XIVNTWYV TNAE-
QPOVWY 1| CUCTNUATWY TAONYNONS UE EVERYOTOLN-
UEVN TNV ETAOYY XATAYPAPNS YEWYEAUPIXNE FEong

INa ™ PBektotonmoinon tne tonoveoiog
oL TOU YEbvou Eévopine eEm-epYaoLoxmdY
Bpoo TNELOTHTWY

Acdouéva and Méoa Kowwvixhg At-
®xTOWOYNS OhWV TWV XATOXWY NS TEPLOYAC
UeNETNG

Ia 1 PBehtiotonoinon Onubdoiwv
CU-YXOWWVIGY  Tou  eEumnpetoly  e&w-
EEYUOLUXES UETUXWVAOELS UECW TNG TEOCUE-
poyhc Tou Ypbévou exxivnone xdde dpo-
puoroylov mou Blvaton va eEunneetrioet
{Rtnon yia e€w-gpyaotaxéc dpaotneloTnTes

TWYV

Xepovodiaypduprorto TV dpouoroyiwy
ACTIXADV CUYXOWVOVLOY HALL UE TOUG AetToupYIX00g
Toug meploplopols xar Aedopéva andé Méoa
Kowwvixis AwxtOmong 6hwv oV xatoxeny
NG TEPLOY NG MEAETNG

Foa v emioyh tou Péhtiotou TEdTOU
petoxivnong xenotwyv otnv tonovecia tng
e W-EQYOOLAXNC TOUS JdpaoTNELOTNTAC Ao~
Bévovtog uTdP TIC TPOCWTIXES TOLE TEO-
TWNACELS XAt TN YENON TOMNATAGDY UECWV
HETAUPOPAC

Tonohoyla g meployfe HEAETNG. Avopevé-
uevol yeoévol petoxiviong petold xdde mdovol
Levyoue mpoélevonc-tpooplopol pe xdde duvoth
evahha-x X U€oou Uetapopds (Yio mopddetyua,
hewgopela, tofl, Wwtuxd péoo petoxivnong).
Koatovéhwon xavolgou xou exmounés pOmwv yia

x&e mdavh petaxivnon xoadde xon dhha dedopéva
ToU PmopoUv va ouvdelolyv e Tic emuWlec Tou
XPHotn OTwe o U€yloToc optiude UETAPOPIXGY
uéowv mou diatidetar vor aAAdEel vl TNV mpay-
potonoinon wlog yetaxiviong

EVOTNTA UE TN Onulovpylor EVOC HOVTIEAOU Yiol TNV QUTOUOTH XATYORLOTONOT TWV UETO-
xvhoewy xdle yenotn pe Bdon tn ouyvétnTa mpaypatonoinong xdde petoxivnong oto
XWEO %ot 6T0 Yeovo. To poviého auTd YENOWOTOLAUNXE Yo TNV QUTOUATY AVAXTNOY) TOV
HANEPWUEVWV PETO-XIVACEWY XAUE YEHoTN UE BACT TN Y WRO-YEOVIXT AvdAUCT) ATOULXWY Ot-
BOPEVWY a6 xOWVWVIXA dixTud Yenotov Tou Aovdivou. H cuyvétnta enavahaufovoueveny
emoxéewy otny Bl Tonodeaior yenowonotinxe yio va cuvdéoel T Tomovesieg auTég
UE BpaoTNELOTNTES HECWL TNS YENONG XAVOVKY TOU ETEPEQUY T1) GUVOECT] TOTOVECLWY UE

Spaotnetotntes pe axpiBeta mov Eemepvd 1o 90%.

‘Onwe avagépinxe HoT), T ATOULXA OEBOUEVA YPNOTWY OYETIXG UE TNV AAAXYY| YEOYRUPXNG
Toug ¥€omg OTO YWEO XA GTO YEOVO €YOLY TN BUVATOTNTO VO GUVELGHPEPOLY GTOV EVIOTIUOHUO
TV EMUUIOY TOV YENOTOV Xol ToV HOTB0Y YeToxvhoews Toug. 2oTdco, dev UTdpyEL
CLC TNRATXY LEVOBOC Yo TN YP1OT] TWV ATOULXMY OEGOUEVWLYV YLal TOV EVIOTUOUS T®V HOTB0VY
UETOUVACEWY TV YENoTWYV Uéca otny nuépa. Ia 1o Adyo autd, n mapolca dlateldr| meo-
telvel la oelpd TEYVIXMY Yiot TNV eNeEepyaoior ATOUXOY BEBOUEVKY oL 0ToleC TopoualdlovTo

oto ddypoppa 1.3).



IIINAKAY 1.3: AcBoyéva mou ypnowdomodnxay ot dlaten i Ty emxdpwon tne
pedodo-hoylog

ot Tov mpoodloplopd TwV UEYIOTWV ono-
oTtdoenwy mou elvon dlotedelpévol var Blavi-
G0oLY 0oL YPACTES YLOL VO CUUUETECYOUV OE
elw-epyootaxés dpaotnpldTnTeS

Atopxée avopthoelc ypnotwv Touitep nou me-
plEyouy TN Yewypagixh V€on xaL TO XEOVO TN
avdptnone and 65 yprotec mou Jlouévouv GTo
Aovdivo. T xdde ypfiotn éxel yiver culhoyh dAwv
TOV AVopTHCEDY Tou and To NoéuBplo tou 2012 éwg
tov Iavoudpro tou 2014 (6,400 avaptficels)

Ioa 1t Beluotomoinon e tomodeoiog
oL TOU YEOVOU EVopEng eEm-EpYOOLOXWY
Bpoo TNELOTHTWY

Atopxée avopthoec yenotwv Touitep mou me-
plExoLv TN vewypapixn V€on TG xot To YEOVO
avdenong and 75 xpNoTEC TOL BLUUEVOUV GTO
Aovdivo. T xdde yenotn €xel yiver culhoyn dAwv
TV avopThoe®y Tou and o NodufBeto tou 2012 éwg
tov lavoudpelo tov 2014

INa  t PBehrtotomoinon twv  dnudcuwy
CU-YXOWWVIGY  Tou  eEumnpeToly  e&w-
EPYUCLOXES HETAXWVACELS HECW TNE TPOCUE-
Hoyhe Tou YedVou exxivione xdde dpo-
poroylov mou Blvatow va eEunnpetrioet
{htnom yia e€w-epyaotaxés dpaotnetdTnTeg

Hypepnowa dedouéva dpouoroyiwy and 8o xe-
VIPIXES AEWPOPELOXES YEOUUES TNS LTOXYONUNG
nou egunneetoly dVo xatevdivoelg wall ye toug
AELTOLEYMOUSC  TOUC TEPLOPLOHOUG XL UTOULXEG
avapthoelc yenotdv Toultep mou mepéyouv T
yvewypapxn 9éomn tne xou To Yedvo avdptnong and
62 ypnotec ot Ltoxyohun

Fo ™y emioyh tou Péhtiotou TEdTOU
petoxivnong xenotwyv otnv tonovesia tng
eEW-EPYOOLAXTC TOUS JdpaoTNELOTNTASC Ao~
Bévovtoc uTdP TIC TPOCWTIXES TOLG TEO-
TWNACELS XAt TN YENON TOMNATAGDY UECWY
METAUPOPAC

Egapuoyh oc mA00¢ TEOCOUEIWUEVOV ApALY ol
TUXVAY CUYXOWVWVLIX®OY dXTUWY PE € xou 6
ETAOYES EVUANOXTIXWY UECWY UETAPORES Yia TNV
npaypatonoinon xdde petaxivnong. Ta dlxtua xu-
paidvovtan and wxpol peyédoug (3,000 petapopixol
cUVdeouol) €we ueydhou peyédouc (30,000 civ-
deopol). Enilong, ol yetaxvolpevol xou ot emdupieg
TOUG TIPOCOMELDVOVTOL Xot hafdvovton UTOP €we
xou 4 omd auTtég Yo TNV emAoyh e BEATIoTNS Sla-
dpopnc Toug

To povtélo mou mpoTelveTol Yo TNV oVaYVWELoT TV HOTR0VY UeTaviceEwy xdle Yot
€YEL OLITTO OXOTO: o) TNV AUTOPATOTONUEVY eneEepyacior TAoug aToux@y dedopévey and
ohoug Toug YenNoTeS piog TERLOYNC UEAETNG YLl TOV EVIOTUOUO TV XUUNUERVOY HOTBwVY
HETOXWVACEDY Toug [B) 0 oUVdeEo Twv Tomo¥eoty Tou emoxéntetal X3Ve YpHoTne Ue
ulor mioavry BpaotneldtnTa oty omolo haufBdvel uépog. T Tov eviomioud Twv potBuv
UETOUVACEWY AmoUTOOVTOL ATOUIXE DEDOUEVI OYETXE UE TIC AhAAYES TNE YEWYRAUpLXE Véong
xade yerotn oto ypovo and plo extetopévn meplodo. Edv mpoctetolv véo dedouéva v
npootedoly VEOL YeNOTEC OTNV TEPLOY T HEAETNS, TOTE To dedouéva autd enciepydlovton

QUTOUTA ATO TO UOVTEAD QUTOUATNG OVOLY VWELOTG LOTEBWY UETOXWVACEWY WOTE Vo ETEADEL

1) TEOGOPUOYY| OTA VEX OEOOUEVAL.

To povtého eviomouol potlBuv Yetouvicewy TEQLYRAPEL TIC TWOVES UETOXVACELS TOU
YENOTN UE OTOYAOTIXO TEOTO AopfdvovTtac Lo Ty Teéyouca Tonolesia Tou YEHOTN,

Y Opa TNG NUEEAS XL T1) BEACTNELOTNTA TOV TEAYUATOTOLE! o8 auTH TNV Tortodeoia:
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ATouIKA Agdopéva XpnoTwyv

N
XpAoTtng_ Xpnotng_ XPAOTNG_ | eevereerrnnrninanannnns XpAoTng_
1 2 3 N
v v v v

MovTéAO XWPO-XPOVIKNG AVAAUCNG JETAKIVACEWY YIa Tn oUVOEON TWV
TOTTOBECIWYV TTOU ETTICKETITETAI KABE XPrOTNG KE TOBaVEG dpaoTnPIOTNTESG

g€ TTpayaTiké Xpoévo

v A 4 v
ATOUIKO POVTENO PeyIOTOTTOINONG XPNOIMOTNTOG TTOU UTToAOYiCEl TO BaBuod
€mMOupiag Tou XprioTn va TagIdEWel CUYKEKPIPEVEG ATTOOTACEIG VIO VA

TTapeupebei o€ pia dpaoctnpidTnTa

S s s s =

MovTéAo yia TNV KaTNyopIoTToinon TwV XPNOoTWY O€ OUAdEG pe Bdaon TIG
OMOIOTNTEG TWV NUEPATIWY POTIBWV PETAKIVIIOEWY TOUG

Y

ATtroTeAéo-
daTta

ATATPAMMA 1.3: Por Ene€epyaociog Acdopévemv

N(I,k,t, L, Ay)
Pk, t, Ly, Ay) = — ’ 1.1
( Y ) EAneA ZLmeA N(IakatyLmaAn) ( )

, 6mou N (I, k,t, Ly, Ay,) Snhédver ndoec gopéc évac yehiotne I fray otny tonodecion Ly, xou

Tpaypatonoinoe tov Tomo SpacTtneldtntag Ay, xatd T yeovixy otiyur) t xou tOno nuépag k.

O nivaxag P éyel [I x k X t X Ly, X Ay] otoyyela mou avtimpocwrebouy ty mdavotnta o
yerotne va ebvan oe pio tomodeoio xan vo mapevpioxeton oe uio BpacTNELOTNTA Yia XETOoLL
CLYXEXPWEVN NUEpa xou wpa. AuTég ol miavotnteg unoloyilovian HETE TNV AVIAUCT) TKV
ATOUXOY BEQOUEVGLY TOU YENOTN OYETIXA PE TNV GAAXYY TOV YEWYEAUPIX®Y TOU VEcEWY
010 Ypdvo xatd TN ddpxetor piog extevols ypovixic meplddou (oe auth T SoteBh To Se-
dopéva ou yenolorotinxay xaAUTTOLY To @doua uiag 14-unvng TEpLOB0L AAAS UIXPOTERES

ypovixéc meplodol efvan eniong amodextéc).

O mdavotnteg mou ebvan amodnreupéveg otov atound mivaxa P wotéco dev elvon apxeTég
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Yo Vo Teocouolwdoly ol NUEENOLEG HETOMVACEL TOL YpNRoTh xadmg oxduo xon €4V u-
TdpyEL YEYIAN Vewpnuinr) mbdovdtnTa €vac yenotne vo Peloxetar oty tonoVesia Ly,
xeovixh otiyun t, n mponyoluevn tonodeoio tou mpénet enlong va Angdel unddy. Autd
OLOTL €&y 0 YEHoTng Nty oTNY Tonovesior Ly, 1 %xatd To Tponyoluevo Bjucd Tpocopoiwong
TWV NUEPHOWWY PETOXIVACEMY TOU ot OeV UTdpyel xouio mdoavotnto petaxivnong and tny
tonoVeoio Ly,—1 oty tonodecio Ly, cOUQvo e To 16 TOPIXE DEGOUEVO UETAXVACEDY TOU,
T6TE 0 YPEHoTNg O¢ unopel va totovetniel oty tomodesta Lyy,. I'a va AfBouue umddv autod
TO QOUVOUEVO, elodyeTon o Tdavotnta ueTdfaonc Tou eEAEYYEL TIC UeToxVAoEL HETAED BVO

OLBOYIUWDY TOTOVESLOV:

aij = P(St41 = 455t = a) (1.2)

omou 1 mavoTnTa YeTdoong emoTeéPel TNV TavoTnTo TparyaTonoinong wag Yetaxivnong

a6 plo xotdotaon g; o yla xaTdoTaoT g;.

Extéc and tov eVvIomoud TV LoTBwY YETOXVACE®Y TwV YeNoTOY ot TN dnuoveyia yo-
VTEAWY YLOL TNV TROCOUOIWOT| TV NUERYOLWY HEANOVTIXMY TOU UETAXIVOEWY, UTHPYEL ETUOTG
%0l To TEOPBANUA TNG GUVOECTC OLdPOpwY THAVMY TUTWY JEACTNPLOTATWY UE T ToTovealeg
TOL EMOXENTETAL O YpeNotne. ot 10 6x0md auTd, YropolV Vo yenoteotoindoly oL YPOVIXES
alhayég yewypaguic V€ong tou yerotn. o mopdderypa, to Sudypauuo 1.4 nopoucidlet
n6oeg Qopéc Beélnxe évag and Toug 65 yphotes mou eZetdotnxay oe pio Tonodeota (d€ovog
7) %OTdL T1) BLEEXELL BLOPOPETINWDV YPOVIXODY TERLOOWY TG Nuépac (dEovoag x) xat tdoo anelye

7 / 7 4 7 4
n tonoveaio auth omd TV oo Tou oe yhbueTea (dEovag y).

O yprioteg emoxéntovtal TonoVecieg Ue oxomo va Tapeupevoly oe dpaotnetdtntes. 201600,
7 B Tonoveoia unopel vor avTITPOGWTEVEL BLAPOPETIXOVUS TUTOUS BREACTNELOTNTAS YLol OLo-
popeTIXoUC YphoTes (yio mopddetyua pmopel vo elvar o ywpog gpyaoiog yio Evay yehotn
X 0 Ywpog dtaoxédaong yio xdmowov dhho). T to Adyo autd ol tonovesiec cuvdéovton
e SLapopeTinéc SpaotneldTnTeg Yio xdde yenotn mou eletdleton. Avohlovtog Tic adlayég
TV YEWYEAUPX®Y VEoewy evoc yenotn I xatd tn Sidpxelo plog extevolc meptodou, xdde

Tonoveota mou €yel emoxegiel, L, € A, cuvoéetar ue €vav TOTO SpUC TNELOTNTAC:

A(I,L,) = A, (1.3)
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12

Interactions

Distance (km)

AIATPAMMA 1.4: Hoapousiaon tou nhfidoug emioxédewy Tou Yphotn o€ SLUPOpETIXES
tomodeoieg xatd TN didpxeia TG NUEpag

, 6oV

A : Home
Ao : Fixed Activity

As : Quasi-Fixed Activity

Ay : Flexible Activity

Fixed activities etvon SpaotnetdTnTES TOL CUVBEOVTAL PE TOTOVETIES TIC OTOlEC EMOXENTETOU
0 YpNoTNng oyedoVY o xanuepwvr Bdom 6w o ympog epyaciag, To oyokelo, TO TAVETIGTHLO,
70 yuuvaotiplo xou diia. Ou Quasi-fixed activities elvon dpactneidTnTES TOU CUVBEOVTAL UE
tonoVeoieg pe wxpotepn ouvyvotnta emoxedydtnroc (and 5% énc 10% eni tou cuvéiov)
onwe N Tonovesio Tou ayannuévou ecTlaTopiou, Tou Tomxol Tdexou xat Aowrnd. Ot flexible
activities ouvdéovtou ye tonoveoiec ye mOAD pxen cuyvotTnTa emoxePyudTTOC (UixpdTepn

tou 5% eni Tou GUVOLOL) OTKE Ol EEW-EPYOLUXES DEACTNELOTNTES avarhuyhic.

Ko eved v ) obvoeon twv mopandve dpactnelothtwy pe tomodeoieg elvar apxeth| 1)
OVIAUGT) TNEC CUYVOTNTAS ETLOXEPIOTATAS, Yo TOV TEOGOLOPIoUd NS Totovesiag Tng owxlag
xdde ypriotn ewodyetan uio dAAn pédodog. I'a Tov autdpato mpocdloploud tne Tonodeatog
e owxdog yivetar 1 mopadoyy 6Tl ol yproteg elvor mo mdavo vo Bploxovion oty owda

ToUg Voplc To Tpwi xou Tic Peadvéc wpeg xatd T Bidpxeta e eBSouddoc (ue eaipeon o
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YépRato xou v Kuploxry). T to Adyo plo tonotesio L and autéc mou emoxéntetar o

yerotng eivon 1 Tonovesio T owdog Tou €dv ixavorolel TNV axdlovdn avicoTn T

k=D t=Minp+2hr k=Dp; t=Maxm
Z Z y;’kwt’k + Z Z y;ﬁ,kwt,k >
k=D t=Minp k=D t=Maxp—3hr 4
k=D t=Minp+2hr k=Dy  t=Mazr (1.4)
oY gttt > T gttt vhea
k=D t=Minp k=D t=MaxT—3hr

Avtoc o xavovog viodetriinxe SLOTL Koy auTdC Tou Tapouciaoe TNV PeYahbTERT axplBeta
¢ TEO¢ TNV oLVdeoT plog Tomodeoiog Tou EMGHENTETAL O YENOTNG UE TNV oixiot Tou oANS
unopel va Tponomoiniel €dv oe ula dAAN TepLoy ) UEAETNG UTdpPYEL XATOLOG GAROC XUVOVOG
ToL TEOCpEpEL peYahlTeERN axpifelo. XN Slatefn auTr, 0 XaVOVAS AUTOC EQPUPUOCTIXE
otoug 65 ypfotee Tou delypatog and v neploy Tou Aovdivou xou eiye oxpifeia 92% e

TPOC TN 0woTH cUVdeST) Uiag Totodesiag ToU ETMOXETTETAUL O YEHOTNG UE TNV otxia TOu.

Ot yproteg emAéyouy va tapeLpetolv Gt BLUPORETIXOUE TUTIOUE BRAUC TNPLOTATWY OF BLAUPOPE-
TEC WpEC TNS NUEpas PBaotlouevol oe Eva unyavioud Ang amogdoenmy mou EmBLOXEL TN
ueylotomoinoy Tou emnédou xavonoinorc Touc. o To oxond autd oplletan pLor GuVETNOT
XeNoWoTNTaS oL TEooToEL VoL LOVTENOTIOLAGEL TOV ATOUIXO UNYOVIoUd AAPNE amopdoenmy.
[o Ty mpoxtxr} amAonolnon Tou YovTéAou ETAOYHAC NUERTIOLWY BRUC TNELOTATWY, LloUeTEl-
Tan €var oo Sloxpltomolnong TG ouveyoUg TepLOdoL Ulag NUEpac UE Ypovixd [Bruota
owdpxetag plag opa. O ypdvog tng Muépag avamaploTaton amd €vo dlaxELtd GUVOAO T =

{1, ...,23} xou ot emhoyéc Spactnplotitwy and €va dhho dtaxpitd ovvoro j = {1,..., J}.

[ BrapopeTinole tonoug nuépac (xadnuepvy B oafBatoxdploxo) opileton évog Podude
IXOVOTIOINOTNG VLol TN CUUPETOY Y| OE BpaoTNelOTNTES dlapopeTixo) TOTou Ye Bdon tny and-

oTaoh TouC and TNV oo ToTtovesial Tou ACTT:
c P xXP

Vij(k) = (k) + Bj(k) As(F) (1.5)

émou Vi (k) elvon o Badude ixavonoinone yio ) Spootnetétnta j. Me Bdon autd, n m-

Yavotnto va emheyel pla Spaotnetdtnta Py (k) unopel vo utohoyotel we:
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Pu) = P (Vi) + ca(h) > mazeq,.) V) + ()
evm(k) (1.6)

Y eVu®

To povtého yia Tov UTOAOYLOUO TNg emtduplog TV YeNoTHY va Tapeupedoly GE BRACTNELOTNTES
ue Bdon (o) tov tomo g dpaotetétnTag, (B) Ty amdotoaon e dpao TnetdTnTaS AUTAS amd
v napodoa Tonodeoia Toug xat (Y) THY Mpot xou ToV TOTO TNE NUEEAS EQUPUOCTNXE GTOUC

65 yenotec Twitter.

[ T cuALOYY| BEdOUEVWY BTULOLEYHUNXE EVa TTROYEAUUUN OTNY YAWMOGU TEOYRUUUATIOUOD
Python (éx8oom 2.7). Xenowwonotidnxay enione Sidgpopec Piphodfixec yio tautonoinon xou
wetatpony| dedouévwy (json, simplejson, oauth2, httplib2). Erione, v tnv emxowvovia ye

to Twitter API yenowonowidnxe n Bihodrxn Python Twitter.

O %xdwog mpoypauuationol unopel vor cUAEEEL T Teheutalar 250 tweets xdde yerotn
xan var o amodnxedoel oTo atouixd apyeio Tou ypnotn mou umopel va elvon éva comma-
separated values (CSV) opyelo. T xdde tweet amodnxedoviar ov e€c mAnpogopies
(‘Weudwvugo Xehotn, Tewypapind ITAdtoc’, Tewypapd Mrxoc’, “Ovoua Tonodesiog’,
Kodide Aprdude Mnvopartoc’, TInyt (Uéow xvntol TRAeQHVOU, UTOAOYIoTH ot GAAaL)’,
Xpovind Anotinwpa (ypovinh oy, nuéea, wivas, xeovoc)’, ‘Koplo xeipevo tou Mnvi-

Hotog’).

To amotehéoyota omd TNV AUTOUATOTONUEVT] BNULOUEYIX TOU HOVTEAOU YENOHLOTNTOS UETO-
xwhoewy yia Tov 3lo yprotn moapovoidlovion ot ewoveg 1.5, 1.6. T xdde odpa tng
nuépac t = {0, ...,23} n andotaon mou emduyuel vor BlavOoEL YLl Vo CUPUETEOYEL OE BLo-
popeTxole TiToug Spactnptotitwy (home, fixed, quasi-fixed, flexible) nopouoidleton e
™ yehom evog Béhouc. Ao auTd Tar BlayEAUUATA, XATol0¢ UTopel Vo TopatnenoeL OTL o
xerotne ebvan Sotedeuévog var Taidéder YeyoAUTERES AMOGTIOELS TIC 0PYES BRABIVES (pPEC
yioe vor emoTteéder otny oo Tou 1 var mopeupedel oe plo flexible SpaotneidtnTa. Enlong,
elvon Slatedeévog va Talldédel TeptocdTERO Yo var cuUpETEYEL o€ fixed activities dmwg 7
Souketd ¥y o oyolelo xutd TN Bdpxela TwY TEWVGY wewy (7:00-9:00). Tlapduota Sorypdu-
HoTaL UTopoLY Vo OnutoupyNUoly Ue AUTOPATOTIONUEVO TEOTO Ylol OAOUS TOUS YEYOTES YLa

TOUC OTO{OUC UTAPYOLY EXTEVY] ATOMLXS BEBOUEVO AANXYHC YEWYRAPXWY VECEWY PE GTOYO
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Fixed Home Fixed Home
10km 10km
Flexible Quasi-F Flexible Quasi-F
Fixed Home Fixed Home
10km 10km
Flexible Quasi-F Flexible Quasi-F
Fixed Home Fixed Home
10km 10km
Flexible Quasi-F  Flexible Quasi-F
t=8h t=9h

ATATPAMMA 1.5: Anotinwon oe 800 dlaotdoelc g andotoons mou elvol dtatedelyévog

va dlavioel 0 31og yefioTNg Tou BElYHATOS Yial VO GUUHETACYEL OE BLUPORETIXOUE TUTOUG

BpACTNELOTATWY TG PRUBIVEC Xl TEOTEC TEWLVES MEEC OTWE oWTH UTohoylotnxe and To
HovTélo peyloToNolNoNE TNS XPNOWOTNTAS Tou

TOV TPOGOLOPIOUO TWV ATOCTACEWY TOU 0 YpRoTNng etvor SloteVelévog var BtavOoEL Yiar Vo

TopeLEeVEl e BLaPOPETIXOV TUTIOL DEACTNPLOTNTES XUTA TN OLdEXEL TNG NUERAS.

1.4 BeAtiotonoinorn tTou TOTOULU XA TOU YEOVOUL TEAY-

natonoinong wiag xowng eEw-gpyaclaxnc dpac TNELOTY-

TS

H noAumhoxdtnta Tng opydvmong X0y eEm-EpYaCLAXMOY UETAXVACEWY EYXELTOL OTNV oV3-
YN XUvVOTONoNS TV EMYURLOY TOAAGY YENOTOV TOUTOYEOVKS. AUTH 1) TOAUTAOXOTNTA
au&dveTon o€ aoTixd x€vipa Tou ol Tiavég Tomovesieg eEW-EpYUCIIN®Y BRUC TNELOTATWY
elvol TOMATAOLES XaL 0UTO BUOXOAEVUEL TOV UTOAOYLOUO TOU BEATIOTOU YEOVOL ol TOTOU

elw-gpyaolox®y petoavioewy. otdco, 1 edpeon tne BéATIoTNG Torodesiag xar ypdvou



17

Fixed ome Fixed ome
10km 10km
Flexible Quasi-F Flexible Quasi-F
t=13h t=14h
Fixed ome Fixed ome
10km 10km
Flexible Quasi-F Flexible Quasi-F
t=16h t=17h
Fixed ome Fixed ome
10km 10km
Flexible Quasi-F  Flexible Quasi-F
t=18h t=20h

ATATPAMMA 1.6: Anotinwon oe 800 dlaotdoels g andotoons mou elvon dtatedetyévog

va dlavioel 0 31og yeHoTNg Tou BElYHATOS YIal VO GUUHMETACYEL OE BLAPORETIXOUE TUTOUG

BPUCTNRLOTATWY TIC YECTUEQLAVES XL ATOYEUUTIVES WPES OTWE aUTH) UoAoYloTnxe and
TO UOVTEAO UEYIOTOTIOMONG TNE YENOWOTNTAS TOU

EVopENg WG XOWNAS EEW-EpYOOLOXS BRUC TNEIOTNTOG TEETEL VoL TRy TOTIOLE(TOL OE Ttpory-
HoTIXO YEOVO OOTE VoL TopEyeTon Toryelar TAnpogopnor. ' mapddetyua, edv yprioteg V€ oLy
VO TEAYUATOTIOLACOUY Uiol x0T SpaoTnEloTNTa EVIOE TN EMOUEVNS Uidg (PO XoL YeNnot-
HOTIOLOVY [Lal EQPURUOYT) OTO XVNTO TOUG TNAEPMYO YId TOV UTOAOYLOUO TN¢ BEATIoTNE ToTo-
Yeolag xou dpag, To UTOhoYIoTIXG X0GTOG BE umopel var Eemepvd Tar Ayo deutepdienta. H
amaitnon Tou unohoyiopol ploc BEATIOTNG Abong Ot TEOYUOTIXG YEOVO OUMC ELGAYEL ETL-

TAE0V UTOAOYIO TIXOUC TEQLOPIGUOUC.

H yenowdtmnta evoe yenotn k yio va tadloéer plo andotaon j tn yeovixh oty t OoTe vo
nopevpedel oe pla dpaotneidtnTa e€w-cpyactaxol tonou (flexible activity) uropel va utolo-
yiotel and to poviého tne tponyoluevng evétnroc: Uy;i(k). Mio axéun ouvdptnon Dy;(k, 1)
YETNOWOTOLELTOL YIa TOV UTOAOYIOUO Tou Barduol ducopéoxeiag xdie yphotn k o€ mepintwon

ToU TEETEL VoL TEpWEVEL | AeTd oTny Tomovesia TN e€w-gpyaotoxnc Spac TNELOTNTOS TTELY
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EeXWVAOEL 1) BEACTNELOTNTA ENELST) XATOoLOL dANOL YeNoTES épTacay excl apydTEpa.

Ac¢ uno¥éoouue oL éva mAlog yenotwy, Ng, €xel xowwvixolg decpols xou YéAel va
napevpelel oe uia xovy e€w-gpyaotoxt| SpACTNEIOTNTA CEXVOVTIC ATO OLUPORETIXES TOTO-
Veolec. Ac unotéoouye eniong 6t oTnv neployh YeEAETNG (m.y. mOAN) undpyet éva Thdog
eVOAMoXTIXWY ToToleotdv eEw-epyactaxty dpaotneotitwy Ng. Edv ohol ou yeroteg,
k € Ng, emiélouv pla xowy| tonodeoio eEw-epyaoctaxfc dpactneiotnrac A € Ng xou o
xpovoc dpiing xde yenotn oe auth tnv tomoveoio ebvan t, € Ny, 6mou Ny eivon éva
olvoho Ue Blaxpltolg Tavole yedvoug ApiEng xdie yeNoTr, TOTE 1 GUVORLXT YENOWOTNTO
TWV YENOTWY ONO TNV CUUUETOYT O auTy TNV eEw-gpyaotaxt| Spaotneiotnta utoloyileton

we:

f(UtkA(k)7DtkA(k7l)) (1'7)

, 6mou k | Ay (k) = leisure activity @ote va eZaocgahiotel 6Tt oL ypoteg éyouv onua-
viée miavotnteg e Bdon To HoVTEAD YenodTNTASC Toug Vo emoxepUoly Ty Tonovesia
Ay v tapeupedoly ot pio ew-epyaotoxy) dpaoTNELOTNTA Xou Oyl OE XAmoLoV dAAO TUTO

OPACTNELOTNTOG.

‘Etot opileton 1 avtixeyevixr ouvdptnon, © = f(Ua(k), Dia(k, 1)), mou anofiénel ot
Beltiotonolnon tng Tonoveatog xaL Tou yedvou Evaping TNe pHeToxivnong OTwe aneixovileton

OYNUOTIXG 6TO Oidrypoupa 1.7.

arg, max F(Uya(k), Dy a(k,1)) (1.8)
[N tov umoloylopd autol tou Teoliiuatog Bektiotonoinong, amatovvtar | Ng | X |
Ny ||NE| unohoytopol. To uToAOYLoTIXG XOGTOC Yo TOV UTOAOYLOUO TOU OhxoL BEATIoTOU
awEdvetan eXVeTXE UE TOV aELIUO TV THAVEDY TOPEVPLOXOUEVWY OTT| BRACTNELOTNTA XoL TO
OloELTd GUYOAO TV THAVOY YEOVWY GPiENe oc auTr. §2¢ amoTENEOUA, TO UTONOYICTIXO
%00 TOG Efvall U1 AmOBEXTO oXOUAL XAl YL ol UeYEDoug eqQopuoYEg xodmg amoute(ton Teplo-
coteRn amod pio dpa €dv ol mavol yedvol Evaping TN SpacTNELOTNTIS Elval TEPLOCOTEROL

and 3 omwe anewxovileton oo didypoupa 1.8.
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Eingl

AIATPAMMA 1.7: Xymuatue] aneévion e avalitnone yio v Bértiotn tonodeoio
A € Ng xau 10 Béhtioto ypovo dpiene xdde yprotn tx, Vk € Ng oty enduevn xowr
elw-epyaoloxy dpaoTnetdTnTa

Computational Cost in Hours

300

200

100

Activity Participants: 12

L L e S
—eo— Comp. Cost
—— Time Threshold

0 1 2 3 4 5
INFI

ATATPAMMA 1.8: Trnoloylotxd x60TOS Lo TOV UTOAOYLIOUO TOU YEOVOU XOoL TOTO-
Yeoloc ploc e€w-epyaotoxnnic dpaotnetdtnTag Yetadl 12 yenotdyv Aaufdvovtag undd 60
evohhaxtixée tonodesiec. |Ny| efvan to xupouvéuevo mAdoc twy eVOANoXTIXOY YpdVELY
évopéne e dpaotnetdTnTag and Toug onoloug umopel va utoloyloTel o BEATIoTOC YEOVOS

évaping

[o tn pelowon tne exdetinic Lopenc Tou UTOAOYIG X0V XOG TOUS Ywelc TN dpoatixnt Uelwan

e axpeifeag Bertiotonoinong dnuoveyRinxe pio pédodog yio TV exAexTixr) emhoyn mi-

Yovidv yedvwv deiine xdde yenotn otnv tortodeoia TNC xowrg dpacTnELOTNTIC UECL uiog

otoyac g avalftnong mou Pocileton oe uio mapahhory | Tou eupeTXol ahyoplduou ”sim-

ulated annealing”.

Me Bdomn auvty| 0 pédodo unopel va vnoloyiotel uia Aoon mou Peloxeton xovtd 6T0 0AxXo
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BérTioTo TN avTixeluevixrc ouvdptnong © ue ypron | Ns | x | Ny IVl yrohoyioudy avt
v | Ng | x | Ny Vel

Apynd avalbeton plo amd Tic mdavég tonovesieg tng eCw-epyactaxhic dpactnetotnTag A €
Ng. Eexwvovtag and tov mp@Tto yeoTn and To 6OVOAO OAWY TV YPNoT®Y Tou 00Vt
vo. apevpedoly ot dpaotnelotnta, Ng, xou oxohovdmvTac ula Sladoyixr oeld, 1 o-
VIEWEVIXT ouvdpTtnon O Bedtiotornoieiton haudvovtag unddiy Toug Ypodvoug dgiing xdlde
xerotn ot dpaotnetotnta. H (Bio Sraduasta emavaiopfdveton xan o dhheg miavég Tono-
Yeoleg mpaypatonolnong tng dpac TNELOTNTIC PEYPL VA TROOTEAXG TOUY OAeS ot Tavég ToTo-
Yeolec mou PBeloxovian 610 cUvolo Ng. 201660, T0 UTOAOYIOTIXG XOGTOC TUPAUUEVEL UN
amodexTO €4V Yl xdUe YENoTn Umopolyv Vo eEETACTOOY TMEQIGOOTEROL OO 3 EVUAAUXTIXOL

XeOVvoL ApIEng oTn SpaCTNELOTNTA.

[o t0 Aoyo autd apyxd 1 avTIXEWEVIXT) cuVdETNOT uTohoy(leTal YewpdvTog OTL 6oL ot
YeNoTeS @Tdvouy oty mavi Tonoveaio TS X0WNE Spac TNELOTNTS OCO TLO GUVTOUA YIVETOL
ue Bdon Ty teéyouca Véom toug. Apyixd, opileton OTL 0 TEWTOC YENOTNE TEENEL VoL PTATEL
oty tonovecia TS xowhc dpaoTnEWOTNTAS TN Yeovnt| oTiyur t, € Ny mou Peitiotonotel
™V avTixeyevixt) ouvdptnom. I va utoloyiotel auth 1 ypovixh oty amoutolvta | Ny |
urohoylopol. Edv autr n dwdixactio eravaAngiel yio 6houg toug miovols TapeupLoXOUE-

voug, To amoutoluevo mhidog utoloyioudy eivan | Ny | x | Ng | x| Ng |.

To mARloc TwV EVUANIXTIXDY YpOVWY GPIENG EVOS YeNoTn oTny Tonovesia Tng XOowhAg
dpaocTnerotnTag elvor plo Alota emAoywy Ny = {7T0,771,...,7rn,...,7rx,...,7r‘Nf|} oTmou Ty
elvol 0 CUVTOUOTEROC BUVITOC YEOVOC APIENG XU T; Elvan 0 Ypovog dgiing mou PBektiwoe
TEPLOCOTERO TNV AVTIXEWEVIXT] CLVEETNON UTO TNV Tpobtddeon 6TL dhoL oL dAloL YproTeg
(PTAVOLY GTOV TOTO TNE XOWNG dpPACTNELOTNTAS To TayUTepo duvato. H otoyactin cu-
eetix) avalrtnon cuvey(leton pe v emAoYr Tou emouevou mavol ypdvou dging amnd
™ Mota Ny @wote 10 0Uvoho twv mavey AUcewy va diepeuvniel anoteleouatind dedouE-
Vou 6Tt 0 oEWUOS TV ETAOYMV Tou emtpéneton vor Siepeuvnoly etvon | Ny |[< 3 6mou

| Ny || Ny |.

Y1 SwTed auth avartiooeTtal pio otoyaoTiny pedodoroyio yia TNV EMAOYY TWV TEWOV
mdavey yedvey dpiine Bdoet mbovothtwy wote v dlepeuvndody UOVo oL TEPLOGOTERO
UTOOYOUEVES ETUAOYES {Tix, Misss Trann }- H peVOSONOYiO 0wTh Mapouctdleton evOERe DS
oty 4n evotnta Yéow NG Yerone W otoyaotixig uedodou avalAtnong mou Pooileton

otov e€ehxtixd alyoprduo simulated annealing yio Tov unoloyioud plac Abong xovtd c6to
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18000

Maximum Travelled Distance
16000

14000

12000

~10000

8000

Time of the Day (h)

6000

4000

0 10 20 30 40 50 60 70

Social Media User 2000

ATATPAMMA 1.9: Audypoppa 75 Ypnotdy xot TwV JEYIOTWY anocTdotwy (ot uétpa) Tov
elvon Btatedeévol vo Slovboouy Yo va apeupedolv oe pio e&w-epyaotaxy| Yuyaywyxr
BpaoTneldTa o UETpaL.

oAx6 BENTIOTO UE Yphon uovo | Ny |= 3 evohhoxtixddv yeovwyv dpieng. Katd to otoyaotind
wépog, N Mota ypdvwyv agifewe Ny = { Ty Ty T | Y10 %80e mdovd ouypeTéyovta
oTn dpaoTnEldTNTA TEo-uToloYileTan xou 1 oy MoTta emhoydv Ny yeudveton porydaio oe

Np = 3.

Auth n Baowy| petatpont| emTpénel 6Tov gUPETIXG aAyoprduo (simulated annealing) vo
emxevipwiel oe €vay Yweo avalAtnong 6mou UTdEYouv onuavTixés mavotnteg eVpEoNC

Tou OAxoU BEATIoTOU avTi va digpeuvnlel To GUVOAO TwV TaV®Y AICEMY.

Ye plo mpotiny| egapuoyt oe 75 yeroteg Tou Twitter otny neploy?| 1ou Aovdivou, unoloyi-
Covtou apyixd oL UEYIGTEC ATOC TAGELS TToU efvar Blard€atyot vor SLavOGOoUY Yol Var Tapeupedoly
oe pia leisure activity xotd T S1dExELa SLUPORETIHDV WEWY TNE NUERUS CUUPEYA UE TO OTO-

WG LOVTENDL yenotuoTnToS Tou avamtlydnxay otny evétnra 3 (Sudypauua 1.9).

H otoyoaotu avalitnon ue yenon tne uedédou simulated annealing mpaypoatomovidnxe
UE yenom Tov dedouévey emduploc uetaxivnong xdie yeroTn e oTOYO Vo UTONOYIOEL TNV

Tonovesia TG xog eEw-epYaotonig SRACTNRLOTATAS XAl TOUC YpoVous ApiEng xdie yenot
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AIATPAMMA 1.10: Xuvokxn yenotudtnto xdde ouddac yenoTtdv Tou UTopolV Vo
nopevpedolv oe pla xowy eEw-epyactaxy| Spaotneidtnta tew (opotepd) xou petd (Jedid)
T Bedtiotonoinor ye ) otoyao T wEdodo avalhtnone

0edouévne e TeEyovcac Yéone touc. Edv amouteiton éva umoloyiotixd xéotoc C oy
TOV UTIOAOYLOUO TNG OVTIXEWEVIXHC OLVERTNOoNG xdde Qopd mou umdpyel wia HETUBOAY oTIg
wetantéc Tonodesiog xou/Y ypbvou dPIEng, TOTE TO0 GUVONXO AMAUTOUUEVO UTOAOYIGTIXG

x6010¢ e amhi anopidunon eivor C'x | Ng | x | Ny [Vel,

H otoyaotin avalritnon ue yenon e uedédou simulated annealing urnohoyilel pio Aoom
%OVTd 0TO0 OMXO [BEATIOTO oyeTwd pe TV Tomoveoior Tng XOWNG XOWNG eEW-EQYACLAXTG
BpAUCTNELOTNTOC Xl TOUC Ypovoug dpleng xdlde yerotn mou Vo mopeupedoly oe auTh T
opaoctneoTnTa. MeTd amd yehiorn TNg Topamdve YEVHOoU Yio OLAPOPES OUADES ATOUWY AUTO
70 OVOAO TV 75 YENOTWY Ol 0TolEC BoPOVLVTL ETOL WOTE OL YENOTEC XAVE OPddUC Vo EYOLY
mdavotnteg va mapevpedoly o ula xown ew-gpyactoxy dpactnetdtnTa, 1 BEATIOTH Ao
umohoyiletan yia xdde oudda e Bdon tn BektioTonoinom g cLVONXTC YeNoWoTNTAS Amd
TOUC TOREVELOXOUEVOUS xai Topouctdletar oto drypduuo 1.10. To ddypouuo 1.10, Setyvel
OTL 1) GUVONXY] YENOWOTNTA TWV YENOTOV O XAVE OUddA TOL €YOLY WG GTOYO TNV XOWN
ouuueToyn ot plo e&w-epyaotaxt| dpaotnelotnTa uropel var augniel amd 1.5 €wg xou 5 popé

o€ TEPIMTWOT TTou ToL anoTeAéopata g Bedtiotonoinong viovetnioly and Toug yeHoTES.

Téhog, n BEATIOTN AVTIANTTY| YENOWOTNTO TOU UTOAOYICTNXE amd TNV G ToY oo T BEATIoTO-
molnon pe yenon e uevdédou simulated annealing yio tn cupuetoyh) oty 1n xou 21 e€w-
epyaoLax) SpUCTNEOTNTA TNS NUEEAS CLUYXEIVETAL UE JAAOUC EVRETIXOUC ohYOPLIUOUC UETH
amo TEOCOPUOYT) TOUC 0TOo Tapdy TedfBinua Beitiotonoinone. O otdyog elvon var avoludel o
Barduog axpifelag tng pedodou Behtiotonoinong xodog dev eyyudto 0 oOYXALOT OTO OAXO

BérTioto MoYW TOL gUpETIXOL TNE YapoxThea. ['ia To Adyo autd, 1 oToyacTXr avalATnon
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ue yenon tne wevodou simulated annealing yenowwomoiinxe enovoropuBavoueva 12 gopéc
yiao TV enthuon tou (Blou TpolAfuatoc Yo va eéetacTel o Podudc BlaoTopds TV UTOAO-
yilouevey Aoewyv. Emlong, ol dhheg eupetixéc yédodol enavexteréotnxay enione 12 @opég

yia Ty entAuoT Tou Blou TpolAfuaTog emc TEEPOVTAS XAVE Popd uio dAAT Ao

Eneldr] 6ev undpyouv ot Lihoypapio uédodot BeATiotonolnong yio 10 GUYXEXTIIEVO TROBANUA
(to o cuvagéc TEdPAnua BeAtiotonoinone elvan to TEOBANUL BErTioTOTOMONS TNG XOWAC
xerione Wiwtxol péoou palxhc peTapopds amd molhaniols yenotec de Almeida Cor-
reia and Antunes [39],Agatz et al. [4]), yvwoTtol gupetixol e€ehxtixol ahydprduol dnuc o
yeveTxog alyoprduog xou 1 pédodoc hill climbing viodetodvton yioo Ty enthuon tou (Blou
npofAfuatoc. T va cuyxprloly dhec ol uédodol Pertiotomoinong umd Toug (Bloug Gpoug,
ot uédodol mou Pooilovion oto YeveTd akyderduo 1 oty uédodo hill climbing mpocoe-
OO TNV ETOL WOTE Vo EXTEAOUV ToV (Blo optdud UTOAOYLOTIXWY TEAEEwY e TN uédodo

otoyacTixAg avalTnong.

O Baouxdg delxtng anédoong xdide uevdoou Bertiotonoinong etvar To xatd t6co xato-pdwoe
VoL BEATIOCEL T1) GUVORLXT YENOLLOTNTA TWYV YENOTMY TOU UTopoly Vo Tapeupedoly G XOVES
elw-cpyaolaxés dpaotneiotntee. To dudypopua 1.11 moapovoidlel tny enidoon xdde pedo-
dou BeltioTomoinong Yetd Ty extélect| Tng xatd 12 @opéc dmou xdlde popd umoloyiletan
ulo SrapopeTiny Aoon AOYw Tng eLpeTixng puoNng Twv ahyoplduwy. Ot uéoeg Twée g
GUYOMXAC YeNOWOTNTOSC Xdde opddag atduwy Tou UTopolV Vo Tapeupetoly oe Wia xown
eZw-epyaotoxt SpaoTnEloTTa OTwe uToloyioTnxay PeTd Tic 12 exteléoelg Twv UeVddwv
otoyac g avaltnong ue yeron simulated annealing, Tou yevetixol ahyopliuou xan Tng

uedodou hill climbing mapoucidlovtoan oto didypouuo 1.12.

Abyw g onuoavTinic Behtiwong Tou UToAOYIG OV XOGTOUS, 1 OTOY O TG avalTnoT Ue
xerion tne uevodou simulated annealing 6Ovoton va ypnowonomdel yio tn dnuovpyio eqop-
HOY OV XWNTAS TNAEPWVIAS 1 BLOBIXTUOXWY EQUOUOYWY TOU ETLADOUY UTOUOTO TO TEOPBAHUL
e€elpeong g Tonodeoiog piog xovic e€w-gpYaoIaXC BPAC TNELOTNTAS XAk TOU YPOVOU TRoLY-
wotonononc Tng Yo wlar oudda yenotedv. Auto unopel va BEATIOOEL GNUOVTIXG T1 GUVORIXT

AVTIANTTY YENOWOTNTU TWV YENOTOV TOU GUUPETEYOLY OTIC TROTEWVOUEVES BRUCTNELOTNTES.

Me Bdon to drayedpuata 1.11,1.12, n otoyactxr) avalhtnon Ue yeron tne yedodou sim-
ulated annealing unépece va unohoyilel xowvéc tonoveaieg xou YpOVOUC EEW-EQYUCLAXDY
0pPAC TNELOTAHTWY TOL BeATiwouy €W xou 2 POPES TN GUVONXY) AVTIANTTY| YENOWOTNTA TKV

CUUHETEYOVTIOV CUYXELTXE PE TO YEVETIXO ohyodprduo xou tn wédodo hill climbing. H
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AIATPAMMA 1.11: Tiwéc tng SUVOAXAS AVTIANTTAC YENOWOTNTAS TOV YENOTWOY XATA Tr) CUUUETOYY) TOUC OTIC TEOTEWVOUEVES DpaoTneldTnTeg ot xdde
plo amd T 12 enavexteléoelc Twv akyopiduwy Beltiotonoinong, émou xde extéheon vroroylet pio véa Aon mou npooeyyilel To ohixd BéltioTo

jicé
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uédodoc Hill Climbing mapouciace 0 yewpdtepn anddoon GUYXELTIXG UE TIC SAREC peVo-
00UC BLOTL OE TOAAEC TIEQLTTWOELS TOYLOEVOTAV GE TOTXA BEATIOTA EEXVWVTAC oo TO Pooind

OEVAELO X 1) CUYXAICT| TNG TTREOS TNV TEELOYT) TOU 0AxoU BEATIGTOU ATary oYY,

Me tn oepd ToU, 0 YEVETIXOC ahYORLWIUOG AMETUYE OE QEXETEC TMEQITTWOELS VO OTULOVQRY T
Oel VEEC YEVLEC UE BEATIOUEVO YopoxTneloTixd xadde mokhol amdyovol elyov tnv (Bl 1)
YEWROTERY amdBOCT and TOUC TEOYOVOUS Toug. {26TOCO, 0 YEVETIXOS ohyopLiuog emédelie
otoepd xahOtepn anddoot and TN wéYodo hill climbing. Xtnv mpayuotixétnta, Adyw
e emieTinnc e€epediviong miovev ADCE®Y, 1 amdBocT| TOU HTOV XOVTE OTNY anodoo
e oToyao TG avalATnone o Yepés mepintioelc. To x0plo mpdBinua tou yeveTixoU
alyopiduou Atav 1 peydhn andxhion twv Abcewv nou unohoyle oe xdlde pla amd Tig e-
xteréoelg Tou. [ mapdderyua, oc ToAES exTEAETELC TOU BEV XaTdPepE VoL Bpel xdmota Ao
mou PBehtidvel aoIntd To Pooixd ceVAELo dANS UTHEY OV XL UEUOVOUEVES EXTEAETELC OTIG
omoleg 1 vnoroyWouevn Abon ftay oauoIntd Bedtiwuévn. Auth Rtav xau 1 Bacuxr Siopopd
Ue TN otoyao T avaltnon pe yeron tne uedodou simulated annealing xotd tnv omolo
Ohe¢ oL unoloyilopeveg Aooel Tpocedday uio aroIntr Bedtiworn g CUVOAIXAC AVTIANTTAS
YENOWOTNTAS CUYXELTIXG UE TO BACLXO CGEVIQLO X0l 1) ATOXALGT) HETOEY TwV UTOAOYLILOUEVHVY
BérTiotwv Aooewv oe xdle pio and Tig 12 emavexteréoeic Aoy Uixpr) TEOcddoVTAS TNg

ueyohOTeEEN o ToEROTNTAL

1.5 Avanpooopuoyr TwV YeOVmY avay wenons deooloyiny
mou dLvataw vo egunrneetroovy {ATNnorn Yo e€w-

EQYACLAXES DRACTNELOTNTES

H 5n evotnra emxevipdvetan otn Pehtiotonoinon Twv Spopohoyiny dNuocLmY GuYXoL-
VOOV Yot THY %xah0Teprn eEUTNEETNOT TRV EEM-EQYAUCLOXOY UETOXVACEWY YwelC Vo em-
detvvetar 1 eEUTNEETNOY TOL cLVOhoL Twv emPBatwy. H evétnra aut cuvelo@épel ot
HovtehoTolNoT, Ylot TEMTN QOEd, TOU TEOBAAUNTOC dAAAYNS TWV YROVLY AVAYWENCNS TWV
BpPOUOAOY{KV BNUOCLLY CUYXOWLVLBY TIoL UTopoly vo eEutneethoouy {Rtnomn Yo e€m-
EQYUCLUNES UETAAVIOELS UE TOV TEPLOPIOUO TNG UN) EMOEVWONE TNE TOLOTNTOG TWV UTNRECLHOY
Yot To GOVORO TV EMPBATOV XU TNV XAVOTOMNOT €VOC TARYOUC ETLYELENOLOXWY TEQLOPLO-
uov. T'a to oxomd auTd, To TEOYEUUUATIOUEVE BEOUOAOYLN TV ONUOCIWY GUYXOVWVLKOY

Oev petaBdihovton (ylor mopddetypa dev tpootidevton véa Bpodohdyia xou Bev ahhdlouv oL
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OLobpouéc Twv dpopoloyimwy) ahhd emitpéneton LOVOV 1) HETABONT TV YEOVWY ovayOENoNS

TWV SpOUOAOYIWY AUTOV.

Ac unoVéooupe 6Tt xatd tn Sidpxeta piog nuépac ta dpopordyla T = {m1, T2, ..., Tr}
umopoly vo eunneethoouy emBdteg e€w-gpyactox®y yetaxivioewy. Kodévo and autd
o Spopoldyla T € T mpaydatomolelton omd uio ypouur Snuociny cuyxovwvidy (Yl
Topdderypo pior hewpopetox yeouun p).  Auth n hewgopelaxy| yoouuh Exel éva nuept-
olo TpéYEUUUa dpouoloyiwy To omolo egumnpetel évay aprdud TEoxadoplouEveY GTACEWY
Sp = {Sp1,Sp2, s Sp,5,}- To Thdoc TV Nuepriciwy dpoporoyiny Tou avixouy oe auth
Th Ypopu, 1y propet vo cupBohiotel we Ky = {Kp 1, Kp2, ..., K |k,|} %ot 6hot oL ypbvor
dpiEne tou xdde dpopohoyiov oe xdde GTAOT UNOEOUY VoL XaTaypapoly e évay mivaxa D
ue |Kp| x |Sp| Swotdoeic 6mouv xdlde otoryeio tou mivaxo SNAGOVEL TOV TEOYPUUUATIGUEVO

xeovo dpiine K, ; € K;, xdie dpopohoyiov o xdie otadud Sy, € Sp.

Edav Spi € Sp elvaw o otadude evog dpoporoyiov Ky = m, K € K, 6mou dOvotar va
Tpaypatonotntoly pio ¥ teplocdtepeg emPBIBAGELS YENOTWY TOU TEAYUATOTOLOVY XOWVES EEW-
epYAOLUXEC BRUCTNELOTNTES Xt S, j € S)p ebvan 0 TANCLEGTEPOC oTadUOC oTNY Tootesia Tng
A0S EEW-EpYAOLOXTC Bpao TNELOTNTAC A, TOTE OL CUUUETEYOVTEC GTNY XOWVT| EEW-EQYACLONY]
dpacTnEOTNTA Yo £Y0ouv PeYaALTERY emLULaL VO YENOWOTOLAGOUY AUTO TO HEOUOAGYLO Yo
TN METOXVIOY) TOUG €AV 0 Yedvog dglihc Tou oTov TANcoTepo otadud tne Tomodeaiog
TN OPACTNELOTNTAC EVOL TPOCUPUOGUEVOS OTO YPOVo Eévaping tng dpactrpotntog. Ae-
dopévne tne tomodeciag mpayuatonoinong g dpaoTnEloTNTAS A xou Tou Ypdvou Evopéic
e t, viovetelton wla cUVAETNOT YENOWOTNTAS Yia TN XEHOT TOL BEOUOAOYIOL TNG BNUOCLIG
ouyxowwviag Ue Bdomn to Ypovo dpiine Tou dpouoloyiou autod oTov TANCIECTERO GToUO

TNne Tonovesiog TNG XOWNE BEAC TNELOTNTAC:

2= (t—t"~Dg,;s,)" (1.9)

H wuh g nopoamdvey cuvdptnong eiva fon ye to undév otn Bértiotn meplntworn mou )
amoB{Boaon oto otadud Sy cuumintel pe To yedvo €vaping Tne dpaotnelotnToag tUelov
10 ypedvo Badioyatoc mou amouteiton amd Tov TANCLECTERO GTAdUO we TNV Tomoveaio TNg
dpaotnetotnTog xat cuBoliletan we tY. H Ty tng ouvdptnong augdvetol TpoodeuTIXd edv

T0 BpouolOYI0 Ky i @TACEL dpXETd CUVTOUOTERX 1) 0PYOTERO GTO OTOUO AT,
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Ot mdaveg peToforéc TOUC YPOVOUS VY OENONG TWV BROUOAOYIWY UTOROUY Vo TROGOLOPL-
OTOVV and TIC UETAPANTEC T = {T K, 1, TK, 05 ) xKP:‘Kp‘} oL omoiec cuyforiCouv TécA hAeTTd
(vopltepa 1y apyoTepa) avaywpeel x8Ve SpopohdyYlo and TOV TEOYEUUUATIOUEVO YPOVO TOU.
‘Etol xde dpouordyio umopel vor PETABGAEL TOV TEOXOORIGUEVO YEOVO avay(ENcHE TOU
weptd Aemtd (o mopddetyua and 5 Aentd vopitepa €we 5 AETT apydTERA OO TOV TEOXO-
Yoplopévo ypdvo avoydenone: ¢ = {—5,—4,...,0,...,+4, 45} Aentd). 'Etot, n ouvdptnon
YO TOV UTOAOYIOHO TNG YPNOWOTNTAS TOU YeNoTn and Tn ¥erorn Tou dpouoloylou ueTo-

TEEMETOL OF:

Azk,,) = (t =1 = (DK, .5, +7K,.))? (1.10)

[Mo va e€aogaiiotel eniong OTL oL UETIBOAEC GTOUC YEOVOUS QO WOENONG TWV TEOYPUUUO-
TIGUEVWY 5pOUOAOYIWY Ot Yo ETULOEVHDCOLY TNV TOLOTNTO TV UTNEECLAY YId TOUSC UTOAOLTOUG
emPdteg, oL ypovol avauovic Twv emBatoyv ot xdde oTdoT Tou dpopohoyiou AouBdvovton
umodv. Autd mpaypatonoleltal UE TN yeHom wlag ouvdpetnone mou unoloyilel TV anodxAlon
TOU TRAYUATIXO) YEOVOU OVOOVAS TV ETBATMY TS GTACEL ONO TOV TEOYRUUUATIGUEVO
xeovo avopovic toug (Excess Waiting Time). H ocuvdptnon avtr yenowonoteiton ond
Odpopec MOAELS OTwE TO AoVdivo xou 1 Ltyxamoler) Yiol TOV TEOGOI0PLOUO TV AELTOURYIXWY
ETUOOOEWY TWY GUYXOLVOVIAXMDY YRUUUOV (T.)Y. AEDQOPELOXOY YROUUOY) xaTd TN SldpxeLa
e Nuépag. Ol amoxAoeS TWV TEAYUATIXGY YPOVGLY AVUUOVAS TWV ETBATOV OTIC OTUCELS
xade Ypouuhc o GUYXELON UE TOUS OVOUEVOUEVOUS YeOVoUC LToAoYiovTal Yio BlapOpETIXES
ypovixée meptddouc tne nuépoc (175, 17),(15, T5),...,(T5, TE) xon otn ouvéyeta adpoilovta
ue ™ Borjdela cuvteheo TV Bdpoug. Auté yiveTtow BLOTL UERPXES YPOVIXES TiEpiodoL TNG NUépag
elvar o onuavtixéc (6nwe 1 meplodog Twv wpmV TEWvAC atyunc) xor TEENEL Vo anodolel
ueyohitepo Bdpoc oe autéc clUuva Ye TN cuvdptnorn mou opilel Tov Excess Waiting

Time(EWT) ploc cuyxowmvioxic ypopuunc:

Kyl —1
EWT(T;’T;) _ max[O' Zi:g er,i,Sp,j((DKp,i,Sp,j + 'er,i) - (DKp,iflysp,j + pr,iﬂ))Q
Sp,j - d Kp|—1
" 2 lezgl 9Kp,i,5p,j ((DKp,i,Sp,j + pr,i) - (DKp,i—hSp,j + pr,i—l))
Ky|l—1
_ ZL:Q‘ HKMvSp,j((DKp,i»Sp,j + pr,i) B (DKp,i—hSp,J' + pr’i_l))]

[Kp|-1
2 Zi:Z er,ivsp,j

(1.11)
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oTou:

1 if Dk

S e
pisSpy T ¥k, and Dr, s, + vk, € (1], Ty)

er,qz,Sp,j : (1.12)

0 otherwise

H tn tou EWT yio xdde otaduod Sy, 5 Tng cuyxovwviaxic Yeouung p Topéyetot and Tnyv

Gpolon TOV TGV TOU UTOAOYIGTNXAY OF BLUPORETIXEC YPOVIXES TIEQPLODOUS TNE NUERAS:

(T5.T5)
S EWTg 0

B ==
g:

(1.13)

XA 1) NUERHOLL AMOXALOT) TV TEUYUATIXWDY YPOVOY AVOUOVIS YENOTWY o6 TOUS TEOPAETOUE-
voug uroroyileton and TNy ddpoiom Twv anoxhicewy o€ xdie oTadud Ue Ypron CUVTEAECTOV

Bdpouc yior vor Angplel unddy 1 eTEpEoR TV TO ONUAVTIXOY/TONUGUYVACTOY G TOUWY:

Sl EWTs
EWQZEEL4£@

(1.14)
S

Enlong, vy vaeyyundel éva xatodtoto eninedo unneectey npog dAoug Toug yeNoTeg uloveTel-
Tan €var eUPOC TYWWY EVTOE TOL 0TO{0U UTOPOUY Var XtvUoUV Ol GLYVOTNTES TKV BPOUOAOY WY
xade ouyxowevionc Yeauunc. Ta dpla Tou €DPOUE ATOBEXTHOY GLYVOTHTWY YL TIC CUYXOL-
VOVIIXES YROUUES UTOROUY VoL IANGEOUY Yl BLaPORETIXES TEELOBOLS TN NUEPaS e Bdon TNy
AVOPEVOUEVT) ETBATXT CHTNOT %o Vor BlaoppemUoUV SLapopeTIXd EVEY) TYIMOVY YIa TI TEMWVES
OPEC ALYUNS, T AmOYELUATIVEG OPeg x.A.T. o mopdderyua €dv oL ypovixég mepiodol plog
uépac ywetotovy Ye Bdon ty emPBoatind Thmon oe: {1, 2, ..., 0}=((T5,T7),(T5, T5),(T5,TS)),
T61e, Yioo xdde ypovixt| Teplodo g € {1,2, ..., 0} undpyet pio ehdytotn TR cuyvotntac I(g)
xou ot uéylotn tn ouyvotntoc h(g) mou meémel vor axoloudeiton omd Tor SpopohdyLe TNS
xde yoopunc. T mapdderyua, edv éva dpodordyio Ky, 4 avijxel ot ypovixy neplodo g,
T0TE, 1) Tiavr) PETOBOAT) Tou YPGVOU oV MENONG Tou and TNV aPETTPld Tk, , TEETEL Vol

elvar tétolo oTE:

l<g> < (DKp,¢,Sp,1 + pr,¢) - (DKp,¢_1,Sp,1 + pr,¢_1> < h(g) (1'15)
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Katd tn Sidpxeia Tng avampocopuoyis Twv edvwy dpieng twmy dpouohoyiwy uiog yeouuns
p mou egunneetel uio petoxivnon mou oyetiletar ye xowt| eEw-gpyaotaxt) dpaoTNELOTN T
K,; € Kp, o otoyoc eivan: (o) 1 Bektiotonoinon e yenotdtntac v dpogohoyiny yio
Toug emfBdrtec tng ew-epyactaxic dpaotnetdtnTog (¢ — t — (DKP7i7SPj +zK,.))% () 1
ATOPUYY) TNS YEVIXOTEENS UETOPBOANC TV YpoOvwY dpline dpopohoylny TS Yeouuhc Tou de
oyetiCovton pe ) {ATNoT Yo XOWVES eEW-ERYACLUXES ORACTNELOTNTES UE TO VO ETULTPETOVTOL
UOVO oL ETOPBOAES YEOVWY APLENG BROMONOYIWY oL UToEolV Vo txavorotcouy T (ATnom
yior xowég e€w-epyaotaxée petoxwvioeis Ky ; € K. TK,, = 0 €dv |DKP,¢7SP]‘ —t—t" >
60Xentd, (Y) n ehaytotonoinon tou nuepfiotou EWT tou cuvéhou tev emPBoatdv tne Ypouuhc,
(8) M oUULOEPWON UE Tol ATOBEX TS €0PT CUYVOTATOV Yot To Spouohbyto xde ypouuhc. Edv
Yo ToEdderyua o cuvohixdéc EWT tov emPorév e yeouuhe p hrav EWTEY mow
N HETOPBONY TV YROVWY APIENG TwV BEOROAOYI®Y, TOTE Ol TAUPATEVL CTOYOL UTOEOLY Vi

EXPEACTOUV UE TN LOPYT) TOL TopuxdTe TEolAfuaToc BehtioTonolnong:

9

P 2
minimize flz) = (t —t¥ — (DKp,ivSPj + IKPJ?)) + EWTy(x)
subject to E‘/\/'T;l:efore — EWTp(x) >0
7 7 s €
Vg €{0,1,2,..., 0} (DKIMVSPJ + IKZJM)) N (Dprcﬁflvspvl + prﬁ*l) U9 2 O’VDKP,WSDJ TR, € (Tg>Ty)

) s e
Vg €4{0,1,2,...0b  h(g) — (DKP1¢‘SPJ + pr,qS) + (Dprbfl*Sp,l + pr,¢71) 2 O’VDKp,db*SP«l + TKp g © (Tg.Tg)
xr € q={-5,—-4,...,0,...,+4, +5} minutes

TKp g = 0,¢: ‘Dpr¢ySpj —t—t"| > 60minutes

(1.16)
Ye autd To TEOPANUL BeATioTomoiNoNG, N AVTIXEWEVIXT) CUVAETNOT OV vl YEoUULXT XaL
oL TéS TV PETABANTOY andgoong etvar un ouveyelc (Staxpitéc) xadoe ol yetaBoréc twv
YEOVWY avarywenons dpodoloyiwy utopoly va emkeyolv and to clvoro q. Emlong, to
uToAOYLoTIXO XGoT0C Elvon exdeTind, O(|q|P) dmou p eivar (oo Ye Tov aprdud tTwv Spoporoyiny
TOU ETUTEENETAL VAL UETABAAAOUY TOUG YOVOUS avarywenofc Toug. [ o Adyo autd To ohixd
BérTioTo auTO) TOU TEOPBAAUATOC UTOREL Vo UTOAOYIGTEL UOVO G TOAD UixpES EQQUOYEC.
[Mo mopdderypa, €dv evtog plog dlweng meplddou perétne €youue 20 Spouoldylo amd T
CUYXOWOVIOXT YRoUUT| p, ToTE amoutolvtan 6.727E4-20 unoloyiopol xou €dv dev undpyet uia
oA P ypouuéc oTic onoleg umopel v €youpe HETOBOAEC GTOUG YPOVOUS OVa(ENOTNG TWV

dpopohoyiny toug, téte 10 UToAOYLoTIXG XboToC Elvan O(Plg|?).

Edv evtoc e ypovinric meptodou Dy, ; s, - £60 umdpyel xou eva dhho dpopordyio Kp m mou
avixeL oty (Blar cUYXOWVLVIXT Yeouun xat uropel va egunneetioet T {Tno yio piot xowr)

elw-epyaotoxt uetoxivnorn omou S, elvon 0 TAnoléotepog otadudg otny Tomoldeoia Tng
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dpaotneloTNToC Xan L1, Y €lvan 0 ypdvog évaping TNg SpUoTNELOTNTAS Xol O OTUTOUUEVOS

Yeovog Badioyotog and tov TAnoléotepo otodud oty totodesio Tng dpacTneldTNTIS, TOTE

70 TEOPBANUA BeATioTOTOINONG UETATEENETOL OFE:

S 2 2
minimize flz) = (t —t¥ — (DKp,ivSpj + zpri)) + (t1 — t11” - (Dprm,Spm + zprm)) + EWTp(x)
subject to EWTL o™ — EWTy(z) 2 0

— — > s ©
Vg €{0,1,2,....0}  (Dk, 4.8, t 2K, 4) = (Pr, o 4,5, tTK, , 1) —UW9) 20,VDk s, | +ak, € (T, Ty)

Vg €{0,1,2,...,0}  h(9) = (DK, 45,1 t 2K, o)+ (DK, 4 1.5, 1 TTK, 4 1) 20,VDk (5,4 +2K, , € (Ty,Ty)

z € q=4{-5,—-4,...,0,...,+4, 45} minutes

w

—t—t"] > 60minutes U |D g

w

=0,V¢: |Dg —t1 —t; | > 60minutes

x
Kp,¢ p@’spj P, 5Pm

(1.17)
[o v enlivor Tou ToEamdve TEOBAUATOS AvVaTOCGETAL £VOC EVPETIXOS OAYOPIIUOC IOV
npoonadel va tpoceyyioel To oAixd BérTioTo. O gupeTindg alydpriuog amoteheltan amd Ta
oxohouda pépn: o) pla véo cuvdptnon p(z) n omola yenowonotel eWdxd Bépn (tévaktt) yio vo
CUUTERLAEBEL TOUC TEPLOPIOUOUE TOL TROPBAAUATOC GTNY AVTIXEWEVIXT] CUVAETNOT UE GTOYO
vor petatpédel to TedBAnua Bektiotonolnong g avTixeevixic cuvdptnong f uto uia oelpd
TEPLOPLOUMV GE €val LoodUVaUo TpofBAnua Bedtiotonoinong tne cuvdptnong p(z) ywelic tepto-
plopolc B) évay xavotéuo Yevetuxd olyopriuo dadoyixrc evpetinic avalhitnone. Adyw
TNE eVPETXTE EVOBOL ETMAUGEWS ToL TPOoPATuaTog BeATioToNolnoNg, 1 Topandve uédodog
umopel vo e@apuocTel TOAATAES Qopég oTo (Blo TEOBANUa xar Vo emAeyel TO xoADTEQO

AmOTEAEGUOL.

[o v amhomoinor tng opohoylog, ac UTOYEGOUUE OTL OAOL OL TEPLOPLOKOL AVTITEOCKWTEVO-
vton and plo cuvdptnon ¢i(z) > 0,Vi 6nou i elvan o xdde nepopopds. o napdderyya,
ci(z) = EWTE — EWT,(z) > 0. Tére, 1o npéfhnuo Bertiotonolnone tov ypeévoy

VoL WENOTNG BEORONOYIWY Ul YRUUUAC UETATEETETOL OE:

minimize f(x)

subject to c1(x) >0

Vg €{0,1,2,...;0} ca(x),e3(x), .., c1pmi(z) 2 0,VDk, ,.5,, + 2K, , € (T,,T,)

Vg€{0,1,2,...,0}  cmiv2(), cmi3(x), ..., Clymiyme(z) > 0,VDk, , 5, + Tk, , € (T;,T;)
x€q={-5—-4,..0,..,4,5}minutes

Trk,, = 0,9 : [Dk —t —t"| > 60minutes

P«¢7ST’J‘

(1.18)
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XU 1 oLVEETNOY, P(T), YENOUOTOLETOL Yot TNV AVTLXATAG TUCT] TOU TUpATdve TEOBAUo-
T0¢ BEATIOTOTOMONG TNG AVTIXEWEVIXTIC CUVARTNONS UTO TEPLOPLOKOUS GE €VOL L[GOBUVOO

TEOBANUA Ywelg TEpLOpLoNOUE:

14+ml+m?2

minimize p(z) = f(z) + Z (min[—¢;(z),0])?
= . (1.19)
x€q={-5-4,..,0,...,4,5}minutes

rr,, =0,V¢: Dk —t —t"| > 60minutes

py¢75pj

O 6poc (min[—c;(z),0])?

elvon To TEVAATL Tou cuVdEeTal PE AADE TEQLOPLOUO Xou EQV EVag
Teploplopds ¢ () ebvan apvntixde, tote min[—c;(x),0] = —¢;(x) xou enedn o neploptopde
TopaBLACeTon Yol TIC TWES TWV UETABANTOV ATOPAUCTC T 1) AVTIXELIEVIXY| CUVHETNOT) OEYETO
évar mévott foo pe (min[—c;(z),0] = —c¢;(z))2. Edv dpwc o neploplopde dev nopePidleto

ci(x) >0y Tic TopoloeS TES TV PETABANTOY andpaone T, 1 AVIXEWEVIXT cUVAPTNOT

dev emnpedleton xodide min[—c; (), 0] = 0 xou (min[—c;(x),0] = 0)2 = 0.

EexwvovTtag Ty evpett| avaltnon and pla tuyaio emhoyy| UETUBANTGY amdpacns Lo OTOU
ueptxol meploplopol dev xavomowovvtal (p(zg) > f(zo)) n avalriinon cuveyileton uéypet uio
emavandn k omou p(xy) = f(x) To onolo onuaiver 6Tt GAOL 0L TEPLOPLOUOL LXOVOTIOLOUVTOL.
Metd and autéd 1 avaltnon cuveyiletar péypet 1 T Te ouvdptnone p(x) vo un Ynopel vo

BertiwVel Teputépw.

Kotd to apyixd o1ddlo tne evpetixic avalAtnone og LToYEcouue OTL Ul GUYXOVWVLO-
) Yeouuh p umopel vo eEumneethoel Wla xowr e€w-epyactony| dpAoTNELOTNT TOU Aoy-
Bdver ywpea mAnciov tou otaduol S, xan uTdEyel €vag apriude dpopohoyiwy p Tng ou-
YHOWOVIOXNS YRoUNAS YL Tor omolo |DKP,¢7SPJ' —t — t"| < 60minutes, V¢ € {1,2,...,p}.
Tote, oL ypdvol Evaping auTdY TwV Bpouoloyiny unopolv vo YetoBAndoly xatd g =

{-5,-4,...,0,...,+4, +5} hentd.

Apywd, emhéyovtan 800 tuyalec Aooeig yio to mpdPBinue. H mpdtn tuyala hoor (yovéag
1) ouyPoriletan we Pa = Pay, ..., Pa, étou xdde évo and ta p otoyela authc tne hoong
ebvan évag Tuyaiog aprdude mou avixer oto obvoro q. H Beltepn tuyaio Aoon (yovéag 2)
ouuPBohiletan enlone wg Pb = {Pbl, Pb2, ..., Pbp}. Enlong, emhéyeton tuyada xou évo axdpo

oUVOAO TIOU AVTITPOGMTEVEL TOV AMOYOVO TNG Sl TU)PWONS TWY YOVEWY ot GUUBOAIleTon
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g Ch = {Chy,Cha, ...,Ch,} étou apywd ta ototyeior Tou hapPdvouy eniong tuyaieg Twég

7 /
and 1o ohvolo q.

Katd v evpetinr| avalfitnon apyxd utohoyilovion ot tipéc twv ouvaptioewy p(Pa), p(Pb)
xoL 0 yovéag pe TNV LYMAOTeERn Ty cuvdpTtnong emAéyetal we Pooixdg untodPLoc TEog
avtxatdotaoy. Emlong, evepyomoleitar uior @doT Bladoyinidy SlaoTAVpOOENDY UETAHED TwV
OTOLYELWY TWV YOVEWY EEXVOVTAS Ao TNV SLUCTUOPWOT] TWV TEWTWY GTOLYEIWY XddE YovEd,
(Pay, Pby), xou TNV avTIXATEOTACT] TOL TEMTOL GTOLYEIOU TOL AmoYGVoU Pe To TIpoldy TN dta-
otadpwong Chy. Edv yia napdderyuo To mpoiov dlactadpwong eival To ototyelo Pay , 16t 0
andyovog petatpénetan o€ Ch = {Pay, Cha, ...,Ch,}. Enione napéyeton xau n duvotdtnta
SLodoyixmy petahhdEenwy 6mou xdie otouyeiov Tou amoydvou €xer 10% mdavétnta va o-

viataotadel and evav tuyala emieypévo apudud ra and to chvolo g.

‘Enerta and xdde Siodoyix| dlactadpwon xot PeTIAaEn afloloyelton 1 VEd pop@Y) TOUL
amoy6vou pe tov umoloylopd tne ouvdptnone p(Ch) xau (o) edv p(Ch) < p(Pa) xa
p(Ch) < p(Pb), téte edv p(Pa) <= p(Pb) o yovéac Pb avtixadiototou and tov andyovo
Ch: Pb <+ Ch, (B) €év p(Ch) < p(Pa) o p(Ch) > P(b) t61e 0 yovéac Pa avuxadictata
we Ch: Pa < Ch (1o (B0 woylel xou yioo Ty avtiotpogn tepintwon 6nov p(Ch) < p(Pb)
xouw p(Ch) > P(a)), () €dv p(Ch) > p(Pa) xa p(Ch) > p(Pb), tdte 0 anbdyovog €yel
XELROTERT amddooT xou Sev avTixadioToton xovévag and toug yovels. Enlong, n petofolr
TIOU TROYUATOTOLRUNXE GTOV AmOYOVO XaTd TN OLdpxeta auThS TNS Sladoyxc Blac Tadpwong

HETAE) TV OTOYEIWY TWV YOVEWY OVALOELTAL.

‘Otay petd amd SLadoy (€S DLUOTAVPWOELS OA To OTOLYEl TWY YOVEWY €)0UV SlacTowpwUEl
EVO-TIPOC-EvaL xou €YUV Tparypotomotniel oL avtioTolyec UETUANGEELS, TOTE TEAYUATOTOLEITOL
ular VEoL ap 1) EEXVAOVTOS Ao TO TEKTO oTolyelo xdde yovéa xou auTy| 1 Sladoyixy| Slodixacio
emavahoufdveton axpBee Ue Tov Blo TedTo. e xdmoto onuelo, UeTd and TOAAES ahharyég
ot yoveic 1, 2 ymopel va mapouctdlouy yeydhn opotdtnta. Tote, n podvn SuvatdTnTa Yio T
onulovpYlol EVOC VEOU amOYOVOUL UE SLUPORETIXG YORUXTNELOTIXG lvol Y€ow peTdhhaing. I
TO GXOTO AUTO, EQV GE XATOLO ONUELD Ol TIES TWV OTOYEIY TWV YOVEWY Elvol TUpATANOLES
t61e emtpéneton vo awEniel n mbavétnto petddhaing and 10% oe 70% xaw bty Beedel Evoc

VEOC amdYOovog e XaNOTEPX YopaxTnptoTixd 1 miavétnta auty emtoteégel oto 10%.

H evpetueh avalrtnon tepuotileton dtary YeTd and TOAEG enavarfelg O punopel vo Bpedet
xavEVag ambYovog Ue BeATwuévn anddoon 1 €xel ohoxhnewiel o u€yioTtog apriuog emtpe-

TtV enavalewy max_it.
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Q¢ amoTéleopa, TO UTOROYLOTIXG X60TOS TNg gupetixic avalhtnong eivon O(maz_it X p)
70 ornolo €yel petatponel and exVeTnd o€ TOALWVLULXO. (26TOCO, 1) ELEETIXY avalATNON
TIOL 00N YEL GTNY TUEATAVE UEIWOT TOU LUTOAOYLOTIXOU X00TOUG Ot unopel va eyyunlel Tov

UTOAOYLOUO TOU OAXOU BEATIGTOU GE OAEG TIC TEPLTTWOELS.

It Ty egapuoy Tne napamdve uedosou yenotuormoridnxay dedouévo GTES and ) Ltoxyoh-
U1 OYETIXA UE TA OROUOAGYLA TOV AEWPORELIXMY YRoUUU®OY antd Tic 13 Pefpovapiou tou 2016

¢wce tic 17 Touviou Tou 2016.

['ot Tov UTOAOYIGUO TWV YEOVWY avayWENoNG %dde SpOUOROYIOL Xt TV YEOVWY APENS OE
xade otdomn onuoveyinxe pio BBAMoI XN otny yYAdooa tpoypauuatiogod Python 2.7 7
omnola petateénel dedouéva GTES oe SQL Bdoeic dedopévmwy mou emtpénouy 1 dlayelplon
TWV OTOLYELWY TwV 0poUoloYiwY UEGK BLaBIXTOOU XU TNV ATELXOVION TWY OPOUONOYIWY UE

xehon dtadpaoTixdy yoptev (6nwe OpenStreetMaps).

Or Aewpopeloxéc yYpouués oTic omoleg emxevipwinxe 1 peuva ebvar 800 XEVTEIXES Ypu-
wég Bimhng xatediuvong mou eEUNNEETOUV XEVTPIXEC TEQLOYESC TNG LTOXYOMING XoL €YOUV
T xwOEg ovouaoieg 1 xou 4. O cuvohxdg YpOvVog avopovrE TV ETBATOY OTIC OTd-
oeic (EWT) vunoloyiletar Eeywpiotd yio xdde xatedduvorn. ‘Etol, ov ypoupée 1 xou 4
avTipeToTilovton wg 4 yeoupée ue dagopetixolc EWTSs xou Aeitovpyois meploptopole.
Autéc ou ypaupéc elvon 1 yeopun 1 (tou avtiotolyel ot ypoupn ue xwdxh ovopooio 1 xat
xateduvon and to otadud Essingetorget oto otadud Stockholm Frihamnen), n ypouun
2 (mou egumnpetel Ty avtiotpogn xatebuvon and 1o otadud Stockholm Frihamnen oto
otaduéd Essingetorget), n ypouur 3 mou avtiotouyel otn yeouun Ue xwdixr ovopasio 4 xou
xatevduvon and 1o otodud Gullmarsplan oto otodud Radiohuset xou m ypouur 4 mou
eCunneetel TNV avtiotpogn xoatevduvor and 1o otadud Radiohuset oto otadud Gullmars-
plan. 1o dudypopyua 1.13 napovoidlovial GAeC oL GTICEC TV Yeouuoy 1, 2, 3, 4 pall ye

touc EWTs nou vnoloylotnxay yio xdde otdon xotd tnv neplodo amoyeupativie otyung
(2:10W.p2.-7:30.10.).

Enfong, yenowonodnxay dedouéva and Ni = 62 yproteg Twitter otn Xtoxydiun ol
omofol Tapelyay cuVEYElC TANEOPORPIEC GYETIXE UE TNV AAAXYY| TWV YEWYRAUPLXWY TOUG VEGEWY.
Or ypnoteg emhéydnxay pe Bdon to axdhoudo xprthiplor: o) aAAGloLY GUYVE TN YEWYEUPIXT
Toug Véomn oe ypovixd doThUNTa eXTEC Tou TUTXOD weapiou epyaciog (15:30-19:30). B)
oL Yewypapwég Véoelg ot omoleg xateudivovior 6e aUTd TO BLCTNUA €YOUV TO YoQEo-

xthpa Tomodeoiog ew-epyactonic dpactnetotnTac xou 0 oyetilovton pe Ti¢ Tomoveaieg
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Line 1, Direction 1: Station IDs Line 1, Direction 2: Station IDs
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Line 4, Direction 1: Station IDs Line 4, Direction 2: Station IDs

ATATPAMMA 1.13: EWT oe xdde otdon xaw cuvohixol EWTs yia xdde ypopud xotd
v neplodo amoyeupotivic auyphc (2:10W.p.-7:30u.1.)

e xotowiog B Tou yweou epyooiac Touc. Y) ot teAixol mpooplopol Toug elvor TAnciov

EVOC 1) TEPLOCOTERWY GTAUUWDY GTOUS OTOOUG BLUC TUURMVOVTOL Ol AEWPORELONES YROUUES

1,2,3,4 (ctoduol 7446154, 7446095, 7421661, 7445964, 7445967 xou T445952) xon éyouv

T SUVOTOTNTOL VAL YENOYLOTIOLACOUY OTIOWIONTIOTE amd QUTEC TIC YROUUUES YLoL TN PeTaxivnon

ToUC. §) oplouéveg and T apyixéc YEWYpapixéc Toug Véoelc elvon oe amdotaot Padiopo-

T0¢ o oTdoEC Tou aviAxouy oTic Yeouués 1,2,3,4. €) @tdvouv oe xowéc tonodeoies e

XEOVIXT| Blapopd xedTERY amd 25 AeTTd, OMOTE UTOREL BUVNTIXA VoL CUUUETELY Y GE XOWT)|

eCw-epyootoxt| dpaotnetdtnte. And ta mopandve, 1 unddeon () ivar 1 To woyupth xadde ot

xeNoTeg unopel va tapevploxovto oTny Tonolesio auTH TAUTOY POV YWEIC Vo CUUUETEYOLY
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IIINAKAY 1.4: II\noiéotepeg otdoeic hewopeinv yio ypiotee mou xateudivovion oe
wla xown tomodesia e€w-epyactoxiic SpaoTNELOTNTOC

Individuals who | (Nj, = 62: individual trips | Trip Destination | Event
are  performing | from current station to Joint | Bus Station (Joint | Time
similar joint | Leisure Activity Station) Leisure Activity
leisure activities Station)

Trip Departure | 7445462, 7446157, 7421658, | 7446154 17:00
Bus Station 7469180, 7401541
Trip  Departure | 7445961, 7401541, 7445964, | 7445967 16:30
Bus Station 7421665, 7421657, 7446075,
7446028, 7421661

Trip  Departure | 7446095, 7446026, 7446025, | 7445964 16:00
Bus Station 7445954, 7421649, 7421661,
7446177, 7445976, 7445974,
7446026, 7445955

Trip  Departure | 7446108, 7446075, 7445992, | 7445964 19:30
Bus Station 7421705
Trip Departure | 7446108, 7446177, 7446160, | 7446095 17:00
Bus Station 7421657, 7446011, 7469180,

7446156, 7446109, 7446177
Trip  Departure | 7446007, 7445972, 7445465, | 7446095 18:30
Bus Station 7445952, 7446150
Trip  Departure | 7446090, 7445964, 7421661, | 7421661 15:30
Bus Station 7446154, 7445952, 7446160,

7446157
Trip  Departure | 7446029, 7421705, 7420741, | 7421661 18:00
Bus Station 7469180, 7421705, 7421665,

7445992
Trip  Departure | 7421667, 7445976, 7446095, | 7445952 17:00
Bus Station 7446095, 7445967, 7421655

o€ ula xovr| dpaotnelotTnTa. 261660, AOYW NG YenoNne dedouévey and to Twitter oe uropet
vo e€oxpiBwiel pe amdlutn axplBela €dv yprotee mou Peloxovton oe ula xowr| tonovesia
TapevpioxovTal o o€ plor xown dpactnelotnTa N Beloxovton exel yio SlapopeTinolg AdYouC.
O tpéyovoeg yewypagpixéc V€ocic xou oL Tehxol TPOOoEIGHOL OUADWY YENOTOY TOU XUTEU-
YOvovtan mpog Tty Bl tomoleoia e€w-epyactaxic BpaoTNELOTNTAS ToEOUGIALOVTOL GTOV

mivoor 1.4.

Me Bdomn tov mivaxa 1.4, undpyouv A = 9 SwpopeTinég Tomodeoieg xovmVY EEM-EpYACIAXNWDY
Spaotnplothtwy 6mou oe xde uio xorevdivoviar ot e€ic apripol yenotwy :Ng(A1) = 5,
Ng(A2) = 8, Ng(A3) = 11, Ng(A4) = 4, Ng(As) = 9, Ng(Ag¢) = 5, Ng(A7) = 7,
Ng(Ag) =7, xou Ng(Ag) = 6.
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7401174 : 7446180
7445072 | 1 7446177 | E
7445073 E 7446110 | g
7445074 | : 7446100 1
7442070 ] Taa10t | ]
i 1 7446107 | ]
7451049 | ] Taso1i1 | ]
7446012 |- 1 7446154 1
7446011 | ] 7446005 |- ]
7445967 |- E l ]
7421661
7445964 - R 7445052 | i
7445063 | 1 r ]
T ] 7445054
7460805 [ 1 Taasdar 1
7445465 |- ] 7445056 |- ]
7472737 | ] 7401541 |- ]
7421667 ] %%gg; . ]
7oL T 1 7445465 | 1
7445956 r ]
7445055 | . 17445061
| e ~
el 1 7445067 - i
7446095 |- i 7446011 |- i
7446154 |- i 7446012 |- ]
7446111 | ] 7421649 - ]
7446107 |- i 7445976 ]
7446108 , 7445975 i
740130 1 ] 7443973 ]
pstge L WD IS R M -
850 000 950 1000 1050 1100 1150 1200 %50 000 050 1000 1050 1100 1150 1200 1250
Line 1, Direction 1: Planned Arrival Times at Stations Line 1, Direction 2: Planned Arrival Times at Stations
7421705 T N 7421655
7445992 | m E 7446000 |-
7446150 | I/ / / I . 7446007 |
7446032 | i / . 7445462 |
7445967 - i 1 7446160 |-
7445064 |- i . 7446158 |
7430741 | ] Ta6sor |
7411606 | ] r
7445029 [ | 1 TaeoLer
7446027 - I R 7421658 |
7446026 |- ‘ ] 7446155 |
7421013 | I 1 7446154 |
7446025 |- i ]
Lhestra] i 7446095 |-
Tazeona | I ] 7416005 |
7421661 | (i i
7446095 e ; ] 7421665 |-
7446154 |- M [ i 723?0%5 -
7446155 I- O 3 1 7421013 -
7421658 |- ‘ c i 7446026 |
7446156 | “ / i 7446027 |
7446157 | M | c 1 7446028 |-
7421657 I I ] 7411606 |
7446159 ‘ / | 1 7420741 [
7446160 |- it | i 7445277
7445462 1 If ‘ ] 7445064 |-
7446007 i [ R 7445067 -
7446090 HI 1/l /A , 7446032
zagtess LI I 11— st L Ul
50 900 950 1000 1050 1100 1150 1200 1250 250 000 950 1000 1050 1100 1150 1200

Line 4, Direction 1: Planned Arrival Times at Stations Line 4, Direction 2: Planned Arrival Times at Stations

ATATPAMMA 1.14: Xpévol dpiéng tewv dpogoroyiny twv yeauuoy 1, 2, 3, 4 o xdde
otadud xotd ) ypovixt| tepiodo 2:10u.u. (8500 Aentd) éng Tic 7:30W.u. (11700 hentd)

Xenowomowvtag ) Bdorn dedopévewy mou €xouv anodnxeutel oL Ypdvol OAwY TV dpo-
Holoyiwyv, ta Spopordyta amd Tic 14:10(8500 Aentd tne nuépoc) - 19:30(11700 Aentd) twv
yeouuov 1,2,3,4 poall ue toug yeodvoug dpiErc toug ot xdde otdon napouctdlovial 6To dLd-
yeouua 1.14 xon o 5poloAdYLoL T oL PToEOLY Va yenoyloroindoly and Toug 62 yeroTeg yia
TN CUUUETOY Y| TOUG OE XOWES EEM-ERYUCLAXES ORACTNELOTNTES TaEOUGIAlOVTOL GTOV TVOXaL

1.5.

MeTd tn fehtiotomolinom Twy Yeovemy avoymenong Twy 0podoloYiwy auTey ard Tic apetnpleg

TOUC UE TN YeHom NG eVpeTxrc pedodou avalAtnong, 1 HETHBOAY TNE BLoUaVoNS TOV



ITIINAKAY 1.5: Kwdwéc ovopaoieg m=97 dpopolroyinv mou umopolv va yenolonol-
nolv vy T etaxivnon oe xdmota xowt| e€w-gpyactoxny| dpactnpldTnTa

Trip IDs Line 1, Direction 1:
(mx € | 90656299, 90656481, 90656480, 90656293, 90656392,
{71, T2, coey Tn=97}) 90656601, 90656605, 90656408, 90656408, 90656613,

90656613, 90656607, 90656607, 90656409, 90656409,
90656615, 90656337, 90656725, 90656801, 90656271,
90656794

Line 1, Direction 2:

90655951, 90655947, 90655891, 90655953, 90655963,
90655963, 90655963, 90655886, 90655886, 90655886,
90655964, 90655824, 90655769, 90655903, 90655767,
90655938, 90655927, 90656128, 90656164

Line 4, Direction 1:

90661185, 90661816, 90661826, 90661821, 90660993,
90661189, 90661798, 90661808, 90661687, 90661832,
90661691, 90661835, 90661835, 90661519, 90661519,
90661519, 90661813, 90661693, 90661693, 90661428,
90660717, 90661426, 90660755, 90660756, 90661494,
90661651, 90661325

Line 4, Direction 4:

90661590, 90661059, 90660931, 90660962, 90661597,
90661585, 90661614, 90661616, 90661616, 90661037,
90661037, 90661588, 90661588, 90660956, 90660956,
90660956, 90661586, 90661586, 90661586, 90660939,
90661591, 90660946, 90660905, 90661035, 90660908,
90660977, 90661069, 90660918, 90661127, 90660920
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IIINAKAY 1.6: Tehxd amoteAéopota uetd tn fehtiotonolnong twy xedvwy avaydenone
dpouoloyiny uéow tng eupetixic avalhtnong

service- Xpovixég Computational
wide EWT  Awgopéc Time
(hemtd) (sec)
Line 1 Direction 1 before 1.133273406 178
after 0.75732 67 129.44
Line 2 Direction 2 before 1.127213956 129
after 0.904360219 44 112.981
Line 4 Direction 1 before 1.05272815 210
after 0.94029 97 263.067
Line 4 Direction 2 before 0.840175194 216
after 0.704939879105 199.558

4 4 4 7, 4 4 4
TEOXAIOPLOUEVWY YPOVKVY avauovhAc Tov emPatwy EWTs oe xdie otdon napovodlovto

o670 Owdypoppa 1.15.

O Baduog cbyxhione g cuvdetnong BEATIOTONOMONG HETA TNV EQPUPUOYY TNS EVRETIXAC
avalhtnong mopouctdleton otov mivoxa 1.6. Xe autd Tov mivoxa TapoucldleTal ETlong 1)
TROGOPUOYY TV YPOVWY PIENG TWV BPOUOAOYIKY T GTOUC YEOVOUC EVURENG TWY XOWKOY
elw-gpyaoloxay dpaotnpotitwy. O Bodude mpooupuoync oToug Yedvous €voapéng Twv
e€W-EPYACLIXDY ORACTNEIOTATWY YIVETOL AVTIANTTOS YECK TOU UTOAOYIGUOU TWV BLAPOpmY
HETAED TWV YEOVWY APIENG TwV SPOUOAOYIWY OTIC EEM-ERYAUCLOXES SPUOTNELOTNATES Xl TWV

YEOVWY EVUPENG AUTOV.

Or véou ypovol dgiing twv dpoporoyiwy m; € T mapouctdlovial aVUAUTIXE GTO BLdyEaUL
1.16 o7o omnolo napouctdlovtal xat oL YeAVOoL EVAEENE TV XOWOY EEW-EQYACLAXWY dRUCTNELO-
THTOV. 210 Odypouua autd mopouctdletar o Podudc TEOCUPUOYAS TWV YeOVWY APiEng
% SpOoUOROYIOU GTOUC YEOVOUC EVAPENG TWV EEW-EQYACLUXMY OPAUCTNRIOTATWY UETE TNV

eupeTxr) avalNTNno.

Ané 1o Sudypopua 1.15 elvan eppovéc OTL 0L BLIXVUGVOELS TWY YPOVWY AVOOVAC TOU GUVOAOU
v enatidy 0to olvolo Twv otdoeny (service-wide EWTs) dev aulhdnray uetd ty
OVAUTPOCUPUOYT TV YEOVWY Vo WOENoNS TwV OpOUOAOY(wY TOU UTopoLY Vo eEUTNEETY-
couv {ATNom Yo e€m-epYaolaxés SpaoTNELOTNTES. TNV TEAYHATIXOTNTA, UTHREE UdAIoTO
Behtiwon twyv service-wide EWTSs xou uévo oployéveg UEPOVWUEVES GTACELS GTN YRUUUT 2 Xou
N Yeauun 4 nopousciacay adEnon TNg amdXAMoNG and TOUS TEOXAVORLOUEVOUS YPOVOUS ovo-
wovAc €m¢ xou 0.6 Aemtd. Ty (Bioe oTiyus), UETE TNV ELEETXT avall ATNOT OL VEOL YeOVOL dpLEng

TwV dpopohoylnwy o cTouolc TANGIOY TwV TOTOVECLOY EEW-EQYACLOXWY dPAUC TNELOTHTWY
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- Starting Time of Joint Leisure Activity
B Optimized Arrival Time of Bus Trip at the Joint Leisure Activity Station

4 02 1 g 1

1150 1

1100 - 1

1050 1

Trip Arrival Times in min.

1000 ]

1
[ -1 2 0 - 2 -
950 - 1

90656481 90656480 90656293 90656392 90656601
Trip IDs

ATATPAMMA 1.16: Xpbvol évopZne xowmy eEm-gpyootoxdy dpaotnelothtemy xat BeEATiwUévol ypdvol dpiEne twv dpogoroyiwy {m, 2,

tonoveoieg autég oe Aentd. o xdde Spopordyio, napouctdletan 1 Beltivon tTng TEocUEUOYNE TwY XPOVKY dpEng ot AemTd.

vy Tr=97 JOTIC

v
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ToEoLGacoY Ulol CNUOVTLIXT] TROGUEUOYY) GTOUS YPOVOUS EVaping TwV dpas TNRLOTATLY TNS
ENe Tou 50% xau To unohoyloTnd xboTog Yio T BekTioTonoinon Tou TEoBAATOC TEpto-

plotnxe oe Wiadtepa younhd eninedo (2-6 hentd).

1.6 Emihoy7 tou BEATIOTOU TRpOTOL pETAXIVNONS YENOTWY
otnVv TonoVecia TNG EEW-ERYATILAXNG TOVS OPACT TNELOTY-

TS

Yty 6n evotnta e€etdleton 1 emhoyy] Tou BEATIOTOL TEOTOU UeTaxivnong Yenotwy and
€va apyxd onuelo oty Tonoveaior TG eEW-EpYACIAXAC TOUG SpACTNELOTNTAC AopBdvovTog
UTOLY TIC TROCWTIXES TOUC TEOTWNCELS X0 TN YEHOT) TOAATANY UECKY UETAPORIS Yol TNV
TpaypaTtoToinoT EMUEEOUg TUNUATWY TS ouvohixig petoxivnong. H Swter ouvelopépet
QEY G UE TNV EXTEVY) TEPLYRUPT| TNG UEYITEXTOVIXNC ULIC EQURUOYHAS XWVNTAS TNAEPLVIAS Yot
TNV €mAoYT Tou BEATIOTOU TEOTOU PETOXIVINONG UE YENOT ETEROXANTOVY TNYWY OEGOUEVKYV

omwe Topouctdletal oTo didypauuo 1.17.

YTV TROTEWOUEVT EQUAQUOYT O UTOAOYIOUOS TOU BEATIOTOU TEOTOU UeTaxivnong Yo xdie
yeriotn Baciletar oTny eAayloTOTOINGT TOLU GUVORLXOU YEOVOU UETAXIVIONG EVE, TAUTOYPOVA,
Ol TPOTWNAOELS TWV YENOTOV AVATARCTAVIOL UE ¥EYOT) TEPLOPIOUMY TOUS OTO{0UE TRETEL VoL
wavorotel 1 BéEATIoTN Bradpopn. o Ty eniteudn xdle petoxivnong puropet vo yenoulomoun-
el €vog cLVBLAOUOC TOANUTAWY PETAUPOPLXEY UETY XU QUTA TOL UETAPORIXE HECA UTOEOVY

va povtehonotnloly Ue ypron Sopopetinidv emmédny (layers) oe évav xowd ydptn GIS.

Edv G{N,E} eivau éva aotixd yetopopixd dixtuo pe N xbépfouc xar E petagopixoic
ouVBEapoug Tou cLVBEoLY Lelyn xOUPwy, ToTe xdde olvdeopog e € B €yel Ti¢ axdhou-

Yeg OLOTNTES:

e Yuvdéet évay apyxd x6uBo Or(e) =i € N pe évav x6ufo npooptopol De(e) = z € N

o AlavieTon povo amd Eva UETAPOPIXO UEGO XAl Yo TO AOYO0 oTO unopel v avtiotoly et
oe éva layer: layer(e) = k 6mou k eivon 0 xwdixdc xdide GIS layer (umopel va undpye

layer yio autoxivita, Aewpopeia, Tpéva, TOdNAATOdPOUOUS X.A.T.)
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(@)

Mobile Device Network (3G/LTE)

Up-to-date traffic data,
Transit Schedules,
Other restrictions

Personalized
routing

to his/her account

ﬂ Individual shortest

path computation
under a multi-criterion
environment

Store Current User Preference :> =
=K
=

Available Storage Slots

1 2 Y N

ATATPAMMA 1.17: Apyttextovixt] Egapuoyfc v tov unoloyiopd tou BéAtioTou
TEéTOU peTAXiVNONG

‘Eyet éva ypdvo dladpouric o omolog PeToBIAAETAL avdhoYo UE TNV Wpo TG NUERAC,
w(e,t —tg) € R, 6mou ty elvor N Topolow Ypovixh oTiYUh xou t 0 YPGVOS X0oTd TV

onolo 0 yeNoTNG AVAUEVETAL Vo BLaYUGEL AUTO TO GUVOEGUO

‘Eyet amodnxeuuéves mhnpogopleg oyeTnd UE TOUG YPOVOUS aVaYWENCNS OAWY TWV
Spopohoyiny mou tov datpéyouy we olvdeouo e(A). T napdderyua, éva dpouohdyto

ToU BlaTEEYEL To GUVOECUO e, TEpLypdpeTal oTov Tivaxa 1.7

IMINAKAX 1.7: Anewxévion evog dpoporoyiou mou Slotpéyet €vay cUVBEGUO €

| AT 1] 2] 3] 4] 5| 6

7 ‘ ...ete. ‘
| E(AT) | 12:00 | 12:10 | 12:18 | 12:35 | 13:01 | 13:18

13:36 ‘ ...etc. ‘

Avuto onuaiver 6TL €dv évag cOVOECUOC ECUTNEETELTOL OO BNUOCLY UECO UETAPORAS, TOTE
o olvdeopog autog, e € F, unopel va yenowonowniel and xdde yprRotn xatd tn Yeovixn

oTiyU”) Tou oplleTal amd TOUC YEOVOUS VU MENONS TWY BEOHOROYIKY amd TNV apeTnpla.
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Ipéner va onuewwdel eniong 6t 600 cOVOEGUOL Elvorn BLPOPETIXOL AXOUY XKoL OV GUVOEOLY
70 (B0 Lebyog xOUPwv edv eEumnpetolvion omd BLUPOPETIXE UECO UETAUPORAS (SLapopeTind
layers). Edv évoc yprotne Peioxeton oe évav x6ufo i € N tn ypovixr otyur) D(i) xou
amd auTO TOV %OUPo EXXVOLY Ol GUVOECUOL a1, a2, a3, a4, ..., Ay, TOTE, TO XOCTOG YO T1)
METAPOPG amd TO TRV UETAPOPXS UECO o éva ueTapopnd uéco Layer(a,) mou dlotpéyet

évay oUvdeouo a, € (a1, az,as, aq, ..., ap) eivow:

SW = min{max{a,(AT) — D(i); 0} }VAT (1.20)

Edv o ypfotne Beloxetan otov x6ufo i € N | Or(e) = i ) ypovixh owyur D(i), téte, o

AmUTOOUEVOS YPOVOS Yl TN PeToxivnoT Yéow Tou cuvdEouou e € F elvau:

min{mazxa,(AT) — D(i); 0} + w(e, min{max{a,(AT) — D(i); 0} } VAT (1.21)
Mia oe1pd amd ouvdéopoue P = (el €2, ..., e%, et e*) | ue xéuBouc tpoéhevonc/mpo-
optopol Or(e®™1) = De(e?) opllouv éva povordrt yia ) dtadpopr| amd tov xdufBo Or(el)

otov x6pPo De(e?).

‘Eotw 6t évag yerotne Zexwvd tn yeovixy otiyun to and tov x6ufo mpoéheuong T xou
xateudiveta otov x6uBo tpooplopol f. ‘Eotw enione 6t P(r, f) eivan éva ohvoho ye deg
T TavES eVOhAaXTIXEC OLadPOUES amd ToV %xOUfo TEOEAEUCTC GTOV %00 TEOOEIGHUOL.
Edv p* € P(r, f) elvou n Bértiotn Sadpopr| pe yenorn evéc 1 TEPLOCOTERMY UETAPOPLXMDV
u€owv amd Tov xouPo r otov x6ufo f, ot 1 Sladpour) p* umopel vo utohoyloTel and To

axohoudo medfBinua Beitiotonolnorng,

Minimise Z(min{mam{aT(AT) — D(i);0}} + w(e, min{max{a,(AT) — D(i);0}}))
" (1.22)
6mouv i = Or(e), p € P(r, f), D(r) = to xou D(De(e)) = De(Or(e)) +min{max{e(AT) —
D(Or(e));0}} + w(e, min{max{e(AT) — D(Or(e));0}}).

Edv ov oOvdeopol tre Béhtiotne diodpounc ebvar p* € P(r, f) = (...,e%, e L., émov

Or(e®1) = De(e®), tote edv Layer(e®) # Layer(e® 1) undpyet piot evodhoyf) LEToPopxdv



45

HECWY %ot EAEYYOVTAS TN OYETT OAWY TV BLABOY XMV CUVOECUWY UTOREl VoL TPOGOL0PLo TEL

0 GUVOAIXOC OELIUOC AAAXY WY UETAPORIXWY UECWY XATA TNV EXTEAECT] TNS Oladpounc.

Kdée olvoeopog unopel va dadéter xar dAlou eldoug TANpo@opiec oyeTxd UE Tal Yopo-
ATNELOTIXG TOU OTWE TO GUVOAXO TOU WO XL 1) XATOUVOAWOT) XOUGHIoU Tou amonteiton
yioe T Bidvuct| Tou. Edy Sodel 1 xwour ovouacio 1 oe yopoxtneiotixd mou oyetilovton ye
HATOAVIAWOT, XOUUGIUOU Xk 1) XWX ovopacio 2 o€ YapaxTneloTxd mou oyetilovTon Ue To
Whxoc Twv cuvdéouwy, totE Yio xdde oOvdeopo e € B, n twh Rl € Rt avunpocwrete
TNV xoTavdhwon xauotuou xau R2 € RT avuimpocwrelel o uhxog tou cuvdéopou. Enlong,

0 AmoUTOVPEVOS YEovoC PBadliopatoc unopel vo Yewpniel we éva ETTAEOV YOEUXTNEIGTIXO:

R3 if Layer(e)=1 (1 : passengers’ layer)
rRR=1° (1.23)

0 if Layer(e) # 1

Edv undpyouv mAnpogopieg yio éva TAdog yapaxtnolotxey k = 1,2, ...,m xdie cuvoé-
OUOU X0 0 YPNOTNG AoUBAvVEL AUTE ToL YoEAX TNELOTIXG UTOYY Yiar vor emhégel TNV BEATIOT
Oladpour| Tou, TOTE UTOEEL VoL UTOAOYLOTOUY Ol TEMXES TWES TWV YORUXTNEICTIXWY UTOVY
xatd TN OdvuoT ulag dadpourc p adpollovTag TIC EMUEEOUS TYWES TOU AVTIGTOLYOUY GTOUG

GUVOEGUOUG:

RE=) "REE=1,.,m (1.24)

ecp
To mAAlog TV EMTAEOV UETAPORIXOY PECWY TIOU Yenoulorotinxay yia Tr dladpour) p =
(el ...,e%, et . el), 6mou Or(e(“”“‘l)) = De(e"), unopel vo utohoyloTel Vewmpdvtog op-
Xxd 6T elvon (0o pe undév T'R = 0, xou audvovTtag tny T Tou xotd lo Lovéada yia xdie

l=1:h—1, yw 1o onolo Layer(et!) # Layer(el).

And g mpoowmixée npothoelc xdie yerotn unopel va e€oydolv ol meploplopol yia T
YOEOXTNELOTIXE. TwY SLodpoudy (Yo mapddetya xdmolog yerotne Unopel vo unv emtduyet
TEPLOOOTERES AMd BVO CANAYES UETAPORPIXMY PECWY Xa BLdvuoT cuvokixfic andotaone 30%
ueyohhTepne amd T pixpdtepn duvath). Ta avétepa emitpentd dpLa yia x&de teploplopd, bF,
UTopoLY Va yenotuonotnoly Yo Tov UToAoYoWd Tne cuvtoudtepnc dwdpourc, p* € P(r, f)

TIOU IXAVOTIOLEL GAOUC TOUC TERLOPLOUOUG:
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minimize Z(min{max{e(AT} — D(i);0}} + w(e, min{maz{e(AT) — D(i); 0}}))

ecp

subject to Z ng <bVE=1,..m-1
eEP«

TR < b™
(1.25)

[o Ty enfhuon tou nopandve TeoBiruatoc, tpocdoptloval apyixd oL xOuBol TEoEheuoNS
xdde ouvdéopou e € E o onolol ebvar ou Or(e). 'Etot, yio xdde x6pBo tou dixtbou
i € N 6ot oL GUVOECUOL TTIOU PPy oVTaL amd auTé Tov xoufBo anodnxedovial oe Evay
2-0dototo mivaxa ¢(i,7) = {g(i,1),9(7,2),...,9(:, V(i))} 6mouv o bpoc i € N dnhédve
ToV X6UB0o TPOEAEUOTC TOU GLVBEGUOU xou 0 deltepog 6poc j € 1,2, ...,V (i) unodnhmvel
v apliunon Twv cUVOECUWY Tou TRoépyovton amd Tov xouPBo 1. Kotd tn didvuon evig
CUVBEGHOL, Ol TWES TV YUPAXTNOICTIXGY TNE OLUdEOURE auEAvovTal GOUPWYA UE TIC THES
TWY YUPOXTNPLOTIXGY ToU cLVBEopou autol, RF(g(i, 7)) v xdde k = 1,2,...,m. Erionc
otav o yeotng Peloxeton TN yeovixy oTiyun to 6ToV x0uB0 TEOEAEUGTS EVOS GUVBEGHOU, O
amoutolpevoc yeovoe dtdvuonic tou eivon: min{max{g(i, j)(AT) — D(i);0}} + w(g(i,j) ,
min{maa{g(i, j)(AT) - D(i); 0}}.

[o T oLYHEVTEWOT GAWY TV TANEOPORLMY Uidg BladEOURC YenowonolobyTo AMoTteg. YTo
TpthTo Tedlo e Motag A 1 ZT — ZT, elvon amodnxeupévor o xouBol tne dradpouhc.
O apywde x6uPoc elvan 0 x6ufoc mpoéhevone tne petoxivinone, A(l) = r, xou ot und-
Aowror x6uPor A(1), A(2), A(3), ..., A(j) avumpoowrebouy ty nopeio g Swadpopric. To
deltepo medlo g Motac xdde dwdpouic D(A(5)) € R, etvar o anatolpevog ypdvog
uetaxivnong omd tov x6pPo A(1) otov xo6ufo (j) €dv oxohouvdndel avtrh n ddpoun. To
umdhoina medla e Motag: RCK(A(5)) € RY,k = 1,2,...,m, mepiéyouv Tic cuvolxée
TIWES TV LTOMOLTY YoeaxTNElo Tixdy tne dadpounc A(1), A(2), A(3), ..., A(j). To teleu-
todo medio e Motoc, TR(A(F)) elvon 0 aprdude tov ahaydy UETAPOPIXDY UECKY TTOU
amoutolvTon Yo T dtadpour) A(1), A(2), A(3), ..., A(j). Mia tumxh| Mota Swodpourc €xet
1 popwh {u, A(u), D(u), RC*(u), TR(u)} émou u € {1,2,3,...,4,...} eiva 0 aprdpéc mou
avunpoownevel T Aota, A(u) o telxde x6uBog g Sadpouric e Motag, D(u) o ypdvog
uetoxivnone anéd tov xéufo mpoéheuone r otov xopfBo A(u), RC*(u), k = 1,2,...,m 7
T xde YapaxTnELoTIX00 k 0TS 1) GUVOAIXY| XUTAVAAWGCT) XaWaluou, 1 arnéctact Padlo-

wortog %o, xou TR(u) o cuvolixdg aptdudg evolhoyric uetapopndy uéowy. T napdderyya,
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{1,7,t0,0,...,0} ebvor 1 Aiota pe v xwdxr ovouacia 1 mou avunpocwrelel T BladpouH
r — A(u) = r 6mov D(u) = ty, RC*(u) = 0,k = 1,2,....,m xou TR(u) = 0. Kotd
v avalATnor g BEATIOTNG BLadpoUAC AVATTUGCOVTOL XAVOVES TIOU UELOVOLY TwV aptiuo
Slodpouv Tou Aoufdvovton Loy edv umopel vo amodelytel 6Tl oplouéveg SLadpouéc B
umopel va odnyfoouv otr BérTiotn Abon. O mpdTtog xovdvos ETTEENEL T Olorypapy| wlog

AMoTag edv woylel ) oxdhoudr undieon,

Adppo Mia Mota {u2, A(u2), D(u2), RC*(u2), TR(u2)} dwrypdpeton edv undpyet i
& Mota {ul, A(ul), D(ul), RC*(ul), TR(ul)} yio Tnv omofa toyhouv xo to Téooepa

oaxohouda xpLThpLa

A(ul) = A(u2) 6 tehxde xopPoc Twv 800 dadpoudy eivar o Blog”

D(ul) < D(u2)

RC'(ul) < RC*(u2),Yi=1,...,m.

e TR(ul) < TR(u2)

[ v e€edpeon e PérTiotng Aong avarntiooetar €vog olyoprduog mou Eexwvd and Tov
x6uPo mpoéheuong xal dnuloupYel AMoTeg Sladpoumy U€ypel vo dnuiovpyhoel plor AMota Tou
TEPLEYEL TOV XOUP0 TRoOoEWoL TG Uetaxiviong yia et @opd. H apywr Aota eivon 1
{1, A(1), D(1), RC*(1), TR(1)} = {1,7,t0,0, ...,0} xou aviitpocwTeleL Tn diadpoyus| r — 7.
Eexwvovtog ond tov xéufo npoéhevone A(u) = r dnuoupyeiton pior véo Moto yio xdie e-
Eepydpevo alvdeopo g(A(u), j) émov j =1,..., V(A(u)), xau V(A(u)) ebvor 0 suvohinde apt-
Yude v e€epyduevey ouvdéouwy. Etot, yuaxdde j =1, ..., V(A(u)) dnuovpyeita pio véa
ANoto pe to &g medla (xwdixy) ovouacta Aotag, xoufog mpoopiouol j, ypdvog Sludpourc,

TWES TWY YOPUXTNRIO TIXWY TG dtadpounc, aptdude eVOAAAYDY UETOPOPIXOY UECWY).

Edv g(A(u), 1) elvou évac obvdeopog mou e&épyetan amd tov xoufo npoéhevone A(u) xau
0 xo6pPoc mpooplopol tou eivar o A(2) = De(g(A(u),1), 6t 0 Ypdvoc didvuong Tou
ouvdéopou eivar D(2) = D(u) + min{maz{g(A(u),1)(AT) — D(u); 0} }+

w(g(A(w), 1), min{maz{g(A(u), 1)(AT) — D(u); 0}}).

Enlone n twh xdde yopoxtneiotixol tng dladpopunc audveton oOUu@wvo Y TI THES TwV
Yoo TNEto Xy Tou ouvdéouou RCY(2) = RCY(u) + RY(g(A(u),1))Vy = 1,...,m. Katd
™ Sévuon tou cuvdéopou g(A(u), 1) dev undpyer evodhoyr yetopopxol uéoou, T'(2) = 0,
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xodid Ut ftay 1 e T petaxivion. Etot dnuovpyeiton 1 Sebtepn Mota {2, De(g(A(u), 1),
D(u) +min{maz{g(A(u), 1)(AT) — D(u); 0}} + w(g(A(u), 1),

min{maz{g(A(u),1)(AT)—D(u);0}}), RCY(u)+RY(g(A(u),1)),Vy = 1,...,m, T(A(u))}.
H it Sadiacio emovokouBdveton yior T onuoveyio plog Aotag yia xde évay and toug

ouvdéopoue j = 1,..., V(A(u)) pe xépPo npoéhevone tov A(u).

Metd and autd to Brua emhéyeton évoc véoc xopuPoc, A(j) # A(u) mou ixavomolel Tic
ouviixec D(j) < D(i),ViN Q = @ xou RCY(j) < WW,Vy =1,...,m xu TR(j) < b. Metd
TNV ETAOYT| TOU XOUBOU, TEAYHATOTOLOUVTAL OL EENC AVAVEWOELS TWOV: U — J xou Q) = Q +
{u}. H o ddiaoio enavorapBavetar yio xde eZepyduevo oOvieoUo and to vEo x6uBo
A(u) vyt Snuovpyio wag véag oepde and Aotec. Kde Aiota nov dnuiovpyeiton oe xdie
emaveAndn umopel vo darypapel dv uTtdpy el xdmota GAAN AloTa Ue TNV omola ixavoTolovvTaL
Ta T€0oEP XpLThplal Tou avanTUyOnxay topoamdve. H diaduacto teppatileton dtay emAeyel
Y10 IO T QOPd Evag XOUPOC U <— Jix yiot T Onuoupyia VEwY MoTéV Yia tov omolov A(u) = f,
omou f elvon o tehxdg mpooplopds. H cuvtoudtepn dladpour| mou xavorolel 6Aoug Toug

neptoptopole oupfoliletor and tn Mota {J«, f, D(j«), RCY(j«)Vy = 1, ...,m, TR(j«)}.

Avut n uédodog avalntnong cuyxhivel 6T0 OAXO BEATIGTO IXAVOTIOLOVTIC GAOUS TOUC TERLO-
plopole xou €yel utohoylotixd xéotog O(@J), 6mou ¢ eivor o apiuds v enavolhdeny
uéy et Tov TEpUaTIONS Tou ahyoplduou xou J elvon o aprdudc Twv MoTdY Tou SrutovpyHinxay.
Ot TWéC auTOY TV TUPAUETEMOV ECURTOVTOL amd TOUS oELILOUC TV XOUPBMY Xol GUVOECULY
07O BIXTULO, TOV aEWIUO TV EVUANIXTIXOY UECKY PETAUPORUS Xl TOUG TEQLOPLOUOUS ToU

GUVETEYOVTAL OO TIC TEOTWNOELS xdUe Y oT.

To nedlo avalntnong Acewy unopel vo TeploploTel TEPUTER Yol TOV TayUTERO UTOAOYIOUO
Noewyv. T'o to oxond autd npoteiveton plo pédodoc mou mpoonoadel vo unoloyioel pio
otadpour| 1 onola GUYXAIVEL 6T0 OAXS BEATIOTO xau IxovoTolel GAOUS TOUG TEPLOPLOUOUE GE
TRAYHATIXG YpOVO (woTho0, Ot unopel va emBefouwlel 1 olyxhion oto ohxd BéATIoTO pe

ambALTH axpifBELa).

Apywnd, yio xdde oOvdeopo e unoloyileton 1 uéon Tiun Tou Yedvou BLdvucHS Tou

W(e) = Ztﬂ;} (e.1) (1.26)

omou t ebvan ot Ypovinég G TIYHES TV UTIAEYEL Wial UETUBOAT GTO YEOVO BLEAVUCTC TV GUVOEGUMY.

‘Enetta ypnotponoteitor o ahydprduoc Dijkstra ye vnohoyiotind xéotoc O(N(E + NlogN))
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Y10 TOV UTOAOYIGHO TNG GUVTOUOTERTS Bladpoutc amd xdde xoufo i Tou dxtlou GToV (6o
tehxoU mpooplopol f. T Tov uTohoyloud Tng cuvtoudTepNC Bladpounc and xde xoufBo
i € N yenowornowolvton ot géoot ypbdvor didvuong ouvdéouwyv W(e) xou de haufBdvovto
UTOPY OL OMOUTOUUEVOL YEOVOL XTd TNV eVOANYY| HETOPORIX®Y Uéowy. O UTOAOYLoNOS
TWY GUVTOUOTEPWY Ypovey, H (i) yio tn petdBaon and xdde x6uBo i otov xoufo tehixod
TEOOPIGUOV TEAYHATOTOLELTAL OOTE VAL Ypnollonotdoly auTES oL TANPOPORIES Yid TOV TERLO-

PLIoUo NS Onutovpyia MoTMY.

Axoloudnvtag T pédodo dnuovpyiog MoT®V Tou avantiydnxe noupandvw, To €ipog avalrh-
TNoNe AICEWY UELOVETAL TEPATERL Xad¢ o xdde emavdindm dev emhéyetan 0 xouog Tou
améyeL MYOTERO Ypdvo amd tov x6pfo npoéhevone tne wetaxivione D(u) = minD(i),ViN
Q = @ 6mouv RCY(u) < b¥,Vy=1,...,m xou TR(u) < b, ahhd 0 x6uBog mou ixavomolel T
ouvpun {D(u) + H(A(u)) = min(D(i) + H(A(%)),ViN Q = @ vy RCY(u) < bY,Vy =
1,....,m TR(u) < b}, 6mou D(u) eivor 0 EAIYLOTOC TEAYUATIXOS YEOVOC TOU AUOUTETOL VLol
™ petoaxivnon and tov x6ufo npoéheuvons r atov Teéyov xouBo A(u) cuuncpiauBavouévey
XL TWV ATOLTOUPEVWY YEOVWY XOTA TNV EVOANXYT| UETAPORIX®OY pEcwy. Metd and évoy
oprdud enavakfpewy, emiéyeton o tehxds mpooplowds Yo Teod T Yopd A(jy) = f, émou
D(j.) + H(A(j)+)) < D(i) + H(A(#)),Vi N Q = @,RCY(j.) < bY,Vy = 1,...,m xa
TR(j«) <b.

Térte, 0 ypovoc H(A(j)«) = 0, 816t A(j)« elvon 0 x6ufoc telxol Tpoopionol tne Letoxiviong,
f. Etot, auth elvon pla mpdTn Slodpour| Tou QTAVEL GTOV TEAMXO TROOPIGUO XAl IXAVOTOLEL
6houg Toug meptoptooVc {Jx, f, D(jx), RCY (4. )Vy = 1,...,m, TR(j«)}. Aev eivou oiyoupo
€dv 1 Sladpour| auTH elvol Xt 1] CUVTOUOTERT), AAAS TO YEYOVOS OTL UTdEyEL Wio Slodpoun
mou amantel ypovo D(jx) yior vo TéoeL 0 yeRoTNG 0TOV TEMXO TPOOPLOUO ETLTEETEL T1) Olo-
YEopH OAWY TWV MOTWY TOL €Y0UY UEYOAITERO YpbVOo dLdvuong amd D(jy), xodoe o ypbvoc
O1dvuoTic Toug etvon HOT HEYAALTEPOC xou avopéveTon Vo augnidel xou dANo Yéypel var GTdcouy

oTOV %0UB0 TEAXOU TPOOELOUOU.

YN ouvéyela, o ahyopripog cuvey(let Tig emavolelg péypet vo emheyel pla GAAT Slodpour
mou @Tdvel 6Tov xOUPo Eooplouol A(jw) = f, 6mouv D(j.w) + H(A(Jw)) < D(3) +
H(A(1)),ViNQ = &, RCY(jix) < WW,Vy = 1,...;m xaw TR(ju) < b. Edv o ypdvoc
ddvuorc g elvon wixpdTEpOg amd to Ypebvo didvuone D(jx), tote Jewpeiton auth wg N

TEEYOLOU GUVTOUOTERT OLadEOUT Xou oL emavolfels ouveyilovtol Uéypl TOV UTOAOYIOUO

v 0éxa (10) Tpdtwy dtadpoumy Tou Zextvolv and Tov xOUB0 TEOEAEUOTC %ol YTEVOUY
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otov x6pfo mpooplouol. Ao autég emAéyeTal 1 cUVTOUOTEEY Bladpoun xo 0 ahyopLiuog
teppatiletoan. Adyw tou opiou Twv 10 dwdpoudy de umopel va eCoxplBnidel ye Befondtnta 1
oUYxMoT 6T0 OAxO BEATIOTO X oV To 6plo awtd auiniel auvédvetan eniong xan o Badudg
oxpifelac g el hoong. Enlong, n axplBeta twv npo-unohoyiouévmy yedvwy H (i) €xel
ONUOVTIXO POAO %oTd TN cOYXhion xodwe GV oL PETOL YPOVOL BLAVUCTC TwV CUVOECULY
€YOLY UXEY| ATOXAICT] ATO TOUC TEAYUATIXOUS YEOVOU OLAVUCHE TOUG XATd TN HeToxivnom
TOU YEHOTN UTOEEL Vo UTOAOYIGTEL 1) GUVTOUOTERT] BLAdEOUT| OVO PETE amd Evay TOAD ULxpo

aptdud enavarfewy.

Or 800 ahybpLioL EPuEUOCTNXOY VLol TNV ETLAOYT) TNS CUVTOUOTERNC BLadpOUTnC EVOC YeHOT
hopfBdvovtog uTOdLy TIC TEOCWTIXES TOU TROTINCELS OE uiol OELRd and TEOCOUOLWUEVA GU-

yxowwviaxd dixtua tou elyav and 100 €wg 3000 xéufoug.

Ytov mivaxa 1.8, mapouctdlovTal avaAUTIXG ATOTEAEGUATO 0TV TERITTWOT TOL O YEHOTNG
€yel plo povo npoowmixd emdupio (évac teploplopde). Xtn otiin 1 napéyoviar TAnpogopiec
yior Tov opilud TV xOuBwy, ot oTHAN 2 yia Tov aptdud TwV GUVBECUWY, 0T OTHAN 3 Yia
Y TuxvoTNTA Tou BTOou, o1 OTAAN 4 Yiot ToV AELiUs TV EVUAAIXTIXDY UETAPORIXODY
u€owyv, ot oThHAN 6 yioo Ta dve Oplol TWV TEPLOPLOUWY, OTr GTHAT 7 Ylol TO YeOVO NG
CUVTOUOTEENC OLBPOUNG oL TO XATE TOCO LXAVOTOLE(TAL O TEPLOPIOUOS, OTN OTHAN 8 Yo
TO UTOAOYLOTG %6GTOC Tou okyopitduou 1, otn oThAAN 9 yio Tov apriud TwV AOTGV Tou
onuoveyRinxay uéyel ™ olyxhion tou akyoplduou 1, ot othin 10 yia T0 UTOAOYLOTIXO
%x6070¢ TOU aAyopiduou 2, otn oThAn 11 yio Tov apriud TV AotV Tou dnuoveyRinxay
u€yetl T olyxhion tou alyopiduou 2 xou ot oTHAN 12 yio Ty axp{Belo Tou alyopliuou 2

1 omolo uoloyileTton we:

/

D—-D

A=(1- )100% (1.27)
omou D elvon 0 ypdvog Tng cLVTOPOTERNS BLadEOUAC amd ToV xOUB0 TEOEAELUSTC GTOV XOUPo
TpoopLapol xon D elvor 0 ypbévoc e xokhTepng dladpouric Tou UTOhoYIGTNXE e TOV oh-

yopriuo 2.

Ytov mivoxa 1.9, mapouctdlovTal To anoTEAECHATO ontd Uiot OELRE GAAWDY CLYXOWVMVLOXWY
OuTOeVY 6Tay Aopfdvovton LTdPY 4 TEOTWNCELS TOL YENoTN XuTd TN ueToxivoY| Tou. LTov
Voo, VTG TEOVCLALETOL UOVO 1) amdBoGY Tou 6eUTEEOL ahyoplduou xadde o TE®TOg

yeetaloTay TEPLOCOTERA amd 3 AETTY Yiot TNV ENLAUGCT] AxOUA Xl TOU THO oTAOU SXTLOU.



IIINAKAX 1.8: Troroyiotxd Koo, Apriupol Alotdv xou Badude oxelfeiac Aoewv

Randomised Network

Intersections/
Stations

100
200
600
1400
1600
1800
2600
500
300
400
2800
3000

Purpose-Built
Arcs

1000

2158
49811
13250
15420
17690
24980
25200
20434
23962
27312
29762

Ratio
Nodes/Edges

10.00%
9.27%
1.20%

10.57%

10.38%

10.18%

10.41%
1.98%
1.47%
1.67%

10.25%

10.08%

Number of

Modes

OO W WUl UL W W N

Number of

Constraints

el e

Constraint
Limit (units)

670
1540
430
1021.76
972.72
861.85
727.61
415.17
588.41
427.22
911.61
1052.8

Travel time (min)

and resource
consumption
(units)

54.78 / 488.23
139.72 / 1486
12.3 / 234.5
315 / 1011
342 / 963.5
369 / 850.4
358 / 716.1
36 / 405.1

19 / 567.3

27 / 421.11
334 / 906.3
315 / 1044.16

Algorithm 4.
Running
Time (sec)
0.717
11.844
7.22

> 200

> 200

> 200

> 200
86.12
0.1748
0.336

> 200

> 200

Complexity
Number of  Algorithm 4’.
Labels Running
Time (sec)
1294 0.0321
5511 0.0349
3014 0.1013
Out of bound 0.8512
Out of bound 0.4964
Out of bound 1.325
Out of bound 1.748
58241 0.1491
2981 0.071
3769 0.093
Out of bound 0.896
Out of bound 0.847

Number
of Labels

472
2412
1158
23225
15942
17526
16954

4223

392

612
9125
7032

Accu-
acy

97%
94%
100%
94%
92%
96%
97%
100%
100%
100%
93%
95%



IIINAKAY 1.9: Troloylotixé Kbotog tou aryoplduou 2 yio Ty neplntwon Tecodpwy TEQLOPLOUMY

Randomised Network Complexity
Intersections/ Purpose- Ratio Number of  Number of Limits of Travel Time (min) Algorithm 4’ Number of Accuracy
Station Built Arcs Nodes/Edges Modes Constraints Constraints (units) Run. Time (sec) Labels
100 1000 10.00% 2 4 15.6/135/19/1 79 0.0321 2113 100%
200 2009 9.95% 3 4 13.6/115/17/2 58 0.0812 8051 100%
1000 11000 9.25% 3 4 15.4/122.9/15/5 61 0.1932 9736 100%
1400 14000 10.57% 4 4 22.5/186/13/4 228 34.11 379125 91%
1600 16000 10.38% 4 4 31/285/25/2 181 7.048 135209 96%
1800 18000 10.18% 5 4 66/470/34/3 439 2.311 51611 92%
2600 26000 10.41% 5 4 200/1550/18/2 874 3.72 85236 95%
500 26000 1.98% 3 4 10.7/91/11/3 89 0.142 6948 100%
300 20400 1.47% 3 4 2/12.4/21/2 28 0.314 307 100%
400 24000 1.67% 4 4 6/39.6/23/3 49 0.307 811 100%
2800 28000 10.25% 6 4 89/540/14/4 412 21.49 192597 92%
3000 30000 10.08% 6 4 161/1040/28/3 617 4.07 51321 96%
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H npotevéuevn eqopuoy| xvnthc TNAEQWVING Yol TOV UTOAOYLOUS TNG CUVTOUOTERNS OLo-
dpounc Yo TN petaxivnom evog yenotn AouBdvovtoc unddy TIC TEOTNOES TOU UTOREL VoL
EyEL TPaXTXY) EQaEUOYT qV oTneLydel oToug ahyoEOUC TOL TUEOVCLAGTNHAY THPAUTAVE.
ITo cuyxexpwéva, o alyopriuog 1 cuvEXAve 6TO OMXO BEATIOTO OF BIXTUN UE €S %ol
600 xouPoug, 50,000 cuvdéopous xal €we xot 3 EVUANUXTIXG U€oo UeTagopds. (2oTdoo,
1 TOAUTAOXOTNTA TOU TEOBANUUTOC XoGTA U1 EQUPUOCIUY TN XENOT TOU OF TEUYHATIXO
XEOVO Yl TO TOAUTAOXA OiXTU UE TEPLOGOTEPOUS Teplopiools. Ta o Adyo autd umopet
va yenotporoindel o devtepog alydpriuog Tou omoiou o Paduoc axplfeiag uToloYLoUoD TG

ouvtoudtepne dadpophc xvidnxe petad 90-100%.

1.7 Yvurnepdopota

Yuvodillovtag ta mopamdve, 1 dlate3r cuudiel 6T BekTioTonolnoT TWV EEW-ERYAGLAXWY
UETOOUVACEWY XS X0 TV PETAPOPLXWY CUCTNUATWY ToU txavorowly TN {ATnorn yia
e€W-EPYACLUNES PETOXIVAOELS OLEPELVMVTAC TIC TROTIINOELS YENOTOV PECHL TNE AVAAUCTS TWV
UETOXUVACEWY TOUG GTO Y(MEO Xl To ¥edvo. Me autd tov TpéT0, atopxol yehoTeg unopoly
VoL ETMAEEOLY TOV TOTO, TO YEOVO XYoL TOL UETOPORIXE HECA YIaL TNV TEOYUUTOTOMNOY XOWVGDY
e€W-EPYACLAXDY BRUC TNRLOTATWY PETK EVOS UEYAAOU PACUATOS EVOANAXTIXWY ETUAOY MY TOU
oTOY0 €xEL TN BeATioToNolnoN TNE cUVOAXAS Toug Yenowotntag. O yprRoteg umopoly va
emhéZouy enione TNV xoAUTERT BLABPOUT XaL ToL GUVOLOG TIXE UEGAL YIoL TNV TEAYUATOTOMOT
e Oadpounc auThg péoa amd €va HEYAAO TAYDOC EVOANOXTIXGY Tou Be Yo YToy BUVITO
Ywelc TN Yenomn Eixd SLUOPPWUEVKDY LTOAOYIC TGOV alyopiluwy. Téhog, amodeucvieTon
TELQOUOTIXG TS %o 0 ToLo Pordud oL dNUsLES UETAPORES UTOPOLY VoL enw@eholy omd
TIC VEEC TTANPOYORIEC OYETING UE TIC EEW-EQYAUCLOXES OPACTNELOTNTES DOTE VAL AUEHCOUY TNV
OVTOY WVIC TIXOTNTOL TWV UTNEECIOY TOUC TROE TOUC YENOTEC TpocopUdlovTag To yeovodla-
YEUUUAUTE TOUG OE OYEBOY TMEAYUUTIXO YEOVo Ue TN (ATNOT eE0-EQYACLOXDY UETUXIVACENDY
ywelc va utofaduilouy TN TOLOTNTA UTNEECLMY VLol TO EUPL XOWO. 1TO UENNOY, TEPUTERW
€peuva unopel va Bedtidoet ae oxoua peyolltepo Podud to x6oT0¢ Tpaypatotonong e€m-
EQYUCLAXWY OPUC TNPLOTATWY TROTEVOVTAS KO UECU UETAPORAS GTOUG TUREUPLOXOUEVOUS

uéow car sharing.



Introduction

The objective of this thesis is the development of a comprehensive system for the
optimization of joint trips that are related with leisure (non-work) activities. Trip
attractor locations which are not related to work activities can be responsible for more
than 60% of trips at an urban environment. Non-work travel patterns do not enjoy the
re-current nature of travel patterns related to work activities such as trips from/to work,

school etc. The three main differences of non-work related trips are:

e The location of non-work activities can differ on a daily basis (it is not static like

the location of the working or studying place)

e The starting time of the activity can differ (it is not stable such as the starting

time of work, school etc.)

e The alternative transfer options to and from the activity are not well-known to the
users (users are more aware of their transfer alternatives when it comes to transfers

from/to work-related activities since those activities are re-current)

Given that a significant number of transfers is related to leisure activities, the optimization
of the (1) location selection, (2) starting activity time, (3) transport mode selection and
(4) route selection are of paramount importance for both the commuters’ travel cost
and the transport network performance. In addition, the prediction of non-recurrent
activities in time and space can be a key enabler for the tactical and dynamic planning of
transport networks. This is especially important since the volume and the non-recurrent
nature of such activities lead to significant travel demand variations compared to the

more stable, work-related activities.

54
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The complexity of the optimization of leisure activities is an effect of the strong spatio-
temporal variation of such activities; something, that requires continuous analysis of user-
generated data related to commuters’ trips instead of the use of more static approaches
such as revealed preference surveys. For this reason, the development of comprehensive
analytic tools for data mining and analysis of continuously updated user-generated data
from social media and smartphones is required. The scope of data collection from private
users is strictly the identification of commuters’ transfers in space (origins/destinations)

and time with the utilization of GPS-enabled smartphones and other smart devices.

One more issue is the process of large amounts of heterogeneous user-generated data and
the quasi real-time optimization requirement regarding the selection of the leisure activity
location, starting time of the activity, transportation modes and associated routes. This
challenge requires the development of hybrid models and heuristic search methods for
performing the optimization tasks with high accuracy and low computational costs.
Finally, the user preferences of each commuter perplexes further the aforementioned
problem requiring the inclusion of the perceived utility of each commuter to the analysis

of the problem.

In the context of this thesis, the above issues are analyzed by focusing on:

e The research of optimizing mobility transfers related to joint leisure activities, the

parameterization of this problem and the analysis of its characteristics

e The research of the mobility transfer options of commuters with the use of continu-

ously updated user-generated data

e The development of algorithms for the selection of an optimal leisure activity
starting time and location together with the selection of transport modes and

routes for the associated mobility transfers

e The implementation of the developed solution methods at urban networks and
the prediction of non re-current activities for the dynamic planning of public

transportation

Those inter-dependent research activities are published in several peer-reviewed trans-
portation journals with the aim of developing one comprehensive system for analyzing

mobility transfers with significant spatio-temporal variations and optimizing (i) the travel
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costs related to commuters; (ii) the performance of the transport network; and (iii) the

ridership levels of public transportation with demand-responsive dispatching.

Featured Publications

Parts of this thesis’ chapters are related to the featured publications:

e Publication 1: A comprehensive literature review is provided and the unresolved

issues that are analyzed in this thesis are underlined.

e Publication 2: Models are developed for capturing commuters’ transfer decisions
based on user-generated data from Social Media. The input of those models is the
location of the user and the associated timestamp of that location (GPS trace).
The same input can be provided from Automated Fare Collection (AFC) data from

public transport systems.

e Publication 3: Hybrid algorithms of high accuracy are developed for optimizing the
selection of location and starting time of joint leisure activities with computational

complexity that allows quasi real-time applications.

e Publication 4: The problem of dynamic re-planing of public transport schedules
(especially bus operations) for increasing the ridership related to non-recurrent
activities with significant spatio-temporal variations is modeled and optimized with

the introduction of evolutionary optimization techniques.

e Publication 5: Resource-constraint path selection algorithms are developed for
optimizing the journeys of users’ who are willing to travel from one point of the
network to another with the use of one or multiple modes while also satisfying their

preferences.

List of Featured Journal Publications

1. K. Gkiotsalitis, A. Stathopoulos (2015): ”Optimizing Leisure Travel: Is BigData
Ready to Improve the Joint Leisure Activities Efficiency?”, vol.38 of the series
Engineering and Applied Sciences Optimization, Springer International Publishing,

53-71.
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2. K. Gkiotsalitis, A. Stathopoulos (2015): ”A utility-maximization model for re-
trieving users’ willingness to travel for participating in activities from big-data”,

Transportation Research Part C: Emerging Technologies, 58, 265-277.

3. K. Gkiotsalitis, A. Stathopoulos (2016): ”Joint leisure travel optimization with
user-generated data via perceived utility maximization”, Transportation Research

Part C: Emerging Technologies, 68, 532-548.

4. K. Gkiotsalitis, A. Stathopoulos (2016): ”Demand-Responsive Public Transporta-
tion Re-scheduling for adjusting to the Joint Leisure Activity Demand”, Interna-
tional Journal of Transportation Science and Technology (IJTST), Elsevier, vol. 5,

issue 2, 68-82.

5. K. Gkiotsalitis, A. Stathopoulos (2015): ” A mobile application for real-time multi-
modal routing under a set of users’ preferences”, Journal of Intelligent Transporta-

tion Systems 19 (2), 149-166.



Chapter 2

Background Theory and
Methodology

2.1 Literature Review

2.1.1 Introduction to non-recurrent activities

Today’s metropolis with complex transport networks and numerous places for leisure
activities pose great challenges to individuals who are willing to organize and participate
in joint activities with non-recurrent nature (i.e., not work/school related activities).
In this study, we consider as joint leisure activities all activities conducted out-of-work

involving the participation of two or more travelers.

TfL [2] posed that 29.2% of all daily trips are related to leisure activities, while 28% are
conducted for shopping and personal business and 10.7% for other activities including
escort. Similar results were observed on the New York Regional Travel survey RTS
[1]. Given the surveys’ insights, it is evident that almost 70% of all conducted trips
(typical weekday trips = 2.51 x number of inhabitants in the city of London) have a
non-recurrent nature and can be potentially shifted to the category of leisure joint trips.
The aforementioned action is expected to promote the interpersonal relations among
individuals via increasing the number of physical meetings and improving the planning

efficiency of out-of-work activities.
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Fixed trips with recurrent characteristics (i.e., trips to work/school) can be recorded more
easily enabling the central transport authority to act on smoothing congestion and the
individual agent to act on reducing his/her travel costs via changing the transport/working
schedules or shifting the departure times respectively. In contrary, leisure trips have a
non-recurrent nature which complicates the implementation of control actions for the

relief of congestion.

In the case of recurrent trips, travelers observe the repeated congestion patterns since they
keep experiencing them on a daily basis while traveling over similar origin/destination
points. Therefore, they have enough information for adapting their schedules in order
to reduce their waiting times. For instance, travelers are well-informed regarding the
traffic conditions for trips to/from work due to their prior experience on traversing the
same path on a daily basis, while they are less aware of the feasible set of trip-selection
options when planning their out-of-work or other non-recurrent trips. Consequently, the

lack of information yields three main inefficiencies:

e Fluctuation of Travel Demand: Out-of-work trips cannot be easily predicted from

the transport network operator due to the significant day-to-day variation

e Interpersonal Activities Loss: Not aware of the daily schedules of other individuals,
one examined agent is either not able to schedule a joint leisure activity or schedules

an inefficient one with high opportunity cost and limited participants

e Trip Selection Inefficiency: Individuals enumerate a number of possible trips
and select a most-preferred option via simple permutation or perceived utility-

maximization without being perfectly informed during the decision-making process

To that point, it should be stated that the individual-level planning of trips in metropolitan
areas cannot be perceived as fully inefficient since it is based on a perceived utility-
maximization approach; however, the lack of perfect information on the decision-making
phase affects the efficiency of trip selection. Failure to construct a utility function which
corresponds to the real-world conditions leads to the maximization of an ill-defined

problem.

The utility function is perceived correctly if the individual is well-informed during the

trip-selection via holding information over three separate dimensions (refer to Fig.2.1):
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e The current traffic on the road network and delays on public transport services

e The exact location of all places of interest for leisure activities in the examined

metropolis (i.e., location of bars, restaurants, cinemas)

e The daily schedules and the preferences of all friends and acquaintances of an
individual with whom a joint leisure activity can be organized (the degrees of

freedom might differ depending on the social network of the examined individual)

N
N

Road Network
Traffic

Location of Places
of Interest

Public Transport
Delays

Trip selection

Algorithm
(J
Daily Activity Schedules
User of Friends and Acquaintances

FIGURE 2.1: The three dimensions of Information Flow for Trip selection at the
individual level

Several attempts have been made to define special laws for modeling the movement
of people (refer to Gonzalez et al. [58]). However, the lack of information at the trip-
selection phase hinders the maximization of utility. At this stage, the utilization of new
information streams can be seen as a valuable resource for improving the awareness over
the three dimensions of the decision-making process. In an example of improving a service
via raising the level of information dissemination, early research based on bus riders
demonstrated various positive effects such as increased ridership and traveler satisfaction
attributed to enhanced information availability. That showed that easy access to relevant
travel information is a decisive factor for the success and adoption of public transport

systems (refer to Ferris et al. [50]).
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Given the above, the state-of-the-art in the area of non-recurrent trips is examined
with the aim of improving the mobility efficiency related to such activities with the
use of insights from user-generated data. Attention is given to studies on utilizing
near real-time user-generated data (i.e., data from smartphones, smartcards, PDAs) for
tackling transportation problems. The aim is to formulate the problem of optimizing
leisure travel considering the provision of user-generated data, present the direction of
the state-of-the-art, understand why user-generated data has not been used for increasing
the volume and the efficiency of joint leisure activities and propose actions to move

towards this direction.

2.1.2 Utilizing Cellular Data in Transportation Problems

Cellular data is the form of user-generated data which have been studied the most for
predicting individuals’ mobility patterns even if the positioning via cell towers is not as
accurate as the GPS positioning. Regardless the posed challenges, cellular data have been
utilized to improve the understanding of human mobility and develop individual-level
models for capturing the mobility and activity habits of individuals. Since cellular
networks need to know the approximate location of all active phones to provide them
voice and data services, location information from Call Detail Records (CDRs) can be

used for characterizing the mobility patterns of hundreds of thousands of people.

The most common individual-level models for predicting the mobility of individuals -which
are not based solely on spatio-temporal travel pattern recognition- are the activity-based
models (refer to Axhausen and Gérling [10], Arentze and Timmermans [7], Pendyala
et al. [95], Lin et al. [77]). Those models are the basis for forecasting individuals’ daily
trip schedules from cellular data and perceive each trip as a mean to participate at

pre-scheduled activities.

In the literature, Musolesi and Mascolo [86] utilized Cellular data logs for correlating the
mobility patterns of an individual with the mobility patterns of his friends and acquain-
tances. The underpinning theory of the correlation process includes the assumption that
users’ travel patterns do not depend on time and space, but also on the travel patterns
of other individuals inside their social network. The findings of the research showed that
the mobility patterns of one examined agent can be predicted more accurately when

the mobility patterns of his/her social network are considered as explanatory variables.



62

De Domenico et al. [40] worked also on the same direction using data from the Nokia
Mobile Data Challenge dataset. The work of Musolesi and Mascolo [86] can provide
some evidence on the theoretical concepts developed by Carrasco et al. [29], Arentze and
Timmermans [6] and Chen et al. [37] on predicting agents’ mobility based on their social
networks. Those theoretical concepts place the traveler at the center of decision-making
(ego-centric approaches) and offer a new framework for microsimulation where harvesting

large-scale user-generated data is expected to facilitate the implementation phase.

In addition, Calabrese et al. [28], Calabrese et al. [26], Becker et al. [13] and Gonzalez
et al. [58] utilized cellular data for predicting the mobility patterns of individuals in
urban scenarios over time and space. Those studies, including studies of White and Wells
[119], Zhang et al. [124], Pan et al. [93] and Djuknic and Richton [43], attempted to
exploit the emergence of the mobile positioning technology and the market penetration
of mobile phones by developing methods for estimating the OD matrices in study areas.
In the same way, Sohn and Kim [109] used the cellular communication system and cell

phone towers to transfer information and estimate OD matrices.

In a practical example, in the work of Calabrese et al. [28], an algorithm for estimating
a population’s travel demand in terms of ODs from aggregating the trips of individual
mobile phone users in the Boston Metropolitan area was developed. During the validation,
it was shown also that the estimated OD flows were close to the US Census estimates.
Calabrese et al. [27] proceeded further on comparing the mobile-phone-based mobility
traces against data from odometer readings from the annual safety inspections in the
Boston Metropolitan area to check the validity of mobile phone data in characterizing
individual mobility and to identify the differences between individual mobility and

vehicular mobility.

The limits of predictability in human dynamics by analyzing mobility patterns of mobile
phone users were also analyzed and evaluated by Song et al. [111]. More recently, Dong
et al. [44] and Wu et al. [123] proposed a methodology for using mobile phone data
to analyze the mechanism of trip generation, trip attraction and the OD information
with a pilot study in Beijing via using the K-means clustering algorithm to divide the
traffic zones. In addition, Ohasi et al. [91] worked on a method for separating trips
(capturing the starting and ending points of a trip) on the basis of GPS data collected

by smartphones after considering that even when the subject stays into a place, the
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collected GPS coordinates are not always exactly the same according to the surrounding
environment (precision is 81% and recall rate is 62%). Apart from detecting departure
and arrival times, methods for classifying automatically modes of transportation on the

basis of smartphone GPS data were also proposed by Ohashi et al. [90].

Finally, in another set of studies from Hui et al. [64] and Chaintreau et al. [32], Bluetooth
devices were distributed to people to collect mobility data and study the characteristics

of co-location patterns among people.

To summarize, works on utilizing cellular data in transportation have been focused on

different areas:

Estimating the OD matrix in a study area

Exploring the mobility patterns of one individual based on the mobility patterns of

his/her social network

Extracting the current mode of transportation

Extracting the starting and ending time of a trip

However, there are no works in the area of activity-participation analysis which can
facilitate the development of new applications for suggesting common activities to users
with social ties based on their willingness to participate simultaneously in similar activities

being held in nearby locations.

2.1.3 User-generated data from Social Media and its applications in

transportation

The research on data from social networks on understanding users’ mobility is in its
early stages. The first studies focused on the power of micro-blogging on offering near
real-time insights on crisis events when all other means of communication have failed.
Routinely, the importance and the volume of the crisis event is captured through the
magnitude of micro-blogging messages and their content information. A study from
Ukkusuri et al. [116] explored crisis informatics using Twitter data after the Oklahoma
Moore tornado demonstrating the potential of social media data on extracting relevant

information during natural disasters.
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In a similar fashion, social media data from social networks like Facebook, Twitter,
Foursquare and the image sharing service, Flickr, have already been used in research
works describing crisis or natural disasters such as Virginia Tech shooting (Vieweg et al.
[118]), Southern California wildfires (Hughes et al. [63]), major Earthquakes in China
(Qu et al. [99], Qu et al. [98]), Red River floods and Oklahoma grassfires (Vieweg et al.
[117]).

In another set of works, Pereira et al. [96] utilized the Internet as resource to capture the
crowd levels during planned special events. In general, local events are not tracked from
transport authorities since manual, labor-intensive tracking is needed. Pereira et al. [96]
utilized the Internet as a resource for contextual information about special events and
developed a model that predicts public transport arrivals in event areas. The results were
demonstrated with a case study from the city-state of Singapore using public transport
tap-in/tap-out data coupled with local event information obtained from the Internet

after performing primitive data fusion.

In another work, Gkiotsalitis and Alexandrou [56] focused on developing and testing
analytic techniques for fusing user-generated data from Social Media and smartcards
in order to capture the mobility patterns in urban areas. Automated methods for
retrieving users’ mobility patterns from historic, user-generated data logs, comparing
user’ profiles based on the similarity of their observed mobility patterns and categorizing
users in clusters were developed. During the testing phase, user-generated data from
London Smart Card and Social Media users were utilized to cluster users based on their
mobility-activity pattern similarities. Results showed that it is possible to integrate data
logs from multiple sources to capture the main mobility-activity patterns observed in an
area. However the topic of joint participation in non-recurrent activities has not been

addressed until now.

Social media have also been used for capturing the activity types performed by users
at different locations via advanced spatio-temporal analysis and educated rules (refer
to Gkiotsalitis et al. [55]). In the same work, techniques for estimating individuals’
daily schedules and the sequence of activities were developed. Alesiani et al. [5] focused
also on the same topic introducing a probabilistic model for modeling individuals’ daily
schedules based on input data from several sources (i.e., Social Media, Cellular Data).

Along the same lines, new techniques to detect urban mobility patterns and anomalies by
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analyzing trajectories mined from publicly available geo-positioned tweets were presented

by Gabrielli et al. [54].

A set of recent methods for capturing the geographic user activity patterns based on
Foursquare have also been developed in the works of Noulas et al. [89], Noulas et al. [88],

Hawelka et al. [62] and Hasan et al. [60].

Summarizing, social media data which is individualistic in nature has been utilized for:

e Capturing the volume and the effects of crisis events

e Estimating individuals’ mobility patterns and correlating them based on observed

patterns from other datasets
e Retrieving activity types of users

e Capturing the arrival times and the expected demand at local events

2.1.4 User-generated data from Smart Cards

With the deployment of automatic fare collection systems, large-scale data becomes
available for real-world transport usage (Pelletier et al. [94]). As more and more sensors
have been integrated into public transport infrastructures, large-scale transport data is
produced at high rates (Wilson et al. [120]). Nonetheless, studies of estimating individual
travel patterns with smartcard data are sparse in public transport research compared to

studies on cellular data and social media.

In the past, research has mainly focused on aggregate demand forecast (Chatterjee and
Venigalla [34]). Based on a gravity model, Smith et al. [108] showed that some of the
variation in mobility flows is influenced by distance and population of local residents
via analyzing smartcard data, while Ceapa et al. [31] analyzed time series of AFC data
to identify events of overcrowding at public transport stations. Morency et al. [84] and

Jang [68] also measured the transit use variability with smart-card data.

The potential of smart card data for travel behavior analysis in Britain was studied by
Bagchi and White [11] where the pensioner concessionary pass in Southport, Merseyside,
and the commercially operated scheme in Bradford were examined. There was stated

that the nature of smart card data puts an emphasis on concept definition and rule-based
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processing; but limitations were also recognized such as the trip lengths which are not
recorded on systems. The latter implicates also the efforts on performing individual-level

analysis and predicting individuals’ daily travel schedules.

Zhong et al. [125] addressed the above-mentioned issue by measuring the variability of
mobility patterns after analyzing a full-week smart-card dataset from Singapore. In
spite the limited study period, it was possible to demonstrate that the number of trips
and mobility patterns vary from day to day but the overall spatial structure of urban
movements remained the same throughout the week. However, this finding cannot be

generalized due to the limited period of the analysis (only one week).

Foell et al. [51] utilized travel card data from a large population of bus riders from Lisbon,
Portugal. The main intention of the work was to predict the future bus stops accessed
by individual drivers and it was demonstrated that accurate predictions can be delivered
by combining knowledge from personal ride histories and the mobility patterns of other
riders. In another work, Ivanchev et al. [66] utilized smart card data from a bus line in

Singapore for developing a modeling platform for testing bus transportation.

Several research works such as Li et al. [72] and Munizaga and Palma [85] had a special
focus on collecting spatial travel information provided by AFC systems for estimating
Origin-Destination Matrices from smart card data; whereas, Chakirov and Erath [33]
focused also on the high-level analysis of travel behavior in Singapore with the use of

one-day EZ-link data.

Finally, as discussed before, in the work of Gkiotsalitis and Alexandrou [56] a more
individual-based approach was considered for identifying users’ mobility patterns from
historic smart card data logs. For that case study, data from 200 Oyster card users in

London were utilized.

It is evident that smartcard data offers less qualitative information compared to social
media or cellular data generating problems on predicting the daily schedules and the

social networks of individuals since it represents only public transport mode passengers.
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2.1.5 Use of GPS traces from personal navigators and smartphones in

transportation

Recent research studies have also focused on the utilization of user-generated global
positioning system traces generated from personal navigators and smartphones in the
transportation domain. For instance, applications request from the user of a GPS-enabled
device to record his/her geo-location of any record travel/sports experience, and then
upload, visualize and browse their GPS data on a Web map (specific implementations at
Krumm and Horvitz [71], Liao et al. [75], Liao et al. [76]). Further, users are enabled to
exchange life experiences by sharing GPS logs in the Web community. Wu et al. [122]
attempted to estimate the activity patterns of smartphone users based on GPS tracking
data. They developed a method for classifying ”indoor”, ”outdoor static”, ”outdoor
walking”, and ”in-vehicle” status. Similarly, Hato [61] developed a special device, called
a behavioral context addressable logger (BCALs), for collecting various kinds of data
such as GPS coordinates, acceleration, atmospheric pressure, angular velocity, UV index,
direction, and loudness. BCALSs can distinguish situations in which smartphone users

are classified as "walking”, "up/down-staircase”, ”bicycling”, and ”in-store”.

There are also studies on trip-separation methods (mainly by utilizing a series of user-
generated GPS-traces from GPS-enabled devices for capturing the starting and ending
time of a trip) from Li et al. [74], Bohte et al. [20], Chen et al. [35], Li et al. [73]. For
instance, Li et al. [74] utilized users’ location histories from their GPS-enabled devices
for implying their interests and deriving the level of similarity among users based on their
geo-location histories. Among those studies, only Witayangkurn et al. [121] reported
an evaluation of a trip-separation method. The basic idea forming the basis of their
method is to find the so-called ”stay points”. They regard consecutive GPS coordinates
as stay points if they satisfy the following two conditions: (i) they fall within a circle with
diameter of 196 meters; and (ii) the time difference between the first and last stay points
is more than 14 minutes. The key idea behind this stay-point detection is the elimination
of outliers that can cause mis-detection. This trip-separation method achieved precision

of 92.4% and recall rate of 90.5%.

Given the above, one can conclude that geo-location data from smartphones or personal

navigators have been mainly utilized for:
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TABLE 2.1: Potential of user-generated data on providing information for joint leisure
activity planning

Cellular | Social Smart Card | GPS Posi-
Media tioning

Real-time traffic No Yes Yes Yes
Real-time public transporta- | No Yes Yes Yes
tion arrival times at stops
Location of Places of Interest | Yes (with | Yes No Yes

low accu-

racy)
Daily Schedules of agent’s So- | No Yes No Yes
cial Network

— Estimating OD matrices
— Capturing the type of utilized transportation
— Activity-pattern estimation

— Separation of trips

2.1.6 Discussion on Background Theory

Studying the background theory was an attempt to investigate how different forms of
user-generated data (cellular, social media, smart card and personal navigator data) have
been utilized so far. The objective was to examine if the data sources and the developed
techniques have some potential on increasing the efficiency of joint leisure activities in

today’s metropolis.

In a first attempt to summarize the results, Table 2.2 provides aggregated information
on the utilization of user-generated data from different sources according to the state-of-

the-art studies.

During the exploration of non-recurrent activities, three information dimensions were
considered for assuming that an individual is perfectly informed for making an optimal
decision on selecting a leisure joint activity. In Table 2.1, it is shown which kind of
information is expected to be retrieved from different sources of user-generated data.
From Tables 2.1, 2.2 one can observe that although the full information for forming a
decision-making objective function is obtainable, research works have not been focused

on that direction.




TABLE 2.2: Aggregated information on the utilization of user-generated data from different sources according to the state-of-the-art studies

Cellular Social Media Smart Card ~ GPS  Posi-
tioning

Estimating OD matrices Yes No Yes No
Extracting the utilized mode of Yes No Yes No
transportation
Capturing the Trip Separation No No Yes Yes
Real-time Traffic estimation Yes No No Yes
Estimating the daily schedule of No Yes No No
agent’s social network
Crisis Events Analysis No Yes No No
Capturing Individuals’ Mobility Yes Yes No No
Patterns
Retrieving the performed activities Yes Yes No No
by users
Forecasting the expected demand at No Yes No No
local events
Separating Trips Yes No No Yes

Activity-pattern estimation Yes Yes Yes Yes
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Due to the above, the importance of developing new models for tapping the potential
of user-generated data for improving the efficiency of joint leisure activity planning is

highlighted. New models and techniques are recommended to focus on the following:

— Data processing tools
— Algorithmic tools for data aggregation and fusion

— Processing tools that can calculate the optimal point(s) of the utility function and

return an optimal joint leisure activity to the traveler

Proceeding towards this direction, the aim is to influence the ~70% of out-of-work trips
in metropolitan areas for improving the trip planning and operations; thus, yielding

significant gains for both the individual traveler and the central transport authorities.

2.2 Data Processing and Methodology

2.2.1 Discussion on Methodology

For improving the joint leisure activity trips in metropolitan areas, a set of different
problems are considered that focus on the (1) location selection, (2) starting activity
time, (3) transport mode selection and (4) route selection. The scope of this multi-stage
approach is the reduction of the commuters’ travel costs and the improvement of the

transport network performance.

This multi-stage approach is detailed in the following chapters of this thesis when different
methodological strategies are introduced. However, a brief overview of the introduced
methodologies is provided in this section for offering a general guide for this thesis. This
section presents the introduced methodologies at a higher level and justifies the content
and the structure of the following chapters of this thesis that attempt to provide a holistic

system for the optimization of joint leisure trips.

The basic pillars of this thesis are the methodologies related to (a) capturing users’
willingness to travel certain distances for participating at different types of activities
based on user-generated data; (b) optimizing the location and time of joint leisure

activities; (c¢) adapting the public transportation timetables to the joint leisure activity
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demand and, finally, (d) planning multi-modal journeys for the joint leisure activity
participants based on personalized preferences. Those methodologies are summarized in

Fig.2.2 and each of the (a-d) topics are analyzed in the thesis chapters 3-6.

Literature Review

¥

Methodology

Methodology for capturing
users’ willingness to travel
certain distances for
participating at different
types of activities

!

Methodology for Optimizing
the Location and Time of
Joint Leisure Activities

!

Methodology for adapting
the Public Transportation
schedules to the Joint
Leisure Activity Demand

!

Methodology for the Multi-
Modal Journey Planning of
Joint Leisure Activity Trips

Utilization of User-generated data for Mobility
purposes from:

Cellular Data

Social Media

Smart-Cards

GPS-enabled devices (i.e., personal navigators,
smartphones)

Analyze historical user-generated data and
derive a daily pattern recognition model
Associate re-visited locations with users’
activities

Develop a Utility-Maximization model for
capturing users’ willingness to travel

Cluster a sample of 65 Twitter users from
London based on the similarities of their Utility-
Maximization models

Introduce a Stochastic Annealing search
method for solving the joint leisure activity
optimization problem

Validation of the Stochastic Annealing Search
with 14-month user-generated social media
data from 75 users and comparison against
state-of-the-art Hill Climbing or Genetic
Algorithms

Introduce a nonlinear, discrete optimization
Model for Adapting the Arrival Times of Public
Transport Modes to Joint Leisure Activities
Develop a Sequential Evolutionary Algorithm for
adjusting the Public Transport Arrival Times in a
demand-responsive manner

Demonstrate the potential passenger waiting
time improvement in a case study of two bi-
directional bus lines at Stockholm, Sweden

Model the multi-modal journey planning
problem considering users’ preferences
Introduce a label-setting algorithm and a label-
pruning method for computing multi-modal
optimal paths for joint leisure activities
Validate the computing cost and the accuracy
of the algorithm on finding the optimal path in
simulated networks of up to 2,800 nodes

FIGURE 2.2: Methodology of the Thesis

At first, the utilization of user-generated data for mobility purposes is analyzed at the

literature review section considering user-generated datasets from Cellular Data, Social
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Media, Smart-Cards and GPS-enabled devices (i.e., personal navigators, smartphones).

In Chapter 3, methodologies are introduced for utilizing user-generated data in order to
capture users’ willingness to travel certain distances for participating at different types
of activities. One of the introduced methods is a daily pattern recognition model that
analyzes historical user-generated data and derives the daily mobility-activity patterns
of individual users. For achieving this, a secondary model is introduced for associating
re-visited locations with users’ activities. Finally, individualistic utility-maximization
models are introduced that capture users’ willingness to travel certain distances for
participating at joint leisure activities based on their historical user-generated data.
Those models are validated with the use of a sample of 65 Twitter users from London
who shared their geo-location information while tweeting over a period of fourteen

months.

In Chapter 4 the models that return the willingness of each single user to travel certain
distances for participating at different types of joint leisure activities given the time
of the day are utilized for optimizing the location and time of joint leisure activities.
Given the complexity of such optimization at a metropolitan area with hundreds of
alternative places of interest, a problem-specific stochastic annealing heuristic search is
introduced and it is implemented in an expanded set of 75 users from London while a
set of comparison tests against state-of-the-art Hill Climbing or Genetic Algorithms is

performed.

After determining the optimal location and time of joint leisure activities, the effect on
public transport services is analyzed. Attention is given to demand-responsive public
transport services that can change their timetables, and more precisely the departure
times of their trips, for adjusting to the joint leisure activity demand without deteriorating
the level of service or increasing the total operational costs. This problem is modeled in
Chapter 5 leading to a non-convex, discrete optimization problem subject to a number of
operational constraints that is computationally intractable. For this reason, a sequential
evolutionary algorithm is introduced and the departure times of the public transport
services are adjusted to the joint leisure activities’ locations and times in a heuristic
manner. The potential improvement of joint leisure activity passengers’ waiting times is

showcased in a case study of two bi-directional bus lines in central Stockholm, Sweden.
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Finally, the planning of multi-modal trips for the joint leisure activity participants
based on personalized preferences is modeled in Chapter 6 with the use different layers
that represent different modes of transport that potentially merge at interchange stops.
Given the complexity of the multi-modal shortest path problem under users’ preferences,
the problem formulation transforms users’ preferences to optimization constraints with
associated threshold values for monitoring the constraints’ satisfaction and a label-setting
method is introduced. The label-setting method performs a shortest path heuristic search
by exploring the combination of different modes of transportation; however, this method
fails to scale in vast networks. Therefore, a label-pruning method is introduced that
works together with the label-setting method for searching more efficiently the solution
space. To validate the computing cost and the accuracy of this methodology, optimal
multi-modal paths of users were computed on vast simulated networks of up to 2,800

nodes and 30,000 links that emulate potential networks of metropolitan areas.

2.2.2 Data Requirements and Data Processing

After presenting the methodologies that are described in detail in Chapters 3-6, the data
requirements for applying those methodologies are analyzed. The main objectives are to

indicate:

e which are the minimal data requirements for optimizing joint leisure activities and

implementing the methodologies described in Chapters 3-6
e which are the potential data sources (including all alternative options)
e which data sources are used in this thesis and why those data sources are selected
e which were the obstacles on selecting the appropriate data

e how this data has been processed and what is the structure of the utilized datasets

The data requirements for optimizing joint leisure activities and implementing the

methodologies described in Chapters 3-6 are presented in Table 2.3.

In addition, the data sources (and the potential alternative options) that can provide
the required data for implementing the methodologies described in Chapters 3-6 in a

metropolitan area are presented in Table 2.4.



TABLE 2.3: Data Requirements for a Holistic Use-Case Application

Capturing users’ willingness to travel cer-
tain distances for participating at different
types of activities

Historical User-generated Data of all persons in
a study area (i.e., a city) containing their geo-
location traces and the activities performed at
each location

Optimizing the Location and Time of Joint
Leisure Activities

Historical User-generated Data of all persons in a
study area including information about their social
networks (i.e., the list of friends and acquaintances
of each user with whom he/she is probable to
participate at joint leisure activities)

Adapting the departure times of Public
Transportation services to the Joint Leisure
Activity Demand

Real Time GTFS data of Public Transport Services
and User-Generated Data of all persons in a study
area as described in the two above-mentioned cases

Multi-Modal Journey Planning of Joint
Leisure Activity Trips subject to person-
alized preferences

Topology of a study area. Travel times of all
links in the study area for all alternative transport
mode choices (i.e., bus, private vehicles etc.). Link
traversing cost and fuel consumption of each link
given the utilized transport mode. Preferences of
users together with the origin-destination points
of their trips

TABLE 2.4: Required Data Sources for a Holistic Use-Case Application

Capturing users’ willingness to travel cer-
tain distances for participating at different
types of activities

Social Media Data of all individuals in the
study area including their geo-location changes
or Smartphone or personal navigator geo-
location data from all users in a study area

Optimizing the Location and Time of Joint
Leisure Activities

Social Media Data of all individuals in the study
area including their geo-location changes

Adapting the departure times of Public
Transportation services to the Joint Leisure
Activity Demand

GTFS data of Public Transport Services and their
operational constraints and Social Media Data,
user-generated Data of all persons in a study area

Multi-Modal Journey Planning of Joint
Leisure Activity Trips subject to person-
alized preferences

Topology of a study area. Travel times of all
links in the study area for all alternative transport
mode choices (i.e., bus, private vehicles etc.). Link
traversing cost and fuel consumption of each link
given the utilized transport mode. Preferences of
users together with the origin-destination points
of their trips
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Finally, the utilized data in this thesis is presented in Fig.2.5 which is followed by a

discussion on why this data is utilized.

Detailing further the data requirements for each chapter, in chapter 3 the main scope is
to capture users’ willingness to travel certain distances for participating at different types
of activities. As presented in Fig.2.4 Social Media data of all individuals in one study
area including their geo-location changes or Smartphone/personal navigator geo-location
data from all users is required. This user-generated data is required at the level of each
individual for developing daily pattern recognition models for each user that derive the
daily pattern mobility-activity patterns of individuals from their historical user-generated

data. For this reason, the geo-location of each individual at each time where he/she



TABLE 2.5: Utilized Data Sources in this thesis for Methodological Validation

Capturing users’ willingness to travel cer-
tain distances for participating at different
types of activities

user-generated tweets with geo-tagged locations
from 65 twitter users in London over a 14-month
period

Optimizing the Location and Time of Joint
Leisure Activities

user-generated tweets with geo-tagged locations
from 75 twitter users in London over a 14-month
period

Adapting the departure times of Public
Transportation services to the Joint Leisure
Activity Demand

GTFS data from two bi-directional central bus
lines in Stockholm, Sweden together with the list of
operational constraints and Social Media Data,
user-generated Data of 62 persons in the study
area

Multi-Modal Journey Planning of Joint
Leisure Activity Trips subject to person-
alized preferences

Topology of a study area. Travel times of all
links in the study area for all alternative transport
mode choices (i.e., bus, private vehicles etc.). Link

75

traversing cost and fuel consumption of each link
given the utilized transport mode. Preferences of
users’ undertaking trips together with their origin-
destination points

travels between successive activities is required for understanding what was the origin of
each trip and what the final destination. Such information-rich data that includes the
geo-location of individuals can be provided from GPS-enabled devices that belong to
those users. Those devices can be GPS-enabled personal navigators/smartphones that
record any spatial movement of the smartphone holder or social media posts that contain
information about the actual geo-location of the user when he/she posts. Especially for
the social media posts, the user should utilize a GPS-enabled smartphone that shares
his/her geo-location when he/she posts or should provide information regarding his/her
location manually via location tags (a common practice on Facebook, Foursquare). This
data should be retrieved from all users in a study area and, ideally, should include
all their data logs over a considerable period of time (i.e., one year) for deriving their
most common daily mobility/activity patterns and preferred traveled distances. Apart
from those data sources, cellular data from all users in a study area can be utilized but
offers lower accuracy regarding the locations of the users compared to GPS positioning;
and thus cannot pinpoint the specific locations when a user performs certain activities.
In addition, public transportation smartcard logs from users where the location of
each tap-in and tap-out is recorded together with the ID of the user can be utilized.
Nevertheless, if someone utilizes solely smartcard data in a case study and implements
the methodologies described in this thesis he/she should be aware that he/she optimizes
solely the joint leisure activity trips that are related with public transportation users
and a large percentage of trips within the study area that are served from other means

of transportation (including walking) are not considered.
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At this point, it should be stated that it is very difficult in practice to acquire the high-
granularity, user-generated data including all geo-location changes of all users within a
study area over a significant time period (i.e., 1 year) based on the logs from GPS-enabled
personal devices. At first, only a very small fraction of users in a study area is expected
to use a personal navigator or a GPS-enabled smartphone that tracks his/her moves all
the time. Therefore, the approach of utilizing posts from social media where individuals

share also their location information is preferred.

In this thesis, we considered the most commonly used social media such as Facebook/In-
stagram and Twitter as potential input data sources for applying the methodologies
of Chapter 3. Regarding Facebook, each user is obliged to use a location tag when
he/she posts instead of providing his geo-location from a GPS-enabled device. More
importantly, mining the posts of users on Facebook in a data crawling campaign requires
the authentication token for each user’s profile. This authentication token is private for
each user and can be provided only upon request limiting the potential of retrieving all
posts from all users of a study area. In contrary, posts on Twitter are publicly available
(all posts from a user can be seen from all other users and there are no privacy restriction

categories such as appearance of a post only in a closed group of friends etc.).

Due to the above, this thesis focused on data crawling campaigns on Twitter. The
methodology for retrieving automatically users’ willingness to travel certain distances
for participating in different activity types over different days and times is tested for 65
twitter users residing in London after processing their publicly available, user-generated
data including geo-tagged locations and time stamps of their interactions. The dataset
contains a sum of 6,400 interactions collected through a crawling campaign from November
2012-January 2014. Ideally, all twitter users within the study area (London) should have
been included in the data but in this thesis only 65 users were utilized. The reason
behind this is that many twitter users post tweets without including their geo-tagged
locations. Therefore, one cannot use those tweets to understand where the user is at the
moment of tweeting and when he/she moves from one location to another to establish a
set of mobility /activity patterns. In practice, even if a large portion of Londoners tweet
only a small fraction of them satisfied the two basic principles for the inclusion in the
data sample. Those two principles are (1) the activeness (one individual should be an
active twitter user with several tweets on an average day for at least a 4-month period for

tracing his/her location at different times of the day and start developing his/her daily
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Account
Tweet privacy Protect my Tweets
Privacy and safety If selected, only those you approve will receive your Tweets. Your future Tweets
will not be available publicly. Tweets posted previously may still be publicly
Password visible in some places. Learn more.
Cards and shipping - )
Tweet location dd a location to my Tweets
Order history When you tweet with a location, Twitter stores that location. You can switch
location on/off before each Tweet. Learn more
Mobile

Delete location information
Email notifications
This will delete location labels you have added to your Tweets. This may take

Notifications up to 30 minutes.
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FIGURE 2.3: Users can share publicly the geo-tagged location of their tweet when
utilizing a GPS-enabled smartphone by selecting ” Add a location to my tweets”

mobility /activity patterns) and (2) the geo-tagging of the posting location. Especially
the last requirement of accepting only users with a vast majority of geo-tagged tweets
limited a lot the number of Londoners which were included in the data sample because
only a small portion of twitter users tweet from a GPS-enabled smartphone and permit
the location of their tweet to be posted along with their tweet. The main reason is that
each twitter user has to navigate his twitter account and select manually the option that
permits the sharing of the geo-tagged location of his/her tweets in public which is not
common because most users are unaware of that option or are concerned about their

privacy (refer to Fig.2.3).

Based on the upon criteria, a set of twitter users in London were scanned and 65 of
them were initially selected for implementing the methodologies of Chapter 3. For the
data mining part, a script written in Python 2.7 is developed. Several libraries for
authentication and data conversion are utilized (json, simplejson, oauth2, httplib2). In

addition, Python Twitter, which is a Python wrapper around the Twitter API, is utilized.

The Python script is able to get the user Timeline information and return the most
recently published 250 tweets. Each user’s Timeline is stored later on in a csv file. The
entire information of one generated tweet is stored (namely: ”User’s Name”; ’Latitude’;
"Longitude”; ”Place Name”; ”Message ID”; ”Source (i.e., smartphone, web, instagram
etc.)”; ”"Timestamp (time, day, month, year)”; ”Embedded Text (published micro-
blogging content)”). Only the samples of active Twitter users who tweeted actively for

at least 4 months and shared their geo-location information were considered.
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FIGURE 2.4: Data Mining and Filtering

All 65 London are selected for analyzing individuals from only one region (i.e., city)
which serves as a test zone. Focusing on the 65 twitter users who share geo-location
information publicly, the followings are achieved: 1) by knowing the coordinates of a
visited place from a user, the place is labeled and one knows the frequency and the exact
times when a user returns at the same place; so one can categorize the place into home
location, fixed, quasi-fixed and flexible activity; 2) the Point of Interest associated with
the re-visited place can be retrieved with the use of maps (i.e., location coordinates reveal
that it is an office, shopping center, university etc.) thus facilitating the validation of
associating locations to activities; 3) the distance (either great-circle distance or traveled

distance) between different places can be computed via using their geo-location.

However, limiting the search into users who share fully their geo-location information
at all times introduces limitations to the sample collection. For instance, although
Londoners use Twitter, it was observed that only a small fraction 3-5% had enabled
the Tweet Location Feature on his/her Smartphone for sharing geo-location information
while tweeting as described above. In future, the number of studied individuals can be
increased via anticipating more Twitter users to activate the geo-location information
sharing feature or by fusing user-generated data from smartcard logs and personalized
navigators for increasing the sample representativeness. By working on a targeted sample

of users with information-rich data though, one can draw general conclusions about their
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joint leisure activity participation and how it can be improved even if drawing general

conclusions at the city level is not possible.

Given the length of the 6400 posts that are collected from the 65 users over a 14-month
time period, only a sample from the posts of one user is presented in the Appendix for

providing an idea about the structure of the data.

After the data requirements of Chapter 3, in Chapter 4 methodologies for optimizing
the location and time of joint leisure activities are developed. Those methodologies are
based on optimizing the utility of activity participants; therefore, data sources from
Chapter 3 can also be used in Chapter 4. Nevertheless, there is a significant difference
that reduces the alternative data source options. Chapter 3 focused mainly on capturing
individuals willingness for traveling certain distances to participate at different types
of activities which requires individual-level geo-location data over a significant time
period from the users in the study area. In Chapter 4, the optimization of location
and time requires further information about the social networks of each user (the full
list of friends and acquaintances of each user) because users should have some form of
relationship to participate at joint leisure activities. For defining the social network
structure of each individual and understanding with whom he/she has high chances to
participate at common activities more qualitative information is needed. For example,
smartcard logs provide information about the geo-location of a user and how he/she
moves in the city with the use of public transport but they fail to provide any information
about his/hers friends and acquaintances with whom he/she can participate in common
activities. The same is true if we utilize solely the geo-location traces of users from their
personalized navigators or their GPS-enabled smartphones since there is no information
about potential friends with whom they participate at joint leisure activities. In contrary,
Social Media have the advantage of providing richer qualitative data about the user
because they hold information about the demographic characteristics of the user, the list
of his friends and acquaintances and the level of closeness of the relationship of each user
with his/her friends. In addition, oftentimes social media posts include tags of two or

more persons indicating that at a specific geo-location a joint leisure activity took place.

Therefore, for optimizing the location and time of joint leisure activities with user-

generated data the need of Social Media data sources is stronger that it was for simply
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capturing the utility satisfaction of users at participating at activities at different places

and times of the day.

As described before, twitter was selected among the different social media options as
a main data source because a number of users post geo-tagged tweets and there are
no authentication requirements for retrieving those tweets with the use of the Twitter
API. The Python Twitter, which is the Python wrapper around the Twitter API, is
also utilized at chapter 4 for getting the user Timeline information and return the most
recently published 250 tweets. Among all the retrieved information of users, raw data
processing was performed in the same lines with chapter 3 with the additional requirement
that the selected users have some kind of relationship (have exchanged tweets and are
tagged together at similar locations). London is again selected as the study area and a
more intense data crawling campaign resulted to the selection of 75 twitter users that

satisfy the above-mentioned requirements (10 more users compared to chapter 3).

At this point, it should be noted again that the utilized raw data for implementing
the developed methodologies in chapters 3, 4 do not cover all users in the study area
(London) but a small fraction of them because of the very demanding data requirements.
Nevertheless, there is no loss on generality due to that and the developed methodologies
can be implemented in other study areas/cities in the exact same manner. For instance,
if in future more twitter users share their geo-tagged locations publicly and tweet more
actively in some study areas, then one can form bigger data samples with several more
users and implement the same methodologies described in chapters 3, 4. This is very
important because there is no need for generating a new set of methodologies for serving

the specific needs of each study area.

After that, the data requirements in Chapter 5 are linked with the developed method-
ologies for adapting the departure times of public transportation services to the joint
leisure activity demand. For this purpose, as described in Fig. 2.4, GTFS data of
public transport services and their operational constraints are required together with
user-generated geo-location data of all persons in the study area. For changing the
departure times of public transport services without affecting the operational constraints,
information regarding all those operational constraints should be provided (for instance,
the mandatory resting times of drivers after each trip completion, the lowest and highest

acceptable levels for the service frequency). In addition, GTFS data regarding the
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TABLE 2.6: GTFS data files and size (total size: 0.25GB)

File Name Size File Name Size
agency.txt 5KB stop_times.txt 242 ,000KB
calendar.txt 17KB stops.txt 6,384KB
calendar_dates.txt 890KB transfers.txt 1,020KB
routes.txt 218KB trips.txt 11,628KB

examined public transport operations should be provided for deriving the scheduled

arrival times of the trips at each stop over the day and the topology of the network.

Given the above data requirements, in this thesis GTFS data from Sweden including the
planned schedule of public transport modes for the period 13 February 2016 - 17 June
2016 is utilized. The data includes the files of Table 2.6 and also information about the
lowest and highest starting headway limits between successive trips. Working on the

same study area in all chapters provides more homogeneity, but:

e the diverse and demanding data requirements of each chapter

e the nature of the methodologies of this thesis which can be applied at different

study areas without loss of generality

led to the selection of another study area (Stockholm, Sweden instead of London,
UK) for implementing the methodologies of chapter 5. The reason behind the se-
lection of Stockholm is the publicly available API for downloading files in the stan-
dard GTFS format of all planned public transportation trips throughout Sweden
(https://www.trafiklab.se/api/gtfs-sverige-2).

For deriving the planned schedules of public transport modes, a library was developed in
Python 2.7. The library processes .txt files and converts/stores them to an SQL database.
This facilitates data queries and enables web-based visualization of the public transport
operations with the use of OpenStreetMap (via OpenLayers, an open-source JavaScript
library: http://www.openlayers.org/api/OpenLayers.js). The developed Python GTFS
library: i) converts .txt files to sql database tables, ii) can query public transport routes
from the database tables, iii) creates new files containing the planned trips for each route

in ascending order (starting from the earlier morning trip to the latest night trip).

After applying the Python GTFS library, the planned trips for every public transportation

service are sorted and for each trip one can get the planned arrival time at every station.
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FIGURE 2.5: Central Bus lines in Stockholm - Network Representation of bus lines
(source: http://sl.se/ficktid /karta/vinter /SthlmInnerstad.pdf)

In particular, the thesis focuses on two key central bus lines in Stockholm which are
bi-directional (lines 1 and 4) and can be seen as 4 independent services because every line
direction has another structure and another set of constraints. Those are bus service 1
(bus line 1, direction 1 (Essingetorget to Stockholm Frihamnen)), bus service 2 (bus line
1, direction 2 (Stockholm Frihamnen to Essingetorget)), service 3 (bus line 4, direction
1 (Gullmarsplan to Radiohuset)) and service 4 (bus line 4, direction 2 (Radiohuset to
Gullmarsplan)). In Fig.2.5 the stops of the central bus lines in Stockholm are presented

for reference purposes.

Apart from public transportation data, the data of travelers that are heading to joint
leisure activities is also retrieved with a twitter crawling campaign in the study area
of Stockholm. For those users, the geo-tagged locations of their tweets should also be
known and, finally, only the geo-location information from 62 individuals from Stockholm
is selected. Those 62 individuals are selected according to the following criteria: i) they
change geo-location outside working hours (from 15:30-19:30); ii) the location they are
heading is not related to work/home, but it is a leisure activity location for them; iii)

their travel origin is within walking distance from at least one bus station of lines 1
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and 4; iv) they arrive at the location of the joint leisure activity within a time variance
of less than 25min.; therefore, it is assumed that they participate at the same activity.
Criterion (iv) is the strongest assumption since multiple joint leisure activities can occur
nearby concurrently. However, by depending solely on Twitter data one cannot justify
the potential splitting of a joint leisure activity into multiple concurrent ones with a
high degree of confidence. The assumption (iv) would have been avoided if users were
always tagged together at the same post at the joint leisure activity location, but such
tags are not very common. For this reason, revealed-preference surveys could have been
used for those 62 individuals in order to elicit information regarding the number of the
common activity participants and avoid assumption (iv). However, one should be aware
that revealed preference surveys are labor intensive and cannot scale up for covering the

entire study area population.

Finally, the data requirements of chapter 6 are related with the multi-modal journey
planning of individuals who are willing to travel between two points for participating at
a joint leisure activity. In this chapter each transport mode is modeled via a layer-based
system and the entire study area transport network is represented with the integration
of different layers of a GIS system. For this reason, the topology (i.e., location of
intermediate stops) and schedules of different transport modes should be provided for
the development of such system. Based on that, the transportation network is modeled
as a set of nodes (stops) which are connected with links. One important characteristic
is that one might be able to travel from one node to another with the use of different
modes (walk, drive, use public transport etc.). Therefore, there is not only one link that
connects two nodes because there might be multiple transport mode options that connect
the same nodes and each transport mode connection is represented by a different link.
The main data requirement for implementing this layer-based system that utilizing nodes
and link connections is the additional travel time information of each link for different
times of the day and the fuel consumption while traversing that line. In addition, for
considering also the user’s preferences on selecting the optimal path, each user should

also provide data regarding:

e the maximum distance that the he/she is willing to walk

e the maximum distance that the he/she is willing to travel
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e the maximum transfers between different transport modes that he/she is willing to

perform

e any potential transport modes that he/she is not willing to use

Therefore, there is a broad set of information regarding the (a) transport network of the
study area (the travel times and the fuel consumption while traversing each link) and (b)
the users’ preferences such as the maximum walking distance, the maximum number of
transfers and the exclusion of transport modes. The challenge behind solving the joint
leisure activity multi-modal trip optimization subject to the set of traveler preferences is
computational as described in chapter 6 given the the vast set of alternative links in a
study area that can be combined for performing a trip. As a result, the methodologies
of chapter 6 are focused on this direction and are general enough for enabling their
application to different study areas (i.e., different cities) with the only requirement to

modify the data input accordingly.

Given the large and heterogeneous data requirements of chapter 6 from both the transport
network’s topology/operations and the travelers’ preferences, several validation tests
are implemented on randomized networks that contained 100, 200, 300, 400, 500, ..., 3000
nodes-stations. In order to minimize the effects of the optimal multi-modal journey
selection due to the networks’ topology, both sparse and dense networks were examined.
The execution environment of each randomized network test is described by its number of
nodes, the number of links, the level of density, the number of transportation modes and
the number of constraints (Table 2.7 summarizes the details of the utilized networks in
this thesis). Each link connects an origin with a destination node via a distinct transport
mode and more links than one may connect the same origin-destination pair. The
traveler preferences are also set with the use of randomized maximum values (constraints)
regarding the total travel’s fuel consumption, covered distance, walking time and number
of transfers. Those maximum values that represent the users’ preferences can be simply
updated in practical applications with the use of individual-level data from revealed

preference surveys.
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TABLE 2.7: Density of Randomized networks and Users’ Preferences (represented by

Network
Nodes

100
200
1000
1400
1600
1800
2600
500
300
400
2800
3000

Links

1000

2009

11000
14000
16000
18000
26000
26000
20400
24000
28000
30000

Constraint Values)

Randomised Network

Purpose-Built  Ratio of

Nodes/Links

10.00%
9.95%
9.25%
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Chapter 3

Capturing users’ willingness to
travel certain distances for
participating in different types of

activities

Selecting a location and time for joint activity participation among multiple individuals
(agents) in a dense city is not a trivial task due to the lack of knowledge regarding agents’
preferences and the presence of numerous Places of Interest (POIs). Nowadays, new data
sources unveil new opportunities through the collection and analysis of more detailed,

user-generated data that can be utilized for improving the level of information regarding

agents’ profiles and preferences.

As discussed at the background theory section, publicly available user-generated data has
the potential to improve the understanding of travelers’ patterns and mobility preferences
including transport mode selection, their departure and arrival times, frequency and
scope of undertaken trips. Mining, handling and analyzing such data (i.e., Social Media
data (SM), Floating Car data (FCD), Mobile Phone data (MP) and Smart Card data
(SC)) for gaining insights into transportation dynamics is a challenging task due to the
data volume and level of dynamism; hence, the development of advanced data-analytic

techniques is required.

86
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Regardless the posed challenges, user-generated data can be utilized to improve our
understanding on human mobility and develop individual-level models for capturing the

mobility and activity habits of individuals.

Building on top of the basic assumption of Activity-based models (refer to Axhausen and
Gérling [10], Arentze and Timmermans [7], Pendyala et al. [95], Lin et al. [77]): ”individ-
uals’ trips are means to participate in activities and are not undertaken without purpose
due to their inherent dis-utility”, the potential of utilizing more detailed, user-generated
data for understanding users’ willingness to travel in order to participate in different
sets of activities during different day times and day types (i.e., weekdays/weekend) is

examined.

In a first stage, users’ data logs are examined and their mobility and activity patterns
are retrieved automatically after a learning phase. Later on, a utility-maximization
model is developed for capturing users’ willingness to travel a certain distance for
participating in different types of activities via an individualistic, utility-maximization
model. Finally, users with commonalities are clustered based on their willingness to

travel similar distances for participating in certain types of activities.

In the literature, Pereira et al. [97] utilized SM data for capturing the demand variation
during special events and Musolesi and Mascolo [86] utilized MP data for correlating
the mobility patterns of an individual with the mobility patterns of his friends and
acquaintances. In the study of Hui et al. [64] and Chaintreau et al. [32] Bluetooth
devices were distributed to people to collect mobility data and study the characteristics of
co-location patterns among people. In addition, Calabrese et al. [28], Calabrese et al. [26],
Gonzalez et al. [58], Zhang et al. [124], Pan et al. [93], White and Wells [119] and Shang
et al. [106], utilized MP data for predicting the mobility patterns of individuals. However,
little has been done in the area of activity-participation analysis which can facilitate the
development of new applications for suggesting common activities to users with social
ties based on their willingness to participate simultaneously in similar activities being

held in nearby locations.

In more detail, there is no systematic way for utilizing BigData for capturing and later on
modeling individuals’ willingness to travel certain distances for participating in activities
over different time periods. At first, an individual-level analysis on the potential of

user-generated data towards that direction is required and this work contributes on that
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FIGURE 3.1: Work Structure

via introducing models for unfolding individuals’ decisions based on pattern recognition
and models for estimating the distances individuals’ are willing to travel for participating
in certain types of activities via utility-maximization techniques which facilitate the
identification of similarities among travelers. Another contribution is that apart from
analyzing HBW trips which are usually captured by household surveys, new activity
types can be investigated since user-generated data offers continuous feeds that can be

utilized for analyzing more detailed trip purposes.

In view of the above, a set of techniques for processing user-generated data in order to
capture the willingness of users to participate in certain types of activities are introduced

(refer to Fig.3.1).
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3.1 Daily Pattern Recognition Model

3.1.1 Forecasting Individual’s Mobility based on Pattern Observation

Continuous updated, user-generated data is utilized to capture less frequent trips and
improve the understanding of individuals’ mobility behavior. Revealed preference surveys
are typical methods for capturing individual’s mobility patterns over time. Nevertheless,
the information provided from surveys is static - even if the form of the survey is
detailed including questions about mobility variations from day to day. Although static
information is adequate for capturing individuals’ main trips (i.e., trip to and from
work) it fails to capture the change on users’ behavior over time and the participation to

non-recurrent activities.

In general, user-generated data includes geo-tagged locations and the time stamp of
users’ interactions. In this section, a Pattern Recognition Model (PRM) is proposed
with a dual scope: a) to process automatically mass volumes of user-generated data
and capture users’ mobility patterns; b) to link activity types to geo-tagged locations
based on spatio-temporal analysis of users’ interactions. The PRM utilizes data from one
individual’s interactions over a significant time period and retrieves his/her preferences.
New data feeds are also handled automatically by the PRM yielding an improvement of

capturing users’ patterns.

The PRM of one individual is a model that describes the mobility patterns of an individual
in a probabilistic form, considering also the activity dimension and not only the location
information. The values of the parameters of one individual’s PRM are defined after a
learning phase by utilizing user’s data logs. The spatio-temporal mobility and activity
patterns of a user during different day types (week-weekend days) are defined after a

learning phase:

N(I,k,t, Ly, An)

P(L,k,t, L, Ay) =
(k1 ) Yoaneaorea Nkt Lin, Ay)

(3.1)

, where N(I,k,t, Ly, Ay) is the number of times that user I was in location L,, and

participating in an activity A,, at time ¢ and day type k.
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Matrix P has [I x k x t X L, x Ay] elements showing which is the probability of a user
to be in a location and participate in an activity for different times and different day
types. Those probabilities are calculated after accumulating the mobility footprint of a

user over time derived from his/her SM interactions.

Owver time refers to the aggregation of time instances at which the user generated social
media content. This is not a static time period and its duration differs from individual to
individual. This thesis studied user-generated data which was consistently generated over
more than one year (November 2012 — January 2014) forming a time period of 14 months.
Nevertheless, a portion of individuals remained inactive for some time periods and their
mobility patterns were constructed from a condensed dataset. To that point, it should
be mentioned that two threshold values were introduced to ensure the quality of data
when retrieving individual’s mobility footprint. The first threshold was the time period
of interactions (all individuals who were active for less than 4 months were excluded).
Hence, the lower bound was set to a 4-month period of interactions. The second criterion
was the volume of data. In that case, each individual should have more than ninety (90)
interactions at which he/she shared also his/her geo-location; otherwise, the individual

was excluded from the sample.

Having calculated one individual’s probability of being at a particular location and
participating in a particular activity for a time ¢ and day type k, the daily activity
plan of the individual can be generated via deterministic modeling by using single point

estimates, where the output is a sequence of states (refer to Fig.3.2).

Nevertheless, even if there is a high probability for a user, I, to be present in a location
L, at time ¢, his/her previous location should also be taken into consideration without
resulting though to a pure no-memory process (Markov Chain). If the user was at
location L,,_; during the previous simulation time step and there is no observed travel
history from location L,,—1 to L,,, then the user cannot be assigned to location L,
at time ¢. To model that effect, the transition probability over two consecutive time

instances is introduced:

a;j = P(Si41 = qj|St = @) (3.2)
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FIGURE 3.2: Simulating the Mobility Trajectories of a Random Individual over two
Weekdays

where the transition probability returns the probability to transfer from state g; to state

aj-

Let assume that the individual is at location L,, and participated in activity A, at time
t. At time ¢ + 1 the individual is highly probable to be at location L,,+; and participate
in activity A,4+1 according to the probability matrix; hence, this option might be the
current single point estimate. Nevertheless, if the transition probability for transferring
from L,,, Ay, to Liy+1, Ant1 at time ¢ is zero such transfer is not allowed and the next
candidate is selected. Therefore, the transition probability is utilized as a check point for

re-assuring that the proposed transition is feasible.

3.1.2 Linking Activity types to visited Locations

Deriving the activity type performed in a particular location by a user is another issue.
Based on one individual’s interactions on different locations and at different day times
and day types, users’ mobility patterns can be identified. For instance, Fig.3.3 shows
one user’s interactions over time (x-axis), space (y-axis) and level of re-currency (z-axis),

where F; is the distance of a location from the home of the examined user in km.

Individuals depart and arrive at locations to participate in activities. However, the same
location can be the home for one user, the work place for another and the location of a

flexible activity for a third. Due to that, users’ interactions over a significant time period
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FIGURE 3.3: Vizualization of individuals’ mobility patterns over time, where Distance
(km) is the distance from the Home location

are analyzed and for each user, I, every visited location, L,, is assigned to an activity

type:

A(I,Ly) = Ap, (3.3)

, Where

A : Home
Ay : Fixed Activity
As : Quasi-Fixed Activity

Ay : Flexible Activity

, I is the ID of the examined individual and L,, € A is the identification number of the

location.

Fixed activities are recurrent activities such as work, school, university, language classes,
gym, etc. Quasi-fixed activities have a recurrent nature with lower frequency (i.e.,
the location of a favorite restaurant, park etc.) while flexible activities are linked to

non-habitual, recreation activities.

In order to associate a location with the "home activity” of a user, A(I, L,,) = Aj, let:



93

- 1 if an individual generates data at time ¢t and day k
FARIES

0 if there is no interaction

Let also Y = {yik, yé’k, ...,yg\’,k}, where

k 1 if an individual is at location L; at time t and day k&
Y, =

0 in all other cases

Moreover, let

1 if k is a weekday

0 if k is weekend day

If someone examines the temporal variations of SM users’ interactions, he/she will observe
that there is a time period at which users are inactive. After analyzing users’ data from
many weekdays, the time period of in-activeness for each user can be estimated. During
that period, we assume that the user is located at home and performs an activity that

does not require action (i.e., relaxing/sleeping).

A lower bound Max is set as the latest time at which an individual generated content
and is derived after examining his/her interactions over time. Furthermore, Minp is set
as the upper bound and it is the earliest time in the morning at which an interaction is

observed.

For deriving the location linked to home activity automatically, it is assumed that
individuals interact more from locations close to their home early in the morning and
late at night during weekdays. Therefore, if location L; is assigned to the home activity

of a user, then it should satisfy the following inequality:

k=D t=Minp+2hr k=Dp t=Maxp
Z Z ylt',kwtk + Z Z y;ﬁ,kwt,k >
k=D t=Minrp k=D t=Maxp—3hr
k=D pr t=Minp+2hr k=Dpr t=Mazxr (34)

Z Z yf’kwt’k + Z Z yf’kwt’k VL; € A

k=D t=Minr k=D t=Maxm—3hr
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FIGURE 3.4: Home Activity Estimation Errors

This rule is derived after applying computational learning to the users’ datasets and is
modifiable based on the observed data of citizens when studying different cities/areas.
In this work, the rule was generated after studying Social Media data from 65 users
in London collected from November 2012-January 2014 containing 6,400 interactions.
This rule had an accuracy of 92% on assigning users’ home activity to the correct
location. Results are presented in Fig.3.4 where the y-axis shows the distance between

the estimated and the real home location in km.

To calculate the distance of other locations from the locations linked to the home activity,
the Haversine formula is utilized. Therefore, the distance between the location L; of a
location and the Home location, Ly, is set as F; (in km) after its computation with the

Haversine formula.

The Harversine formula is utilized in order to introduce a method for distance calculation
and comparison of distances willing to be traveled by users to participate in different
activities. This work proposes also a simple categorization into four generic activity

groups in order to link locations with activities while maintaining a high level of accuracy.
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Fixed-activity centroids are recurrent locations that satisfy the following criterion:

k=D t=tn k=D t=tn
5T s 00 3 S a5
k=D; t=to k=D, t=to

Similarly, quasi-fixed activity centroids are locations that accumulate less than 10% but
more than 5% of the total number of the user’s interactions and flexible activity centroids

those accumulating less than 5%.

3.2 Utility Maximization Model for capturing users’ will-
ingness to travel a certain distance in order to partici-

pate in different activities

Individuals select to participate in different types of activities at different times of day
based on a decision-making mechanism that seeks to maximize their level of satisfaction.
In an attempt to model the decision-maker’s choice of traveling a certain distance for
participating in a certain type of activity, a utility function is defined. To decompose the
activity selection model, a time discretization scheme is adopted where each time step
lasts for one hour. Time is indexed by ¢ = {1, ..., T} and the choice options are indexed

by j ={1,...,J} where F} is the traveled distance between two consecutive activities.

1:F; <250m
2:250m < Fj < 500m
3:500m < F; < 750m
4:750m < Fj < 1km
J=45:1km < F; < 1.5km
6 : 1.5km < I} < 3km
7:3km < F; < 5km

8 :5km < Fj < 10km

9: F; > 10km
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For each day type, an index of satisfaction for participating in different activity types
with respect to their distance from the previous location is defined in the form of a linear

utility function:

Vij(k) = (k) + Bj(k) As(K) (3.6)

In the above notation, A;(k) varies across different times of the day and represents the
activity type (home, fixed, quasi-fixed or flexible) in the form of a categorical variable. In

addition, « is a scalar utility term representing individual’s preference for alternative j.

For modeling the qualitative attribute, A;(k), a 0 — 1 attribute scheme is introduced

with coding convention as presented below.

Home 0O 0 O
Fixed 1 0 0
Quasi-fixed 0 1 0
Flexible 0o 0 1
and Eq.3.6 results to:
Vi (k) = aj(k) + Bj1(k)2at(k) + Bj2(k)zs,(k) + Bj3(k)zy (k) (3.7)

The random utility of alternative i, U;(t, k), for an individual can be described by a

random utility model:

Usj(k) = Vij(k) + e () (3-8)

where €;;(k) is the unobserved component of the utility function and can be represented
as a random variable since it includes the impact of all the unobserved variables which

influence the utility of selecting a specific alternative.

With the assumptions that errors follow a Gumbel distribution, are independent and
identically distributed, the probability of selecting an alternative P;;(k) can be expressed

via a multinomial logit model:
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Pu) = P (Vi) + ca(h) > mazeq,.) V) + ()
eVei(k) (3.9)

Y eVu®

Other assumptions, such as Thurston assumption which leads to a probit model can
be utilized. In our case though, it is assumed that errors follow a Gumbel distribution
yielding a multionomial logit model which has been also used extensively in problems
related to transport mode choice. In more detail, it is assumed that alternative options
are different to users and that a newly introduced alternative expanding the choice set
will not change the preference of a prior alternative towards other prior alternatives. In
other words, the relative probabilities of selecting a quasi-fixed or a fixed activity do not
change if a flexible activity is added as an additional possibility. This case might not
hold if the individual pre-plans not one, but several inter-correlated activities at once;
however, in this analysis we are not considering that instance since in each time index is

selected one activity.

The parameters to be estimated are the terms a;(k), 3;(k) for each individual. Since
the entire set of users’ interactions is not available, the parameters can be estimated
by maximizing the likelihood function. To estimate the MNL model, the maximum-
likelihood estimator is required and it is the same regardless of whether one maximizes the
likelihood or the log-likelihood function, since log is a strictly monotonically increasing
function. The log-likelihood of user’s activity-mobility observations at time ¢ and day

type k is:

Uaj(k), Bi(k)) = yisln (P (k))

N
M~

#
Il
—
<.
Il
i

(3.10)

Il
B
M~

J
yii (Vig(k) — In >~ Vb))
t j=1

Il
—

Ly

where y;; = 1 if the individual chose alternative j at day type k£ and 0 otherwise.

The observed values of the traveled distance by the examined user are computed by

calculating the distance between user’s location at time instant ¢ and day type k and the
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observed location at time ¢t —1 € ¢ = {1,...,T} and at the same day using the Haversine
formula. Then, parameters a;(k), 8j(k) are estimated as the values that maximize the

log-likelihood function:

max {(«a;(k),Bi(k) (3.11)

0 (k)5 () (05(k). 55(8)
resulting to a non-linear optimization problem for which the optimization algorithm
BHHH proposed by Berndt et al. [17] is applied. BHHH estimates coefficients through
optimization when a non-linear model is fitted to data. The coefficient values are updated
in an iterative approach beginning with a starting set of values and iterations continue

until convergence.

3.3 Clustering Users based on their Utility Model Similar-

ities

After deriving users’ patterns and their utility models, user profiles are clustered based

on their willingness to travel similar distances to participate in certain activities.

In the clustering phase, users’ are treated as entities with no personal information via

utilizing a randomized ID as the only identification label for each user.

In order to compute the distance between two users, we compare the distance between
their utility-maximization models over time. The distance represents the similarity of

users’ willingness to travel similar distances for participating in similar activities.

For instance, the probability of traveling a distance (0.25km, 0.5km]| for participating
in a quasi-fixed activity at time ¢ and day type k is calculated based on the utility-
maximization model of each user. Then, the probability is compared with the same
probability calculated for another user and the observed divergence is the distance
between those two users (user-couple). Comparing the probabilities of a couple of users
for traveling a certain distance range for participating in a similar activity over time
t ={1,...,T} and different day types, k, returns the probability distance between that

couple:
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, where I and I are the pseudo-IDs of the compared users, k the day type (in our study
we consider two day types: week-weekend), ¢ the time and 7' = 23 if an one-hour time

discretization scheme is applied, A,, the activity type and:

a;(k) :if A,, = Home
Oéj(k‘) + Bj,l(k)za,t(k) :if A,, = Fixed

a;(k) + Bj2(k)zpe(k) : if Ay, = Quasi-Fixed

Ctj(k) + ﬂj73(k)z%t(k) :if A, = Flexible

The distance CLy, 1, can be computed for all user couples Iy, I € I resulting to a N x N

square matrix:

CLoyo CLoy -+ CLon-—1
[CLI= | CLjp CLjx -+ CLjN— (3.13)
CLy-10 CLn-137 --- CLy_1n—1

On a second stage, the Density-based Spatial Clustering of Applications with Noise
(DBSCAN) proposed by Ester et al. [47] for users’ clustering based on probability distance
is utilized (refer to Alg.1).

The results of clustering depend on the sequence of the selection of SM users, u € @, in
Alg.1. The optimum set of clusters can be selected automatically via setting a threshold
value m € Z4 which terminates the implementation of Alg.1 if more than m clusters are

generated.
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Set a threshold CL distance value, 7 below which users are assigned to the same cluster;
Set a counter i=0;

Initialize an array () = @ for tracking users’ IDs;

for each user u ¢ @ do

Q=QU{u}

Set i =1+ 1;

Initialize a new Cluster C; = @ and set C; = C; U {u};

for every user v|C'Ly, < 7 do

C; = C;U{v};
Q=QU{v};
end

end
In the second stage of DBSCAN implementation, clusters that include similar users are
merged;
while C; N C; = @ for all i,j do
if user v e C; and v € C; then
‘ Merge clusters: C; = C; U Cj;
end

end
Algorithm 1: Modified DBSCAN for users’ Clustering based on CL distance

3.4 Retrieving users’ willingness to travel for participating

in different activities

The model system for retrieving automatically users’ willingness to travel certain distances
for participating in different activity types over different days and times is tested for
65 Social Media users residing in London after processing their publicly available, user-
generated data including geo-tagged locations and time stamps of interactions. The
dataset contains a sum of 6,400 interactions collected through a crawling campaign from
November 2012-January 2014 and the gender and age categories of the sampled SM users
is presented in Fig.3.6.

London was selected for analyzing individuals from only one region (i.e., city) which will
serve as a test zone. In future, one can test also whether user-generated data, generated
at the same region from external sources (i.e., Smart Card logs) can be fused with Social
Media data logs to increase the sample size of the analysis. Nowadays, the open-data
policy of Transport for London offers the collected Oyster Card data logs to the public,
but they miss the characteristics of user-generated data feeds since they are pre-processed
to ensure anonymization. Oyster Card data logs are stored as scattered trips among

public transport stops without linking them to the passengers who undertook those
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trips. This hinders the analysis of travelers’ daily patterns since there is no information

regarding trips’ ownership.

By restricting the research area to London, the main focus is placed on Social Media
users who share geo-location information publicly because this was vital for the scope
of our activity for the following reasons: 1) by knowing the coordinates of a visited
place, the place is labeled and one knows the frequency and the exact times when a user
returns at the same place; so one can categorize the place into home, fixed, quasi-fixed
and flexible activity; 2) the Point of Interest associated with the re-visited place can
be retrieved with the use of maps (i.e., location coordinates reveal that it is an office,
shopping center, university etc.) thus facilitating the validation of associating locations
to activities; 3) great-circle distance among different places can be computed via using

their geo-location.

However, limiting the search into users who share fully their geo-location information
at all times introduces limitations to the sample collection. For instance, although
Londoners use Twitter, it was observed that only a small fraction 3-5% had enabled
the Tweet Location Feature on his/her Smartphone for sharing geo-location information
while tweeting. The Tweet Location Feature on Smartphones is off by default, and the
majority of Twitter users are not aware of its existence at all or they refuse to activate
it for mitigating data privacy risks. Due to that, the main focus was on active Twitter
users from London who had a GPS-enabled Smartphone and had the Tweet Location
Feature activated when tweeting. On a second step, only users who tweeted actively
over a significant time period (at least 4 months) more than ninety (90) times were
considered in order to obtain enough historical data for pattern recognition. Since the
research scope was focused on understanding mobility at the individual level, only healthy
samples of information-rich user-generated data were gathered instead of crawling Social
Media blindly and storing information with little relevance to the topic. In future, the
number of studied individuals can be increased even by anticipating more Twitter users
to activate the geo-location information sharing feature or by fusing user-generated data
from Oyster Card logs with Twitter data for increasing the sample representativeness.
Hence, by working on a targeted sample of agents with information-rich data one can
draw general conclusions about individuals and their pattern similarities towards activity
participation while avoiding drawing general conclusions at a higher level (i.e., insights

on mobility patterns in London).



102

o

Python 2.7 Script [ Twatter API

Filtenng
Agent 1 AR Agent 65
Hame,Lat.; Lon.; Flace, MessagelD), 5 anrce;, Times tanp;, Text 4
Hame,Lat.; Lon.; Flace; MassagelD), & arce, Times tanp;, Text .
Hame;Lat., Lom.; Flace, Messagelly, 5 auree, Times tanp;, Teaxt ‘E
E
b
G
-+
4
e
1]
X
Fowr 30 E
W

FIGURE 3.5: Data Mining and Filtering

For the data mining part, a script written in Python 2.7 was developed. Several libraries
for authentication and data conversion were utilized (json, simplejson, oauth2, httplib2).
In addition, Python Twitter, which is a Python wrapper around the Twitter API, was

utilized.

The Python script was able to get the user Timeline information and return the most
recently published 250 tweets. Each user’s Timeline was stored later on in a csv file. The
entire information of one generated tweet is stored (namely: ”User’s Name”; 'Latitude’;
”Longitude”; ”Place Name”; ”Message ID”; ”Source (i.e., smartphone, web, instagram
etc.)”; "Timestamp (time, day, month, year)”; "Embedded Text (published micro-
blogging content)”). As discussed before, only the samples of active Twitter users who

tweeted actively for at least 4 months and always shared their geo-location information

were considered. Therefore, the collected data has the form of Fig.3.5.

For each social-media user, a PRM model capturing his mobility /activity patterns and
a Utility-maximization Model is developed showing the distance he/she is willing to
travel to participate in different types of activity during the day based on the methods
described in Sections 3.1 and 6.2.

The results of the automatic generated Utility-Maximization model of one individual

(in this case, Social Media user #31) are presented in Fig.3.7, 3.8. For each time of
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FIGURE 3.6: Gender and Age Category of Social Media Users

day t = {0, ..., 23} the distance willing to be traveled by the user for participating in an
activity (home, fixed, quasi-fixed, flexible) is represented with an arrow. From Fig.3.7,
3.8 one can observe that user #31 is willing to travel more to reach home or participate
in a flexible activity at late night times. In addition, he/she is willing to travel more km
to participate in fixed activities (i.e., work) during early morning hours (7-9am). Similar
figures can be derived for all users showing their willingness to travel certain distances
for participating in different activity types during the day as they were calculated from

their utility-maximization models.

After calculating the distances willing to be traveled for participating in different activity

types during the day for all users, the CL divergence matrix is computed:

CLooy CLopy -+ CLogs
[CL] = CL]',O CLjyl e CLj’64 (314)
CL310 CLyn-17 -+ CLN_164

revealing users’ willingness to travel similar distances for participating in certain types

of activities as it is presented in Fig.3.9.
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FIGURE 3.7: 2D representation of the distance willing to be traveled by SM user
#31 for participating at a specific activity type at late night and early morning hours
retrieved from his Utility-Maximization model

Having computed the CL divergence matrix, the modified DBSCAN Alg.1 is applied
to cluster users. The generation of at least five clusters, m = 5, is set as a threshold
criterion and Alg.1 ran several times until the threshold criterion was satisfied leading to
the generation of 5 or more clusters. For performing the above, a computer program was
developed in Python 2.7. and the running time was 59min and 12sec using a 2.5GHz
CPU and 4GB RAM. The results of the clustering are presented in Fig.3.10 including

the number of SM users contained in each cluster.

In a future step, defining a PRM for predicting individual’s mobility patterns from
user-generated data and a utility-maximization model for capturing user’s willingness
to travel certain distances for participating in different types of activities offers the

possibility of suggesting a common meeting place for multiple users who are willing
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FIGURE 3.8: 2D representation of the distance willing to be traveled by SM user
#31 for participating at a specific activity type during lunch time and late afternoon
retrieved from his Utility-Maximization model

to participate simultaneously in a similar activity type and are in close proximity. In
Fig.3.11, a single-point estimate simulation is performed to construct step-by-step the
daily mobility schedule of SM users # 17 and # 22 for a typical weekday based on their
PRMs. At this figure, the focus is on the simulated timeframe from 15p.m. to 18p.m.
since more flexible activities are expected to occur during that period. Users are placed
in one location based on the simulation results and they can travel different distances
that are represented with the diameter of a circle in order to participate in different types
of activities according to their utility-maximization models. In Fig.3.11 the probability
of performing a joint activity for users # 17 and # 22 is presented. Therefore, by simple
inspection one can observe a feasible joint activity which has a flexible type and occurs

at 17p.m.
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FIGURE 3.10: Modified DBSCAN runnings until satisfying the threshold criterion
and number of users at each generated Cluster for Running #IV



FIGURE 3.11: Part of the mobility traces simulation with the use of single point

estimates of users # 17 and # 22 from 15 to 18 p.m. Users’ utility-maximization models

show how far they are willing to travel to participate in different activity types given
the location and time. At 17p.m., it is feasible to perform a joint, flexible activity

The PRM model captures users’ willingness to travel certain distances for participating in
different types of activities for different day times and types (an example of implementing
the model was presented in Fig. 3.7,3.8). The model learns automatically the users’
habits from historic data and offers valuable insights that can be used as source of
information for suggesting common activities to multiple users. For performing such
action, users’ were clustered to capture the similarities on their mobility and activity
patterns along with their willingness to travel similar distances to participate in certain
types of activities (Fig.3.9). In Fig.3.9 was shown that most SM users have a CL distance
below 0.5 while most users are concentrated in the range 0-0.2; however, there are several

outliers.

In the end, users were clustered in 6 clusters after setting 5 clusters as a threshold

containing from 4 to 21 users. The variance on clusters’ size depends on the volume of
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concentrated users in the range 0-0.2. By simulating individuals’ daily schedule with a
step-by-step single-point estimate approach, one can identify automatically locations for
performing joint activities as it is presented in Fig.3.11. This approach can be used for
developing an application in order to suggest automatically the time and the location
for performing a joint activity among users (i.e., restaurant which is located in the joint

region).



Chapter 4

Optimizing Joint Leisure
Activities’ Locations and Starting

Times

The complexity of organizing joint leisure activities emerges from the need of satisfying
simultaneously several activity participants with different preferences. This complexity is
increased in urban environments with numerous places of interest due to the abundance of
alternatives. For instance, if a group of x individuals with some form of social ties decides
to organize a joint leisure activity, the selection of place and time will be based solely on
the developed consciousness of individuals from prior experiences of attending leisure
activities. Consequently, the solution space of alternative leisure activity places and
starting activity times is not fully explored since individuals are not able to comprehend
and re-call the whole set of alternatives for searching an optimal solution. With numerous
groups of people organizing joint leisure activities on a daily basis, the problem scales up
at a city level and the organization of joint leisure activities based solely on individuals’
accumulated experiences leads to sub-optimal selection of activity destination and arrival

times.

The importance of optimizing joint leisure activities is higher in urban environments since
up to 60% of the conducted trips are related to leisure activities and the complexity of
transport, social and activity networks leaves more room for optimization. For instance,

as already noted, TfL [2] posed that 29.2% of all daily trips are related to leisure
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FIGURE 4.1: Suggesting location and time of a joint leisure activity via mobile Apps

activities, while 28% were conducted for shopping and personal business and 10.7% for
other activities including escort. Similar results were observed on the New York Regional

Travel survey RTS [1].

Selecting a location and individuals’ arrival times for joint activity participation among
multiple individuals is not a trivial task due to the problem of scalability and the lack of

knowledge regarding users’ preferences.

The real-time optimization of a joint leisure activity includes the selection of the location
of the joint leisure activity, the starting time of the activity and the arrival time of all
activity participants at that location. This requires the maximization of the perceived
utility of all activity participants and depends on the a) current locations of individuals;
b)the time of the day; c) the disutility of traveling from a current location to the location
of the joint activity; d) the arrival time of each user to the joint activity location and the
waiting time until the activity starts. The final suggestion of the location and starting
time of a joint leisure activity can be provided at each individual via a smartphone

application (refer to Fig.4.1).

The optimization of joint leisure activities requires strong analytics for identifying and
modeling users’ preferences from historical user-generated data and scalable optimization
techniques for the suggestion of the activity location and the arrival times in real-time.
In the previous chapter, a utility maximization model derived from social media data
(analysis of historical data from more than 4 months for each individual with automated
pattern recognition techniques) for representing users’ willingness to travel a certain
distance for participating in leisure activities at different times of day was introduced.
This needs though to be linked with a scalable optimization solution method for suggesting
the preferred location of a joint leisure activity and the arrival times of individuals in

near real time.



111

4.1 Users’ willingness to travel in order to participate in

leisure activities

New data feeds are handled automatically by the pattern recognition model described in

the previous chapter yielding an improvement on capturing users’ patterns.

That probabilistic model is adopted for describing the mobility patterns of an individual
considering both the location and the activity dimensions. That probabilistic model
was formed after a learning phase with the use of user-generated historical data and is

user-specific:

_ N(kataLmaAn)
P(kytg LmaAn) - ZAneA ZLMEA N(k,t,Lm,An) (41)

, where N (k,t, L,,, Ay,) is the number of times user k was in location L, and participated

in an activity A, at time t.

Matrix P has [k x t X L, x A,] elements and represents the probability of a user, k,
to be in a location and participate at an activity for different times and different day
types. Those probabilities are calculated after accumulating the mobility footprint of an

individual over time.

The transition probability over two consecutive time instances was also defined as:

aij = P(St41 = qjSt = q) (4.2)

where the transition probability returns the probability to transfer from state ¢; to state
g; at time t (refer to Fig.4.2). Eq.4.2 derives the probability of transition between two
states S; = ¢; — Siy1 = ¢; where each state is described by a location/activity/time
combination. States S, Sii1 represent the location and performed activity of an individual
at a specific time instance and the same location/activity pair can be observed over two
consecutive time instances of the same day. In that case, the individual evolves from one

state to another but both states have the same activity/location pair attributes (¢; = ¢;).

In the scenario of joint leisure activity participation, several participants should arrive

at the joint activity location within a reasonable time window for avoiding excessive
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delays. For this reason, the state evolution timestep should be in many cases shorter
than the approximate length of the typical activity in order to be synchronized with the
possible arrival times of different travelers arriving at the joint leisure activity. In those
cases, the shorter timestep can lead to a state evolution to a new state that has the same

location/activity pair (¢; = ¢;) as described above.

qil(t:t+n)

gi,(t<t+n—1)
¢z (t=1t+n)

g, (t=1t+1)
Qg5

iy (t = 0)

i, (t = 0)

Day Start

5 (t = 0)

Single-Point Estimates

FIGURE 4.2: Estimating the Daily Evolution of States over a day with the use of the
probability matrix P(k,t, L,,, A,) and the transition probability a; ;

In an attempt to model the decision-maker’s choice for moving from his/her current state
and travel a certain distance for participating in leisure activities, a utility function is
defined. To decompose the activity selection model, the available choices are indexed by
j ={1,...,J} where F} is the traveled distance between the current location of the user

and the choice j.

1:F; <my, xo:distance in km

2:239 < Fj <x1, a1 :distance in km

J:F;>x5_2, xj_g:distance in km

Individual’s utility Uy;(k) from traveling a distance j for participating at a leisure activity
(A¢(k) = leisure activity) at time ¢ is further defined as presented at the previous chapter.
Dyj(k,1) is also introduced as a new variable and denotes the dissatisfaction of user k

when he has to wait for [ minutes until all other participants arrive at the location of
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the joint activity. Disutility Dy;(k,[) represents the degree of individual’s dissatisfaction
and is related to the decisions of other participants at the joint leisure activity regarding

their arrival time.

The estimated utility function for participating at a leisure activity given the current
location of on user, the suggested location of a joint leisure activity, the time of the day,
and the disutility of individuals while waiting [ minutes at the activity location for all
other participants to arrive are utilized for solving the joint leisure activity optimization

problem.

4.2 Joint Leisure Activity Optimization

4.2.1 Problem Description

Let assume that a set of users with social ties, Ng, would like to participate at a joint
leisure activity. At the starting time ¢ all individuals, k € Ng, are at different locations.
Let also assume that there is a set of candidate locations, Ng for joint leisure activities.
Choosing an optimal location and time for the joint leisure activity requires the search
of a broad spatio-temporal solution space where the perceived utility of individuals and

the disutility due to the excess waiting time affect the solution.

For instance, if all individuals, & € Ng, decide to participate at a joint leisure activity at
location A € Ng and their arriving times to that location are ¢, € Ny, where N; is a
temporal set of possible arrival times, then the overall perceived utility and disutility for

participating in such activity is:

f(Usn(F), Dyn(k, 1)) (4.3)

, where k | Ay, (k) = leisure activity, t; € Ny is the arrival time of each individual £ at
the location of the activity and Dy, (k,() the disulity of each individual k given that
he/she has to wait [ minutes before the activity starts. For each potential location of a
joint leisure activity, A, the perceived participation utility and disutility at a particular
time of day is represented in eq.4.3. Initially, in eq.4.3 all individuals, k, are considered.

However, the probability of several individuals to perform a leisure activity at location
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FIGURE 4.3: Schematic View of the Search for the optimal location A € Ng and
arrival times of all individuals t,Vk € Ng for the next Joint Leisure Acivity

A is equal to zero given their historical spatio-temporal patterns. In addition, other
individuals might visit location A but not perform leisure activities there. Thus, the
condition (k | A, (k) = leisure activity) is added in eq.4.3 for considering only the utility
of individuals who perform a leisure activity A, (k) at time ¢ in location A and not the
utility of all others who are not visiting location A or performing other activity types

there.

From the objective function, © = f(U,a(k), Dy, a(k, 1)), the optimal location and arriving
times of each individual for participating at the joint leisure activity are determined

(refer to Fig.4.3):

arg, max f(Usa(k), Dyya(k,1)) (4.4)

To solve this optimization problem, the computation of the effect of different arrival
times € Ny to the disutility of users due to the excessive waiting times and the perceived

utility of all individuals while attending a leisure activity candidate location requires:

| Ns | x| Ny |l (4.5)
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computations with base computational cost C', where | Ng | is the cardinality of the set
of location candidates for a leisure activity Ng, | Ny | is the cardinality of the set of
available arrival times of each user at the location of the activity and | Ng | the number
of the participants at the joint activity. The computational cost of calculating the global
optimum solution grows exponentially with the number of individuals and the cardinality
of the set, Ny, from which the arrival times can be selected; hence, the system fails to
scale up -in its early phase already- as it is shown in Fig.4.4 where more than 1 hour
is required for | Ny |> 3. This leads to the inability of optimizing the location and the
arrival times of all participants at a joint leisure activity in practice even in small-scale

scenarios.

Eq.4.4 returns the location for performing a joint leisure activity and the arrival times
of each individual given their current locations and their perceived utility/disutility
functions. The selection of the joint leisure activity location is not considering the future
activity chains of the joint leisure activity participants. However, not considering the
future activity plans of the joint leisure activity participants might lead to a significant
deviation from their daily schedules; thus, reducing individuals’ acceptance level of the

suggested joint leisure activity.

To confront the above issue, the effect of selecting a joint leisure activity location based
not only on the current locations of activity participants but also on their future state

evolution probabilities is modeled in eq.4.6.

a/rg tke]l\/fr}?:/i(eNS f(UtkA(k)7 DtkA(k, l))

lq]
subject to: ZP(k,t};,q | kot Ay Ap) >0 (4.6)
g=1

q7# (A, Ap)

where Z'thil P(k,t;,q| k,tr, A, Ay) is the probability of each leisure activity participant
k to move at any other location/activity pair ¢ € {1,...,|g|} and ¢ # (A, Ay,) during
his/her state evolution at time ¢} given that he/she departed from the location/activity

pair (A, A,) of the joint leisure activity at time tg.

If the probability of transition at a different location/activity pair for an activity partici-

pant k is higher than a threshold value ¥ € (0, 1], then the selected location/activity pair
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(A, Ay,) for the joint leisure activity does not constrict the activity participant from moving
to another location/activity pair and continuing his/her daily activity plan. Therefore,
the location/activity pair (A, A,,) is a feasible joint leisure activity option for participant
k. This constraint guarantees that only location/activity pairs (A, A,) that allow the
joint leisure activity participants to continue their daily activity schedules are selected.
Threshold ¥ refines the optimization solution space and if one sets a high threshold value
(9 ~ 1), then he/she ensures that the selected joint leisure activity pair (A, 4,) will
provide more alternative future activity options to the activity participants and the joint

leisure activity suggestion will have more chances to be unanimously accepted.

Activity Participants: 12
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FIGURE 4.4: Scalability Test in a Simplified Use Case with 12 activity participants

and 60 leisure activity location candidates. The computational cost of calculating the

objective function via a simplified model was C' = 0.084675milisec. on a 2556 M H z

processor machine with 1024M B RAM. The number of alternative arrival time options
that each individual can select from, |Ny|, is the horizontal axis variable

4.2.2 Stochastic Annealing Search

To address the scalability problem, a set of enhancements that reduce the complexity of
the problem while ensuring that the final set of solutions is close to the optimal one are
introduced. The main enhancement is the selective choice of arrival times from the set
Ny for each individual for limiting the solution space via a ”stochastic annealing” search

method.

Following this approach, one reaches a final solution which is close to the optimum of

the objective function © within a reasonable number of computations | Ng | x | N} |Vl
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instead of | Ng | x | Ny [Vel; thus reducing the selection attempts on the set of arrival

times | N} [<<| Ny |.

At an initial search step, all candidate joint activity locations A € Ng are identified.
Let assume that one candidate location A € Ng is examined. Starting from the first
individual in the set Ng and following a successive order, © is optimized taking into
account the arrival times of each individual. Then, the same approach is repeated at
the next examined location until the exhaustion of all locations in Ng. Nevertheless, the
computational cost is still not scalable if the set of arrival times that each individual can

select from has more than 3 elements as shown in Fig.4.4.

For performing the problem-specific ”stochastic annealing” search, the objective function,
O, is computed with the assumption that all individuals arrive at the joint activity
location at the fastest time possible given their current location (t; = t,Vk € Ng). In
the initial search, the first individual is allowed to arrive at the location of the leisure
activity at time ¢, € Ny which optimizes the ©. For performing this action, | Ny |
computations are required. If one repeats the same for the second individual assuming
that all other individuals arrive to the activity location at the earliest possible time, the
cost is again | Ny | and if this is repeated for all individuals at all locations the number

of computations is | Ny | x | Ng | x | Ng |.

Let assume that the available set of arrival times, Ny, of one individual k at a leisure
activity location is Ny = {70, 71, ..., T, oy T, - 7T|Nf|} where 7 is the earliest possible
arrival with a computed performance cost O,. 7, is also the arrival time from the initial
search that optimized the performance cost ©,, given that all other individuals arrive
at the location as fast as possible. The stochastic annealing search starts by picking
the next arrival time from the Ny set of values for ensuring that the solution space is
efficiently explored given that the number of available selections is only | Ny |[< 3 where

| Npr |<<] Ny |.

At a first selection step, the arrival time 7., € Ny with the highest selection probability
based on the already computed performance of my and m, is picked. 7.« has the highest
probability of selection among all other arrival times P(my.) > P(my), 7z € Ny. Then,
the O, is computed (refer to Fig.4.5). The selection probability of any control measure

Ty € Ny is defined as:
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FIGURE 4.5: Stochastic Annealing Selection of Arrival Time from Ng

P(my) =
(@ﬂo/@m)ﬂ'n +L (4'7)
ZmeNf (Ono/On, )7 + L
where
L =W]||(rme — o) (7 —72)/ | N ||| (4.8)

and the term W||(m, — mo)(mx — 72)/ | N¢ | || has a higher value when the arrival time
7 is closer to other arrival times for which the O is already calculated (i.e., mg and 7).
W is a weight factor that increases the probability of selecting an arrival time which is

closer to the ones that there is information regarding their performance.

At a second selection step, the probabilities of selecting the next arrival time 7. € Ny
are redefined based on the already computed ©,,, ©,, and O , Let assume that

Mo < Trse < Tz Then, for all m, € Ny if m < mpey -

P(my) =
(@WO/GWK*)WH+W‘|(7TH_WO)(WH,_’/TH*)/N}CH (4.9)
ZjmeNf (@Wo/g;rm)ﬂn + L
Else if m, > mpy :
P(my) =
(Or. /O, )i+ WI|(ms — M) (x — ) /Ny | (4.10)

erKENf(@Wn/@;rz)ﬂ—/’v + L
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After that, 7. such that P(me.) > P(mg), Vm, € Ny is chosen and the O, ,, is

computed.

Finally, one more step follows and the outcome of the constrained solution search returns
a first direction towards the © optimum. During the computation, one arrival time € Ny
is selected for each individual at each examined activity location as it is summarized in

Alg.2.

As shown more clearly in Alg2, the set of arrival time selection candidates {7, T, Trwss |
is defined with the stochastic feature of the annealing search before start applying simu-
lated annealing at the reduced search space Ny for finding an approximation to the global
optimum solution. At the stochastic step, the set of Ny = { ks Thnns Trewnn ;- SOlUtion
candidates for each activity participant which shows his/her strongest preferences in
terms of activity arrival times is pre-selected out of the entire Ny set and the simulated
annealing search is focused only at search space Ny/; thus, truncating the size of the

exploration space.

This is the key differentiator of the proposed stochastic annealing method; since, simulated
annealing is applied at a search space with high chances to contain a solution close to
the global optimum. Otherwise, if simulated annealing was applied in the entire set Ny
without considering the stochastic set-selection feature, it would not be able to explore
efficiently the vast solution space for finding an appropriate approximation to the global
optimum given the limitation of using only 3 search iterations due to the scalability issue

described in Fig.4.4.

4.3 Computing the Location and Starting time of Joint

Leisure Activities

In practice, the user-generated data from 75 Smatrphones that post on Twitter and the
Utility-maximization model for each user was generated representing the distance he/she
is willing to travel for participating in different activity types during the day. A short
summary of the generated Utility-maxization models is presented in Fig.4.6 where only
the maximum distance that one user is willing to travel for participating at a leisure

activity at different times of day is plotted due to the immense amount of data.
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for all candidate locations A € Ng do
Compute © when all individuals arrive at A as fast as possible;

for each individual k = {1, ...,| Ng |} do
Select the optimal arrival time t;, € Ny for individual k:©, considering that all

other individuals arrive at A as fast as possible;
end
for each individual k = {1, ...,| Ng |} do
for each arrival time ., = {mo, ..., m|n,|} do
Calculate P(mx(k));
Select 7y, (k) such that P(me.(k)) > P(m.(k));
Recalculate P(7m.(k)) and select mues (k) such that P(m.w(k)) > P(me(k));
Recalculate P(7m.(k)) and select Ty (k) such that P(mes(k)) > P(me(k));

end

end
for T (1), s (1), Trsss (1) do
for s (2),Tgws(2),Trsss (2) do

for T (Nf),Meix (2),Tissn (| Ng |) do
Calculate New.O;
if New.© > O then
‘ O = New.O;
end

end

end

Return the selected arrival time for each individual and the location of the joint leisure
activity;

Algorithm 2: Stochastic Annealing Search with | Ng | x | N Vel 4+ | Ng | x | Ny | x| Ng |
computations

The stochastic annealing optimization algorithm is tested after retrieving the Utility-
based models of each individual from analyzing their social media data. The objective of
the joint leisure travel optimization technique is to propose an activity location and the
arrival times to each individual participating at the activity given their current location.
As described previously, the brute-force optimization requires an exponential number of
computations | Ng | x | Ny [VEl of the objective function © = f(Uy,(k), Dya(l, k)) for

retrieving the optimal value.

At this point, it should be mentioned that © is not a fixed function. For instance, the
value of © for an examined activity location and set of arrival times can be estimated via
a micro or macro-level simulation which offers higher granularity or via a simpler equation

which associates © with the parameters of the examined location and the arrival times.
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FIGURE 4.6: Plot of 75 Users’ Maximum Travelled Distance (in meters) for partici-
pating at leisure activities at different times of day. The utilized user-generated data
comes from 75 Smatrphones that post on Twitter

For the implementation of the stochastic annealing algorithm, the following function for

calculating the objective function is used:

C e U (k) e Di (b, Ty — ) 411
At ting] = ’NE | — Wk |NE | ( . )

,where t;, € Ny, T}, the starting time of the joint leisure activity and wy a weight factor
for individual k. Eq.4.11 includes the utility and disutility of all individuals k at location
A. However, only the utility /disutility of individuals who perform a leisure activity Ay, (k)
at time ¢ in location A should be considered in the objective function. Therefore, the

condition (A, (k) = leisure activity) is added as an additional constraint of eq.4.11.

The proposed function serves as a reference and different functions or more detailed
simulation-based approaches can be utilized. Nevertheless, in any case, a computational
cost of C' is required for estimating © for a given location and a set of arrival times; thus,

requiring a computational cost of C'x | Ng | x | Ny |INel.,
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Departing from this point, optimizing the leisure activity locations and the arrival times
of 75 social media users solves an unrealistic problem since such activity participation
levels of users with social ties occur only in the rare case of special events (i.e., sport
events, pre-organized social events) where the location of the activity is already known.
To tackle this issue, one needs to use the generated clusters from the examined users from
the previous chapter based on the observed distance between the utility-mazimization
models of users over time. This distance represented the similarity of users’ willingness

to travel similar distances for participating in leisure activities.

For all users in each cluster, their daily mobility /activity plans based on their evolution
of states described in Fig.4.2 were derived from Eq.4.1,4.2 at the learning phase. The
states of all users are evolving in a rolling horizon and if at some point in time all users
that belong to the same cluster are at the same location and this is a leisure activity
type location, it is assumed that this is a Joint Leisure Activity Instance. Then, the
values of the activity starting time, the activity location and the arrival time of each
individual are stored and the perceived utility of the users that participated to the joint

leisure activity is calculated.

While the evolution of states continuous, the users of one cluster can meet again at
another location which is again the location of a leisure activity; thus, assuming that
this is a 2nd joint leisure activity instance. The evolution of states for each individual
can continue until exhaustion; however, at an initial stage of analysis, the state evolution
procedure is terminated for all users that belong in a cluster when the occurrence of nine

(9) joint leisure activity Instances is observed.

The nine observed Instances of Joint Leisure Activities at each cluster have occurred
without external interference and form the basic scenario (”do-nothing” scenario). The
values of the perceived utility of all clusters for the ”do-nothing” scenario at each Instance

of Joint Leisure Activity occurrence are stored in Table 4.1.

Optimizing each joint leisure activity for each cluster at each Instance of activity occur-
rence requires | Ins. | x | C1| x | Ng | x | Ny [INel computations where | C1 |= 10 is the
number of generated clusters, | Ins. |= 9 the total Instances of joint activity occurrence
and Ng the number of alternative joint activity locations. In addition, Ny is the set from
which one can select different arrival times to the location of the joint activity and it

is formed based on the assumption that the participant who arrives first cannot wait
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FIGURE 4.7: Comparison of Computational Cost between Brute Force and Stochastic
Annealing Search. The Plot is in Logarithmic Scale

more than 80 minutes until the arrival of the last participant due to the inconvenience
caused. For this test case, Ny contains 10 values; therefore for each user k, the arrival

time t; € {1, ...,| Ny |= 10}.

The proposed Stochastic Annealing heuristic was tested against the exhaustive enumer-
ation method that required | Ins. | x | Cl| x | Ng | x | Ny [IV&l computations in the
case of | Ny |= 10, | Ins. |= 9 and | Cl |= 10 clusters containing up to 9 users on a
2556MHz processor machine with 1024MB RAM and the computational costs of both
methods are shown in Fig.4.7. Fig.4.7 shows that the proposed algorithm computes the
optimization solution in linear scale compared to the exponential behavior exhibited by
the brute force approach and, most importantly, the computational cost stays at lower

levels that allow the implementation of real-time applications.

The stochastic annealing method finds approximations of the global perceived utility
optimum for each cluster of users at each joint activity instance. The global perceived
utility optimum is defined with respect to the group of individuals who have the potential
to participate at each joint leisure activity instance (decentralized approach) and not
with respect to the network conditions. After running the algorithm for all test cases,
new suggestions regarding the location of a joint activity and the arrival times of all
users at each cluster are calculated. The optimization findings are suggested to users
and their perceived utility from participating at joint leisure activities at each instance is
calculated and presented in Table 4.1 and Fig 4.8. Table 4.1 and Fig 4.8, show significant
increase on the perceived utility of users that varies from up to 1.5 to up to 5 times

compared to the observed utility satisfaction from the do-nothing scenario.
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FIGURE 4.9: Arrival Times of each Individual at each joint activity location for each
one of the nine instances. The color bar shows the difference between the arrival time
of one user and the arrival time of the next user who arrived at the same location

For a more detailed insight on the performance of the stochastic annealing optimizer,
Fig.4.9 shows the deviation of the arrival times of each couple of users at the location of
the joint activity. A couple of users is the set of two users who belong to the same cluster
and one arrives to the location of the joint leisure activity just before the other at the
”do-nothing” scenario (users with successive arrival times). After the implementation of
the optimizer, the deviation of arrival times changed abruptly and were also observed
changes on the order of successive users when one user that arrived prior to another one
at the ”do-nothing” scenario now arrives after him/her. This is shown in Fig.4.9 where
some user couples have negative values of arrival times deviation. The higher deviation of
the arrival times of successive users {—3, ..., +18min.} instead of {0, ..., +12min.} at the

”do-nothing” scenario case demonstrates the availability of valuable alternative options



TABLE 4.1: Perceived Utility of each Cluster of Joint Activity Participants at different
times before, ©,.q;, after the optimization of the activity Location and the Arrival

Times, O,pt., and with brute-force ©ppyze
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Cluster ‘ Ins.q ‘ Ins.o ‘ Ins.3 ‘ Ins.4 ‘ Ins.5 ‘ Ins.g ‘ Ins.7 ‘ Ins.g ‘ Ins.g
Opeat | 061 ] 0.61 ] 0.65| 0.81 | 1.00 | 1.06 | 1.36 | 1.45 | 1.45

1 Oopt. | 171 | 098 | 248 | 237 | 2.11 | 2.69 | 2.83 | 2.48 | 2.74
Oprute | 1.89 | 1.23 | 2.74 | 2.69 | 2.81 | 2.92 | 3.11 | 2.98 | 3.17

Opeat | 034 041 ] 055 | 0.61 | 0.61| 0.68| 0.59 | 0.59 | 0.59

2 Oopt. | 1.91 | 2.67 | 3.00 | 2.22 | 1.39 | 3.12 | 2.82 | 1.87 | 1.68
Oprute | 2.04 | 2.72 | 3.41 | 2655 | 1.78 | 3.26 | 3.07 | 2.11 | 2.01

Oreat | 056 | 0.56 | 0.50 | 0.50 | 0.43 | 0.38 | 0.44 | 0.32 | 0.32

3 Oopt. | 2.83 | 1.33 | 1.38 | 1.77 | 1.08 | 1.71 | 2.17 | 2.16 | 1.79
Oprute | 2.99 | 1.56 | 1.54 | 2.01 | 1.37 | 1.79 | 245 | 2.37 | 2.01

Oreat | 0.63 | 0.55 | 0.49 | 0.33 | 0.27 | 0.18 | -0.04 | 0.03 | 0.03

4 Oopt. | 2.17 | 1.80 | 0.99 | 1.23 | 1.22 | 0.99 | 0.44 | 1.51 | 0.88
Oprute | 2.34 | 2.02 | 1.17 | 1.56 | 1.42 | 1.59 | 0.46 | 1.62 | 0.96

Opeqt | 071 071 071 | 0.71 | 0.71 | 0.71 | 0.71 | 0.71 | 0.71

5 Oopt. | 1.69 | 224 | 1.35 | 1.78 | 148 | 1.51 | 1.73 | 1.09 | 1.93
Oprute | 1.78 | 227 | 1.51 | 1.81 | 1.62 | 1.84 | 1.77 | 1.41 | 2.27

Oreat | 0.66 | 0.66 | 0.66 | 0.66 | 0.66 | 0.66 | 0.66 | 0.66 | 0.66

6 Oopt. | 1.36 | 1.57 | 1.41 | 1.77 | 1.97 | 1.69 | 2.01 | 1.55 | 1.21
Oprute | 1.51 | 1.93 | 1.46 | 2.01 | 2.07 | 1.87 | 2.03 | 1.67 | 1.42

Oreat | 055 | 0.55 | 0.55 | 0.55 | 0.55 | 0.55 | 0.55 | 0.55 | 0.55

7 Oopt. | 131 | 1.87 | 145 | 1.22 | 148 | 1.04 | 1.51 | 1.26 | 1.56
Oprute | 1.71 | 1.94 | 1.65| 1.42 | 1.58 | 1.27 | 1.59 | 1.41 | 1.63

Opeat | 051 0.51 ] 051 051 | 051 | 0.51 | 0.51 | 0.51 | 0.58

8 Oopt. | 1.19 | 1.72 | 1.90 | 1.50 | 1.62 | 1.39 | 2.10 | 1.25 | 1.55
Oprute | 1.32| 1.79 | 1.94 | 1.76 | 1.87 | 1.61 | 2.17 | 1.39 | 1.71

Orear | 042 | 042 | 042 | 0.42 | 042 | 042 | 0.42 | 0.42 | 0.42

9 Oopt. | 243 | 222 | 1.27 | 231 | 2.54 | 2.08 | 1.86 | 2.52 | 1.98
Oprute | 2.45 | 229 | 1.42 | 239 | 2.63 | 2.17 | 1.99 | 2.56 | 2.07

Oreat | 069 | 0.69 | 0.69 | 0.69 | 069 | 0.91 | 1.06 | 1.06 | 1.06

10 Oopt. | 2.03 | 1.61 | 5.50 | 3.83 | 4.50 | 5.70 | 2.64 | 5.70 | 5.70
Oprute | 2.11 | 2.27 | 550 | 447 | 496 | 570 | 291 | 570 | 5.70

when searching a broad spectrum of the solution space in limited time and justifies the

up to 5 times increase of the perceived utility (refer to the perceived utility of users from

cluster 10 at Fig.4.10).

Fig.4.10 summarizes the results and shows the average perceived utility of each cluster

of users by averaging the perceived utility at each one of the nine Instances of joint

leisure activity occurrence. After the optimization, cluster 10 had the most significant

performance increase (up to 5 times) but also had the highest perceived utility deviation.

This can be explained by the small size of the cluster (contains only 3 users). From all

other clusters, there is a perceived utility increase of up to 2.5 times that demonstrates



126

} I Basic Scenario
+ + Stochastic Annealing

S
T

Perceived Utility

(8]
T T
—

Cluster ID

FIGURE 4.10: Average Value and Standard Deviation of the Perceived Utility of each
Cluster of activity participants over the 9-instance test case

the potential benefits of optimizing leisure activities. At all cases, the optimized perceived
utility had higher deviation than the do-nothing one. The higher deviation is partly
explained from the selection of arrival times from an increased set of values that leverages
the benefits of arrival times rescheduling; hence, in some cases extreme arrival time values

are adopted while in other more conservative options were selected.

Finally, the approximation of the perceived utility optimum derived from the stochastic
annealing optimization from the 1st and 2nd Joint Leisure Activity Instance is tested
against other problem-customized optimization algorithms. The objective is to understand
if the stochastic annealing optimizer converges fast enough to find a solution close to the
optimum one; therefore, the main focus was on the 1st and 2nd Joint Activity Instance by
running the stochastic annealing algorithm 12 times to understand the level of dispersion
of the solution approximations that are computed at each run. Additionally, other
problem-customized optimization algorithms were run 12 times at the same scenario for

performing the comparative analysis.

Here it should be mentioned that there are no works in literature on optimizing leisure
joint activities in a rolling horizon framework for real-time applications since the most
related works belong to the area of ride-sharing optimization (refer to de Almeida Correia
and Antunes [39],Agatz et al. [4]). Therefore, due to the absence of alternative heuristics,

well-known algorithms that are used in the area of fleet management and belong to
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the algorithmic families of genetic algorithms and hill climbing were customized for
approximating global optimums. To reduce the comparison bias, the customized hill
climbing and genetic algorithm (GA) were also allowed to select | Nf’' |=3 out of
| Nf |=10 elements (i.e., 3 random start ascent selections in the case of hill climbing
and 3 population evolution phases in the case of GA). Due to that, all three algorithms

require similar number of computations.

The KPI of the performance of each algorithm is the improvement of the perceived
utility of all users within clusters that participated at a joint leisure activity. Fig.4.11
shows the performance of each optimization algorithm after re-running it 12 times for
approximating an optimal solution to the scenarios of the 1st and 2nd Instance of Joint
Leisure Activity occurrence. The average value of the Perceived Utility of each cluster
after the use of Stochastic Annealing, the Genetic Algorithm and the Hill Climbing
method after aggregating the solution approximation results from the 12 re-runs are

finally summarized in Fig.4.12.

Due to the improved scalability, this approach can be used to develop Web and Smart-
phone applications for suggesting automatically the time and the location for performing
a joint leisure activity. After applying the stochastic annealing search for optimizing
9 Joint Leisure Activity Instances, the perceived utility of users was increased up to 3
times compared to the basic scenario because of the rescheduling of the arrival times of

individuals and the activity locations as presented in Fig.4.10,4.9.

From Fig.4.11,4.12, stochastic annealing found approximations to the optimal solution
that increased up to 2 times the perceived utility of users in a cluster compared to the
hill climbing and the GA. The Hill Climbing method had the most weak performance
on approximating the global optimum while departing from the do-nothing scenario. It
showed significantly low dispersion among the approximated solution values from the 12
re-runs and this is related to the inability to ascend to the top of the hill when there are
only | Ny |= 3 available iterations. In addition, many times the solution search started
from the wrong hill and the algorithm was trapped in a local optimum without being

able to jump to another hill for continuing its exploration.

Finally, the customized Genetic Algorithm oftentimes failed to identify an improved new
generation and after the crossover phase many offsprings yield similar or worse solutions

compared to their parents. However, GA showed a consistently better performance
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compared to the hill climbing method. In fact, due to the aggressive solution space
exploration, at some cases its performance was close to the performance of the proposed
stochastic search. The main problem though was the huge performance dispersion among
re-runs at the same scenario. Given the threshold of 3 available population generations,
there were several runs that the GA did not provide any improvements to the do-nothing
scenario. Then, suddenly at one re-run the GA might manage to find a significantly
improved solution due to the aggressive solution space search, even if such probability
is low. Nevertheless, at most cases the approximated solutions offered limited added
value to the activity participants and this was the key difference between the GA and

the stochastic annealing method.

To conclude, the stochastic annealing method proposed consistently solutions close to the
optimum without facing significant dispersion among re-runs, due mainly to the stochastic
feature of pre-selecting a solution space with high chances of finding a close-to-optimum

solution before start applying the simulated annealing search.

4.4 Potential of Problem Approximation with Centroids

The initial computational cost of solving the location and time optimization problem
for each joint leisure activity was exponential and required a set of | Ng | x | Ny |Vl
computations. This set of computations required the implementation of heuristics given
the large size of alternative joint leisure activity location options Ng in a city environment

and the set of potential arrival times Ny.

However, a two-stage approximation method of selecting the activity location can be
utilized for reducing the number of alternative activity locations Ny; thus, reducing the
initial complexity of the optimization problem. In such approach, the city can be split in
different areas with the use of centroids (let say | N¢ | centroids) where each centroid
contains a number of locations | N¢, |. In such approach, the first optimization stage can
select the optimal centroid and activity time for a joint leisure activity with a required
number of computations | No | x | Ny |Vel. After that, the search of the optimal

activity location can be implemented within the centroid at a second-stage optimization.

This computational cost is significantly reduced due to the replacement of alternative

locations, Ng, with alternative centroids, Nco. However, it still remains exponential and
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assuming the split of a city into 10 centroids the brute-force computational cost of the

problem as it was defined in Fig.4.4 becomes the cost of Fig.4.13.

Activity Participants: 12
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FIGURE 4.13: Scalability Test in a Simplified Use Case with 12 activity participants
and 200 leisure activity location candidates [blue dots] replaced by 10 centroids [green
dots]. The computational cost of calculating the objective function via a simplified
model was C' = 0.084675milisec. on a 2556 M H z processor machine with 1024M BRAM.

From the above figure it is evident that the optimization cost is reduced significantly
for more than 5 potential starting time options with the use of centroids. However,
due to the exponential computational complexity, even with the use of centroids the
problem requires the implementation of heuristics instead of simple enumeration for
more than 4 potential starting time options. The conclusion of the above is that the
problem complexity can be significantly reduced with the replacement of potential joint
leisure activity locations with centroids, but that reduction is not enough for avoiding

the utilization of solution approximations with heuristics.

Lastly, one should be cautious regarding the approximation with centroids because at the
first optimization stage the optimal centroid is selected and that bounds the search of the
optimal location within the limits of that centroid. The problem with the approximation
with centroids is that a centroid is not a specific location but a large geographical area
that entails a series of locations. For resolving this issue, the center of each centroid is
selected as the representative of the entire centroid. Therefore, the distance between the
current location of each activity participant and the center of the centroid is the key
factor for selecting the optimal centroid. However, within the centroid itself the locations

of the potential joint leisure activities might be far away from the center of the centroid
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which leads to an inaccurate approximation of the problem. To resolve this issue and
provide a better approximation of the joint activity location optimization problem with
the use of centroids, each centroid should be constructed in a specific way. Ideally, each
centroid should: (a) contain a series of potential joint leisure activity locations which
are in close proximity with each other yielding a low dispersion; (b) not contain several
groups of potential joint activity locations which are far away from each other. In case
that happens, those groups should be split and a new centroid should be generated for
representing each group; (c) the center of the centroid should not be the geographical
center, but the center of the potential joint leisure activity locations. By developing
centroids following the above rules the inherent accuracy error of selecting the optimal
joint leisure activity location with the use of centroid approximation is reduced, but

there is no guarantee that there can finally be no accuracy loss.



Chapter 5

Demand-Responsive Public
Transportation Re-scheduling for
adjusting to Joint Leisure

Activities

Mode selection and the increase of public transport mode ridership is the next challenge
after the optimization of joint leisure activities’ location and starting time. The work
of Miller et al. [82] focused on the selection of transport modes for participating at
activities from all members of a household by utilizing the concept of Random Utility
Maximization (RUM) and adding constraints to the selection problem (i.e., private mode
availability subject to the use from another member of the household). Although, the
literature on dis-aggregate (e.g., Asensio [8]) or tour-based (e.g., Bowman and Ben-Akiva
[25]) mode choice is vast, the work of Miller et al. [82] is one of the closest prior arts
since it tackles the problem of mode selection for a joint activity from several household
members. However, the transport mode selection for a joint leisure activity has a higher
complexity level than the household-based activity planning because: i) joint leisure
activity participants start their trip from different origins and not from a common location
(i.e., not necessarily home-based), ii) the arrival time punctuality at the location of the
leisure activity matters since the arrival time variance of all activity participants should

be low to avoid excess waiting before the activity starts.
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The main challenge that arises is how to model and improve the joint-leisure-activity
ridership of demand-responsive transportation via rescheduling the timetables of public
transport modes subject to a set of operational constraints. For this, the problem
of public transport service re-scheduling considering operational regulations and the
quality of service is modeled and a scalable heuristic search method for dynamically
re-scheduling the public transport schedules of demand-responsive systems and increasing

their ridership related to joint leisure trips is introduced.

5.1 Public transport rescheduling for increasing the pas-

senger ridership related to joint leisure activities

To increase public transportation ridership for trips related to joint leisure activities,
the planned schedules of public transport modes should be adapted to the joint-leisure-
activity travelers’ requirements. Demand responsive public transportation (DRPT) has
been viewed as a mean of passenger communication with the transport operator in a
direct way allowing the transport operator to create custom routes based on a priori
knowledge of the passengers’ locations, destinations and schedules (Mauri et al. [80],

Castex et al. [30]).

For tackling the public transport rescheduling problem, a first assumption is that DRPT
routes are fixed and only their timeschedules (i.e., departure times) can change subject to
spatio-temporal demand variations related to joint leisure activities. The key individual-
based data for deriving Joint Leisure activities demand variation in space and time
is obtained, as discussed in previous chapters, from Smartphone apps that can open
one-way communication channels between the travelers and the public transport operator
(i.e., social media apps). In the past, smartphone apps have utilized for improving
dynamic travel decisions (Dickinson et al. [42]). In this thesis, Smartphone data from
Social Media Apps is transmitted to the control center of the transport operator (either
via direct transmission or via a data crawling campaign) and provides information of
joint-leisure-activity demand for adapting the DRPT operations to it via changing the

planned timeschedules.

Let assume that over the time period of a day a number of public transport trips

m = {m, T, ..., Tz} can serve joint leisure activity passengers. Those public transport trips
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belong, in general, to different public transport services while, some of them, can belong to
the same public transport service (i.e., the bus service line). Let for instance a trip m; € 7
to be part of a public transport service p. This public transport service has a planned
daily schedule (service timetable). If this service serves Sp = {Sp1, Sp.2; .-, Sp,|s,|} public
transport stations and has a number of n, trips during the day, where the trips are
denoted as K, = {Kp 1, Kpo, ..., K, Kp\}’ then the planned daily schedule of service p is
represented by a D: |Kj,| x |S,| dimensional matrix with integer elements denoting the

planned arrival time of each trip K, ; € K, to each station S,; € S).

Let S, ; € S, be the station of trip K},; = m; € K, where one or more boardings from
joint leisure activity passengers can occur and Sy, ; € S, be the alighting station of the
joint leisure activity passenger/s which is the closest station to the location of the joint
leisure activity A. The joint leisure activity passenger will be more tempted to use this
public transport service if the alighting at the destination station occurs close to the time
of the joint leisure activity. Given the joint leisure activity location A and the starting

time of this activity ¢, a utility score for using the public transport service is introduced:

z = (t — ¥ — DKp,z‘,Spj)2 (5.1)

which is zero at the optimal case (alighting at station .S, ; occurs at the same time with
the starting time of the joint leisure activity ¢ minus the walking time required from the
station to the location of the activity denoted as ") and it progressively increases its

value if trip K, ; arrives much earlier or later to that station.

During the rescheduling phase of this public transport service, the departure times of the
daily trips are subject to change. Those changes are the decision variables (”unknows”)
of the rescheduling problem and are denoted by = = {x Kp1s TRyoo o TR, e 1} which is a
| Kp|-dimensional vector of the problem variables and represents how many minutes the
departure time of each trip of public transport service p can deviate from the planned
one. Vector z is not allowed to take values from the Euclidean space R%»| but only from
a discrete set of values (¢ = {—5, —4,...,0, ..., +4, +5 }minutes) because the re-scheduled
timeplan should be expressed in minutes (decimal values are not allowed to planned

schedules). Therefore, the utility score for the joint leisure activity participant towards
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the public transport service is not the static value z = (¢t — t* — Dk, .., )2, but can be

expressed by a scalar function z : N — R:

Z(‘TKp,i) = (t - tw - (DKp,iyspj + ':L‘Kp,i))2 (52)

Realizing that an entire re-scheduling of all daily trips is unnecessary and will create
many changes without reason, variables zk, , € z are allowed to change only if the
planned arrival time Dy, :Sp; of the trip K, at station S, is within the range of
+60minutes from the joint activity starting time minus the expected walking time to the

activity location:

€q={-5-4,...,0,..,4,5} if |DKP,¢7SPJ‘ —t — t"| < 60minutes
pr,q; : (5.3)

0 otherwise

One might reasonably claim that rescheduling the public transport service timeplan for
adapting to the joint leisure activity demand might penalize other regular passengers
of the public transport service who are not involved in leisure activities. In practical
terms, it in not feasible to monitor the effect of the rescheduling phase by continuously
surveying the passengers of the public transport service. However, one can ensure that i)
the operations are better of, or at least not deteriorated, for all passengers of that public
transport service at a system-wide level and ii) no passengers are over-penalized from

those changes.

Joint leisure activity spatio-temporal demand variations have greater impact to the
services of dense metropolitan areas due to the volume of leisure demand changes that
justifies the public transport rescheduling efforts. Those services in metropolitan areas
are high frequency services and they are regularity-based (their Key Performance Index
(KPTI) is the service-wide Excess Waiting Time (EWT) score instead of punctuality-based
On-Time-Adherence (OTA) of operations to the planned schedule). Regularity-based
services dictate that the daily trips of one public transport service should keep a certain,

pre-defined time deviation (headway) when passing by each station of the service which
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should not be too small (bunching) or too high leading to excess waiting times for

passengers that wait at the station for that service.

The operational performance of the public transport services are assessed through
this EWT scheme at high-frequency services, and, in some cities, such as London
and Singapore, the public transport operators receive monetary penalties or bonuses
depending on the daily EWT score of each service. In many other cities, the EWT score
of the public transport service indicates the performance of the service and the service
operator can have his contracts terminated if the daily EWT scores of that services are

below average.

The service-wide EWT of one public transport service is a linear function of the EWT
scores observed at several stations of the transport service during different periods of the
day (morning peak, afternoon peak, etc.). Those time periods have starting and ending
times: ((17,77),(15,T5),(T5,Ts)). By definition, the EWT at each station, Sy, ; € S,
is calculated from the planned arrival times of consecutive trips for every time period
((Ty,Ty)) and since it is a variance from the expected waiting time for passengers cannot

take a negative value:

Kp|—1
) Zngl 0K, (DK, 0,8, + Ky) = (D18, + pr,i—l))Q

EWTéfgj’Tg) = max|0; T
’ 221‘:127 HKp,iysp,j((DKp,iasp,j + pr,i) - (‘DKp,iflvsp,j + pr,i71>)
Kpl—1
_ ZL:Q‘ er,iasp,j((‘DKp,iysp,j + pr,i) - (‘DKp,iflvsp,j + pr,iA))]
K,|l—-1
2 Zl:g‘ er,’hSp,j
(5.4)
where
1 if DKp,mSp,j + 2k, , and DKp,iq,Sp,j +ok,, | € (Tgs, Tge)
0K, i.50, (5.5)

0 otherwise

The EWT score at station .S, ; for public transport service p is then derived by aggregating

the EWT scores from different time periods of the day:
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(T3.T5)
S EWTg

2g=11

EWTs, , = (5.6)
In a similar fashion, the service-level EWT which is the main KPI for every regularity-
based services is then derived by adding the EWTs computed at different stations (in

some cases some stations might have higher weights than others):

9l g
EWT, = 2= EWTs,

(5.7)
POiB!

For satisfying condition (i): ”the operations are better of, or at least not deteriorated, at
the service-level after the rescheduling of the service”, the first objective is to reduce the
EWT score at the service level or at least ensure that it is not increased. In addition,
for not increasing operational costs, it is not allowed the insertion of new, additional
transport modes at each re-scheduled public transport service and the number of planned
trips is kept the same as before (no inclusion of additional trips). Changing however
the departure times of some trips might lead to operational cost changes such as fuel
consumption due to traffic condition changes but those costs are omitted from the analysis
because they are of minor importance especially since our re-scheduled trips change
departure times within the range of ¢ = {—5, +5}minutes resulting to small changes (no
morning trips are shifted to afternoon or from peak to off-peak conditions where the

network traffic is expected to change significantly).

Finally, for satisfying condition (ii) and not allowing any regular passengers to get
over-penalized because of the re-scheduling, the frequency constraint rule is adopted
which is also used for the tactical schedule planning from public transport operators.
This rule is the outcome of the tactical frequency setting phase and dictates the range
of minutes where successive trips can depart from the departure station for covering
adequately the passenger demand at every station of the planned service. The frequency
range changes over different time periods of the day (morning peak, etc.) and if the
time periods of the day are: {1,2,...,0}=((T5,T7),(T5,15),(T5,TF)), then for each time
period g € {1,2,...,0} there is a minimal frequency value I(g) and a maximal frequency
value h(g) which should not be violated by any couple of successive trips within that

time period. This rule, indirectly ensures that any re-scheduled timeplan that does
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not violate the frequency range for every time period of the day will cover the regular
passenger demand in a satisfactory manner and no regular passengers of the service will

be over-penalized.

For instance, if one trip K, 4 is subject to re-scheduling and belongs to the time period

g, then the departure time deviation xg, , should be such that:

l(g) < (DKP@,SPJ + pr@) - (DKP7¢71,SP,1 + pr,¢71) < h(g) (58)

While re-scheduling the planned public transport service p that contains a joint leisure
activity trip K,; € K, the objective is to: (a) minimize the utility score of joint leisure

activity passengers (t—t" — (Dg,

Sp, TT K,.))?, (b) disturb only the planned trips which

are at the close vicinity of trip Kp; € Kp: 2k, , = 0 if |Dg

w .
poiSpy, 11 | > 60minutes,

(¢) minimize the service-wide EWT score, (d) do not violate the planned frequency range
of successive trips derived from the tactical planning phase, (e) ensure that the new
EWT will at least not be worse than the service-level EWT of the original timeplan.
It is important to note here that points (c¢) and (d) are also the objectives for the
public transport authorities when they plan their daily timeplans (timeschedules). If the
service-level EWT of service p before the re-scheduling was EWT]I;ef "¢ then the above

objectives result to the following optimization program written in the standard form:

S ' 2
minimize flz) = (¢t —t* — (DKp,ivspj + zpri)) + EWTy(x)
subject to BWTY T — EWTp(2) > 0

- - > s e
Vg €{0,1,2,....0}  (Dk, 4.5, +2x, 4) = (Dr, 4 4,5, tTK, , 1) —UW9) 20,VDk s, | +ok, €Ty Ty)

Vg €{0,1,2,...0  h(9) = (DK, 48,1 T 7K, ,) + (DK, 4 1,5, TTK, 4 1) 20.YDK, 4.5, +ox, , €(Tg,Tg)
z € q=1{-5,—4,...,0,...,4, 5}minutes

TKp ¢ = 0,Vée : ‘DKp,d)vSpj —t —t"| > 60minutes

(5.9)
In this optimization problem, the objective function is nonlinear and the service-level
EWT constraint is also non-linear. This problem is combinatorial and includes also a
series of linear inequality constraints for satisfying the allowed frequency ranges. Item
(a) is covered by the objective function. Item (c) is also covered by the objective
function whereas item (e) is covered from the nonlinear EWT constraint. Item (d) is

covered by the series of linear inequality constraints and item (b) is covered by setting
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rk,, =0,Y¢: Dk, oSp; — L= t*| > 60minutes. The computational complexity of this
problem is exponential O(|q|?) where p is equal to the number of re-scheduled trips (i.e.,
trips for which |D Kyp.6:Sp; — t—t"| < 60minutes); therefore, this problem is computational
intractable and an exact solution can be computed only at small-scale scenarios. For
instance, if within the 2-hour time period of interest there are 20 planned trips from this
public transport service a minimum number of 6.727E+420 computations is required. In
addition, if there is not one, but P public transport services that require rescheduling for
adjusting to the leisure activity demand, then the computational complexity becomes

O(Plql?)-

Finally, it is evident that if within the time range Dy

1.i,S,; T 60minutes there is another

trip Ky, ,, that belongs to the same public transport service and can serve another joint
leisure activity demand with S}, ,,, the closest station to that activity location and t, ¢}’
the starting time and the walking distance from station S, ,, to the location of that
activity respectively, then the re-scheduling problem of this public transport service is

transformed to:

minimize f@) = (=" = (DK, 5, + @K, N+ (01 = 17 = (DK 5y, + 21y )7 + EWTp()
subject to EWTL "¢ - EWTp(2) > 0
Y9 €140, 1,2, 0 (DK 45,0 7K, ) T (PRp 1Sy ToKy 4 ) ~H9) 209Dk s, oK, € (T Tg)
Y9 €10, 1,2, 0} h(9) = (DK, 45,0 + 70, )+ (PR .Sy T 2Ky 4 1) 2 0VDK, 5,0 T2k, € (T, Ty)
z € q={-5,—4,...,0,...,4, 5} minutes
TR, 5 =0,V¢: Dk —t — t"| > 60minutes U | Dy —t; — t¥| > 60minutes

p,¢5p; P, SPm

(5.10)

5.2 Demand responsive public transportation rescheduling

with evolutionary optimization

The proposed heuristic search method is a heuristic numerical optimization method
which attempts to explore intelligently the solution space and converge to the global
minimum of the multivariate scalar function f. The heuristic method is composed of the
following features: i) formulate a penalty function p(z) for including the constraints to the
objective function and penalize the objective function score if any constraint is violated

leading to the formation of an unconstrained optimization problem where p(z) = f(x)
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when all constraints are satisfied ii) generate two random parents and proceed to next

generations with the formulation of an iterative Genetic Algorithm (GA).

This global minimization method is heuristic and it is not possible to determine if the
true global minimum has actually been found. Instead, as a consistency check, the
algorithm can be run from a number of different random starting points to ensure the

lowest minimum found in each example has converged to the global minimum.

For notation simplification, let assume that the problem constraints (the service-level
EWT score nonlinear inequality constraint and the frequency range linear inequality
constraints) are denoted by ¢;(x) > 0,Vi where ¢ represents every different constraint.
For instance ¢ (z) = EW T/ — EWT,(z) > 0. Then, the re-scheduling problem of

Eq.5.9 for service p can be expressed in a simplified manner as:

minimize f(z)

subject to c1(z) >0

Vg €1{0,1,2,...;0} ca(x),c3(x), .., c14mi(z) > 0,VDk, , 5,, + 2K, , € (T,,T})

Vg €10,1,2,...;0}  cmiv2(), cmi13(2), s Clymiyme(z) > 0,VDk, , s, + Tk, , € (T;,Tge)
x€q={-5-4,..,0,...,4,5}minutes

TK,., = 0,Y¢ : [Dg —t —t*| > 60minutes

p,dnspj

(5.11)

Introducing a penalty function, p(x), can transform the above constrained optimization

problem to an unconstrained one:

1+ml+m?2

minimize p(x) = f(z) + Z (min[—c¢;(x),0])?
- , (5.12)
x€q={-5-4,..,0,....4,5}minutes

TK,, =0,Y¢: |DKP,¢,SPJ. —t —t"| > 60minutes

The expression (min|—c;(z), 0])? is the main addition to the penalty function and dictates
that if a constraint ¢;(z) is negative, then min[—¢;(x),0] = —¢;(z) and the constraint is
violated for the current set of variables x; therefore, the objective function is penalized by

the term (min[—c;(x),0] = —¢;(z))2. Otherwise, if ¢;(x) > 0 this constraint is satisfied
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for the current set of variables x and is not penalizing the objective function since

min[—c;(x),0] = 0 and (min[—c¢;(z),0] = 0)? = 0.

The heuristic search has a dual scope. Starting from an initial solution guess xg where
p(xo) > f(zo) it should explore the solution space until at some iteration k there is
p(zr) = f(xg). At that iteration it is ensured that all constraints are satisfied. However,
the search should continue to reduce further the score of p(x) until a convergence test is
satisfied at some solution x, which is also the approximate solution to the search of the

global optimum.

At the initial stage of the heuristic search, let assume that there is a public transport
service p which can serve a joint leisure activity that starts close to station S ; and a
number of p trips belong to that service such that |Dp, 5:Sp; — b t"| < 60minutes, V¢ €
{1,2,...,p}. Then, one can re-schedule the departure times of those p trips by selecting

different values from the discrete set ¢ = {—5, —4,...,0, ..., 4, 5}minutes.

At the first stage two random sets (parents) of problem variables are generated. Let the
first random set (parent 1) be denoted as Pa. Pa is a p-dimensional vector where each
element of the vector contains a random value from the set ¢: Pa = {Pa1, Pas, ..., Pa,}
and Pay, ..., Pa, take random values from the set ¢g. In addition, the second random set
(parent 2) has exactly the same characteristics with Pa, namely, Pb = {Pbl, Pb2, ..., Pbp}
and Pby, ..., Pb, take random values from the set ¢. Finally, another random set (child) de-
noted as Ch is initialized for which also Ch = {Chy,Cha, ...,Ch,} and Chy,Chy, ...,Ch,

take random values from the set q.

The heuristic search exploration is iterative and at the first stage the penalty function
performance of the parent 1 and the parent 2 (p(Pa), p(Pb)) is computed by selecting
the penalty function as the fitness function. The parent with the highest penalty
function score is the 'weak’ parent and is the selected parent for re-placement at future
iterations. At this stage, a sequential crossover phase is triggered starting from the
first element of both parents (Pa; and Pby) and choosing randomly one of those two
values to replace the child value C'hy. If Pa;y is randomly chosen, then the child vector
becomes Ch = {Pay,Chs,...,Ch,}. In addition, mutation is allowed by introducing a
mutation parameter m, < 1. Then, a number a is randomly chosen from the integer set
{0,1,...,9,10} and if a < m,, then the 1st child vector element is replaced again by a

random value ra from the set ¢: Ch = {ra,Cha,...,Ch,}. In other words, during the
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mutation phase there is a 10% probability to change the randomly chosen element Pay

from the crossover stage with another random value ra from the discrete set q.

The fitness of the new child vector is then assessed by computing the penalty function
for p(Ch) and (i) if p(Ch) < p(Pa) and p(Ch) < p(Pb), then if p(Pa) <= p(Pb) the
Pb is replaced with Ch: Pb < Ch (elitism), (ii) if p(Ch) < p(Pa) and p(Ch) > P(b)
then Pa is replaced with Ch: Pa <+ Ch (the same holds also for the opposite, i.e.,
p(Ch) < p(Pb) and p(Ch) > P(a)), (iii) if p(Ch) > p(Pa) and p(Ch) > p(Pb), then the
child has inferior performance and no parent is replaced. In addition, the selected child
value at this sequence is dropped. For instance, if Ch = {ra,Chs,...,Ch,} after the
crossover and mutation phase, then C'h drops the change of this sequence and becomes

again Ch = {Chy, Ch, ..., Ch,}.

The sequential crossover continuous then with the second elements of parent 1 and
parent 2: (Pag, Pby) and the same crossover/mutation/elitism replacement procedure
continuous for all trips {1,2, ..., p}. When the crossover/mutation/elitism replacement
procedure for the departure time deviation of trips p is reached, then the procedure
re-starts again from the beginning performing another sequential GA search. The first
objective is to run this artificial evolutionary approach repeatedly until a child which
has a penalty function score equal to the objective function p(Ch) = f(Ch) is found
(something that guarantees that all constraints are met for the departure time deviations

denoted by that child).

At some point, parent sets Pa, Pb might have become too similar after their continuous
replacement with better-performing children. Then, the only way to generate a new
child with different characteristics is via mutation but this might take too long if the
mutation rate m, = 1. For this reason, if at some point b € {1,2, ..., p}, Pa, = Pb the
mutation rate probability is increased to m, = 7. The same applies when for too many
iterations (more than 500) there is no new child generation with better performance than
its parents. When this new child is finally found, the mutation rate is re-stored back to

my, = 1 for avoiding a totally random generation of new children.

The final stage is the heuristic search termination criterion which is controlled by two
elements. The first is the maximum allowed number of iterations max_it and the second
is the convergence rate. For the convergence rate criterion, if for many iterations there is

not a new child that performs better than its parents even if the mutation rate is set to
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m, = 7 and the previous children that replaced their parents had too close performance
while also p(Pa) = f(Pa) and p(Pb) = f(Pb), one can assume that a minimum point
(bottom of a valley) is reached (that can be any of the local optimums or the global
optimum). Since there is no mechanism to justify that the minimum point is the global
optimum, the algorithm can be terminated. The heuristic search method is summarized

in the following algorithm:

Set my, < 1, ¢ = {—5,—4,...,0,...,4,5} and iteration<-0;

With an initial random guess choose a parent 1 set (Pa = {Pa1, Pas, ..., Pa,}) and
compute p(Pa);

With an initial random guess choose a parent 2 set (Pb = {Pby, Pbs, ..., Pb,}) and
compute p(Pb);

With an initial random guess choose a child set (Ch = {Ch1,Cha,...,Ch,});

while iterations < max_it (1st termination criterion) do

iteration<—iteration—+1;

for i in range {1,2,...,p} do

Crossover: Set ¢ < random choice between Pa; and Pb;;

Mutation: if a < m, where a is a random choice number from the range
{0,1,...,9,10}, then ¢ < random choice value from the set g;

Replace the i*" element of the C'h vector with ¢

Compute p(Ch);

if p(Ch) < p(Pa) or p(Ch) < p(Pb) then

Elitism: Replace the parent with the highest penalty function with Ch;

Set my + 1;

Set failed_changes_counter < 0;

else

Undo the replacement of the i** element of the Ch vector with ¢ (set it back
to its previous Ch; value);

Set failed_changes_counter < failed_changes_counter + 1;

end

£ p(Pa) = f(Pa), p(Pb) = f(Pb), p(Pa) ~ p(pB) then

If for many generations no child had better; performance than its parents:
(failed_changes_counter > 10000), assume convergence and terminate (2nd
termination criterion);

[y

end
end

end
return optimal solution z* where 2* = Pa if p(Pa) < p(Pb) and z* = Pb if
p(Pb) < p(Pa);
Algorithm 3: Sequential Heuristic Search(p(x), f(z))

The sequential heuristic search has computational complexity O(maz_it x p) and in the
case of L public transport services that require rescheduling, each service has a unique
computational complexity depending on the number of trips inside that service that need

to be rescheduled. With the sequential heuristic search the time complexity is reduced
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FIGURE 5.1: Generic representation of the demand-responsive public transportation
subject to operational KPIs and ridership maximization for joint leisure activities

from exponential to polynomial and a solution search is feasible even for large values
of p; however, the proposed solution converges to an approximate global optimal which

cannot be guaranteed that is the real global optimal.

The re-scheduled departure times that improve the service-wide EWT and adjust the
service to the joint leisure activity demand should be finally adopted by the Demand
Responsive public transport service. For this, a seamless operation Command Center
receives information from Smartphone Apps for deriving the current location of individuals
on the transport network and the location and arrival times of their planned joint leisure
activities. Later, the heuristic sequential search solution method is applied for computing

the desired departure times of the public transport modes (Fig.5.1).



146

TABLE 5.1: GTFS data files and size (total size: 0.25GB)

File Name Size File Name Size
agency.txt 5KB stop_times.txt 242 ,000KB
calendar.txt 17KB stops.txt 6,384KB
calendar_dates.txt 890KB transfers.txt 1,020KB
routes.txt 218KB trips.txt 11,628KB
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FIGURE 5.2: Web-based visualization after querying bus services 1(bus stations in
red), 4(bus stations in blue) from Sweden GTFS data with the use of Python GTFS
library and OpenLayers.js

5.3 Optimizing the public transport schedules

For the optimization, GTFS data from Sweden including the planned schedule of public
transport modes for the period 13 February 2016 - 17 June 2016 is utilized. The data
includes the files of Table 5.1.

For deriving the planned schedules of public transport modes, a library was developed
in Python 2.7. The library processes .txt files and converts/stores them to an sql
database. This facilitates data queries and enables web-based visualization (Fig.5.2) of
the public transport operations with the use of OpenStreetMap (via OpenLayers, an
open-source JavaScript library: http://www.openlayers.org/api/OpenLayers.js). The
developed Python GTFS library: i) converts .txt files to sql database tables, ii) can query
public transport routes from the database tables, iii) creates new files containing the
planned trips for each route in ascending order (starting from the earlier morning trip to

the latest night trip).
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After applying the Python GTFS library, the planned trips for every public transportation
service are sorted and for each trip one can get the planned arrival time at every station.
In particular, the study focus is on two bi-directional central bus lines (1 and 4) in
Stockholm which can be seen as 4 independent services because every line direction
has another EWT score and another set of constraints. Those are bus service 1 (bus
line 1, direction 1 (Essingetorget to Stockholm Frihamnen)), bus service 2 (bus line 1,
direction 2 (Stockholm Frihamnen to Essingetorget)), service 3 (bus line 4, direction
1 (Gullmarsplan to Radiohuset)) and service 4 (bus line 4, direction 2 (Radiohuset to
Gullmarsplan)). In Fig.6.4 the stations of services 1, 2, 3, 4 for both directions are
presented together with the EWT at each station calculated from the planned arrival

times according to the Eq.5.4.

Apart from public transportation data, the data of travelers that are heading to joint
leisure activities is also retrieved following the methods described in the previous chapters
and utilizing social media data from Stockholm. For the targeted data mining of Twitter,
a platform in Python 2.7. is utilized. From this data, the geo-location information from
Ny = 62 individuals from Stockholm is collected. Those individuals were traveling from
their current location to other locations of joint leisure activities. Those 62 individuals
were selected according to the following criteria: i) they change geo-location outside
working hours (from 15:30-19:30); ii) the location they are heading is not related to
work/home, but it is a leisure activity location for them; iii) their final destination is
close to one of the interchange stations of bus lines 1 and 4 (namely, bus stations 7446154,
7446095, 7421661, 7445964, 7445967 and 7445952); therefore, they have the option to
use bus line 1 or bus line 4; iv) their travel origin is within walking distance from at
least one bus station of lines 1 and 4; v) they arrive at the location of the joint leisure
activity within a time variance of less than 25min.; therefore, it is assumed that they
participate at the same activity. Criterion (v) is the strongest assumption since multiple
joint leisure activities can occur nearby concurrently. However, by depending solely on
Twitter data one cannot justify the potential splitting of a joint leisure activity into
multiple concurrent ones with a high degree of confidence. The current locations and the
final destinations of groups of individuals who are heading to the same leisure activity

location are presented in Table 5.2.

From the above, there are A = 9 different joint leisure activity locations and each one has

the following number of participants who are heading there from their previous location:
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FIGURE 5.3: EWT at every station and service-level EWT for every service according

to the planned schedule of daily trips for bus lines 1 and 4 in both directions for the

afternoon EWT phase (time period 2:10pm-7:30pm)

NE(Al) + NE(AQ) + ...+ NE(Ag) and NE(Al) =35, NE(AQ) =8,

NE(Ag) = 11, NE(A4) = 4, NE(A5) = 9, NE(A(;) = 5, NE(A7) = 7, NE(Ag) = 7, and

NE(AQ) = 6.

*
5=

62, where

*
5=

On another note, Python GTFS library was utilized to query the database tables and

select the number of public transport trips, m, that can serve those joint leisure activities.

First, all planned trips from 14:10(850min.) - 19:30(1170min.) of bus lines 1, 4 on both

directions together with their planned arrival times at every bus station are presented

62 individuals for

*
E =

in Fig. 6.5. Then, those trips, m, that can be used from the
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TABLE 5.2: Nearest stations to individuals who are performing a joint leisure activity

Individuals who | (Nj, = 62: individual trips | Trip Destination | Event
are  performing | from current station to Joint | Bus Station (Joint | Time

similar joint | Leisure Activity Station) Leisure Activity
leisure activities Station)
Trip Departure | 7445462, 7446157, 7421658, | 7446154 17:00
Bus Station 7469180, 7401541
Trip Departure | 7445961, 7401541, 7445964, | 7445967 16:30
Bus Station 7421665, 7421657, 7446075,

7446028, 7421661
Trip Departure | 7446095, 7446026, 7446025, | 7445964 16:00
Bus Station 7445954, 7421649, 7421661,

7446177, 7445976, 7445974,
7446026, 7445955

Trip  Departure | 7446108, 7446075, 7445992, | 7445964 19:30
Bus Station 7421705
Trip  Departure | 7446108, 7446177, 7446160, | 7446095 17:00
Bus Station 7421657, 7446011, 7469180,

7446156, 7446109, 7446177
Trip  Departure | 7446007, 7445972, 7445465, | 7446095 18:30
Bus Station 7445952, 7446150
Trip  Departure | 7446090, 7445964, 7421661, | 7421661 15:30
Bus Station 7446154, 7445952, 7446160,

7446157
Trip  Departure | 7446029, 7421705, 7420741, | 7421661 18:00
Bus Station 7469180, 7421705, 7421665,

7445992
Trip  Departure | 7421667, 7445976, 7446095, | 7445952 17:00
Bus Station 7446095, 7445967, 7421655

arriving at the locations of joint leisure activities are selected (refer to Table 5.3).

Those trips are planned to arrive at the joint leisure activity locations {A1, Ag, ..., Aja }
at times which are close to the starting time of the joint leisure activity. In Fig.5.5 the
planned arrival times of trips {71, w9, ..., Tz—97 } at every joint leisure activity station and
their deviation from the starting time of the joint leisure activities (which should be as

close as possible to zero after the re-scheduling phase) are presented.

After optimizing the schedule for the bus services with the sequential heuristic search
method, the new EW'T's at every station and the new service-wide EWT are presented
in Fig.5.6 in comparison with the planned schedule EWTs at the do-nothing scenario.
While re-scheduling each one of the public transport services that contain potential joint
leisure activity trips {m1, 72, ..., Tr=97} the objective is to: (a) minimize the deviation

between the arrival time of each trip at the joint leisure activity location and the starting
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FIGURE 5.4: Planned arrival times of trips at every station for bus services 1, 2, 3, 4
from 2:10pm (850min.) until 7:30pm (1170min.)

time of the activity (presented at Fig.5.5), (b) disturb only the planned trips which are at
the close vicinity of trips {m1, 72, ..., Tz=97} (less than 60minutes deviation), (c) minimize
the service-wide EWT score, (d) do not violate the planned frequency range of successive
trips derived from the tactical planning phase, (e) ensure that the new EWT will at least

not be worse than the service-level EWT of the original timeplan.

In addition, the service-wide EW'T score before and after the optimization together with
the value of the penalty functions at the convergence state are presented in Table 5.4. In
that table it is also shown how the arrival time of trips 7w at the joint leisure activity

locations has been adjusted to the joint leisure activity starting times by presenting the
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TABLE 5.3: Trips IDs of 7=97 trips that can be used from individuals for arriving to
the locations of joint leisure activities

Trip IDs Line 1, Direction 1:
(mx € | 90656299, 90656481, 90656480, 90656293, 90656392,
{71, 72, coey Ta=97}) 90656601, 90656605, 90656408, 90656408, 90656613,

90656613, 90656607, 90656607, 90656409, 90656409,
90656615, 90656337, 90656725, 90656801, 90656271,
90656794

Line 1, Direction 2:

90655951, 90655947, 90655891, 90655953, 90655963,
90655963, 90655963, 90655886, 90655886, 90655886,
90655964, 90655824, 90655769, 90655903, 90655767,
90655938, 90655927, 90656128, 90656164

Line 4, Direction 1:

90661185, 90661816, 90661826, 90661821, 90660993,
90661189, 90661798, 90661808, 90661687, 90661832,
90661691, 90661835, 90661835, 90661519, 90661519,
90661519, 90661813, 90661693, 90661693, 90661428,
90660717, 90661426, 90660755, 90660756, 90661494,
90661651, 90661325

Line 4, Direction 4:

90661590, 90661059, 90660931, 90660962, 90661597,
90661585, 90661614, 90661616, 90661616, 90661037,
90661037, 90661588, 90661588, 90660956, 90660956,
90660956, 90661586, 90661586, 90661586, 90660939,
90661591, 90660946, 90660905, 90661035, 90660908,
90660977, 90661069, 90660918, 90661127, 90660920
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FIGURE 5.5: Planned arrival times of trips {m, 72, ..., Tr—97 }at joint leisure activity

stations {A1, Ag, ..., Ajz)} and their time deviation from the starting time of the activity

in min. A positive deviation means that the bus arrived minutes after the activity
started and a negative that arrived before
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TABLE 5.4: Re-scheduling Summary Results for every service before and after the
Sequential Heuristic Search Optimization

service- service- Computational
wide EWT  wide ASQ Time
scores (sec)
Line 1 Direction 1 before 1.133273406 178
after 0.75732 67 129.44
Line 2 Direction 2 before 1.127213956 129
after 0.904360219 44 112.981
Line 4 Direction 1 before 1.05272815 210
after 0.94029 97 263.067
Line 4 Direction 2 before 0.840175194 216
after 0.704939879105 199.558

time deviation scores (computed from Eq.5.2) before and after the rescheduling. Those
scores are the aggregated values of the squared difference of the trips’ arrival times to
joint leisure activity locations and the starting times of those activities represented by

the abbreviation ASQ scores.

For demonstration purposes also, the re-scheduled arrival times of bus trips m; € m which
can be potential joint leisure activity trips at the location of those activities are presented.
The starting time of those activities are also presented. The re-scheduled trips have
closer arrival times to the starting times of the activities after optimizing them with the
sequential heuristic search method. How closer are the re-scheduled trip arrival times to
the activity starting times compared to the planned arrival times is also presented in

Fig.5.8.

Finally, to show more detailed results on the computational costs, different scenarios with
different numbers of public transport mode trips 7 < 10 are also presented in Fig.5.7,
since a brute-force computation for 7 = 97 is not feasible due to the exponential time

complexity.

5.4 Discussion on the results

In a short summary, the public transport re-scheduling for covering joint leisure activity
passenger demand subject to the no-deterioration of service quality and the adherence
to a set of operational regulations was modeled and optimized. A sequential heuristic

search algorithm was developed for this purpose in order to change the public transport
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schedules in near real time (in a matter of minutes) for adjusting to the arrival time needs
of joint leisure activity passengers without deteriorating the KPIs of public transport

operations.

In Fig.5.6 the re-scheduling changes on the bus line 1, 4 EW'Ts were presented demon-
strating that the operational performance of bus services had an EWT improvement
at a service-wide level for all services while only some stations from line 1, direction
2 and line 4, direction 4 had a slight EWT deterioration(up to 0.6min.). In addition,
those under-performing stations did not affect significantly the level of service of bus
operations. After re-scheduling, joint leisure activity trips from all services enjoyed new
arrival times to the joint activity stations which were closer to the starting times of
those activities. Finally, the computational cost of the proposed heuristic algorithm for
public transportation re-scheduling was presented in Table 5.4 demonstrating that a

convergence to the approximate global optimum requires from 2-6 minutes.

A straightforward expansion of this application is the utilization of the public transport
mode optimization method for covering joint leisure activity trips at the entire public

transport operations of a city (including bus, metro, trams and rail).



Chapter 6

Journey planning optimization of
Joint Leisure Activity Travelers

under resource constraints

In previous chapters the main focus was on identifying users’ mobility /activity patterns,
optimizing joint leisure activities locations and times and re-scheduling public transport
mode schedules for covering passenger demand related to those activities. After that,
selecting the optimal route for reaching the joint leisure activity location is the last
remaining step for optimizing joint leisure activities. Scientific research has shown that
the lack of real-time information and/or the deficiency of communication mechanisms
have prevented the optimal use of transport infrastructure. An attempt to give an idea
of the degree of inefficiency was made in the experiment of Bekhor et al. [14]. In this
experiment 188 routes between 91 Origin-Destination pairs were tested and only the 37%

of the users chose the fastest path to their destinations due to lack of information.

The need for information exchange is served in transport networks by a range of commu-
nication technologies and Intelligent Transport Systems (ITS). Yet, this is an increasingly
developing field and there is room for further improvements. In this thesis, the focus is
mainly on mobile devices that contain also navigation capabilities. From now on, the
term mobile device will be used to describe the new generation of smartphones with

built-in Global Positioning System (GPS) receivers.

158
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In general, mobile phones have many advantages both from the perspective of an
individual user and the perspective of a network’s manager. Considering the former case,
mobile devices serve the need of practicality because not everyone wants a separate device
for every function, even if that makes each one perform its specific task better. Moreover,
mobile devices could be used for navigation purposes from every user (i.e., pedestrians,
cyclists) and not only from motorists. As a result, mobile navigation opens new markets
for different groups of customers, and is currently considered as the new competitor of
in-vehicle satellite navigation. Until 2005, the navigation projects in mobile phones came
a long way along the priority list, after higher-risk projects like mobile TV. However, the
news from the global markets are promising and a survey on the use of navigation devices
by GfK retail and technology (2010) stated that 53% of the respondents in Germany, 48%
in UK and 39% in France articulated the belief that mobile phones with new navigation

features would compete in-car satellite devices for market domination.

From a global perspective (i.e., system operator, traffic manager) the mobile navigation
is also beneficial. Firstly, mobile devices can be used as data sensors by pinpointing the
location of their user or providing information for other traffic parameters (i.e., average
speed, velocity and more). This concept has already been used for in-vehicle navigation
systems (probe vehicles), where the cost of the sensor was included in the price of the
guidance system itself. The main difference though is that mobile devices are expected
to saturate the market which means that they would be able to provide larger amounts
of sensing data. Furthermore, more users will be equipped with navigation devices;
hence, information about the real-time traffic conditions of the network, emergencies or

accidents etc. would be disseminated to a larger audience.

Despite their advantages, mobile navigation systems suffer from several drawbacks. The
two major disadvantages of mobile devices are their limited storage space and their
low computing power. Nevertheless, the focus is on mobile navigation and how the
comparative advantages of mobile navigation can be used for proposing an adequate
mobile application for joint leisure activity journey planning. For this purpose, 2 different
architectures are presented which have been used for route guidance systems and a set of

requirements for the suggested mobile application is formed.
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6.1 Route guidance systems for in-vehicle and mobile nav-

igation devices

Regarding the provision of information to drivers, route guidance could be either pre-
scriptive or descriptive. In the first case, it provides routes to the guided users, while in
the second provides information only about the network state, letting the users interpret

this information in their own terms.

The required data being used for navigation purposes may be consisted of network topology
information, historical average conditions and real-time sensed data (either by stationary
or mobile sensors). Corresponding to the nature of provided information, route guidance
could be provided either just prior to departure or it could be continuously updated
while the passenger is en-route. A proven way to broadcast live-traffic information to
users is the Traffic Message Channel (TMC) of the Radio Data System (RDS), which
makes use of coded traffic information transmitted with FM radio. However, considering
the case of mobile navigation, another way for the dissemination of traffic information is

the mobile Internet.

The location of the computational components categorize the route guidance into central-
ized or decentralized. In centralized route guidance exists only one central computational
component which operates on data from the entire network and provides detailed, indi-
vidual routes to its clients. On the other hand, in decentralized architectures, the route
selection function is located on in-vehicle or mobile navigation devices. Additionally, in
the autonomous form of the decentralized route guidance, all route guidance functionality
is embedded in the navigation system, and this yields a static route guidance application.
In decentralized dynamic architectures, link travel times are broadcasted to travelers to
provide real-time estimates of network’s condition and each navigation system computes

its client’s route.

Generally, decentralized systems are envisioned as reactive due to their low computational
burden and their quick response to changing conditions (a good performance in the case
of an emergency). Yet, they tend to lead to an all-or-nothing traffic assignment because
different navigation systems which compute a route for the same Origin-Destination pair
share the same disseminated information, and thus may propose the same path to their

users. Finally, they tend to be poorer at prediction because they are not benefited from
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full data sharing. In contrary, in centralized systems, predictive algorithms which use
historical and real time data together with models of network and user behavior are
used to estimate future network conditions. Their drawbacks are their lack of reaction
because they perform complex computational analysis and the influence of the network’s
conditions due to users’ reaction to guidance. The latter is a complex problem being
formed by the mutually dependent relationship between the prediction of network’s
conditions and the effects of the users’ compliance to guidance (the effects of this problem
could be mitigated by a sophisticated algorithm which predicts the future network state
including the expected effect of guidance). Due to their drawbacks none of those route
guidance methods has prevailed so far and new architectures, such as the Hybrid route
guidance, have emerged to integrate those methods and use their strengths. For example,
in a Hybrid route guidance system the predictive guidance is generated in a centralized

layer and revised in a decentralized layer (for a comprehensive description see Farver [48]

).

Considering the provision of route guidance, a transfer from the autonomous systems
to the decentralized and finally to the centralized seems to be the meaningful way
of evolution. The Simulator of Anticipatory Vehicle Network Traffic Flow (SAVaNT)
developed by Kaufman et al. [70] was a first attempt to provide a predictive Decentralized
Route Guidance where the central server disseminated information to its clients not only
about the current link travel times, but also about the predicted link travel times within
a predetermined time horizon. However, the anticipatory decentralized route guidance
was superior to the non-predictive one if the market penetration of navigation systems

(system’s clients) was less than 30%.

DynaMIT is another software tool for centralized, predictive route guidance, first pre-
sented by Ben-Akiva et al. [15]. This architecture enables a two-link communication
between the users and the central server, and the external server itself provides route
guidance to its clients with the intent of influencing their decisions. This concept is known
as Consistent Anticipatory Route Guidance (CARG), where real-time traffic conditions
are used to make predictions of the evolution of the network’s traffic conditions within
a predetermined time period. Hence, information provided to a user will reflect the
conditions that are expected to prevail at network locations at the times when he will
actually be there. One of the drawbacks in generating anticipatory route guidance is that

the system under consideration is affected by the dissemination of information itself, thus
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the predictions on which the guidance was based may be invalidated. This problem was
introduced by Ben-Akiva et al. [16] while the first formulations of the CARG generation
as a fixed point problem have been proposed by Bottom, Bottom et al. [23] and developed
by Bottom et al. [22].

6.2 Journey planning and guidance from mobile phones

6.2.1 Problem Description

One of the advantages of new generation mobile devices is their access to mobile internet.
The online access could be used for multiple purposes, but first the focus is on map
downloading. In this case, an external server encompasses digital map information which
is distributed to mobile devices via mobile internet (e.g. Google maps). One of the
benefits is that the user does not need to purchase any digital maps and then go through
the process to install and retain them up-to-date. In addition, this service could be
provided anywhere (provided that a mobile internet connection is established); hence, the
user is not relying on local, pre-installed digital maps, but enjoys access to a digital map
wherever he is. Finally, since the digital maps are not directly installed to the mobile
device but uploaded via internet, there is no need for extra mobile storage space (the

storage requirements are shifted from the mobile device to the external server).

Another matter of concern is the quality of the provided traffic data. A drive test by
Sohr and Wagner [110] (where the route guidance performance of two mobile and three
in-vehicle devices where tested on field) demonstrated the importance of real-time traffic
data for the selection of the fastest path. The device with the best performance was a
TomTom HD 1000 (in-vehicle navigation device) with online access to TomTom’s HD
traffic centre, and this is good news for the idea of collecting live traffic data directly
from mobile devices. However, live traffic data regarding the location of vehicles in the
network and their speeds (which infers the travel time of network’s links) may be enough
for in-vehicle route guidance but is definitely not enough for the case of mobile navigation
and the reason is that a significant proportion of mobile users does not hold a driver
license or have a direct access to a vehicle. As a result, the aim of a mobile application
should be to provide real-time multi-modal journey assistance for joint leisure activity

travelers.
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By the term multi-modal it is not described the provision of a fastest path solely by car
or through a combination of different means of transport (which is already provided by
Transport Direct, Google Navigation for Mobiles and more), but instead, the provision
of the fastest route which integrates the use of car and other transport modes. Hence,
the user will be informed about where to drive, where to park, what mode of transport
to use, in which station should make a change between different transport modes and
how to continue until the final destination. Of course, if the user does not have an access
to a private vehicle he will be only informed about the fastest path via different modes
of public transport. The real-time multi-modal journey assistance empowers the user
to realize his options more accurately and it might also enhance inter-modal routing by
suggesting private vehicle-public transport combined trips. However, in order to provide
this functionality, a large amount of real-time and historical data should be provided to

a central server via third party organizations. That data is summarized in Table 6.1

TABLE 6.1: Data Requirements for the proposed mobile application

Road Data

Public Transport Data

Parking Data

Restrictions and Speed
Limits

Public Transport Sched-
ules

Parking Spots

Incident Information

Public Transport
Routes / Stops

Parking Space Availabil-
ity

Real Time Travel Time
of Network Links

Real-Time Arrival and
Departure Times

Predicted
Times

Journey

Public Transport Inci-
dents Information

Considering the architecture of the mobile application, the anticipatory route guidance
is adopted. This architecture requires information exchange between mobile devices
and external servers, which will be called Mobile Device-External Server Partnership
(M-ESP). In this architecture, the path-finding procedure is split in three distinct parts:
a) the user’s position is defined by the GPS receiver, b) up-to-date digital maps are
instantly downloaded from the central server using a data plan tied to the device and c)

the central server computes the optimal route and communicates it to its client.

The centralized architecture is preferred because it mitigates the weaknesses of mobile
navigation. Firstly, the solution of the real-time multi-modal journey problem requires
high computational power and this function cannot be supported by the typical 1000-
2000MHz processor of a mobile device. Furthermore, the central server could provide

disseminated information to road users with the intent of influencing their route choice
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decisions (this could yield a system-optimum traffic assignment, but this subject is
not the purpose of this work). In addition, the central server computes the suggested
route considering the future travel times at each link (concept of anticipatory route
guidance). The main problem is that the system under consideration is affected by
the dissemination of information itself, thus the predictions on which the guidance was
based may be invalidated. A first idea is to use a hybrid architecture, where real-time
information will be disseminated to the mobile device recursively and if a new fastest path
is found (because the predictions of the server were not accurate) then a re-routing will
be performed. However, even if hybrid architecture could be used to find the fastest path
via a private vehicle, it is not recommended for a multimodal journey planning because
in that case the mobile processor will not have the ability -in terms of computational

power and according to what is known today- to provide a solution to the problem.

The computational power of the central server could be also used to provide more complex
routes to its clients. For example, possible add-in functionality is the real-time multi-
modal journey planning with respect to a number of constraints. The characteristics
of M-ESP enable the development of a guidance system which not only offer travel
assistance, but also serve other customers’ preferences. The proposed architecture aims
to go one step forward and enable the conversion of mobile devices from route assistants to
personal travel guides. In order to achieve that, every mobile device should communicate
with the external server and supply it with information about its owner’s preferences
(e.g. a user may not have a car or may prefer to walk less than 5 minutes). This will
be served most properly if users’ habits are stored in databases and the information
is automatically retrieved in the future (i.e., every user would have a private account
where his profile is stored or may be constantly retrieved from his/her profile settings
that reside on the mobile device). Hence, the external server will be supplied with the
required information and will suggest personal optimised routes based on each user’s
preferences. Of course, the main criterion for path-selection will still be the minimization
of the total travel time (based on real-time traffic data and predictions about the links’
travel time in the future) and the users’ preferences (e.g., maximum fuel consumption,
maximum walking time or maximum number of transfers between different modes) will

provide threshold values which would lead to path rejection whenever they are violated.

Due to the creation of databases with observations about users’ behavior, this architecture

is expected to also benefit mass transit because a more qualitative traffic data would
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FIGURE 6.1: M-ESP Service Platform

be collected from users of the application which could be used for transport modeling
purposes. For example, regression based trip-end mode choice techniques in a macroscopic
level or utility based techniques in a dis-aggregate level could be formed for the simulation
of users’ behavior and these techniques could be calibrated by comparing their results
with data provided by the new architecture. Furthermore, one can test the validation of
these techniques by studying different theoretical scenarios such as enforcing speed limits,
diverting directions, offering a new bus service and explore possible users reactions to

these measures. The service platform of the mobile application is presented in Figure 6.1.

6.2.2 The multi-modal journey problem under constraints

Following the presentation of the mobile application in the previous section, one should
be cautioned that even if the required traffic data is provided (refer to Table 6.1), the
real-time multi-modal journey problem under constraints requires high computational

power and its solution is not a trivial task. In this section, a brief description of algorithms
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for route guidance will be provided in order to present the methods which can assist the

solution of the routing problem.

The first route guidance methods were focused on the solution of the simple Point to
Point Shortest Path Problem (PPSPP), and introduced in the late 1960s. More recently,
a number of heuristic solutions have reduced that problem to one with an almost linear
running time complexity. Goldberg et al. [57], Schultes [104] and Cho and Lan [38] have
presented various algorithms for the solution of the PPSPP. Apart from the computation
of the unconstrained fastest path, a new trend in route guidance considers also travel
time uncertainty. Fu and Rilett [53] show that the link travel times in congested networks
have a high degree of unreliability and in many cases the fastest path yields a worst
solution compared to the more reliable one. In the paper of Rakha et al. [101], travel time
reliability was considered as the objective function during the search for an efficient path
and the total travel time or trip length were secondary objectives (they were regarded as
additional constraints). In Kaparias and Bell [69] a constrained risk-averse A* algorithm
which solves the same problem was presented. It is generally assumed that travel time
follows a log-normal distribution, and in the first step, the fastest path between two
points is computed by using an appropriate PPSPP algorithm. Then, the links with
unexpected (non-recurrent) delays are penalized. The procedure terminates when the
computed route satisfies the constraints imposed. Following this method, non-recurrent
delays are avoided and the proposed routes are not too circuitous, but it cannot be

guaranteed that the new sub-optimal paths will be accepted by the users.

The objective function of a route guidance problem still remains an open field in transport
research and empirical studies by Abdel-Aty et al. [3], Chen et al. [36] and Train and
Wilson [113] indicated that unlike other problems -such as mode or destination choice-
route choice is very difficult to be described because apart from the total travel time
many other factors such as distance, reliability, personal preferences and tolls also affect
the final decision. Regarding the proposed mobile application, the total travel time is
considered as the objective function of the problem because the provided real-time traffic
data mitigates the link travel times’ unreliability problem. However, the other factors

are not neglected and are considered as problem constraints.

Considering the computation of the fastest path in a multi-modal network -where transfers

between private vehicles and public transport modes are allowed- the first step is to



167

integrate the information about multiple modes in a single digital map. This could be
done with the assistance of a Geographic Information System (GIS), where different
layers contain information about the link travel times, the intersections and the stops
and other attributes of each mode (e.g., layer 1 could represent the road network and
its attributes, layer 2 the rail network, layer 3 the pedestrian network etc.). Following
this idea, the mobile application and its routing guidance function will be based on
a GIS system where each model will be represented by a different layer (for a more

comprehensive description see Boile [21] and Sun et al. [112]).

The second step is to develop an algorithms for the solution of the multi-modal travel
planning problem with an acceptable running time complexity. The work of Bertsekas
[18], Ziliaskopoulos and Wardell [127], Lozano and Storchi [78] and Boussedjra et al. [24]
provide algorithms for the computation of the fastest path in a multi-modal network.
Most algorithms are based on a label correcting approach that updates some labels
associated with the graph nodes, where the transport network and the corresponding
data are modeled as a multi-label graph. The objective function of the problem is the
minimization of the total travel time from the origin to the final destination and if two
paths have the same performance in terms of travel times the one with the less number
of transfers is selected. In most cases, the departure times, the transport modes available
in each node and the travel times on each link of the networks are considered as fixed.
In multi-modal routing, one deals with the additional constraint of departure time from
each station which complicates the solution of the problem and prohibits the use of the
First-In-First-Out Principle (FIFO) principle; hence, its complexity is highly affected by
the chosen model describing the transfers and their switching times. This problem is
NP-Hard and the developed algorithms treat only small scale networks. For this reason,
Boardman et al. [19] focused on the modeling and the representation of data in order to
allow the direct execution of Dijkstra’s algorithm and other algorithms for the PPSPP
while other researchers used bidirectional instead of unidirectional strategies to cover the

graph or other heuristic methods.

If one needs to compute a multi-modal fastest path which satisfies a predetermined set
of users’ preferences, the problem becomes even more complicated. The simplest case
of the PPSPP under Constraints has been extensively studied and different methods
for its solution have been presented based on the different types of parameters which

demonstrate the users’ preferences. The most computational friendly parameters have
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an assigned numerical value for each link, and are assumed totalizable along a path (e.g.,
the total distance of a path is the sum of the length of each link which consists the path).
Hence, most of the developed algorithms consider a set of totalizable parameters which

consists the users’ preference.

The challenging task of computing the fastest path with respect not only to the travel
time, but also to a number of constraints has been addressed by many different techniques.
One solution for this general problem is to consider a generalised cost for every link of the
network and perform Dijkstra’s algorithm exactly as one would have done in the PPSPP.
This generalised cost could contain the travel time of a link, the length of a link, the
required fuel consumption, the greenhouse-gas emissions and other imposed parameters
while each one of them is multiplied by a numerical value (weight) according to the users’
preferences. The weight factor illustrates the level of user’s preference for a distinct
parameter. Modesti and Sciomachen [83] proposed a utility measure for weighing the
links with their cost, time or other constraints. However, even if the estimated function
of the generalized cost simplifies the problem to a classical PPSPP, this method is not
extensively used because it is indirect, it does not provide evidence that the selected path

is the optimal one according to the user’s needs and the weight factors are determined

on an empirical basis.

Another, more straightforward method, allows the user to set an upper bound (threshold
value) for each parameter which cannot be violated (e.g., the user may select to consume
less than 8 litres of petrol and cover less than 65km during his trip to the joint leisure
activity destination). In this case, the parameters are treated as secondary constraints
and the objective function is constructed by the links’ travel times. This problem is
known as the Resource Constrained Shortest Path Problem (RCSPP) and is also an
NP-Hard problem (see Jaffe [67] and Dror [45]); thus, it cannot be solved for relatively
complex systems, like realistic transport networks. For this reason, the problem has been
extensively studied and researchers have presented heuristic algorithms, which can be

divided into the following two main categories:

Label Correcting Methods: These methods search exhaustively the whole network
for an optimal solution by using the principles of Dynamic Programming (DP) or other
heuristic methods. Because the network is exhaustively searched, pruning methods,

such as the dominance method, have been developed to reject a number of options that
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cannot lead to an efficient solution with the intention of reducing the number of iterations
and the complexity of the problem. Algorithms based on the principles of DP for the
RCSPP were presented by Desrochers and Soumis [41], Feillet et al. [49] and Irnich and
Desaulniers [65], while in Righini and Salani [102] a performance assessment of three
DP methods for the solution of the RCSPP is provided together with some comparative

conclusions.

Lagrangian Relaxation Methods: In these methods, the basic form of the RCSPP
problem is changed. Generally, the secondary constraints of the RCSPP which form
linear inequities are now introduced in the main objective function after being multiplied
by the respective Lagrangian multipliers. Therefore, the objective function is changed
and encompasses all the parameters along with the travel times of each link; therefore,
algorithms for the PPSPP can be used to find a solution which minimizes the new
objective function. A first algorithm which deals with the RCSPP under one constraint
was presented by Handler and Zang [59]. A Branch-and-Bound approach based on a
Lagrangian heuristic for problems with many constraints was presented by Beasley and
Christofides [12] and was based on the well-known Subgradient method. Mehlhorn and
Ziegelmann [81] suggested the ellipsoid method to update the Lagrangian multipliers.
Moreover, Dumitrescu and Boland [46] investigated variants of the label-setting algorithm
of (Desrochers and Soumis [41], and Avella et al. [9] proposed a suboptimal solution
for the large-scale RCSPP problems based on the extension to the discrete case of
an exponential penalty function heuristic. Nagih and Soumis [87] reduced the state
space by aggregate resources and proposed an adjustment based on Lagrangian and
surrogate relaxations in a column generation framework, and finally, Zhu and Wilhelm

[126] designed a three stage approach for column generation applications.

A final straightforward method is to consider the problem as a multi-objective shortest
path problem where there is not a primary objective function (e.g., travel times) and
secondary constraints which are expressed as linear inequalities, but a set of objective
functions. The aim is to find all the efficient paths with the property that none of the
objectives can be optimized further without worsening another one (Pareto Optimal Set
of Paths). To demonstrate the difference of the RCSPP and the multi-objective SPP let
consider the simple case of the bi-objective SPP with two positive costs ¢;j = ¢;j', ¢ij?
associated with each arc ij of the network, where ¢ is the origin and j is the destination

node and ¢;j' denotes the travel time of an arc and C?j the length of the same arc. The



170

length of an arc is a numeric totalizable parameter; hence if the user sets an upper bound

for this parameter (e.g., b = 50km total covered distance), the RCSPP is formed as:

minimize Z c%j

(i.j)ep (6.1)
subject to Z c?j <b

(i.3)€p

while the bi-objective SPP is formed as:

inimi = 1 2
minimize z(p) {Z(i,j)Ep ch Z cij (6.2)
(4.5)€p
where p is a distinct path from the origin node, r, to the final destination, s, and

p € P(r,s), where P(r,s) is a set which contains all the feasible paths from r to s.

For the solution of the multi-objective SPP an extensive search in the network is also
required and the problem is NP-Hard even in its bi-objective form ( Serafini [105] ). This
search is facilitated with labels and label-setting algorithms or label-correcting algorithms
which have been developed for that purpose (a multiple objective extension of Dijkstra’s
algorithm can be also used). Tung and Chew [114] provide a label-setting algorithm for
the bi-objective SPP while the papers of Tung and Chew [115], Martins and Santos [79]
and Paixao and Santos [92] address the multi-objective case. Label-collecting algorithms
which are enumerate approaches are included in Skriver and Andersen [107], Sastry et al.

[103] and Raith and Ehrgott [100].

In the proposed mobile application the real-time multi-modal journey planning under
users’ preferences will be considered as a real-time multi-modal routing problem under a
set of upper bounds for the secondary parameters which are determined by the users
and should not be violated. As a result, the algorithms which deal with the users’
preferences will address the RCSPP because: firstly it is computationally difficult to
solve a multi-objective problem, secondly the user has always a predominant preference
to select the fastest path and this is not facilitated in a multi-objective problem where all
the parameters have the same value, and finally the proposed path is closer to the user’s
preferences if he denote precisely his will by setting an upper bound to his secondary

constraints (e.g., willing to have less than 2 transfers and travel less than 50km).
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6.3 Modeling the multi-modal journey planning under con-

straints

Let G{N, E'} be an urban transport network which is the outcome of the integration of
different layers of a GIS system containing spatial information about different modes of
transport. The set of vertices (intersections-stations) in the network is N and the set
of arcs (links) that connect different stations is . Each arc, e € E, of the transport

network has the following attributes:

e It is directed and connects an origin node Or(e) =i € N with a destination node

De(e) =z€ N

e [t can be traversed only by one transport mode and belongs to a distinct GIS layer:
Layer(e)=k, where k = 1,2, ... is the number of the corresponding GIS layer (i.e.,

layer 1: passenger arcs, layer 2: private vehicle arcs, layer 3: rail arcs, etc.)

e It has an assigned travel time which varies according to the time when is traversed,
w(e, t —tg) € RT. Hence, if tq is the current clock time, the travel time of the arc
is relying on the time of traversing it (¢). For a future time ¢ — ¢ty > 0, where the

travel time of the arc is unknown, a traffic prediction tool is used

e [t has a set of departure times denoting the time when the mode departs from the
origin node of the arc, e(A). For instance, a bus schedule which passes through an

arc, e, is described as in Table 6.2

TABLE 6.2: Description of a bus schedule passing through an arc e

| AT 1] 2] 3] 4] 5| 6| 7|.etc]
| E(AT) | 12:00 | 12:10 | 12:18 | 12:35 | 13:01 | 13:18 | 13:36 | ...etc. |

This means that the arc e € E can only be traversed at a distinct time given by the time
set e(A) and the users have to wait till that time (this notation is especially used to

describe the departure times of public transport modes).

Before proceeding to the network’s description, it should be mentioned that two arcs may
connect the same origin with the same destination, but the fact that they are describing

the travel times and the departure times of different modes of transport make them
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distinct. Let now i € N be a node of the network with {a;, as,as, aq, ..., ap} outgoing
h=totalnumberofarcs
arcs.

If a user arrives at node ¢ € N at time D(i) and he wants to traverse the arc a, €
{a1,a2,as,ayq, ...,ap}, then the Switching Time (ST) cost for the transfer from the current

mode of transport to the transport mode, Layer(a,), is:

SW = min{max{a,(A) — D(i); 0} }VA (6.3)

where a,(A) is the set of departure times for arc a,. Following the above notation, if the
user arrives at node i € N | Or(e) =i at time D(i), then the required time to traverse

an arc e € F -including the waiting time for departure- is:

min{mazxa,(A) — D(i); 0} + w(e, min{maz{a,(A) — D(i); 0} } VA (6.4)

A sequence of arcs P = (e!,e?,...,¢e%, elz + 1),...,e*) , where Or(e**1) = De(e®) define
a path from node Or(e!) to De(e?). Generally, an optimal path is acyclic and its nodes

are visited only once because in transport networks w(e,t) > 0.

Let assume a travel from an origin node r to a final destination f with starting time tg.
It is also assumed that P(r, f) is a subset of all feasible alternative paths from the origin
to the final destination. If p* € P(r, f) is the multi-modal fastest path from r to f, then

p* is derived by the following optimization problem,

Minimise Z(min{maw{ar(A) —D(i);0}} +w(e, min{maz{a,(A) — D(i);0}})) (6.5)
ecp

where i = Or(e), p € P(r, f), D(r) =ty and D(De(e)) = De(Or(e)) + min{max{e() —
D(Or(e));0}} + w(e, min{maz{e(A) — D(Or(e));0}}).

If the fastest intermodal path is p* € P(r, f) = (7, ...,e%, e "1 ..., f), where Or(e*!) =
De(e®), then if Layer(e®) # Layer(e**!) a switch is made between different modes.
Therefore, by performing that test for all the subsequent arcs from the beginning till the

end of the path, one can derive the total number of transfers.
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Transport Modes

_—

D(iy) = min{ min{max{e, (AT)-D(r):0}} + w( e;, min{fmax{e, (4T) — D(r); 0}}) : min{max{e,(AT)-
D(r):0}}+ w( e,, min{max{e,(4T) — D(r); 0}}) }.
D(i;) = min{ min{max{e;(AT)-D(1):0}} + w( e;, min{max{;(4T) — D(r); 0}}) : min{max{e,(AT)-
D(1);0}}+ w( ey, min{max{e,(AT) — D(r);0}}) }.
D(f) = min{ max{min{es(AT)-D(i,):0}} + w( es, min{max{es(4T) — D(i;); 0}}) : min{max{ey(AT)-

D(i2):03}+ w( e, min{max{eq(4T) — D(i;); 0}}) }.

FIGURE 6.2: Representation of an Intermodal Network with three Alternative Mode
Options

6.3.1 Description of the Multi-modal Journey Planning Problem un-

der Constraints

A multi-modal journey with respect to a number of constraints is computed to satisfy the
users’ preferences or other potential local directives. In general, instead of providing data
only for the travel times of the network’s arcs to the central server, one can associate
many other attributes to each arc of the network (e.g. information about COs emissions
in each arc of the network). In general, most of those attributes have numerical values,
and are generally assumed totalizable along a path (e.g., an attribute of an arc describes
the consumed amount of fuel while it is traversed and the fuel consumption of a path is
the sum values of all arcs belonging to the path). Some classical totalizable attributes are
the length of an arc, its travel time, its travel cost and its fuel requirements. Nevertheless,
there are also variables with qualitative values which are not totalizable and are known
as indexed. The fuel consumption and the covered distance are totalizable numerical
variables with real positive values. If the fuel consumption is the attribute 1 of an arc
and the total distance the attribute 2, then for an arc, e € E, Ré € R™ represents the
fuel consumption and R2 € R* represents the covered distance while it is traversed. The
number of transfers between different modes is totalizable, but it is not an attribute of

an arc because it occurs after a transfer from one mode to another and this phenomenon
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cannot be explicitly described by the arc’s attributes. Finally, the walking time is

totalizable, and if it is considered as the 3rd attribute of an arc, then

R3 if Layer(e)=1 (1 : passengers’ layer)
R = (6.6)

0 if Layer(e) # 1

Initially, the more general form of the problem is considered, where a user has more than
three totalizable preferences: k = 1,2,...,m. Let also R’g € R™ be the consumption of
the resource k = 1,2,...,m while traversing the arc e € F with mode Layer(e). The
consumption of each resource k while he traverses the path p by using a combination of

modes is,

RE =) REEk=1,.,m (6.7)

ecp

and if p is the path p = (e!, ..., e%, e**1, .. €M), where Or(elz 4 1)) = De(e®), then the
total number of transfers, TR € ZT, is assumed initially equal to zero and its final
value is derived by the search: for each I = 1: h — 1, if Layer(e!™!) # Layer(e') then
TR=TR+ 1.

If one sets a series of upper bounds (thresholds), bk, where k =1,2,3,...,m (e.g., maximum
fuel consumption, maximum covered distance, maximum walking time, maximum value
of other numerical totalizable attributes and finally maximum number of transfers
permitted) for each one of the resources, then the resource consumption while traversing
the path p should not violate any of these limitations. Assuming that a resource is
consumed only if a link is traversed, then the Multi-Modal Shortest Path under Resource

Constraints is a path p* € P(r, f) which is derived from the optimization problem,

minimize Z(min{maw{e(AT) — D(i);0}} + w(e, min{max{e(AT) — D(i);0}}))

ecp

subject to Z ng <t VEk=1,..,m-1
eEP«
TR <"
(6.8)
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a(i,1), R¥(g (i, 1)), min{ max{g(i,1)(AT)—D(r);0} } + w(g(i,1) , min{ max{g(i,1)(AT)—D();0}}
Transport Modes : M(i)

a(i,2), R®(g (i, 2)), min{ max{a(i,2)(AT)—=D(r);0 }} + w(g(i,2) , min{ max{g(i,2)(AT)—D(r);0}}

2(i,3), R¥(g(i, 3)), min{ max{e(i,3(AT)—D(r);0 }} + w(e(i,3) , min{max{ g(i,3)(AT)—D(r);0}}

Station: r
D(r)=t,
Vii)=4
Jj=1,2,34

g(i,4), R*(g(i, 4)), min{ max{g(i,4)(AT)—D(r);0 }} + w(g(i,4) , min{max{ g(i,4)(AT)—=D(r); 0}}

FIGURE 6.3: Network’s Representation as a directed graph

6.3.2 A Heuristic Algorithm for the Mobile Application

Firstly, let define the outgoing arcs from each station i € N of the network. This is
a trivial issue since the function Or(e) determines the origin node of each arc e € E
and only an initial search is required. Hence, for each node i € N its outgoing arcs
9(i,1),9(4,2),...,9(i,V (7)) are stored in a double matrix, ¢(7,j), where the first term
i € N denotes the origin node, the second term is a pointer j € 1,2, ..., V(i) for the arc,
and V(i) is an integer value which denotes the maximum number of outgoing arcs from
node i. Finally, for each j € 1,2,...,V (i), O0r(g(i,7)) = i. If an arc g(i, j) is traversed, an
amount of the totalizable resources k = 1,2, ..., m is consumed. Therefore, when an arc
is traversed the resource consumption equals R*(g(i, 7)) for every resource k = 1,2, ..., m.
Moreover, when an arc is traversed after arriving at its origin node at time tg, a travel
time: min{maz{g(i,j)(A) — D(i);0}} + w(g(3,j) , min{max{g(i,j)(A) — D(i);0}} is
required. In Fig.6.3, which represents a sketch intermodal network with three modes,
the notation of each arc, the required resource consumption in order to traverse it and

its anticipatory travel time are presented.

Consider that every path is described by a label containing a number of lists, where
every list is a single dimensional matrix. The first list A : Z* — ZT, contains the
stations ¢ € N which are reached from the proposed algorithm during its computational
procedure. Initially, the real location of the user, r, is pinpointed by his GPS receiver
and stored in the list A(1) = r. The values of the list A(1), A(2), A(3),..., A(j), ...
represent nodes in the network. The second list D(A(j)) € RT, contains the aggregated

travel cost from the origin node r to node A(j), where A(j) € N. The other lists:
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RCF(A(j)) € Rtk = 1,2,...,m, contain the total consumption of each totalizable
resource k for the travel r — A(j), A(j) € N. Finally, the list TR(A(j)) contains the
total number of transfers which were made during the travel from r to A(j). Generally,
every label represents a different path from the origin station r to a significant place in
the network, A(j) € N. A typical label has the form {u, A(u), D(u), RC*(u), TR(u)}
where u € {1,2,3,...,4,...} is a number which characterizes the label, A(u) is a station,
D(u) represents the travel cost from the origin node r to A(u), RC*(u), k =1,2,....,m
represents the consumption of each resource k& when this path is traversed and T R(u)
the total number of transfers. For instance, {1,r,%9,0,...,0} is a label which represents

the path 7 — A(u) = r where D(u) = to, RC¥(u) =0,k = 1,2,...,m and TR(u) = 0.

Lemma A label {ul, A(ul), D(ul), RC*(ul), TR(ul)} dominates another label identified
as {u2, A(u2), D(u2), RC*(u2), TR(u2)} only if the four below criteria are satisfied.

A(ul) = A(u2) "same node”

D(ul) < D(u2)

RC*(ul) < RCY(u2)Vi =1, ...,m.

o TR(ul) < TR(u2)

Consequently, the second label can be permanently erased and this procedure is known

as the ”Domination Step”.

The theory of domination is used in almost all algorithms which search for a solution on
a problem via a label setting or a label correcting method, and it is important because it
eliminates infeasible labels in the first place and reduces the storage requirements and
the computational time. In the present case, one knows that route r — A(ul) requires
less travel time, consumes less resources and has less transfers than route r — A(u2).
Furthermore, the same modes depart from the stations A(ul) = A(u2). As a result,
for every route p = {A(ul) = A(u2),...,xx, 2k + 1),...,s} from the new origin node
A(ul) = A(u2) to the destination node f, the route r — A(ul) + p costs less and has

lower resource consumption and number of transfers than route r — A(u2) + p.

Description of a solution: The proposed algorithm starts from the origin node and

creates labels till the final destination is reached for the first time after a best-first
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search. Initially, the first label is {1, A(1), D(1), RC*(1), TR(1)} = {1,, 1,0, ...,0} and
represents the loop less path r — r. Firstly, a list Q = w is set which contains only
one element: u = 1. Afterwards, the process starts from the origin node A(u) = r
and creates a new label for every outgoing arc ¢(r,j) from node A(u) = r, where
j=1,..,V(A(u)), and V(A(u)) is the number of outgoing links from node r. Hence, for
every j = 1,...,V(A(u)) is created a new label with the form number of label, destination
node of arc j, travel time from origin to destination node of arc j, resource consumption
from origin till the destination node of arc j, number of transfers from origin to destination

node of arc j.

Let g(A(u),1) be the first egress arc from origin which creates the second label. The
destination node of arc g(A(u),1) is A(2) = De(g(A(u),1). The travel time from the
origin to the destination of this arc is D(2) = D(u)+min{max{g(A(u),1)()—D(u);0}}+
w(g(A(u), 1), min{maz{g(A(u),1)() — D(u);0}}). The resource consumption of each
resource y = 1,...,m from the origin to the destination of arc is RCY(2) = RCY(u) +
RY(g(A(u),1))Vy = 1,...,m. The number of transfers from the origin to the destination
node of arc g(A(u),1) is T'(2) = 0 because before the arc g(A(u), 1) there is no other arc.
Hence, one derives the layer {2, De(g(A(u), 1), D(u)+min{maz{g(A(u),1)()—D(u); 0} }+
w(g(A(u), 1), min{maz{g(A(u),1)()=D(u); 0}}), RCY(u)+RY(g9(A(u),1)),Vy = 1, ..., m, T(A(u))}.

The same procedure continuous for every j = 1,..., V(A(u)).

After this step, a new station A(j) # A(u) which satisfies the conditions D(j) < D(i),¥in
Q =2 and RCY(j) <v¥,Vy =1,....,m and TR(j) < b is marked (bY,Vy = 1,...,m are

threshold values for each one of the resources and b is the number of permitted transfers).

The procedure is updated by setting u < j and @ = @ + {u}. The same procedure is
repeated for every outgoing link from the new station A(u) and new labels are created.
From the second iteration till the end of the procedure a number of labels are eliminated
if they are dominated. Hence, for each new label {v, A(v), D(v), RC¥(v),TR(v)}, we
search if there is another label {v', A(v"), D(v'), RC¥(v'), TR(v')}, where A(v) = A(v')
and D(v) < D(v'), RC¥(v) < RCY(v'),Yy =1,...,m and TR(v) < TR(v') and if such a

label already exists the new label is erased.

Finally, the procedure terminates when u < j, and A(u) = f, where f is the final
destination. The fastest path in an intermodal network under resource constraints is

represented by the label {j., f, D(jx), RCY(j)Vy = 1,....m, TR(j.)}.
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Lemma The multi-modal fastest path under constraints can be found when the final

destination node f is marked for the first time.

Proof If the node A(j.) = f is marked for the first time during that procedure,
then D(j.) < D(i), ViNQ = @ and RCY(j,) < bWy = 1,...,m and TR(j.) < b.
In most cases there are several alternatives that connect the origin with the destina-
tion and are represented by the labels jix, jusx, ... Where A(jux) = A(Juss) = f. How-
ever, these paths have not been marked yet. Therefore, D(jix), D(Jiss), ... > D(jx) or
RCY(jis), RCY (Jsss), ... > 0¥, Vy =1, ...,m or TR(jsux), TR(Jssx), ... > b and, as a result,

the fastest path under resource constraints is represented by the label j,.

A label {u, A(u), D(u), RCY(u),Yy = 1,2,....,m,TR(u)} = {1,r,10,0,...,0} represents
the path r — r, where uw = 1, A(u) = r, D(u) = t9, RCY(u) = 0,Vy = 1,2, ...,m and
TR(u)=0

Set J < 0 and ¢ < 0;

while A(u) # f, where f is the final destination do

for every arc g(A(u), k) outgoing the node A(u), where k =1,...,V(A(u)) and

V(A(u)) is the total number of these arcs do

Set J + J+1;
Set E(J) + g(A(u), k);
RCY(J) <~ RCY(u) + RY(g(A(u), k)),Yy =1,....,m
if ¢ # 0 and Layer(g(A(u), k)) # Layer(q), then set TR(J) <— TR(u) + 1 then
if RCY(J) > bY, for oney € {1,....,m}, or TR(J) > b then one of the
constraints is violated. Therefore, we set J <+ J — 1 and break the until
loop, else set: then

A(J) < De(g(A(u), k));

D(J) < D(u) + min{maz{g(A(u), 1)(AT) — D(u); 0}} +
w(g(A(w), 1), min{maz{g(A(u), 1)(AT) = D(w);0}}) ;

Set i ={1,...,J — 1}

if thereis a z € i | A(z) = A(J) and D(z) < D(J) and
RCY(z) < RCY(J), Yy =1,...,m and TR(z) < TR(J), then this path is
dominated, so set J < J — 1 and return to the until loop, else:;

end

end

Create a new label: {J, A(J),D(J), RCY(J),Vy =1,...,m};

end

Set H={1,...,J} — @Q;

Find J € H for which D(J) < D(i)Vi € H and set q < E(J) and u < J;
end

Set Q + Q + {u};

Algorithm 4: Algorithm for multi-modal journey planning under resource constraints

The complexity of Algorithm 4 is O(¢.J), where ¢ is the number of total iterations and J
the number of created labels. The values of these two parameters depend on the number

of stations in the network, the number of arcs, the different modes and especially from
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the threshold values of the secondary constraints; hence one cannot determine them in
the first place. For this reason, in order to minimize the running time of the algorithm,

the number of total iterations should remain in low levels.

6.3.3 Pruning Labels

The total number of created labels could be reduced if one introduces more criteria
for the elimination of the created labels in the first place. In the proposed pruning
method, for each totalizable resource parameter k = 1,2, ..., m a simple PPSPP algorithm
from every station of the network to the destination node is performed and the values
FRF(i),Vk = 1,2,...,m which represent the minimum possible resource consumption
for the travel from each node i € N to the final destination f are computed. If
Dijkstra’s algorithm is used with a Fibonacci heap data structure, as presented by
Fredman and Tarjan [52], the pre-processing method has a running time complexity of
O(m(N((E + NlogN))), where m is the number of totalizable resource parameters N

the number of network’s nodes and E the number of arcs.

Lemma A label {ul, A(ul), D(ul), RC*(ul), TR(ul)} is eliminated if the following
criterion is satisfied: RC*(ul) + FRF(A(ul)) > b* for even one k = 1,...,m. , where b*

is the upper bound of the k" totalizable resource parameter.

Proof. The proof is straightforward because if the resource consumption from the
beginning till node A(ul), denoted as RC*(ul), plus the minimum resource consumption
required to complete the trip from node A(ul) till the final destination, denoted as
FRF(A(ul)), is higher than the upper bound b* for even one of the constraints, then this
path will violate the upper bound (threshold) before it reaches the final destination and

it can be eliminated.

6.3.4 Reducing the Running Time by Minimizing the Searching Space

The proposed method computes a real-time sub-optimal path in a multi-modal network
under a number of users’ preferences. The path is called sub-optimal because it may not
be the fastest path from an origin to a destination. However, the structure of the method
ensures that the sub-optimal path will be either the fastest path or a path with a small

time difference from the fastest one. In this method a trade-off between the complexity
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of the algorithm and the accuracy of the solution is made, but it is ensured that the

accuracy loss is minimum whereas the computational benefit is high.

Firstly, the mean travel times for every arc in the network, is computed. If a day period

is considered, then the mean travel time for an arc, e, is:

Y
W(e) — Zt:1;j)(€’t) (6.9)

where ¢ is the number of travel-time updates in arc e during a day. The mean travel time

of each arc could be also derived by historical data which contains more measurements.

Then a pre-processing algorithm is used in order to compute the fastest path from each
node i in the network till the final destination f. Dijkstra’s algorithm could be used for
that purpose and with a total running time of O(N(E + NlogN)). The fastest path from
each every station, i € N, till the final destination is described by a value H (i) which

denotes the minimum possible cost for the travel from station ¢ till the destination f.

The values H (i) are not computed via real-time data and the mean arc travel times
W (e) were used during their computation instead of real-time travel times. Moreover,
the switching times between different modes were also ignored during that computation.
The aim of this pre-processing algorithm is to provide an estimation of the minimum
required travel time to travel from each node of the network till the final destination.
This estimation will be used at a later stage to reduce the searching space of the main

algorithm and minimize the number of created labels.

Following the pre-processing algorithm, algorithm 4 is implemented with the add-in
label-elimination criterion which was described in the previous section. However, pruning
reduces further the searching space because in every iteration it is not the closest station
that is selected from the origin D(u) = minD(i),ViNQ = @ for which RCY(u) < bY,Vy =
1,...,m and TR(u) < b, but the station which satisfies the expression {D(u)+ H(A(u)) =
min(D (i) + H(A(7)),ViNQ = & for RCY(u) < b¥,Vy =1,...,m and TR(u) < b}, where
D(u) is the minimum real-time travel time which is required to traverse the path between
the origin node r and the current station A(u) including the switching times between
different modes. After a number of iterations, the final destination will be marked for the
first time A(j.) = f, when D(j.) + H(A(j)«)) < D(i) + H(A(1)),ViNQ = &, RCY(j,) <
bWy = 1,...,m and TR(j.) < b.
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In this stage it is known that H(A(j)«) = 0, because A(j)« is the final destination f
and the estimated travel time from node f to node f is equal to zero by definition.
Hence, that is a first multi-modal path from origin to destination which satisfies the users’
preferences and is denoted by the label {j., f, D(j), RCY(j)Vy =1, ...,m, TR(j.)}. It is
not certain that this path is also the fastest one, but the fact that exists a path from r to
f which requires a travel time D(j,) enables the elimination of all the labels which have
a higher travel time than D(j.), because they have not reached yet the final destination

and have a higher travel time than D(j).

In the following step, j is added in the set ), and the algorithm continues like before
by selecting another label I, where {D(l) + H(A(l)) = min(D(i) + H(A(7)),ViN Q =
@ for RCY(l) <b¥,Vy =1,...,m and TR(l) < b. After a number of iterations, the final
destination will be marked for a second time A(j.x) = f, when D(jux) + H(A(Jusx)) <
D(i)+ H(A®1)),ViNQ = &, RCY(jux) < bY,Vy =1, ...,m and TR(j.x) < b. If the real-
time multi-modal travel time D(j) is less than D(j,), then it is assumed that the fastest
path is now denoted by the label {j.x, f, D(Jux), RCY(jux)Vy = 1, ...;m, TR(jsx) }. In the
following step, j« is also added in the set @), and the algorithm continues like before
by selecting another label [, where {D(l) + H(A(l)) = min(D(i) + H(A(i)),ViNQ =
@ for RCY(l) < b¥,Yy =1,...,m and TR(l) < b.

The whole procedure continues iteratively until the final destination is marked for the
tenth time. After that the fastest path from a list of ten candidates is assumed to be the
one which required the less real-time multi-modal travel time to reach the destination.
If the procedure continues more than ten times, one can be more confident that the
proposed path is also the fastest path and the number of iterations is related to the
level of accuracy. However, the first iterations improve markedly the level of accuracy
and after a while the proposed paths from additional iterations are too time-consuming.
The accuracy of the estimations H (i) plays also an important role to the final solution
because if they are similar to the real-time data outcomes, the fastest path will be found

only after a small number of iterations.
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6.4 Numerical Experiments

This section summarizes the performance of the proposed algorithmic framework for the
selection of a real-time multi-modal fastest path under a number of constraints for moving
from an origin to a joint leisure activity location. The algorithms were tested on a reference
2556 MHz-processor machine with 1024 Megabytes RAM. The tests were implemented
on randomized networks that contained 100, 200, 300, 400, 500, ..., 3000 nodes-stations. In
order to minimize the effects due to network’s topology, both sparse and dense networks
were examined. The execution environment of each test is described by the number of
nodes, the number of arcs, the level of density, the number of transportation modes and
the number of constraints. Each arc connects an origin with a destination node via a
distinct transport mode and more arcs than one may connect the same origin-destination

pair.

In Table 6.3, detailed results are given with respect to one constraint. Details are given
for the number of nodes-stations (column 1.), the number of arcs (column 2.), the density
of the network (column 3.), the number of different available modes in the network
(column 4.), the constraints upper bound (column 6.), the total travel time and the
resource consumption of the fastest path (column 7.), the running time of algorithms 1.
(column 8.), the number of created labels with algorithm 4. (column 9.), the running time
of algorithm’ (which is the extension of algorithm 4 proposed at the previous section).
(column 10.), the number of created labels with algorithm 2. (column 11.) and the

accuracy of algorithm 4’. (column 12.). The accuracy, A, of algorithm 4’ is calculated as:

/

A=(1- )100% (6.10)
where D is the travel time of the fastest path from origin to destination and D" is the

travel time of the path which is proposed by algorithm 4’.

In Table 6.4, the results of several alternative networks are presented with respect to four
constraints (fuel consumption, covered distance, walking time and number of transfers).
On the contrary, the performance of algorithm 4 is not presented in Table 6.4, for the
simple reason that its running time exceeds the predetermined running time threshold of

200 sec.



TABLE 6.3: Running times and labels under one constraint

Randomised Network Number of Number of Constraint  Travel time (min) Complexity
Intersections/  Purpose-Built Ratio Modes  Constraints  Limit (units) and resource  Algorithm 4. Number of  Algorithm 4’. Number  Accu-
Stations Arcs  Nodes/Edges consumption Running Labels Running  of Labels acy
(units) Time (sec) Time (sec)
100 1000 10.00% 2 1 670 54.78 / 488.23 0.717 1294 0.0321 472 97%
200 2158 9.27% 3 1 1540 139.72 / 1486 11.844 5511 0.0349 2412 94%
600 49811 1.20% 3 1 430 12.3 / 234.5 7.22 3014 0.1013 1158  100%
1400 13250 10.57% 4 1 1021.76 315 / 1011 > 200 Out of bound 0.8512 23225 94%
1600 15420 10.38% 4 1 972.72 342 / 963.5 > 200 Out of bound 0.4964 15942 92%
1800 17690 10.18% 5 1 861.85 369 / 850.4 > 200 Out of bound 1.325 17526 96%
2600 24980 10.41% 5 1 727.61 358 / 716.1 > 200 Out of bound 1.748 16954 97%
500 25200 1.98% 3 1 415.17 36 / 405.1 86.12 58241 0.1491 4223 100%
300 20434 1.47% 3 1 588.41 19 / 567.3 0.1748 2981 0.071 392 100%
400 23962 1.67% 4 1 427.22 27 / 421.11 0.336 3769 0.093 612  100%
2800 27312 10.25% 6 1 911.61 334 / 906.3 > 200 Out of bound 0.896 9125 93%
3000 29762 10.08% 6 1 1052.8 315 / 1044.16 > 200 Out of bound 0.847 7032 95%



TABLE 6.4: Running times and labels under four constraints

Randomised Network Complexity
Intersections/ Purpose- Ratio Number of  Number of Limits of Travel Time (min) Algorithm 4’  Number of Accuracy
Station Built Arcs Nodes/Edges Modes Constraints Constraints (units) Run. Time (sec) Labels
100 1000 10.00% 2 4 15.6/135/19/1 79 0.0321 2113 100%
200 2009 9.95% 3 4 13.6/115/17/2 58 0.0812 8051 100%
1000 11000 9.25% 3 4 15.4/122.9/15/5 61 0.1932 9736 100%
1400 14000 10.57% 4 4 22.5/186/13/4 228 34.11 379125 91%
1600 16000 10.38% 4 4 31/285/25/2 181 7.048 135209 96%
1800 18000 10.18% 5 4 66/470/34/3 439 2.311 51611 92%
2600 26000 10.41% 5 4 200/1550/18/2 874 3.72 85236 95%
500 26000 1.98% 3 4 10.7/91/11/3 89 0.142 6948 100%
300 20400 1.47% 3 4 2/12.4/21/2 28 0.314 307 100%
400 24000 1.67% 4 4 6/39.6/23/3 49 0.307 811 100%
2800 28000 10.25% 6 4 89/540/14/4 412 21.49 192597 92%
3000 30000 10.08% 6 4 161/1040/28/3 617 4.07 51321 96%
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FIGURE 6.4: Running time versus number of labels

In addition, as was already discussed, the running time complexity of the algorithm is
O(¢J), where ¢ is the number of total iterations and J the number of created labels.
The complexity of the algorithm cannot be directly associated with the number of nodes
or arcs because the total number of created labels is affected by many other secondary
parameters (e.g. the upper bounds of constraints, the domination criteria, the nature of
the examined network and more). For this reason, in Figure 6.4, a diagram is shown
which demonstrates the relationship between the algorithms’ running time in sec. and
the number of created labels which implies a linear pattern between them. Figure 6.5,
shows a plot of the number of nodes multiplied by the number of arcs versus the total
number of created labels which suggests that a strong relationship between them cannot

be established because secondary parameters play also an important role.

The proposed mobile application is based on those algorithms in order to compute the
optimal path of joint leisure activity travelers. The numerical experiments showed that the
algorithm 4 has an acceptable performance for medium-sized networks (e.g., 600 stations,
49,811 links, 3 different modes in the network, 1 constraint or 500 stations, 25,200 links, 3
modes, 1 constraint), but the complexity of the problem and the technological constraints
inhibit, as we speak, the use of this algorithm for large networks with few constraints.
As a result, other heuristic approaches which have an acceptable performance in larger
networks with multiple constraints (such as algorithm 4’ that includes also pruning)

can be used as an alternative, even if they yield sub-optimal solutions. Algorithm 4’,
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FIGURE 6.5: Nodes x Arcs versus number of labels

performs well in large networks under multiple-user constraints (e.g. 2800 nodes, 28,000
arcs under four constraints). Moreover, the level of accuracy falls between 90-100%,
which means that in the worst case, the sub-optimal path may differ from the fastest
one up to 3 minutes for small trips (from 20 to 30 minutes) and up to 9 minutes for a

90-minute trip which could be considered near the upper limit for an urban network.



Chapter 7

Car Sharing for attending Joint

Leisure Activities

At the previous chapter, we studied how the best journey from one origin point to
the destination of a joint leisure activity can be suggested to each user considering
multiple modes of transportation and users’ preferences. At this approach, there is no
collaboration among the users that participate at the same joint leisure activity since
everyone tries to optimize his/her travel based on his/her own needs considering all

available modal options.

In this chapter, a collaborative approach is explored where some of the users who are
willing to participate at a joint leisure activity own a private vehicle and can pick-up some
of the other users that will participate also at the same activity. Under this collaborative

car-sharing scheme, the generation of unnecessary trips can be reduced.

Because users travel towards the same joint leisure activity destination, trips can be
spared only if multiple users share the same transport mode (i.e., private car). For this
reason, this chapter focuses solely on the use of car-sharing from several users without

considering other alternative means of transportation (i.e., multi-modality).

187
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7.1 Modeling the Car-sharing problem for Joint Leisure
Activity Participation

Let assume that a number of individuals i = {1, 2, ...,|i|} are willing to participate at
the same activity which is located at one point B and a fraction of those individuals
possesses a private car. To model the car possession, a dummy variable y; is assigned to

each individual where:

0 : if individual ¢ does not posses a car
Yi =
1 : otherwise

The full list of sets, subscripts, parameters and variables used in the modeling of the car

sharing problem for joint leisure activity participation is presented below.

i=A{1,2,....,]i} the number of individuals participating at a joint leisure
activity
Yi a dummy binary variable denoting the possession of a private

car for each individual 7

G{n,e} a graph representation of the urban road network

n={1,2..|n|} the number of nodes at the urban network (i.e., road inter-
sections)

e=1{1,2,....|e|} the number of arcs at the urban network connecting nodes

0 a vector with |e| elements denoting the origin node of each

arc: O, €n

D a vector with |e| elements denoting the destination node of
each arc: D, €n

t a vector with |e| non-negative elements denoting the travel
time (or travel cost) of traversing each arc, t.

A a vector with |i| elements denoting the origin location of each
individual ¢ from which he/she has to start his/her journey
towards the joint leisure activity location B

U a scalar positive value denoting the gained utility in case
joint leisure activity participants share the same car for their

journey
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FIGURE 7.1: Example of graph representation G{N, E} with three (3) individuals
willing to attend a joint leisure activity

A representation of this problem is provided in Fig. 7.1.

In the simple case that one user has a private vehicle and is responsible of picking up
every other user who will participate at the joint leisure activity with him, computing
the optimal route is equivalent of solving the well-known traveling-salesman problem.
Nevertheless, some of the users might not be picked up in the end if the traveling cost of

picking them up exceeds the gained utility benefit, U, of reducing the number of trips.

This leads to the introduction of an objective function of the form:

min Y lete —k x U (7.1)

where [ is an integer number denoting how many times arc e was traversed from users
traveling to the joint leisure activity destination (it can be also I, = 0 if nobody traversed

that arc) and k a scalar vector that denotes how many trips were shared by the same car.

Finding the optimal values of the solution variables of the problem (l.Ve and k) is not a

trivial task since a number of secondary constraints should also be satisfied at the same
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time (i.e., all paths should start from the current location of one user i and end at the

location of another user in case of pick-up or at the location of the joint leisure activity).

7.2 Dynamic Programming search of the best car-sharing

option

The well-known dynamic programming algorithm of Floyd- Warshall is used for solving
the all-pairs Shortest Path problem with computational cost O(n3), where n is the
number of nodes. Then, T} ; denotes the computed minimum travel cost between each

pair of nodes k, .

After having computed the all-pairs shortest paths, the minimum cost of each individual
i traveling alone to the destination of the joint leisure activity in case he/she uses a car

is T4, p and the overall cost of all journeys related to that joint leisure activity is:

C=-kxU+ > Tasn
i:{1727"'7‘i|}

where k is the number of shared trips, which in this case are equal to zero because each

individual traveled alone.

Starting from there, the objective is to find if the overall cost C' can be reduced further
if a number of individuals share the same car. For checking this, one should start from
one location A; and check all possible pick-up combinations requiring a total search of
li| x (|i] — 1) options in the worst case that all individuals have private cars and all

starting points should be checked.

For instance, let assume that one user ¢ = 1 has a private vehicle and one is willing to
check the cost of the alternative of picking up another user ¢ = 3. For this, the new total

cost is:
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C=-kxU+( > Tap)+2Ta,5+Ta (7.3)
i—{1,3}

where T4, 4, is the minimum picking up cost of individual ¢ = 3 from individual 7 =1
and T4, p the remaining travel cost from location A3 to the location of the final activity.
In addition, we have one joint trip; thus, K = 1, and if the gained utility & x U is greater
than the additional inflicted travel cost: (T4, a5 + Tas.8) — Ta,.B, the new total cost is

lower than the previous case.

For checking all possible pick-up combination options, |i| x (|i| — 1)?, the number of
computations is at the polynomial level; thus, ensuring the problem scalability. The
proposed algorithm for suggesting the optimal car-sharing option to joint leisure activity
participants is presented below together with its associated computational cost for

different number of participants (Fig.7.2).

Set T, ., = 400 for all 21,20 € n;
for each e € {1,2,...,|e|} do
‘ T’OQ,DE = te
end
Use Floyd-Warshall algorithm to compute all-pairs shortest paths;
for all z; € {1,2,...,|n|} do
for all zo € {1,2,...,|n|} do
for all z3 € {1,2,...,|n|} do
‘ Topzs = min(TZQ,Zl; Topon + TZ1,Z3)§
end
end
end
Compute C'=—k x U+, 115 iy Ta;,B;
for all users i willing to participate at the joint leisure activity do
if y; =1 (user i has a private vehicle) then
for each alternative pick-up combination of user i do
‘ Compute the new total cost C’ and if C’ < C, then set C + C’;
end
end
end
Return the car-sharing option (if any) with the lowest total cost C;
Algorithm 5: Compute the best car-sharing option for a group of joint leisure activity
participants including the order of pick ups with polynomial computational cost: O(|n|3+

il x (Ji] = 1))
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Chapter 8

Conclusion

8.1 Summary of Thesis Contribution

This thesis followed a holistic approach on the problem of trip optimization for participat-
ing at joint activities. The studied problems were split in five interdependent categories

which were rigorously analyzed at the previous chapters:

1. Understand the SoA work on utilizing user-generated data for increasing the

efficiency level of joint leisure activities and propose actions towards this direction.

thesis contribution: the utilization of (i) Cellular Data (ii) Social Media Data
(iii) Smart Card Data and (iv) Geo-location Data from PDAs was rigorously studied
together with the current SoA applications. During the exploration of non-recurrent
activities, it was observed that although the full information for forming a decision-
making objective function is obtainable, research works have not been focusing on

that direction.

2. Capture users’ willingness to travel certain distances for participating in different

types of activities

thesis contribution: a mobility pattern recognition model introduced for retriev-
ing automatically users’ mobility and activity patterns based on spatio-temporal
analysis of historic user-generated geo-location data (Twitter data from London
over a 14-month period). The frequency level of visiting a particular location was
utilized to link locations with activity types and rules for linking one revisited
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location with home were introduced demonstrating an observed accuracy of more

than 90%.

A utility-maximization model was also introduced for capturing users’ willingness to
travel certain distances for participating in different types of activities for different
day times and types. The model learned automatically the users’ habits from
historic data and offered valuable insights that can be used as source of information
for suggesting common activities to multiple users. For performing such action,
users’ were clustered to capture the similarities on their mobility and activity
patterns along with their willingness to travel similar distances to participate in
certain types of activities. A step-by-step single-point estimate approach was also
introduced for simulating individuals’ daily schedule and identifying automatically

locations for performing joint activities.

. Optimize the selection of locations and starting times of joint leisure activities

thesis contribution: the problem formulation of the optimization problem con-
sidering the willingness of users to travel certain distances to participate at different
types of activities was introduced for the first time. Then, evolutionary opti-
mization was utilized for confronting the scalability problem of the Joint Leisure
Activity optimization. The problem-specific stochastic annealing heuristic reduced
the exponential computational complexity and due to the improved scalability,
this approach enables the development of Web and Smartphone applications for
suggesting automatically the time and the location for performing a joint leisure
activity. In a practical use-case, after applying the stochastic annealing search for
optimizing 9 Joint Leisure Activity Instances, the perceived utility of users was
increased up to 3 times compared to the basic scenario because of the rescheduling

of the arrival times of individuals and the activity locations.

Due to absence of alternative heuristics, the stochastic annealing method was
compared against problem-tailored algorithms from the areas of genetic algorithms
and hill climbing. Stochastic annealing was capable of finding approximations to
the optimal solution that increased up to 2 times the perceived utility of users in a

cluster compared to the hill climbing and the GA.

. Re-schedule public transportation in near real time in order to adjust to the joint

leisure activity demand without deteriorating QoS for other passengers
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thesis contribution: the problem of public transport re-scheduling for different
public transport services that can cover joint leisure activity passenger demand
subject to the no-deterioration of service quality and the adherence to a set
of operational regulations was modeled. For this, a sequential heuristic search
algorithm for changing the public transport schedules in near real time (in a matter
of minutes) for adjusting to the arrival time needs of joint leisure activity passengers

without deteriorating the KPIs of public transport operations was introduced.

In a test-case, GTFS data from Sweden focusing on bus lines 1 and 4 in Stockholm
and Twitter data for deriving individual trips to joint leisure activity locations
in Stockholm were utilized . Due to the schedule changes after optimization, the
operational performance of bus services demonstrated an EWT improvement at a
service-wide level for all services while only some stations from line 1, direction
2 and line 4, direction 4 had a slight EWT deterioration(up to 0.6min.); without
affecting significantly though the level of service of bus operations. At the same
time, after the re-scheduling, the joint leisure activity trips from all services enjoyed
new arrival times to the joint activity stations which were more than 50% closer
to the starting times of those activities. Finally, the computational cost of the
proposed heuristic algorithm for public transportation re-scheduling demonstrated

that a convergence to an approximate global optimum requires from 2-6 minutes.

. Optimize the journey selection of users’ who are willing to travel from one point
of the network to another for participating at one activity and, possibly, utilize

multiple modes while also satisfying their preferences

thesis contribution: a mobile phone application was described for attempting
to establish a unified approach for mobile navigation with continuous data feeds
from different sources. This application is based on complex algorithms in order to
compute the optimal path due to the multi-modal character of the path selection
problem and the resource constraints that emerge from users’ preferences. For this,
a fastest-path-tree algorithm that converged to the global optimum under a set
resource constraints that considers multiple modes with the use of GIS layers was
developed and demonstrated an acceptable performance for medium-sized networks
(e.g., 600 stations, 49,811 links, 3 different modes in the network, 1 constraint
or 500 stations, 25,200 links, 3 modes, 1 constraint). However, the complexity

of the problem and the technological constraints inhibit, as we speak, the use of
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this algorithm for large networks with few constraints. As a result, a pruning
extension was added to this heuristic approach which demonstrated an acceptable
performance in larger networks with multiple constraints with the drawback that
it cannot guarantee the finding of the global optimum. In practice, it performed
well in large networks under multiple-user constraints (e.g. 2800 nodes, 28,000 arcs
under four constraints). Moreover, the level of accuracy was above 90%, which
means that in the worst case, the suboptimal path may differ from the fastest
one up to 3 minutes for small trips (from 20 to 30 minutes) and up to 9 minutes
for a 90-minute trip which could be considered near the upper limit for an urban

network.

The thesis offered an important gain to society as additional light was shed on capturing
users’ mobility patterns/preferences with the use of user-generated data and optimizing
non-recurrent trips which can be more than 60% of the total number of trips in cities.
Individual users may become able to enumerate all potential activity alternatives in the
city and choose in space and time the ones that maximize their utility without incurring
high travel costs. They may also be able to share transport modes when they participate
to joint activities and select the best journey option over a broad set of alternative paths
and modes according to the (i) total journey time and (ii) their specific preferences. In
addition, public transport operators may improve the competitiveness of their services
by following a demand-responsive approach where they reschedule their operations for
covering the joint leisure activity demand without penalizing their overall QoS. Apart
from the transport operators, the transport network in urban environments may enjoy a
significant improvement in traffic conditions if the non-recurrent trips which vary broadly

from day to day are tackled in a more efficient way from travelers.

8.2 Discussion on Validation

The developed methodologies of this thesis were implemented with the use of datasets
from different study areas which are summarized at Table 8.1. At this section the
validation results are summarized in order to discuss the practice readiness of the

developed methodologies at Chapters 3, 4, 5, 6.



TABLE 8.1: Utilized Data Sources for Methodological Validation

Capturing users’ willingness to travel cer-
tain distances for participating at different
types of activities

user-generated tweets with geo-tagged locations
from 65 twitter users in London over a 14-month
period
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Optimizing the Location and Time of Joint
Leisure Activities

user-generated tweets with geo-tagged locations
from 75 twitter users in London over a 14-month
period

Adapting the departure times of Public
Transportation services to the Joint Leisure
Activity Demand

GTFS data from two bi-directional central bus
lines in Stockholm, Sweden together with the list of
operational constraints and Social Media Data,
user-generated Data of 62 persons in the study
area

Multi-Modal Journey Planning of Joint
Leisure Activity Trips subject to person-
alized preferences

Topology of a study area. Travel times of all
links in the study area for all alternative transport
mode choices (i.e., bus, private vehicles etc.). Link

traversing cost and fuel consumption of each link
given the utilized transport mode. Preferences of
users’ undertaking trips together with their origin-
destination points

In Chapter 3, a daily pattern recognition model was introduced for deriving the willingness
of users to travel certain distances for participating at different types of activities. The
daily pattern recognition model was tested with the use of a 14-month period Twitter
data from 65 users and demonstrated a 90% accuracy on allocating re-visited locations
with meaningful activities. The daily pattern recognition model is individual-based
and is automatically updated when new user-generated data is provided. On top of
the daily pattern recognition model, a utility-maximization model of each examined
user was developed and it returned the level of willingness to travel certain distances
for participating at different types of activities. However, there are two underlying
assumptions on this generalization which were not possible to be validated given the
data at hand. The first assumption was that the utility of the user depends on the
perceived utility at performing an activity type and the traveled distance; however, the
real location of that activity might play an important role (i.e., the user might not feeling
comfortable with certain areas of the city). This cannot be validated in practice though
if revealed preference surveys are not conducted. The second assumption was that all
activities that belong to the same activity type (i.e., all restaurants) have the same effect
on the perceived utility of a user. This assumption again cannot be validated because
the user should provide information about how he/she ranks all the places of interest
in the city. As with most individual-based utility-maximization models though, there
should be some assumptions about the user’s behavior since the full decision-making
mechanism of an individual cannot be replicated with 100% accuracy. Therefore, this

method might require certain modifications when utilized in practice based
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on the data that is available at each practical implementation scenario.

Those utility-maximization models for deriving the willingness of the users to travel
certain distances to participate at different types of activities given the time of the day
were utilized in Chapter 4 for selecting the optimal location and time of a joint leisure
activity. Given the vast number of alternative activity locations in urban areas, heuristic
search methods were developed such as the stochastic annealing search which converged
at an optimal location and starting time for the joint activity. The stochastic annealing
search produced stable results when tested with data from 10 user groups derived from
75 Social Media accounts. However, it was not possible to define how close to the global
optimum were those results since the optimization problem was computational intractable
given its exponential computational complexity. Given that, the stochastic annealing
search method was tested against other SoA heuristics such as Hill Climbing and Genetic
Algorithms and outperformed them by improving up to 2 times the aggregated utility of
all activity participants in a series of test scenarios. Therefore, this method can be

used as-is in practice without the need of any modification.

In Chapter 5 was developed a sequential heuristic search algorithm for changing departure
times of public transport modes in near real time (in a matter of minutes) for adjusting
to the arrival time needs of joint leisure activity passengers without deteriorating the
KPIs of public transport operations. The sequential heuristic search was validated
after the implementation in a test-case focusing on bus lines 1 and 4 in Stockholm and
Twitter data for deriving individual trips from 62 users to joint leisure activity locations.
Due to the schedule changes after optimization, the operational performance of bus
services demonstrated an EWT improvement at a service-wide level for all services while
only some stations from line 1, direction 2 and line 4, direction 4 had a slight EWT
deterioration(up to 0.6min.); without affecting significantly though the level of service of
bus operations. At the same time, after the re-scheduling, the joint leisure activity trips
from all services enjoyed new arrival times to the joint activity stations which were more
than 50% closer to the starting times of those activities. During the validation stage,
it was not possible to define how close was the sequential heuristic search solution to
the global optimum given the computational complexity of the problem that hinders the
computation of the global optimum in the first place. However, it is guaranteed that the

solutions of the heuristic sequential search always improve the current operations due
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to the greedy nature of the search and the method can be used as-is in practical

applications.

Finally, two methods for finding the shortest multi-modal path for a user who is willing
to travel from his/her current location to the location of a joint leisure activity were
developed in Chapter 6. Those methods considered the specific preferences of each user
and were based on an iterative label-setting approach where each label represented a
distinct path. The first method was an exact label-setting method that always converged
to the global optimum and was tested for validation purposes in simulated networks with
up to 3,000 transport nodes and 30,000 transport links. However, it was discovered during
the validation phase that this method had to generate a vast amount of labels prior to its
convergence and that slowed down its implementation especially in the case of multiple
user-preference constraints. Therefore, this method can be used as-is in practical
applications at small to medium-sized networks. For resolving the computational
scalability problem, the shortest paths from all locations of the network to the location of
the joint leisure activity were pre-computed using historical travel time data and a second
method based on an aggressive label-pruning strategy was developed. This method had a
heuristic nature and converged closer to the global optimum when the estimated average
travel times were closer to the real ones. In practical implementations at simulated
networks that considered up to 4 user preference constraints, the aggressive label-pruning
method outperformed vastly the exact label-setting method in terms of operational costs
by converging in a matter of seconds. This enables its practical implementation
as-is in real-world route and mode-selection applications with an accuracy error

of less than 10% according with the validation tests.

8.3 Future Work

This thesis provided a comprehensive approach for optimizing trips related to non-
recurrent activities in urban environments. This approach depends on the data input
due to its high granularity. Especially the need of user-generated geo-location data is an
application barrier; however, it is expected to overcome this barrier as more and more
transport authorities open up their data and SmartCard logs become publicly available
on the web including tap-ins and tap-outs of passengers. In this direction, the fusion of

user-generated geo-location data from social media, smartcards, cellular cells and PDAs
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will be of paramount importance for improving the accuracy of computational learning

of users’ mobility/activity patterns and is recommended as future work topic.

In addition, the utility-maximization model of capturing users’ willingness of traveling
certain distances to participate at different activity types can be coupled with zonal models
that provide insights on the activity options of different zones. For instance, if there are
two similar leisure activity options, an individual might be willing to travel more and
participate at the one that is far away from his/her current location if that activity is in a
zone that offers several other activity options (zone with more attractiveness). Studying
only geo-location datasets from users cannot reveal that information; therefore, research
on the attractiveness of zones and their importance on leisure activity participation will

be beneficial.

In future research, experiments on other public transport modes can also be conducted
for developing demand-responsive schemes for covering joint leisure activity trips (i.e.,

train, underground, tram).

A final challenge is to develop the required applications that will improve the usability
of the comprehensive non-recurrent activity optimization approached described in this

thesis consisting of:

e a smartphone application where joint leisure activity location and time suggestions

are provided to users based on their user-generated geo-location data logs

e a smartphone application where users are informed about changes on demand-
responsive public transportation for increasing the service competitiveness of public

transportation

e a smartphone application which proposes the optimal path to the location of the
activity considering multiple modes and users’ preferences in the form of resource

constraints
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Appendix 1

.1 Sample of User Data Mining from Twitter

.1.1 code snippet

#

# Purpose: Twitter Data Mining
#

# Author: K. Gkiotsalitis

#

# Created: 23/01/2013

# Copyright: (¢) gkiotsalitis 2013
# Licence: <MIT>

#

#!/usr/bin/env python

import json
import simplejson

import oauth?2

5 import httplib2

; import twitter

def main () :
api=twitter.Api()
statuses = api.GetUserTimeline (’@Qusername’ ,count=2500)

fp=open(’test.csv’,’'w’)

214
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if
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fp.write(’” User Name”,” latitude” ,” longitude”,” Place Name” ,” Message Id

2
)

7Source” ,” Date” ,” Message Text”\n’)

for ss in statuses:

pos = [0,0]
if not ss.geo is None:

pos = ss.geo[ ' coordinates’]
placename = '’

if not ss.GetPlace() is None:

placename=ss . GetPlace () [ 'name’ ]

text= 7%s” %7 %7, %s” ) %1d” ) %s” ) %s” " %s” "%(ss . user .name, pos

[0] 5\

pos[1],placename,ss.GetId () ,ss.GetSource(),ss.

GetCreatedAt () ,ss.text)
item = ’’.join ([x.encode( "utf—8")
fp.write (item+'\n")
fp.close ()
__name__ = ’__main__":

main ()

for x in text])

.1.2  Sample Output from 14-month user-generated Twitter data of

one User (only a very small fraction of the user’s tweets are listed

due to space limitation)



latitude

51.
0

51.
51.

ey

OOEOOOOOOU‘OO

S
==

51.
51.
51.
51.
51.
51.
51.
51.
51.
51.
51.
51.
51.
51.

[=NeNeNololololo]

54038

54566
5332

.53021

.53321

.53021
.53126

53318
53319
53319
53319
53327
53318
53321
53321
53321
53318
53321
54003
53703
53703

Mar

17:

+0000 2013

0
0

51.52646

0

51.

0
0

51.

0
0

40:54

5332

5332

longitude
0.002262
0

-0.03415
0.020811

.021844

.020838

[=NolololoNoNeNoNeNoNo Nl

0.021844
0.018929
0.020853
0.020819
0.020819
0.020819
0.020767
0.020853
0.020838
0.020838
0.020838
0.020853
0.020838
0.026498
0.02655

0.02655

0
0
0
0
0
0
0
0
17:40:54

.037504

.020811

.020811

[oNeolololoNoloNoleNo}

Place
Name
Newham

Hackney
Newham
London
London
Newham

London
London
London

London
Newham

Newham
Newham
Newham
Newham
Newham
Newham
Newham
Newham
Newham
Newham
Newham
Newham
Newham
Newham
Newham
Newham

London

London
London
London

17

London
London
Newham

Newham
London
London
Newham
Cardiff
Cardiff

Message Id

19E4-17
19E4-17
A9E+17
A9E+17
A9E+17
19E+417
19E417
19E417
19E417
19E+17
18E+17
18E+17
18E+17
18E+17
18E+17
18E+17
18E+17
18E+17
18E+17
18E+17
18E+17
18E+17
A8E+17
A8E417
A8E417
A8E417
18E+417
18E+17
A8E417
18E+17
18E+4-17
18E+4-17
18E4-17
18E4-17
18E4-17
18E4-17
3.18E+17
3.18E+17
3.18E+17
3.18E+17
NaN

WWWWWWWWWWWRWRWRWRWLWWLWWWWWWWWWRWWWwwWwww

18E417
18E417
18E417
18E+17
18E+17
18E+17
18E+17
18E+17
18E+17
18E+17

WWwwwwwwwww

Date

Tue Apr 02 14:15:02 40000 2013
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Mon Apr 01 14:33:53 40000 2013
Mon Apr 01 13:26:40 +0000 2013
Sun Mar 31 32 40000 2013
Sun Mar 31 52 40000 2013
Sun Mar 31 54 40000 2013
Sun Mar 31 18:51:05 40000 2013
Sun Mar 31 13:56:13 40000 2013
Sun Mar 31 12:02:19 40000 2013
Sun Mar 31 11:13:09 40000 2013
Sun Mar 31 08:30:44 40000 2013
Sun Mar 31 07:05:10 +0000 2013
Sun Mar 31 01:25:13 +0000 2013
Sun Mar 31 01:23:24 +0000 2013
Sun Mar 31 01:22:14 40000 2013
Sun Mar 31 00:52:57 40000 2013
Sun Mar 31 00:49:11 40000 2013
Sun Mar 31 00:48:05 40000 2013
Sun Mar 31 00:47:07 40000 2013
Sun Mar 31 00:46:03 40000 2013
Sun Mar 31 00:45:26 40000 2013
Sun Mar 31 00:45:05 40000 2013
Sat Mar 30 20:27:38 +0000 2013
Sat Mar 30 20:26:39 +0000 2013
Sat Mar 30 20:25:45 +0000 2013
Sat Mar 30 19:41:19 +0000 2013
Sat Mar 30 19:40:00 +0000 2013
Sat Mar 30 18:55:19 +0000 2013
Sat Mar 30 18:54:49 +0000 2013
Sat Mar 30 18:20:54 40000 2013
Sat Mar 30 18:17:58 40000 2013
Sat Mar 30 18:15:55 40000 2013
Sat Mar 30 18:08:54 +0000 2013

skeskook ok

Sat Mar 30 15:41:04 40000 2013
Sat Mar 30 15:40:02 40000 2013
Sat Mar 30 14:38:54 40000 2013
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.2 Public Transport Operations Re-scheduling to adjust to
Joint Leisure Activity Demand - Code Snippet

1 #

2 # Purpose: Re—scheduling of Public Transport Line 1, Direction 1
3 #

4 # Author: K. Gkiotsalitis

5 #

6 # Created: 12/03/2016

7 # Copyright: (¢) gkiotsalitis 2016

8 # Licence: <MIT>

9 #

10 #!/usr/bin/env python

12 import numpy as np

13 import itertools

14 import math

15 import time

16 import random

17 from Sequential_Evolutionary_Optimization import

Exterior_Point_Sequential _Genetic_Algorithm _with_MultiStart_Strategy

19 1=176 #number of bus trips of the examined line

20 S=32 #number of bus stops of the examined line

22 #Arrival Time of every trip at every stop in minutes from GTFS data

23 D = np.loadtxt (’departure_times_1_1_d_1.txt’, dtype='int’)

25 print D

27 #Discrete values set for departure time changes in minutes (re—scheduling
variables)

2 q=[—-4,-3,-2,-1,0,1,2,3,4]

20 g=np.asarray(q)

30

31 #Store here the IDs of trips that are not allowed to change departure times

(i.e., trips from other bus lines or fixed trips)
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32 fixed_trip_IDs
=[0,1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,
33 25,26,27,28,29,30,31,32,33,34,35,36,37,38,39,

40,41,42 ,43,44 ,45,46,47,48,49 ,50,51,52,53 ,54 ,55,56 ,57,58,59 ,60,61,
35 62,63,64,65,66,67,68,69,70,71,72,73,74,75,76,

77.,78,79,80,81,82,83,84,155,156,157,158,159,160,161,162,163,164,
37 165,166,167,168,169,170,171,172,173,174,175]
3s fixed_trip_IDs=np. asarray (fixed_trip_-IDs)

40 #Store here the trip ID of the trip which used the same bus as the current
trip (repeat doing it forall trips in the bus line).

a1 #If there is no previous trip operated by the same bus, then give a value
of 1000 as error indicator.

42 BZ[]

13 B=np. asarray (B)

16 def EWT_score(D,x) :
47 Overall_ EWT=0

48 for station in range (0,S):

49 Asum2=0; Asum=0; Aiter=0

50 for i in range(0,1-1):

51 if (D[i][station]>0): #check if this trip passes by this
station

52 loopcontrol=0

53 for nexttrip in range (i+41,1): #find next trip that passes

by this station
54 if (D[nexttrip][station]>0 and loopcontrol==0):
55 j=nexttrip #j is my next trip after examined trip i

that passed by the same station

56 break

57 loopcontrol=1

58 if (D[i][station]+x[1]>=850 and D[i][station]+x[i]<=1170
and D[j][station]+x[j]>=850 and D[j][station]+x[j]<=1170):

59 Asum2=Asum2+math .pow ((D[j ][ station]+x[j]-D[i][station]—
x[i]),2)

60 Asum=Asum+(D[j |[station]+x[j]-D[i][station]—x[i])

61 Aiter=Aiter+1
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EWT _score_station_period_k_0 = float (Asum2)/float (2%Asum) — float (
Asum) /float (2% Aiter)

#print EWT _score_station_period_k_0 , EWT _score_station_period_k_1,
EWT _score_station_period_k_2 , EWT _score_station_period_k_3

EWT _score_station = EWT _score_station_period_k_0

print ’station’, station, EWI’, EWT _score_station

Overall EWT = Overall EWT+EWT _score_station

return( float (Overal EWT) / float (S) )

print ’Overall EWI’, EWT._score(D,np.zeros (1))

99

Trips that need re—planning to adjust to the joint leisure activity demand
requirements

trip ID Python Rep. Proposed Starting Time

90656299 105 916

90656481 106 926

90656480 107 926

90656293 108 927

90656392 112 953

90656601 113 954

90656605 122 1004

90656408 123 1009

90656408 123 1006

90656613 124 1008

90656613 124 1004
90656607 125 1011
90656607 125 1008
90656409 126 1012
90656409 126 1009
90656615 127 1011
90656337 137 1067
90656725 141 1099
90656801 142 1100
90656271 149 1142
90656794 151 1141

29

pi_trips.ids=[105,106,107,108,112,113,122,123,123,124,124,125,
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106

107

108

109

110

111
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125,126 ,126,127,137,141,142,149,151]

pi-trips_ids=np.asarray (pi-trips-ids)

required_new_departure_time

=[916,926,926,927,953,954,1004,1009,1006,1008,1004,1011,1008,1012,
1009,1011,1067,1099,1100,1142,1141]

required_new_departure_time=np. asarray (required_new_departure_time)
#Calculate z(x) function

z_function=0

i in range(1,1):
for 11 in range(0,len(pi-trips-ids)):
if pi_trips_ids[ll]==1i:
z_function = z_function + math.pow ((D[i][0] —
required _new_departure_time[ll]) , 2)

print D[i][0]

print ’'the z_function of service adjustment to the joint leisure activity

demand starting times’, z_function

5 #PENALTY FUNCTION
def PENALTY FUNCTION(D,x ,mu.k) :

function_value=EWT_score (D, x)

#The following frequency limits should be sustained by successive trips
over different time periods of the day

1.0=2; h_0=8 #allowed frequency range in minutes for successive bus
trips

no_frequency_constraint_trips=[]; no_frequency_constraint_trips=np.

asarray (no_frequency_constraint_trips ,dtype="int ")

for i in range(1l,1):
#Frequency Setting Constraints to Penalty Function
if i<3:i=3
station=0
j=i—1
if (D[i][station]+x[1]>=850 and D[i][station]+x[i]<=1170 and D[] ][
station]+x[j]>=850 and D[j][station]+x[j]<=1170):
if (D[i][station] 4+ x[i] — D[j][station] — x[j] ) > h_0:
function_value = function_value + 0.5*mu_ksmath.pow(( —(DJ[1i
|[station] + x[i] — D[j][station] — x[j]) + h_0) , 2)
if (D[i][station] + x[i] — D[j][station] — x[j] ) < 1.0:
function_-value = function_value + 0.5*mu_ksmath.pow ((D[i]]

station] + x[i] — D[j][station] — x[j] — 1.0) , 2)



221

133 #Joint Leisure Activity Demand Constraints to Penalty Function

134 for 11 in range(0,len(pi-trips_ids)):

135 if pi_trips_ids[ll]==1i:

136 function_-value = function_value 4+ 8*mu_k*math.pow ((D[i]]
station]| + x[i] — required_new_departure_time[1ll]) , 2)

137

138

139 return (function_value)

140

141

142 start_time=time. time ()

143 Exterior_Point_Sequential _Genetic_-Algorithm_with_MultiStart_Strategy (
PENALTY FUNCTION, EWT score, D, S, 1, q, fixed_trip_IDs)

144

)

145 print ’elapsed time in sec:’, time.time()—start_time
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