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Abstract

This thesis pr esdeenvtesl ogpi mmygame wourlkt | fdary tr avel

util i zidmy <irmegdedr esastian,g the | i mitations of tra
framework includes thipametorappmethbhbdd:o aTopst
dat aset s-dfaryomugivreg/lse a mul ti ple sequence alig

weekly activity pbhasedneptiamdzat somumatdebnt o
within an i ntdigmgatseyds tueenb.anT hmosd etlhesi sempomalc e s
dynamics of wiawelut belav ihdagyh dcaotsat coofl | newlttiion,
t hat -dsaiyngdaen aeffectively approxi mate weekly t

modul e developed in this thesis provides det e
synthetic popul ati on, incl hdimeg aodlwamedilacit mfvor
durations,-degtaivredt ioornisgi nand travel modes. Th

significantly benefitdeowilsicymabd p pfaogetyi voef f emrb
transpphra@aniomg. The i TcdanWed keSipm | maoaduraker s t o
travel patterqwisi aed dgtsagegideads ato | mprove tr
emi ssi ons, and Bneasn éadeessc 6 n gene tvie 0 tk o d @f lyosugnitddaat! i o n
for -dnaytiravel dweimtam dl immidtedadp pajaotaac h r ar el y exp

by the travel behaviour researchers.
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Chapter

| nt roduct

1. Background and Motivation

A t rdaevneahmodd e | i s an analytical t ooluntdreatst @afnfde m
how travel demand shifts i n Bras®pmomae tthe warsyir
di saggregation, i mpl ementati on, and predictio

forms, suglhamsi sgemaepghledsni ¢ rrma segd cmod e li-p, and
based (mdastlisg!l i onfeniest tale.s,i s2Pri)mar-bhayed omaudels,
an approach ori gChapingUh8v&pkpeti1@d0si onal mo d
i sol ated evasned, mMmadeli yivisew fPpaaveli pate meamdc
a chain of interdependent events shaped by an

and constraints.

The atbtaismadegl(lABM) frasewel oped to meet t he
realistic travel demand models <capable of an
Modern transportation aetibaistegld a [(laiBridjusei @l yi trs
behawal odroumMeathiodmwl!| ogi balsleyd, maodteil wi t(YyABMs) ar

economet+died awmiosdned s and util i z-basaeddiaspmrgaaeqha.t
framework allows for the incorporation -of diwv
tratveeHasi where trips are often |Iinked by purp
(Shiftarki& aBenB@ZLh)use boefh atahliosti osutnrdoantgi on, ABMs ¢
evaluate the i mpact of policies on a wide ranc

pol-$ewysiti vseuiatnedd weolrl anaFgrzi egampkteyvehésenmo



how policies, such as raedcducoent pwhsliide nttrsgn aaty
mode share and household car ownership deci si

Whil e the current generation of ABMs can mod
exi stinpbasedi modgl s still mod el traveTheaemanc
underlying assumption behind such approach is
simiiMarreault &. MbfbebgyesBaddklp)orted for a r anc
within a | onger period, bdahapwioavuirdbkat (afha smedi an
Sundar, Sy etr avel surveys are commonly <con
di fferent weekdays, |l eadi ng t o huenhha vais@®idu ss,a ntpH ¢
i mplicit assumption is that, by randomly sam
weekday, the resulting data hwiwvlflo uahcec wrvatrelly rpe
(Stopher &.Zhaogghay l-chegd $es o n a | surveys remain
ease of acquiring a |l arge sample size and acce
the variability in individual andt hthe uWeekd d t
it provides a useful snapshot, it doesupmbat fu

as soci al events,,tdlmoppregofaea pétabBptdsemeet
al . ,. 29i@®wyl enodel s assume uniformity across de
behawal opatterns and | eading to an incompl ete
act iwiabvgehl a v(iKoaugrer b au e rMoerte ocavle.r,, 2tOhle6 )t r adi ti onal
weekday has becomepamnudednitce dc amt etxhe dpucestt o ch
(Basunia .et al., 2024)

|l ndi vi dual travel and activity choices vary si
making single day schedulingdapwadgg@eabhkescior &«
Axhausen, Th@O3X3x)equence of activities depends
opportunities to engage in various activities
time all ocated to edcAr etnfrze t&h rTa ungn€m ums atgh e 2vd
weekong planning horizon better represents ho\
schedul es, t hough relatively fixed, can flu
necessit-abhggmwdeks t o oawocruk aa etl iyv iptrieedd .c t Adnd i

and travel patterns differ between weekends al



hour periods, dKd t ameep Babmbdul&esRiODUKer , 2008

Axhausen,Lo208Bydi nal consideration I n trans
understanding how travel behaswicadrionaVolsuadoe
capture travel patterns at a single phloindsin
over extended periods, allowing researchers t

caubgddi fhetTdhntss. approach proviedens biemaivg lotr=al i1
i mproves the accuracy ofunttr anvge4f a0y e maarpsecceké d e | s

variations, and enables better eval uation of

The | imitatdiamposd eatbrfe pianrgliecul arly evident in

Y
account for the distribution and wvariation o
congestion pricing, workweek restructuring, a

0

i huencebethraaoivedur mul ti pl e days. -dglyefhoacyui sbi bnegs es
model s may inaccurately represent activity pa

t heir eff ectiinvge nceosnsg eisnt iaolnl eovri aptol | ut i on.

Despite the theobehaweleé paclowereekcltyn ensosdoeal p liipfreormi s ¢

primary r easoast ydoaryc addphperroiancgh taor e | i ntiotuaptlieodn o
witbnceptual and computati-oaywl hacwsneohl elad/ edc tdiav ic
i's not just expensive, but faces |l imitations
attr(iRemchyala & Rast her00Odhall en-geng nadtsiewil toy i
model s is achievbegaal bmktahicembandeeoamput ati o
existing literature doedendtditimegl|feraarnhey odre fiidneen ttil
applicati onsbawietdhitnr aavcetli viedgmnpand model s to ade
(Habib et al., 2007)

The |l iterature demonstrates significant we ek |
we ek, and similarities in weekly patdawyns. i
mode lwiitnhgi n-bastidvimoyel s, as identified by mart

research gap existdaynvampaleimeinty roqaeseag pttrsa vie
demand models and extending these ymaodaell st rtao e
demamodd e lThinsg t hesi s addaesdbgs imhirodueseagr ah no

derrnegreswae¢llty vter avel -pgayteragsefrdmasiag]| eut.i

3



fusi on, pattern recogniamaoni mpneh e mitaicmgaza ttiyo n
basiendt egr at elda md ,aathsdp oEEnter gy OeVeEpp @mdd ®kl housi
Transportati ¢naldilAICahe r a T b Ey moebdaesl e di-smimaa i Gt. i NoENT
framewor k t halhehhmanvaihgwrasbanasaebt attreabm,4 sthyprtthr
deci si on, samadiddaftsoagsnonc vMthei.l e t he edr liiTAE werdsil
actitvriatvyeel and mode <choi ove ddagychies ivoerr sfi mrn @i loy oe
t he(sii SBLE Wd esk Scianppaibnhuel aacttiingghdi elssovaeén oasperi od ¢
weekdlaty saccount sodfhfoome saecda@nviiagtesut , escorting,
recreation, school, sholp@me ga eitahnodmedwioreekapinsa,s iwe |
schoelomei nwor k, stayi nghoame haoctar,viadandelsot hadlL Ei WV
schedul es 12 actaicy idtwireast,i oinmsc,oropargatnisng and des

l. Rese®bglctives

Ther ombdj ecti ve of this thteday Varitaobitlmdeyedd fan
patterns across weekdays, t o model represer
soci odenpogprualpahtiicon gr oupsynderds Wwieohdanmpaggeemmeint  t
mi crosimulation framewor k, e n hvaenecki Inyg -tarcatgievld ki iy

agenfhae specific objectives of this thesis are

1)To develop econometric, machine | earning,
mul tiday traveldagytttreawnme!l fdioar isé n.gl e
2)To generate weekly activity schedules for

| ocations, within an integrated urban syst

133.Research Contributions

The methodol ogi cal contributions of t his the
framework that-dayevierawgels dichgypedamasi amds t o
l ongi tudinal, mul tiday travel patt edranys .t rTahviesl
surveys by grouping individuals with similar
t hat peopl e withinaphingp agradd ps sofcti eorl eewalyin bai ntt

tr abveehasi oSpoci odemogr adpahiilcy stirmaiviealr iptayt t er n si m



weekly participation frequencies in activitie:
of travel patterns, -diedreirege.d" Whhaeasee Spvsseekdvor P S
for true panel dathag h acvaipawirn e ngb svee&é yot raoela
The framework employs advanced data -Basedn t
clustering, sequence alignment met hods from

achieve robusphtaddnakatiravekt pattern estimati

From a practical i mplementation standpoint, t1}
a robust capability to médane vaadhkoloye t sacchtei dvuiltel
including details on duratiomlandilsagatriegrma.t eT

of threlhvewin@dumprovi des essential inputs for the
net woe ke | traffic, daily flow vari anoidend.,i ngn
emi ssions over aaswagkerdaherthbadmi i 6hupéeun
can be ,i defnftarfiinegd a mor e aucncduerrastbeh naeindn gcsd mmr e lad
Such iaoasmagditlsi tiantfeo rbreetdt eprol i cy desi gn,daenabl i

Nt er vemcdhcomgestion pricingl taaad soarap odo li ni nncoenr

(¢

ompliance with environment al standardsigsuch

—+

argeted emissions ga@aduwdteiaagrer s turnatea gitean,di amgd

=0

ealth impacts by reflecting prolonged exposu

Additionally, t he modked mes acecttiavilteidest rgrad wmiedhe s
estimate energy conshuaonmmacit o suabheaci atoed i wigt h ein
and remote wor kup uaspiporgpaa hbof@ihop meop @gd eaaccchur a't
household energy use profiles, allowing polic:

energy consumption and emissions across varic

]

emote work might rbducentemesehienggmussei, ops e

of fs that this model can evaluate effectively

Whil e applying the model's output to deter mirt
home energy consumption is not within the sco

opportunities that wildl b ee sd xsp lacsrseed tisn itthse cfown



of the first-l ongexpdtdemalvpedetwidaitteyr ns and to i
an achtasveidt yi nt enprdetisdydsriug nb.a n

14Thesis Outline

The general outline of the thesis is as follo
Chaptlent rlodd bt somdh sptuehree background, pur pose,
research.

ChaptLart e2:at udTeni Bewiheawt er reviews current Hous
coll ection methods, hi-gataghonndgatamcobat eohso
studi es-day thedhwedinadurpr ovi des an overview of t
act tbhwaisteyd tr avel demand microsimul ation model ¢
facili thadrei 2zcomgeati vity scimaduhignagnandewvi awsl |
der i mukiltgiy travélromadapghat a. Through this, k
identified, forming the basis for the researc
Chapt@anc3ept ual Fram&€waph eandhbDaeeaoutl ines th
ar ea, and conceptual framework of the thesis.
mod el e SAd dnattiiomal | vy, it describes the relat
i ndividual studies conducted.

Chapt ®Mul tdi:day Tr Hwanpt PaAgtPeBrannd b ApPphiomachhapte
presents a framewwbayk ttroavelandgif @nmrimedsiyinmgtasd a ounsgi
a pspepadel alppvwveoraxcdhi.ng the constructed |l ongitu
determinants of peopl esd&shoddi,| yr opudri tnieg i paantdi odni ¢
through fixed andeganambaliedsf.f ect s panel
Chaptaeodeél Weakl y Representatisxe MAEti pl ey SPqt
Al i gnment -TAlpipda a@mtcdr ibn tori ondewdinraseldal e f r amewor k t
weekly travel -pgayttrasvefroimasiaegl eUsing hierar
sequence alliegurerhe npta,t tceayns are grouped and ali



activity patterns,-dcaeatesngAnachset gpaf pbesdo
insights inbehawiedlly travel

ChaptBrcréasti mul ati ng WeAkSliynuTsaaseld Aopttiivmitziad
Approdbléaptndrr oduces-basesd mauptait monati on fr amev
weekly travel @aatyi Wdiattiaes Bfurid i snign gplne an i ntegr
model , this study develops the i TLE Wetesk,Siam s
Mar kov Chain Monhase&hraot i(WVMCtMWC) gener at or , anc
optimization model i nc drepgernacteisn gi si nudsievd diutad r at
activity transition probabilities within the

activity simulations.

ChaptCornc7l:uGh amtser 7 provides a comprehensive
the key research findings and contributions. |
and outlines potenti al directionsef f aebtafsweitduy e
travel mddebhidng



Chapter

Literature

21.l ntroducti on

This research aims to address the gaps in |it
participation and travel deci sions, as wel |l a

l i mitati onmsodenllthunlpbedago by reviewing existin

behawoawed i ng, cur r erbtasperdactriacveed idre nmeacntdi votdye | s
to extend these models to a |l onger temporal he
coll ectionrpepycemsesbodss the challenges of mul
or surrogate approaches to multiday travel de

This <chapter specifically focuses oh nlgribdygi n

exploring studbebawioonai m thatt eapdlasi ze a | on
aims to understand the weekly rhythms of I ndi
trawveHayi and t hhea kd engi spirooncesses involved when
budget is avail abl e.

The |literature review in the following sectio
gaps in research, particularly concerning mul
availability. These gaps clhe agdi etsd itomes ,f omrhmwlha td

and contributions of this study.

22Ur ban Rhythms and Routines in Mu

Trabelhavrieosuerar chers began examining variation
patterns over an extendéHapsono& bBOuftjmeoas; el
Der Hoor n, 1987; Pas, .Ha& &, 0nP &s K& fukdoi gedd® I8 ringen , U p]
Household Travel Survey data (1971) spanned o

8



i ndividual s' daily travel patterns showed si
vari abil ibteyhaiymetreav @InP avse ek dkagymsp ed malny Zdebhdy 886 ) 7
travel record from Reading, England (1973) an
fewer economilataemrdd cromlseé rai nts exhibit greater
Second, those whousneheotl dp enreseocdnsad dhi@mimlo Ht©t d avii Ity e«
show higher wvariability in their daily travel
al so show etrtrsatnail ntvraa i abi |l ity accotuthday tfroav eal
vatian by analyzi ng( Bloanmgg a uedti naall. ,t r2a0v0e7 ; dKaat nag

et al ., 2006 ; Raux et al ., 2016; .SuTshielsoe & tHKiidt
share a common approach: wusing | ongitudinal d
t#endyal a & Ras | (-8 m@pnewlitobid data at the i ndi
comprehensive inandhdemmndypynarmiecbhs hafmiheaua var e r

ot herwise unattainabl-day h o ppuegrhi nogdbeacvteonstsi aoln ad u rs
which current by hadaoamicoe@treeht.alaveil odnaiyn ednatt amuclatlil e
efforts werei mttuldii e dr @ meadredhmidndahb2ie r esul t s e

Tabale Mwlatyi Travel Survey Effo(lis a@tn &lh.r,ond0 bf;
et al ., 2008)

Location Year | Sample Size Duration
Uppsala, Sweden 1971 | 296 HH 35 days
Reading, United Kingdom 1973 | 136 HH 7 days
Dutch panel 1984 | 1,68%1,928 HH 7 days
Puget Sound panel 1989 | 1,700 HH 2 days
San Francisco, California 1990 | 10,838 HH 3a)3/s and 5
Raleigh, Durham, North Carolina 1994 | 2,000 HH 2 days
German Mobility Panel 1994 | 750-800 HH 7 days
Portland, Oregon 1994 | 4,451 HH 2 days
Lexington, Kentucky 1995 | 100 individuals 7 days
San Francisco, California 1996 | 2,000 HH 2 days
MobiDrive, Germany 1999 | 139 HH (317 individuals) | 42 days
Thurgau, Switzerland 2003 | 99 HH 42 days
Toronto, Canada 2003 | 262 HH 7 days
Michigan 2004 | 14,315 HH 2 days
South Australia 2005 | 50/46/36 HH (Wave 1/2/3) 28 days
Michigan 2005 | 15,000 HH 2 days
Amersfoort, Veenendaal, Zeewolde, 2007 | 1,104 individuals 7 days
Netherlands




Location Year | Sample Size Duration
Ghent, Belgium 2008 | 717 individuals 7 days
UTRACS, Chicago 2009 | 100 HH Up to 2 weeks
Hanoi, Vietham 2010 | 47 HH 7 days
Portland, Oregon 2010 | 323 HH 5 days
GermanMobility Panel 2010 ;\//Ie(;rre than 1,500 HH per 7 days

UK National Travel Survey 2014 | Around 7,000 HH 7 days

Puget Sound Regional Travel Study 2017 | 697 HH 7 days

Note: HH= Household

Despite the awaiyl admmitlsiotmeg heeti t mefst i r esear ch doc¢
identi fy tnhoed ealplipimogofrn ame and suit abbaseagpptlnawad
demand model s to suffidiabnbl gt cAaddivtriedm@al)ll y, rit
of npdualytisurveys imodelplhiadhpgpsies amade not been th
ye(tMi I I er et Oaher PD@iB) ati ons of these initia
i sSsuesamplkghresent ati veness, underreporting, at
and varying reporting effects béDwsehatwaaleesesd
2022 :D2Jaazr a& -Raolsaad ,e s2015; Pelhhdiysalhaa s& |Peads ,r €2s0e0a0r)c
alternative met hodlasy ftorravaeaeér ipvaiihtagy r mdsd ttfar, om ngil
systematic sampling, data fusion, and other

' iterature on t he abehhappiemaramels. wi t hi n

23 Mul ti day Sampl-dalg afGeokrnv eSyisng |l e

Household Travel Surveys (HTS) are essential |
househol d, I nrdd lvd tdeuda | d a taan llte b & ta ipiam frsoyrsnt etnr apveer | f o
analysis. These survewywshcaptdiethagetritpmatt mi
vital for devel oping travel demand model s.

model |l angexrtasonal , focusing on a ftbyephiacvailo udray

based on t he easksduanyp tpiaant etrhnast( s er eau g el & Monseh
This -¢daynwgseampling method is efficient, with |
snapshot dfe hpo(pSdlwapgh eorn et al ., 2008; Stopher ¢
effective for -dapesatveysendannet ngapture the f
across different days oTotaeédmwesk tHWas & Biutna
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have developed methodalVogirep tdo-dexedéod msDSs gnlu
foll owing paragraph summarizes these studies

Previous studies have -éaypl pdieadibde -d 0w mia ti o qd s
an al ter nadtaiyv ed attoa. ncUot éilgscchtiieorred t hr ough data
passive datasets or slamp lhiorug efhrodd & xias/teil n g ug i
mu tdtaiy attavetydata. eldheskewmet @agesalali mavail abl
mitigating theirDeagsclpaeicritivees deaota wdelax.akrgp2 0e2, 2 )f u s ¢

survey data for a O0typical-Ddayéveydhclavegior ud
and day. They applied a weighted expansion f a
day Foll owingdt masgi hhkeycpakerboameon based on
to ensure the aggregated -gepogygmaapbinc mahat ache
initi aMesaemplulket & Memensyr a2€6€dlphrn innovative
survey sampl es t hfriolutigeh panifgsgeggrmeegnattaitononpr oces s,
coll ection of representat i-Ir es lsruvbesye tasn d rpoanr alalt &
househelyd ¢$hevstudy pooled individual sampl es
and expanded based on househeovled riéng-De&rseennct®&at i
RosaSaelsas sta2a@i®)d nine detail ed-dawr dgean essur viey

data quality, activitydidauriaetsi oonf aln d 2v a(roinaeb iweie
and 3 (one weekday, both weekend -dga ydksi)a rdiagyss am
benchmar k. Rl¢ hraltt & wiod ehynadwetehgheteed surveys adeq
information from weekl|ly dlueivewyrsZh anagplteutr i anlg. t(F

0
posed gedhday ada-t ngvienuydata by samgpay nlgod s ehmo le
Y

pro
travel survey data, assuming that g diadtarsieli
mirrors the intrapenyasalt svarmMihalyi luisteyd ian umu ldti
travel sequences to represent the data and ap]

mi ni mum number o f operations (substitutions,

sequence IintfTdhhi asnatppemach al | owleady tphoepmi Idaed i mB :
interpersonal waryi aibnitlriatpye rasrmdc amu lvtair i abi | i ty.
cl ustbarsiedg sampling techniqgue that consitder s

gener adaymdlat a.

11



24. Mul ti day nMABM IEinwg r onment

From a model Inidngvisdtuaan d paiarvte,l iand activity cho
a single day and across a week, making -single
tday dynh&@aenhlicisch & Ax hlahuves esre,qu2eh3Fx) of activitie
and the remaining opportunities to engage 1in
tasks and the Iimited ti me al(lAocatted t& Ta anmte |
2009)Consequelnotnlgy ,p laa nmeierkg hori zon better repre
ti me budgets. Work schedules, though relative
el ements, nekesgi mattehsg we ®mwcocrukr aatcetliyv iptrieedsi.c tA
activity and travel patterns differ bet ween

budget-Bourmupdri ods, GKdt ameep esthatul e2004; F
Schlich & AxhaSusuedn ,e s2 0aOd3vjloacya t &ep pfroora-daa y mumsetdias i $ ¢
cannot capture t het if abledh ad(yT@aima dcdsi noif date $aliv.i ¢ y2 (

data and comput at-day arhoddlad | @megesr,uaiudlt if or ur
human activity participation and the influenc
extended periods. l gsonninmegrimhess dakel yYonmaepat
demand, which (eDboheretsy,ov2e0dO08a) me

| n r ec emotd eyltelmabsggh a wiveeur | onger peri ods, such a
gained signi f(iTagagratddii mp.o reAt-av@adde , p e2r0i2d0d) of f er s ¢
insights as it encompasses both weekdays and
i ndividual s. This timeframe allows for a det a

schedul e genengterohhaReonedwekk can provide e
behawin@dumode ucshaagpet.® olnne tnhoitlsealsleed ammotdieV ist have be
and only a | imited number of travel dempand mo
per iTad22g.

12



Tab22e Attri butes of SomBasédt N®d&Ek®m$t ieng aAct i\
Khan, 2020; Tajaddini et al., 2020)
Model Name Reference Region Theoretical Model Activity Activity
Basis Horizon Generation | Scheduling
ALBATROSS | Arentze & Netherlandg Computational| Typical Day | Heuristics Heuristics
Timmermans Process Basec
(2004)
TASHA Miller & Roorda | Greater Computational| Typical Day | Heuristics Rule-based
(2003) Toronto Process Basec
Hamilton
Area
ADAPTS Auld and Chicago Computational| Weekly Hazardbased | Micro-
Mohammadian Process Basec model behavioual
(2009) model
CEMDAP (Pinjari et al. DallasFort | Utility Typical Day | Micro- Micro-
(2006) Worth Maximization behavioual behavioual
Based model model
DaySim Bradley et al. Sacramentg Utility Typical Day | Micro- Micro-
(2010) Maximization behavioual behavioual
Based model model
FAMOS Pendyala et al. | Phoenix Utility Typical Day | Micro- Micro-
(2005) Maximization behavioual behavioual
Based model model
MATSIim Horni et al. Various AgentBased | Typical Rule-based Utility -
(2016) Day/Weely based
TRANSIMS | Smith et al. Various AgentBased | Typical Day | Rulebased Utility -
(1995) based
SimMobility Lu et al.(2015) | Singapore | AgentBased | Typical Day | Rule-based Utility -
based
POLARIS Auld et al. Chicago AgentBased | Typical Day | Rulebased Utility -
(2016) based
mobiTopp Schnittger & Germany | AgentBased | Weekly Utility -based | Stepwise
Zumkeller regression modelling
(2004) Hilgert models
et al.(2017)
The | iterature clearly establishes that
significantly vary throughout t he week.

act iwiabvgeh a wii d thri n

2., 8 monisnsgr gnhi fi cant

si mi |l

act tbwaisteyd model, sa Hbwaveresear ch

concepts

|l onger

sever al

ar i ti

e s

hor

Z0n

di fferent
weekl vy
in weekly

pr o-lhaeedt

13

-basedattavetydemand
a c tmowietl y Ta&Rmpdhed w snw kel ke d htloer m gznodn
madel gi,t YBME iy mmo b n dcoux® £MTES vy

rhyt hms,

mo d e |

S

spaas atli sasonds s edipiom
pronounce
patterngslamdde bMidmnmg enxr s ¢
-gdpyexnanst abih
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model -actveityor a typical we ek, wimolde | t hago

framewor k.

The mobi Topp model simulates individual 6s act
period of one week based on Ger man Mobility P
coll ection initiative. To gemdoppe (meobdbkITy pplt:t
generator) mo d e | relies solely on sociodemog
utilizing data from the Ger man Mobility Panel
l evel s, includingvipty siomf,odmgti boureaahdrapt ks

The model foll ows a steBwwmélMmaOBBpPr @macbnst@asu@tr c
schedul es by breaking down decisions i nt o me
complexity due to the need to account for bot|
variable activitidgde(etogit sodppi ngcosporiasres
variable to capture differences in daily acti
(Hilgert .et al ., 2017)

MATS( Mu-Agéent Tr anspiog tasSt atudaagteiridtnilo asedvit gnsp
simul ation model which has b(eMediexg aetd eadl .t,0 220
& Sergi.o,To20O0elxéppand MATSIi m's time horizon, di f 1
activities is prampfelsedscheduwlwimg dfor f loexi bl e
extension includes initializing agemutatwbdbhhtrt
enhance efficiency. Case studies demonstrate

increased memory and computation time require
modi fi ed t odahyansldenamuilotsis swudch aompoideddli nder
weekly iterations, and the categorization of

structures for weekly plans, i mpl ementing sch
di ari essdalre |sairmguwl at i onsa. nlohries caopnpprroeahcehn sei nvaeb | ae

behawina@urmbetter addresses the complexities.

The ADARG®ased Dynamic Activity Plmadeilng samd
act tbvaisted comput ati onal process model desi gnec
execution of activities for individuals and h
tithependenAt ptbeessre of the ADAPTS framewor Kk
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model ,havhilcdhen extended in 201PRhAcot isvuiptpyorRl awne

Order framework, which captures the sequence
when organizing their schedules. Unli ke sequer
(such as timing, | ocrag) ono mMmede) aandd campantes
attributes can be scheduled in any order, bas:
flexibility i sugfhurarhdeirnarlefprnoebdi tt hmoodel s t hat
preplanning of activity attributes, ranging f

for ADAPTS were gathered through the Urban
((UTRACS)usethi GRS dat-aréeaomoChéebabdsritd glagpnwi

behasgsi odhe model élsevietlersattriuwcet,urneulatlil ows it to
dynamically and adapt planned actixvubieshaoge
providing a realistic andmadebtiabge approach
HoweverMo whTMdMApAgpSI mMARBARESfectively wutilize rich

trawvehayi obhe difficulty i n acqiiasiedg modeh sd{q tA:
in their abiildiatyy tr@avmodale mamldtsi. Al t hough t he
to i nfday murlavel patterns by agdaielgyatyv aargi albisleir
singdy traveéeBhusiuyary& Habib,et2,021202 Des¥dnai ema
Mor ency, 2011; ,Zmaon g ueth aslt.u,dy2 hla&) been conduc
domai nt heldoirsst ri butes to the | it-enba¢énsievedy Ppuro
appr oach atyo tmuwulvted d edlelmerhgdln an ABM environment.

25Research Questions and Concludin

From the above discussionbasedi sravebdedemahdt
l i mitations-tiwmyc aptruraibnd idayy over a mul tiday h
to sdaylteravel data. Whplevimdés i maye dmdolausol i e
travel patterns, it is often costly and <chal
surrogate met hpaselsuamd ac|l pPeaspone apgrndc hdy.
remai ns anonveaetd -gfedri dianemat fr amewor ks to bridge

model i ng.
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From the |iterature, the foll owiday dasp@aects danr
model i ng:

1)Chall ecod ¢ £ rout lidaniyda t a

2)Li mi t asingghgodtfe Ips| ilaoayl ysi s

3)Bal arbeh agrearl alscoompuotdaco mphalKdangderianmooal s
4)Lackneaf urcerst darheda war i a b exli istagitnigraisteypd e |l s
5)Appr oaexhteesngitioefdy yw a Werha mald e I |-dagmo d e | s

Accordingly, this study addresses the foll owi

l1)How do sociodepwograkaepange fiamgved 8rdehtaeasnce
weekly participation in worrk, routine, and
2)What -draitveen met hods can be employed to achi

rhyt harest ti wniadvgecli 6 r oms| i mdiagdt sauwgl edat a?
3)How catmdaywyvariability in travel patterns
simul ate tempor al rhythms across a week?

4)How to overcome the concepblalpphgidag mpume
travel demand motabewi t hi egaatadtuvbanmy mod

This research aims to answer these questions [
day travel data into representative weekly pa
techniques to enhance ABMsaddhessgés ahcsi appa
da-t atensi ve, mul tiday travel model i ng, ul t i ma

act tbvaisted model s for both policy analysis and

16



Chapter

Conceptual Framewo

31.Framewdr Kk he Thesi s

I n
we
r e

mo

this thesis, a comprehensi pat taecarmosswso r rku litsi
ekdays, |l eve-dagyi hgabel hdsangée and advancec
search begins with an extensive | baesedt ur e
deling approaches, houisehol dndrakhel Iddeamr vatvi

data for representing weekly travel patterns.

ch
fu
t h

me

Ch
co
S i
fi
ro
re
gr
al

all enges i n captanddagu Iweaerkil aybbrétyatwh mvinr ¢ hr aavree
ndamental to accurately modeling activity peé
e research questions and objectives of t h

thodol ogi es employed in the thesis.

apters 4, 5, and 6 of thhyssephapips oampl ¢ me rdt
mprehendayeatmubvety model . Chapter 4 initiaf
ngdy travel diari eday nd et pdsansgiateu daampeglr,o ancuhl.t i
xed and random effects panel model s, t he ¢
uti ne, and diGhaptéemomnir pmasdsehestfaasnaiwbr kK t
presentative swefekd md adyir mayileakr i peast.t eUsni ng hi er a
oup individuals with similar travel patter

i gnment , this chapter est abl-disareise swe"e kT hye saer

patt egals diefvf er ebrecheaswmidonorass tgopgulyati on groups,

du

we

rations on Fridays and overall reduced work

ekl ybemawiepuniovi ded epa@ahnitcy nsighabl amgesadas £a
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with tr aditdtaiyonmaoldediimgl.e The framework signifi
model we e ktlryalveth a vavmoduyl ays the groundwork for
application in the face of data | imitations.

Chapter 6 cWblehiamdtoansti gdns s wi thin an integrat
i TLE WeekSim modul e, an extension of the exis
Si mul-baatsieodn opti mi zati on appmpredha@mh otimati ghhesorfpc
previous chapters. Theant deslmg eweri asg eosn icTolmep'om
as an -lMLCMLd activity generator, to iterative
yielding accurate weéekby &s0#WubatitbesstDdpl ay e
individual s), the ihToluer VecehkeSd ur egsh rdetreattaeeith czodmyp a
home activities, travel origins and destinati
applicalplpg.oatthi svarcomes the "typical day" |
act itwiatvye | framewor k that can i nf odorenn awmd baym p o
gr oundeddaymutlrtav I g pleperteesremst.s t he conceptual fr

delineating the interactions between the chap
. h rd
Activity Type and Chapte Chapter 5
Duration WeekDL\,l'Pseudo N Weekw.
(In-home and Out-of-home) — ary epresentative
Travel Log Formulation Travel Pattern
Construction
Mandatory
(Single Day Entry Per Individual)
. Monday
_..9 m— o | Tuesday Behavioral Insights
9"-.. —_— Wednesday Maintenance "
—
— Thursday
Friday Chapter 6 iTLE WeekSim
’ ) — 1 Module
Discretionary | i
HaliTRAC Data Activity Scheduling
Single-day —= Fusion —. Aoty agorda | | Dstination || Shared Travet
Travel Diary Techniques Location Chaice hoic
Individual Profile Grouping Based on
Similarity
Age Fail Weekly Pass Weekly Pass.
Gender T Caion Gonaiion
Education
Income - — Fail |
Dwelling Area B

Travel Preference Mobility Assignment

ModeChoice | ehicle Allocation

]

Weekly Activity-Travel
Schedules

Fi gB8BXre Conceptual Framewor k
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32Study Ar ea

The study area selected for this ,r eosneearocth Ciasn at
fasfyyeswi ng urban centers, both in population
Census, HRMO6s popul ation reached 439,819, mar |
popul ation increasepeaflfl asta Halbi ffax s croiniMm g
di versity, and quality of Iife. W th a popul a
spans urban, usaburbaeas, anbddbehi agdbasep &@amgsli voef
|l andscapes.

West Rie, g Monys

Heberr R,
RS 238m
.

Nova Scotia

Legend

area_1
[ | EXTERNAL

B RURAL

[ ] suBURBAN
] urBAN

- <all other values>

S ! ;(\ B ¢
; ‘I:I‘a_\lfa ‘:‘..‘”i";,, ol :

0357 14 21 28

P ™, (il 0 MEtErS

Province of Nova Scotia, Esri Canada, Esti, TamTom, Garmin, SafeGraph, FAO, METI/NASA, USGS, NRCan,
Parks Canada

Fi gB2e StudiyHaAriefaax Regi onal Municipal it

HRMés | and area is divided into three main zc
covering 34.23 kmj|, i ncludes downtown Hal i f ax
i ndustrial, and residenti al uasreesa. sSpuarnrso uh ™0 .nz
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predominantly residential with some commerci al
area encompasses 5;d34n9%.i8&2 khnoju,sionfgf earnidn g alrogwve n

support a ruraladtiifwisttiydse and outdoor

HRM6s wunique Dblend of ur ban, subur ban, and r
transportation modelingbepmayt bwadeap dtyt ¢ mn £,Xx aan
use int e&eRMEBSI oomgy.oi ng urban growth and polic
devel opment provide a rich context for 1nvest
emi ssions, and infrastructure needs. ntRMgt hus
transportation resdarcam, i offfoerm rsg rian *igg retss ttoh

and sustainable .transportation systems

33 Data Source

The t hesdiast auliferldirzlei f ax Travel Activity (Hali TF
2022 to Masr cchol20a2b3or ati ve initiative between L
(Dal TRAC) and the Halif axThRegdainndg Muonian glay 2
under stand rediadienottgd | itfraaxv edy +phiasgeda drad au <to,l
approach. This survey targeted randomly sel ec
based maidli gitanddami ng for cell phameé autaegehe
medi a campai gn sarc RMaegteab opol ka tafnodr nhsp haagr ment hd del
all owed for broad outreach across diverse de
mul tiple channels and offering flexibl-enrespo

guesti onnoatiarle,s.3,17N31 househol ds parhiboarpareadei

|l ogs captured for 5,095 individual s. This con
HRM r esdadielnyt st'r av el patterns, from the time ar
of activities, forming a foundati onal basi s f
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Household Travel Information

Household Member Information
Person 1 (Respondent)

General Information
Do you have a valid driver's licence? * O Yes @ No

What is your gender?

Male v
What is your age?
What is the highest level of education you have achieved to date? * College, CEGEP or other non-university certificate or diploma +

Which best describes your employment status? * Part-time (<30 hours / w..

What is your occupation category? (@

choose from list ~

Fi g33e The Hali TRAC Web Survey User 1In

For t he Hal i TRARKCasseudr vaegyt,i va tyl ascuer vey desi gn
respondents to detail each activity conducted
capturing trip sequences by triaeckitnhgr oruegshpoourtd e
including spesutideparavele aetdaialrs i val ti mes,
The survey design was informed by best pract

iterations of the survey (such as the 2018 Ni

col |l ecustoonmi zaedc Computer Assisted Web I ntervie
showhi g e Thhhosusen software supported online re
coll ected via mail and phone. Advanced featur

respondents to search and confirm |Facg@8@ieons,
This technol ogi cal infrastructure supported c

facilitating smooth integration and anal ysi s
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24-Hour Travel Log
Record each place you visited, starting with the location at 3:00 am on the travel day and ending with the location at 2:59 am the following day. Please add all
places visited as best as you can, even places you were only at for a short time, such as a bus stop or coffee shop. Please click here to see a tutorial video if
you need assistance in filling up this travel log
What day is this travel log for? Wednesday -
Location / Activity at 3:00am
Departure/
activity end
WHAT is this location? WHAT did you DO there?  time: @)
or [IETTET— My home - All other home activitie ~ | 7:03am
Location / Activity 1
Any
electronic Departure/
Amval/activity  Mode of Which Travelling device used?  activity end
WHAT is this location? start time travel vehicle? with WHAT did you DO there? ) time
or [TETT—T— My home w~  T:07am Auto Pa ~ Child(re ~  Work/ Job (forpay orv ~  yes ~
Location / Activity 2
Any Departure/
Arrival/activity  Mode of Travelling electronic activity end
WHAT is this location? start time travel with WHAT did you DO there?  device used?  time
or | '| My home ~  T:08am Dial-A-F v ~ - -
Location / Activity 3
Any
electronic Departure/
Click to Select Arrival/activity Travelling device used? activity end
e WHAT is this location? start time IMode of fravel: with WHAT did you DO there? @ timef @
or | | v v v v v
Click here to add a location (@The Departure time can be empty for Last activity
Click here to remove the last location

Fi gG4e Thler 28Br avel Log Coupled with Googl

During the survey, a structured monitoring pr

for 1issues such as response rates by demogr aj

compl etion across instrumenaot.r Quiaé ws yamdeadi|
survey questions to i-mproeg, compaefrom theesr
validation to correct any unusual entries, en.
13. 6 %, and campledat iboyn prhatbeass ewi shmphndgi pneel di
response rat e of 30. 1%. Compari son wi t h t h

representativeness, allowing for confident get
Data edlilmcltuded househol d demogr apbheihcass,i oiurrd i
and preferences, includingg9iasdght si bndeés aveW

transpostuckepeEdms c vehicles.
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Chapter

Mul ti day Tr avel Pattern
Panel Appro

41.Background

Transportation planners asecan ofnshds isamanegy el d
behawin@dusystem performances where respondent s
for a 6typical day of the weekdo. -Homwkemirg tarsa\
behavrieosuerar c h, the i1idea of a Ootyf®pl exivbtdeasy 6 ¢
arr angiemetnHced vpiods tAenri iko® Habi b, 2023; Goulias e
1991; W° hneBesi2de2s2,) concl usiondadrawaveélrodi ane
measure the daily vari atdiag/n tirmmvadt ii wviftoy mma ri toing

the time ebhdlRavbiuomat savptovi des a -bermdgegrmraptipa,

l ocati on, andetathee!l deesomrcants of activity
measured across time and space. Some researc
to overcome this | ésuerwheleiahormdi voduias co
The German Mobidrive survey is an example of
were collected from 139 participating househo

termltranav@EAxhuawrsen .etGadd , qWwRaDI0iI2t)y panel dat a

acquire due to the high cost, smdlelschatinmihk . esi .
'This chapter is adapted fr om:

Bhuiyan, M. R.H., & Habib, M.A. (2024). Mriasnseiln gApTpyrpoiaccahl
to Explore WeeKilrwnBrpaovdlatR atnt Rrese-494h Record, 2678(9),
https://doi.org/10.1177 3611981241230307

t
/0
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22; Tsai. eHenacle,, s2tOulddi)es expl or ibred atvdireeutr e mp

arce.
alternative to the genwiamelparmrealeaitse dt hbey aspr
peatséctrosaal data from different timelines
nel concept whkea tfldOn8 & )T hper odpiof sSfeedr ebnyc e b et ween
nel I's that similar individual i's not obser
essescti ons from a pool of cohorts. This pool
di vi dualasr waittthr ishiumies are placed. The attrib

d exhi bigr chupg hs iwmitlha-gor bypaddsbemwkeanity. Dif
cluding the transportation domanen efdwet gt if
peatséctrodeli sda&t A b addtyedi ed the induced tr
gregate effects of altered begdmebiaasieirdz eadn cDvsit:
tional Travel Swrevaey idnatear vcad Isl escitnecde ait9 754 . 1
nel approach to gseareireast eddtoangfi t @ms escatvieatnianme
rveys. They consideriednbast ledd we alte,r s g bon doebrt, a
servations. To assess the impact on mopil it

r owner ship, 1 thmobmer tafi psr i-waumea b & ©tni voift | et

i stances were considergdO0ie@pmhinedst hey.efKas

vironment c hardaemegrisghics deatde rswicnaont s on d
oling data from seven time points spanning

3 cohorts basehd yoenarr easmd naelkeind sst'i con.r tEc onome

dels such as pooled ordinary | east squares |
re applied to estimate the impact of indepe
ccomdwel |l ing area, distance to motorway exi't
avel edo6. Their study revealed a gradual i n
crease til/l 2010. Factor sf swrcch iamsf laween tainadl dt
stances(2G&nhydieead atthe i mpact of economi c, S

banbehawdburhe Chinese popul at i-oec toinont ehle Duars

nducted between 2008 and 2011. I n this res
fferent travel purposes such as c¢ oamulty snigs,
cludedud lacgeesar sgender , education, car owner s
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dwel ling characteristics. Their study identif
as a higher gamdb-hnhgdene orddpe wer e oh2s0elr5v)e d.
explored the tempor al effect on Canadian pop
for mi ngpegmseludobasedt onnalrodata from 1992 to 2
participation such as shoppnagyzedobgr aesandnt
mo d e | and the results showed noticeable var.i
gener ationpafldles Psppdoach has been | argely ad
due to the availyabridpdas edft icgamanto wga & (@@e0ttl 69 |

conducted a vehicle ownership evolution study
ti me periods (1998, 2003, and 2008) were wuti/l
owner ship at t(r2i0Obtuétje so wnCorrsnhuitpdbsand tr avel dema
and Vythba&@rs 6eawner ship model for UK also foll
the dynamic effect fseomiondalpeswreney static cr

Previous |iteratures in tr-paselraadi dendmmai
anal ysi s mosttleyr ne iglaavneel @ ok ooy eval uati on, den
car owner shApowartretbuales, 2016; Cornut, 2016;
Dargay & Vythoul kas, 1999; Feng et al ., 2017;
2014; Weis & Axhawmsdrmhes20G8nwwaes, déoingedudiyn:
repeat-sdctrosnal surveys conducted over year s,

datyday fluctuations of activity participation

year s. Heamoe ,t rmmwlstliadearmnften collected by th
househol ds report thei(rAxahcatuisveint ieetd haelo.p,r a2bOhde2s)k
such data collection efforts are high expense

fatigue or reduced motivéAxbausenpattnanti paeo
2007 ;-D2Jaazr a& -FReolsaad ,e s2T001 5ocv)er come t hese probl ems
been explored-dagy eéxiendisbiygdeor madbs muSbme s
conducted compardmpaommse b ed-dvaerind ssadheoirdsy reveal i
durationetannsthelrichness of i nf or nfaHeidogne si,f

1986 -D2Jaazr a& -Raolsaad ,e sPBFBhai(n20rReds) eetx aamp.l e, s egm
popul ation by day and appl i-felde dagne de xt praarvseil o ni nffs
eachzZHdawg 20t1dBgV el oped-ba seldu staearpilngrg met hod t h
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patterns, travel di st ance,-dayrdd & tr a vdeal yo mt ars ai vagglli
information. Nevertheless, to the best of the
have been undertaken t o etxlpy orreep ddlase dd xgaameg!i edn
into compr ethaeynwstiveverlulltogandlhrfoamgmatpisemu.doBesi ¢
prior -ppsneddoctudi es nvansiatheér édctioms such as bi

and househtod dhe wrciagtiiomal |y form groups -and co
driven @@Pe@mrmowatch 2016; Kasraian et al ., 2018;
The following study aimed to bdadgevéheclkesea

approach for cohort f erametli cernx pfactsd wwe ba b gsli andgd
to attain |ldagituadaveal damttlati Econometric panel

applied to investhigatfeadhtoavr $ oicn foldeenoge apeopl e’

42 Study Design

Thst udydduatid ifzreom t he,diddalaii TRACIi auChaypter. 3, Se
The Hali TRAC survdycadept eado pa olaecbhattioomat her i
with similar travel surveys conducted through
were asked to detail their oavcitdiivnigt iienss ifgohrt st hien
|l ocations and the nature of each activity und
movement deé¢ waeti vtihti es, capturing essential ¢
modes of tr awvreell,ataendd iontfhoerrmattriiopn . By interpret
series of trips for analysis,vehusdsusvagpdmagt

pattebebaanour

Fi galid |l ustrates the process diagram of the re
responses, 2573 individuals were camyi deraevdel| |
di ari es-diarydd vl |, t-paa npesle uadpopr oac h vwalau ad do wteeg ce. d
i nto various ¢rdoauyp st mbnaes e ca nan fdaacyt or s such as t |
and empl oyment . For groupi+h @ a ebnadsnegdo hcolruts t fea ri m
applied to ensure thap <lhdroetguavint ihfiina kelae hwigt
bet ween group disseami dthei awyal vassl|l gyuchmubsifi xe

were performed to estimate the i mpactTaoldl @ nde
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41i 1l lustrates t her @dleanogd apai icak@dlnegs tusged in th
descriptive statistics.

| HaliTRAC Survey Data I

I

Data Cleaning and Processing

| - 1

Household and Individual Data Travel Log

| . 1 I - 1

Travel Socio- Travel Day Activity Type
Resources demography

| ]

Cohort | | Panel Data
Formation Construction

Fixed and Random
Effects Models
’C Model Outputs ) 4

Fi gdre Process Diagram of thihe RRaptaerch Pr e

Clustering
Algorithm

Il n this study, respondentsdé activities were ¢
Wor k/ school , routi ne, and discretionary. Thi s
activity partici plaAtaison 1a9n8d2 ;t iKnmnea na | & oHcaabtiibbg@m 2 0 2
model | iahdg vaabhdddveese tneated as independent v;
Kilometers Traveled (VKT) which served as the
mul tivariate analysis estimated the i mpact of
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Tabd4le Descriptive Statistics of Respondentsao
Demography
Variables [N [% |Definition
Age
<25 26810
é?g 182;‘;:Respondents age distribut
>75 1977
Gender
Mal e 13251 |Respondeeporseldf gender id
Femal e 12247
Educati on Hi glhndi vi duab ac hell @r d1gg/ ama
Low 1445. €fdegrees from uwvhhdevedugl s
Medi um 99938 school /cohilegedinon eclemrdiiviii
Hi gh 14355 /hol ding no certificatel/ldi
| ncome Hi glhndi vi dual s/ househol ds
Hi gh 16464,/$75, 000 per-lynadarwn; dMadisd mo
Medi um 54521 )/between $25, 000 te $75, 00
Low 37914 )l ndividual s/ househol ds ea
Empl oyment Empl efyetdi me wor k-&Rreg ;i r Ralt ifr
Empl oyed [14255 St udlemvtol vetdi men sftuddi es. T
Retired 91435 |patritme workers and uneimpi ¢
Student 2339.]and the clustering algori
Household Size
One 29011.
Two 11946 | Number of members present
Three 46218
>Thr ee 62324,
Child Present in
Yes 26110/Presence of a household m
No 23189.
Household Locati ¢
Ur ban 56321/ L0cation of the household
Suburban |[19877.
Travel Resources
Variables [N [% [Definition
Vehicle Ownershing
No Car 1013. ¢
One 97237,
TWo 11846 Number of cars owned by t
Three 2329
>Three 84 |3
Driving License
Yes 23493 IRespondentds possession o
No 1696 .

28
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Variables [N [% |Definition
Transit Pass
Yes 1696. tRespondent s possession o
N o 24093
Trilmf or mati on
Variables [N [% |[Definition
Trips Per Day
One 2429, /
Two 96137. . _
Three 3gd15 | Number refposelefd daily trip
Four 48418.
>Four 49819.
Report eldiasily
Monday 23824,
Tuesday 15616. .
Wednesday17418.32;&0]‘ntjr:]lt;eeprv\?erztledsetlrflps oc
Thursday |15315.
Friday 21922,
Reported Activiti
Wor k/ School|[27528 |Activity purpose is work
Routine 35436 |Activity purpose is shopp
busi ness, health care, re
Di scretiona33234JActivity purposeuits weslH ¢
friends/relatives, et c.
VKWor k/ Schq26240/Combined vehicle kil omete
VKIRouti ne 21282)in different activities m
VKIDi screti 22905 |destination | attitudes an
( KM) formul a
NotDeo:l | ar amounts are Canad

The representativeness of the sample consi der
data wietntsutshe&@€ 021 data avail abplaed®bat Chira &Gd ,at i

2021)Sdeimographic variables age, gender, i ncon
purpose. The distribution of the attributes w
7% variation. Therefore, t hedataanptf er i sheopep!
HRM. Based on these conclusions, the Fdatua<set

42shows the bar charts of compared attributes.
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s0- 5132% 52.68% 49.84% 60 - = g:::s:c
44.2% 4329 2" 51.28%
40 4
304
=
20
b B HaliTRAC
I Census
o Avg. Age Avg. Age (AFW' Alm; Male Female
(all) (male) emale;
(a) Age (b) Gender
60 1 B HalTRAC 07
I Census Bl HaliTRAC S 6o 4%
60 MM Census
50
40- 40.5% 501
35.5%
40
=R 30 - X
307 26.1%
20+ 21.2%
20 +
14.7%
10 4 9.1% 7.6% 10- 11.5%
Employed Retired Student/Unemployed Low Medium High
(cBmpl oy ment (d) Income
Figd2e Compari son Between Hali TRAC and Ce
4. det hodol ogy
4 . 3P sle tpdam e |
Deat gll8p3epdoel met hod acts as a proxy for
observations from aggregation of e onhdoerptesn.d eWh i
once cohorts are created, they can bieng rewdred
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time, similar (Yemgkeaeak n& .piajnrmdenndealad9 2mat hemat i
of the panel data regre&lsi on model i's shown i

W f o - 41)

Herfei s the Tiincetripeectcoef fi ci enst tthoe buen odbssteir maetde
effeée¢ts, the @®&nadios tlkee mi ndependenitacvraorsigaehtlienadf or
0. However-panel pseadorts are treated as a sin
mean values of the variabl es( Baies yu s d¢nlic8a, r ¢
regression formula taked2the shape presented

A B S ) 42)
Here, <Subst&hegnowtfes constructed cohort observa
val ues.

432 Dat aset Construction

Similar to genui npanpeanedatdaastea, rae qusewdo obser
traced over a perioseotfi dnane. ddatias efnr drhav arcir mu
observations of different riendcirve adtuead sb a saegdg r ceng
i nvari ant characteristics. These observation:
formulated in a way that |l arge within group
Psewpdamel dat asehi cholnys td autca i beemamsdi ng and t o a
cohort size along with a higher number of o0bs
provide more observation but reduces cohort s
obvart i ons. Hence, a balance needs to be iden:
number of (@ODseair vaatt i ®Ima] | 201&8phort sizes can s
the cohort construction-gpoapev@\Veerabseueocka s& midix ji |
1992)Thi s research empl oy edrhbaansnegn skt pé ypies e€d um;
al gorithm-dteof ifnoerdm gweolulps-imaysaed aom KSowci odemeqgr
age, gender, educati on, and empl bymeéemt .y eWhi la
common gr ouplisnag feactalh.i,s 2Q1lud)y finds age mor

i nvari ant factor due to the time variabl e bei
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Huang998pr ototype clustering method was deemed
both numeri cal (age) and categoricaplrotoerygper
algorithm for clustering begins by, det.e;r mCk,i }n
selecting starting points on each variable {
di stance between data points in the dataset i
assigns the data poi nstts ptroo ttohtey pcel udsitsetra nwiet ht ot
objects have been allocated into clusters, t
clusters and reassigns all objects based on t
prototymes melasudi stance between the observed
center. The mat hemati cal formul ati on of Cost
"YRYH 8iYRY MB&iY haviEngmber of o brpaerrev antu neenrsi cwi t h

4 fncategdiiscahown 430 HEquati d®98; Ji et al ., 2
et al., 2011)
0 0 5Q YR ®

Hervgsbel ongs to t hoe ,parstitthicom | matQéthx measotr gp e,
dissimilarity of the numeiQivibal sahdrtheegont es
Equat.idon 4

~n

Q "YH) YD r 1 YR 18

The first term of this equation measures squa
second term identifies ¢@gissimiel avreiitgihe ®dofbatan

t er ms.

4 3BEsti mation Model s

Estimating fsemtpoonlé¢éddatasoften | eads to bia
t he preseamcvearofantti menobservable variables corr
as Fixed Effects and Randcen iEnfgf eictt sowtondrrr ody t
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exogenous fa¢ckeoecdBndsatedt aabtudy to explore
estimation mpdeks datpsetlideir findings reveal
i's significantly infl wemaued viay itame eb dthwd éhre amc
to determine a definitive preferred model. He
Random effects models to identify the best fi

434 Fi xed Effects Model

The fixed effects model has beenpbhaebekygt umatd
(Barzin et al ., 2018; Dargay & Vythoul Klehs,s 19
model adjusts against unobserved gmeap effeact
unit from its respective observations. By doi
shape as shown in Equation

W w o w0 - (45)

Fi xed effect models are more flexible as they
the distribution of unobserved heterogeneity.
time, while the unobser vaendt .i nBle svii ddeusa,| tehfef emncad ¢
on wigrliump predictorsgrduprdgafdregcbet w8en wh
variation -gnobpt an-dvi bapwaéehri but es, the accur
estimati on mmas(eAlbd icsompr 2 009)

435 Random Effects Model

Random Effects model on the other hand consi
unrelated to the explanatory variables. Since
the regressors, time i nvar ieapnetn dveanrti avbal reisa bclaens .
i s estimated using Generalized Least Squares

it consi dergsr obuopt ha fhded wietemna i a at aioamrs. eThal Ran@2éi
Effects model is a hierarchical mul tilevel mo¢
involve data organized at multiple |l evels i.ce

of exogenous unobsiealvatde dh,e ttelreo geesnteiimayt eéss may ¢k
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4 . Mnal gsesul t s

The primary holsj e etsievae chf was to devel op a meth
singdy travel -dlaywrusisnggaoaenuddapgooach. To achi e
comprehensive analyses were conductegrodalihs c

along with its corresponding outcomes sequent

441.Cohort Formation and Dataset Construct i

For cohort formati-age, foendgr oupdwgatctironeramd

Unsuper-pi gedt KXpe auto clustering was applied
sof t ware tool. Auto clusteriag oh &P&Stdesebwm
changes in Schwarz6s Bayesian I nformation Cri
prediction |ikelihood of the clustering model

the BIC change bdcotmesi heght gbhl|l proaess stops.
of cohesion and separation measure cluster qu
cluster and di ssimiddBde mgnsbrat berthbuseper mmum

and cluster quality from the analysis.

Schwarz's Bayesian Criterion (BIC)

12,000 |

10,000 |

8,000 |

I 1 I
-1.0 05 0.0 05 1.0
Silhouette measure of cohesion and separation

Values

6,000 |

4,000 |

2,000 |

1 2 3 - 5 6 7 8 9 0 11 12 13 14 15

Number of Clusters

Fi gd3e Opti mum Number of Clusters and Cl ust
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To adhere to the convepaneolnaslt udeirersi,n odlougsyt eorfs
as groups, and individuals within these cl ust
Tabdl2pr estehnet profiles and cohort sizes of the g

identified foardgmaues ahdr eEemak-dbastamredidl e u|

mal es and females, and one groupdeompandi aduyg
l evel s.
Tab42e Summary of the Profiles and Cohort Si ze:
Groups Grouping Criteria Cohort
Mean AGendejEducati ofEmpl oy m
Group |70. 2 Mal e Hi gh Retired286
Group |70. 4 Mal e Medi um Retired?212
Group |67 Femal (Medi um Retired192
Group |68 Femal ¢(Hi gh Retired224
Group |[43. 4 Femal ¢(Hi gh Empl oye/501
Group |45. 8 Femal (Medi um Empl oye/ 198
Group |17.5 Mi xed | Medium t|{Student{233
Group |44.5 Mal e Hi gh Empl oyel419
Group |46. 6 Mal e Medi um Empl oyel308
Tot al 2573

It has been discuspandeleadai @sett hmequihrepsebs ol
traced over a period of time. Hence, it 1 s 1 mg
(cohorts) exhibit theai.r Tat tsraith wtfeys tanti se acehg uti i

groups -ewarlawuarteed based on the reporting days

Table 4.3, cohort sizes have beenday]joubssteerdv ataic
avail akhe ghfoupeaFor e xTaanhgldee,a fmomi Gruonum f 1l 3i8n s a
extracted that have observations for all five

adjusted to 38 for Group 1. Whil e this group
process regquiimed fremprlecrgpittat i on all owed for

from this group in order to carry out the ecor
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size is certainly a drawback of this approact
Foll owing,tBRY9 pyotéeéssic observations have be
and includeganel tdatpseuddor further analysis

Tabd43e Cohort Size Adjustment Based on Report e

Reported Day of the Week Adjusted
Groups Monday Tuesday | Wednesday | Thursday Friday Cg?zoert
Group 1 66 38 50 59 56 38
Group 2 44 39 41 26 48 26
Group 3 35 37 47 24 38 24
Group 4 43 34 36 45 56 34
Group 5 143 88 72 80 111 72
Group 6 54 26 42 22 50 22
Group 7 78 38 47 24 46 24
Group 8 136 65 57 59 100 57
Group 9 90 63 63 39 74 32
Total 329

44 . Br.av el Pattern Anal ysis

The constrpuazneld ¢pgasteandoonst idtayt ¢ d atvled d owlgor (T |
dynamic observations were made | evéeerebagiifgur he
each group during weekdays was analyzed by di
Noticeable dissimilarities in daily anduhroceur |
44depi cts the distriwatyi ormraofattiloenst.r iGr o uagnsd 1d &
old males and femal es, exhibited a gradual i n
mi-day, foll owed by a gr adluatle dewdnninreg itnr itph ec cew
to be relatively | oweti m&rwaopkebs6anddtBe9 we
morning and evening peaks which are presumabl
t han the lradtiiorned nmopgwok part i n a highkher numtk
day fluctuation of trips, working cohorts hac
student group also showed discernhhbhme tlwar dc 6
daily peaks were seen, the | ater peak occurri
t he working peopleds evening peak. I n general,

and-nliagthet trips onefFsia@ama¢gsstamoeamgt svorlkut not anmn
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FroFm g4 6¢ hi ghest number of individual s bel o
were found making work trips on Mondays where

Fridays. This outcome is most | i kelnyd tshteu deyf f
arrangementpsanidemilte ppostods. Routine activitie
temporal trend. However, a few important reve
more involved in routinentasctwerigd i ®*semwhas elags s
Femal es took part more in routine activities
variations were observed in discretionary tri
the higlpasi omai hi di scretionary activities, wi

cohortso6é participation was coagederwaolrlky nowe

Student s, however, were found | essobmseolvaed oin|
studentsdé travel behaviour seemed more restr.i
reasarcsh aaking a driving |Ilicense, access to a
4. 4. 3. Mo d e | | mpl ementation and Esti mati on

Based on the cohortsstdedwl oped ifnxtehi sangt udwndc
techniqgues to gain a comprehensive understand,]
Vehicle Kilometers Traveled (VXwor kt/os cphaorotli,c irpo
and dinaciyetwiae consi dered the continuous depe
mo d e | and one Random Effects model were deve

alternative modéelisn Ohetsdpediefvel oped model s i
I TooYy 4+ g & | YO 1YY T YO - (46)

He r'é¢@YWo: WY@enot ede®ogiaphic, travel resource,
i ndependehti svarhieabindssr tept uanbser veds itnhdei veird w
t erTra.bdlde hows the estimation results obtained f

for the |l ogarithm trea%formed dependent vari a
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Tabd44e Esti mates from the Work/ School Activity

Vari abl es CoefficientiCoefficients
(a) Fixed H(Db Random Ef

Vehicle Ownership|0.181*** 0. 254**~*
HH Si ze -0.221*** -0.201***
GenderF e(naelfe)

Mal e 0.229* *~* -0. 015
Education (Ref: L

Hi gh 0.802**~* 0. 535* *~x

Medi um 0. 769**~* 0. 575**~*
I ncome (Ref: Low)

Hi gh 0. 933**~* 0.649* *+*

Medi um 1. 159* *+* 0. 653**~*
Empl oyment (Ref:

Empl oyed 0.801** 0.0638

Retired -1. 000* ** -0. 636***
Child Present in 0.467*** 0. 787**+*
Driving License 0.663*** 0.661***
Transit Pass -0.179** -0. 255 * **
Tel eworker -0.153 0. 127
Travel Partner (R
Dri veChwiiltdn -0. 699 *~* -0. 897 **~*
Drive with Others|0.071* -0. 026
Suburban Dwell er 0.370*** 0.289* *+*
Day of the Week (

Monday 0. 372*** 0.208* * *

Tuesday -0. 092* -0. 183**+*

Wednesday 0.403*** 0.400** *

Thursday 0. 112*¢* 0.179**
Constant -0.03* 0.127
Overall R 0.37 0. 34

S.ignificance:ZZZ n n&.nrpz n T3toFn 1

The findings from t h¢Tlawddaekd sedlood saevernval yi mior
Most of the independent variables had a stat.i
Factors such as vehicle ownership, high 1 ncomi
i n the houesnes,e dproisviitnigvelliyc i mpacted the depende
found traveling more for their work and scho

[
u
c

(0]

dentified driving alone to work as the most

sing public transit wer a eflaunedd tpou rtproasvees|. |Mosrs
ommutes for work or school were noted speci f]
bservations ddedpi At BWwHRINE Ma gy ( © BBt was carri

4 0



understand whet her any correlation exists bet
results confirmed the correlation between uno
resul t, the Fixed Effect moadsed | twaess tciomasti ideerr .e d
The next model al so empl oy entdo dseilmeitrfagn d s ntde pe % td
the determinants of Taohibe nleusatctatves yt paraoutcac @
Tab45e Esti mates from the Routine Activity Mod:¢
Vari abl es CoefficienCoefficients
(a) Fixed |(bRandom Effect

Vehicle Ownership |[0.229%*** 0.144***
HH Si ze 0.001 0. 056***
Gender

Mal e 0. 286* * * 0. 144***
|l ncome

Medi um 0. 127 **x* 0. 126***

Low 1. 031*** 1 141** *
Empl oyment

Empl oyed 0.513**~* 0.106**

Retired 0. 783**~* 0. 054
Child Present in KH-0.513%*** -0. 305* %
Driving License 0.099 0.117*
Transit Pass 0.641**+* 0. 474%***
Tel ewor ker 0. 434%*** 0. 354=* * *
Tr avel Partner (Reg
Drive with Child 0. 683**~* 0. 482%** *
Drive with Others 0. 460* * * 0.506*~**
Urban Dwel l er 0. 266*** 0. 296 * * *
Day of the Week (R

Monday 0.041 0. 024

Tuesday -0. 053 -0. 051

Wednesday 0.109** 0.090**

Thursday 0.092** 0.081*
Constant 0. 228* 0. 630* **
Overal]l R 0. 148 0. 132

Significancezzz ) @t ripzn TBUOFn TP

Factors such as vehicle ownership, househol d
found positively associated with routine VKT.
travel | ess t o partswdhshdoppi ngrogtbooneriaeg i ve
busi ness, heal th care, and religious activiti
were freqguently undertaken with partners or ¢
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in routine activities. Significant tempor al t
routine activities. The model omitted a few
identified the Fixed Effescumptmmioadr| ofasvawoira@&t ia@fg
being random and unchahmedeltoew idlildu sntorta theod dt e 1
esti madtiessc rfedri onary activity participation.
Tabd46e Esti mates from the Discretionary Acti vit
Variabl es Coefficients Coefficients
(a) Fixed Effe(b) Random Eff

Vehicle Owners 0. 313*** 0. 312%**+*
HH Si ze 0. 059**~* -0 037 ~*~*
Gender (Ref: F

Mal e -0. 098* * * 0. 133 **=*
I ncome (Ref: i

Medi um -0. 258 *** -0 169***

Low -0. 312 =** 0. 175*
Empl oyment ( Rg

Empl oyed 0. 672*** -0. 096*

Retired -0. 366* * * -0. 156**
Child Present |-0. 479*** -0. 650 **~*
Driving Liceng0.335*** 0.189**
Transit Pass -0.121 -0. 048
Tel eworker 0. 038 0.029
Tr avel Partner
Drive with Chi0.859*** 0.934**~*
Dr i veOtwhetrhs 0.327*** 0. 352***
Urban Dwell er |-0. 241*** -0. 236***
Day of the Wege

Tuesday 0. 266*** 0. 024

Wednesday 0.046 -0. 051

Thursday 0.058 0.090**

Friday 0.183*** 0.081*
Constant 1. 258**~* 0. 843***
Overall R 0. 166 0.187

Significancezzz ) m@tripzn TBUOFn TP

Results showed that vehicle owner shi and dr
activities. Participation in discretionary a
individual s. The wurban r esi de netnsg atgeen diend tthoe ster
Having children and wusing public transit were
di scretionary activities. It was observed the
when attendingAddc¢hi acobiVvVytiebe findings indi

4 2



|l i keli hood of participating in these activiti
individuals are more inclined to extend their
activities, particul arl y otnheFrriadnadyosm eB afseecdt so

determined to be a more suitable fit.

45.Conclssi on

This research aimed to develop a meahwotohwogl
di ar i esdatyo umulntigiaaepsapgdgdonoach and expl-beeetl he

activity participatddirowvenTa paochiehv avgtshipo,l | @ wae a
f or mat i ons earnide sp gtrseaheddbat aset was constructed.

were employed, and soci odemogred mhtiead fdedtearms n
activity particilpoaotkiionng waetr et hied ednatiilfyi eadnd hour
several interesting patterns were observed. TI
weekdays and-daygpadual Tmedhrouevetnriinmgs twe raef tfea
Worrkeand student cohort on the other hand sho

travel variation across the weekdays. The PM
earlier than the workers. Wor k ahg etheolt 8s
number of trips gradually decreased from Mond:
more involved in routine activities whereas Yy

days of the week, Mo ngdhaeysst aenndg aFgreindeanyts ihna dd itshce
with Fridays being the most preferred day. Ac
vehicle ownership, i ncome, educati on, l i cense

pass nodasibteiivnegl yp associ ated with activities g

transit users. This study also unveiled that
activities as they are not baurmemieadn bleasnamaean
i n ear |l i er( Ghtaukdriaebsar ali so 2018 n WYVlkmegr ,i nZQ 2a2)c €
participation, it was observed that suburban
indicating -tdatdevealdpmamids | ead to shorter t
traveled (VKBs)af Tthrei sf imadsearevidal cat il onf oro pad
accommodate daily and hourly wvariations by o
Besi des, by the detailed exploration and prof

4 3



making that positively impacts transportation

being.

There are sever al ' i mitations and scope for
psepdnel dat a r el deuvceel s hientdeirvoigdeunaeli t y maki ng r
individual characteristics diffweukt.i mpl emedt
overl ooking the influence of past day' s act.i
|l ncorporating accessibility measures and fact
to produce intriguedgmoéesusts Fuhurteé es tpu dipess
shortcomings by collecting | arge samples of t
validation and dynamic model devel opment . N o
analyzing travml| a-¢pasy thgrhesa col | ecti on appr oa-
assumptions are chal lpeanngdeedmi goievheanav@imme gl hgn g o
approach wi || helmodtedd gpmpagddti i,k imudltu gpilreg acti
schedmbdeg,choi ce, shared travel, and destina
model s that address oOtypical weekdaydé barrier.
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Chapter

ModelWeienkgl y Represent a
Patterns: A Multiple
Appr o*ach

57.l ntroducti on

The sequenti al representation ofbeahcatviivd drayr phat
bwi |l son. (IB&8Fequence Alignment Met hod ( SAM) ,
aims to align identical sequences for opti ma
identify regions of similarity betweenalt,wo bi
structural, or evolutionary —relationships. M
alignment to three or more sequences of si mil
and study evolutionary r(eldoaftii oents h& kpgsu eaBnbon2gn |ti hg
met hods can account for the sequenti al rel at
di fferences among activity pattetrmayelandegueernr
These features haveyv aileedhea witidosmefaImdhp weltarali.n t2r0a0

Ti mmer manXj agpydlet utai l.i ztd2dOnlewyd ita n a | sequence
measure dissimilariti-tersavenl i|isnedg we mdcueas adcaridsys a
Subsequentl|l vy, they employed a series of- panel

demogr aphkbdi adsays of t he welk&f eozni tehtagall.yg e (g2 @ 1t 2hk

2This chapter is adapted from:

Bhuiyan, M. R.H., #KBodabNeiletkd M. Repf2@2h)rative Activity Pa
A Bioinspired Multiple.TSaqmwsemad akldieghn menti eMppr oach
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compl exity of acti vk ud zz-YseeOnis€ Mc ecsl uwmd ignog m ¢ h e,
identifying twelve unique <clusters of homoge
Classification &EARTReas seisfsiieorn tTa eelsar acteri ze
soedieomnogr aphic attributes and employed the mu
identify represeritldtaihwe raant ipwiotpyo spdt taq r2m@st.h p d ¢
synthesizing activittyyeclaisnsi odi ohei Thispaca)
patterns into representative sets using messac
probit model sattioo ncsa pbteutrwee ecno rtrrealvel er s’ demogr
bundl es anllameiquejnackt suRedr chal (2P0O ) sequence :

to measure similarities imMoiacettivime etwp @ki. ¢ dla2d
sequence alignment to analyze souraesl|l opatvtae
finding that interpersonal variability is sig
types of wvariability rampdédicafiapemadsed bayn ds occoiuonc
origin.

Al t hough previous studies on multipl &-dsaeyquenc
travel variability, clustering homogeneous ac
patterns, very few have iwveeprgatatiat heecbna
popul ation graays dwamgsiangbasiendgloen ademogtwnpilpiad
similarities. Addressing this gap, this rese:

representative itnrgdage |t rpavdlerdisarfiresn sThe appr ¢

alignment with hierarchical clustering, follo
dalyevel dredeveegkpresentative patterns, -ulti ma
tavel diaries. While this research does not se
it introduces a novel framewor kehavriecgudra e 6 B : ¢

maxi mi zing th-daytattbyebly cesxttagle8y easfafmpl i ng a
act itwiatvye | patterns, the proposed framawgr k al

act itwiatvye | dat a.
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52Data and Concept

5.2. 1DePartiapti on

This study wutilized data from the Hali TRAC sur
I n ¢thnwey, 3,731 households and 5,095 individu
their activitiesouoveprera odde s(ifgrnoamt e3d A2 t o 3 A M)
information on | ocations, atly pteismeosf, amtotd evsi tafe st
and ot-helratted bpdateasielag.ch pr esiemctleudd eisn tthhei si ncfhos
2295 individual travtdawelardatsa cfoont aaidvi2ligi ae t
Tues848, We-drdesdaydur7sdaywdo &y i dhlye -demagt apghs o
and aceteiated information of5the sample is pre

5. 2Da2t.a Processing

The data -hromrtahkel 280g was processed to gene

di mensi on, no spati al consideration) adtrivity
(1440 min) ti-menbudgent envat &ianadheadrla cétbesrt iancctti
sequences were prepared. This approach incl ud:¢

activity, wesamperngctimety fr om tnhienuttreavteilmel os
with an actiWctyvchaeactasting |l ess than 15 m
activities were rounderdi ruypt eo ri indiaendee atboonlstahrea tneesa
simplified activity sequence chain, where eac
activity type (Home, Wor k, Chor e, Recreati on,
st am@adsl.plr esents the l1ldormcitderndd itrhetelgiox hsatsuadyt

and description alomg.with daily time use sta

4 AM 8§ AM 12PM 4PM 8PM 12 AM 3AM

[H [ H]H w]w]wlw|wiwiwwwlw]c[c MBI c[c c[H[H]H]

B Home [ Work B Chore Il Shopping [T Recreation

Fi gbrBRepresentation of an activity pat
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Tab3le Descriptive Statistics of demographics

Demography N Sample Census (%) Description
(%) Statistics Canada
(2023, 2024)
Age <25 292 12.72 12.9 Respondent sdé a
25-55 845 36.82 43.7
5575 951 41.44 34
>75 207 9.02 9.1
Gender
Male 1180 51.42 48.7 Re s pondeeportedd s
Female 1115 48.58 51.3 gender identity.
Employment
Full-time 1022 44.53 51.9 Respondents' employment statd
Parttime 73 3.18
Retired 930 40.52 40.5
Student 270 11.76 7.6
Education
University 1271 55.38 33.7 Respondents' education level.
College 377 16.43 19.8
Highschool 494 21.53 25.3
No degree 153 6.67 12.1
Daily Activity Code Total 15 | Sample | S.D. | Census Average Description
Min Average | (hr.) | Duration (hr.)

Episodes | Duration
(hr.)

In home H 151103 16.46 451 | 8.9 In-home activities such as home
leisure and sleep, excluding
working from home and thome
chores. (census considers only
sleep activities)

Work at W 19699 2.15 3.8 3.5 Work activities, including
workplace regularly scheduled work and
work-related tasks such as calls|
and meetings.

Work from T 7317 0.8 241 | - Performing paid work from

home home

School S 5448 0.59 2.01| 0.6 Daycare, school, or activities
related to school.

Shopping M 5875 0.64 1.55| 0.4 Shopping for goods and service
routine shopping.

Escort E 1315 0.14 0.68 | 0.9 Pickup/drop off.

Recreation R 9050 0.99 1.9 0.8 Eating out, meeting friends, and
other entertainment activities.

Home chore C 15259 1.66 30121 Eating or meal preparation,

cleaning home maintenance,
childcare, and other thome

activities.
Personal P 3380 0.37 1.24 | 0.8 Fitness activities, medical, and
business banking.
Other activities | O 1874 0.2 0.94 | 0.2 All non-routine, nortraditional
activities.

4 8



Whil e S5Talkemenstrates that the sample data 1is
popul ation at B,M%)ac ctetpitsa brl ees darvcel f(urt her | ev
the dataset by-tvmedaempgdi mgpdt lacat aothi e Harl g
acti viti eshoneex caldqudievwnatnisdnsy at ed i n Figure 5.2 (:

Activity
500 I C
s E
s M
400 w0
s P
g w R
£ 300 - s
9 T
g - W
£200
100
0
EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEZEEZEZEZEZEZEZEEEEZEEZ2
dadddadddadadddadadddddCoodaiddaaaaaaaanaocaataacagadgaaa
NENRNENBNENENNNENYNLNRNENYALNLNRNLNYNLN YR NYnRNY
quqﬁmm@#hmmwdSSﬁﬁgﬁﬁﬂNr'\immvvmm@@hhdﬁmmmgﬁ:ﬂﬂﬁf—if—‘mﬁ
Time of Day

inHome () Home Chore (©) oo 0 workptase (W) Semool (5 Recrestion ) Shopping (M) B:seil?eusr;a(i’) Ecot®  pcummies )

= - = =
= = %’ === =
— - ——— e

= || —— = — F;), — =
— _ F = = :

Figb2e (a) Actimeiftyenrmwetdamtd duration (b) densi't
Figure 5.2(a) il lustrates the frequency of C
t hroughout the day, providing some i-tnitrmg,est.
duration. Activities such aspwakk, nhome ambome .
chores and personal business gradually decl i n

for much of the day before dropping off in the

mor ni ng and anot hSehro pipn ntgh ep eeakesnisngni fi cantly
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to the retired population shopping early. Re
associated with retirees and an evening peak

acti vi thhoense awodr katbegi n | ater timan het Mary antdi wio
52(b), on the other hand, presents the densit)
revealing time spans wiotnhe haoddhoeore tdaucrtai tviiotn se so.f
5. 2Co3nceptual Framewor k

The framework of this study comprises of four

sectiomh3 Bbebaweprovides a visual demonstratio
M:II:;:::::?:;TE \J /.PairfwiseC?mp?rison )
|_Hierarchical Clustering and Quantification of

Inter-Day Socio-
| demographic Similarity
Monday Monday ~ —
Ind1 Gl
Ind 2 G2

—

—

Across Day Socio-Demographic
Similarity Matrix (M2)

-

Ind N Gn

Tuesday Tuesday
Ind1 ...... Ind 1 G1

- =eseses - Hifiil-:

IndN /900000 Gn 000009
S I I 111 )

Wednesday Wednesday
HaliTRAC - 900000 ind1 D00008 ¢ [000008
Single-day [~ _J  indz _. G2
Travel Diary ) . . . . . . Ind N Gn
. . . . . . Thursday Thursday

000000 e o
— ’ — Ind2

&=

Overall Similarity Matrix
g

5=0.8M1 + 0.2M2

z

IndN ...... Ind'N én

lth

WGl wWaG2 - WGn

Daily Activity Sequences at 15 min Frid Poe|0e ©ccen ©o0es
Interval riday Friday lelejelolo| |olojelele| olole|ele

Ind1 DO0O0DY 6l 000000 o[ele|ele| |olos|cle| olole|ale|

L. Ind2 G2 Across Day Activity Pattern igjolololol (@(e/e|eie ©(e/0|o)

' ] - ] Similarity Matrix (M1)  [ojo(@(0|o| [olo@(e] ooe|oe

Ind N Gn t lolelelele| |ejele|ele] jojo/e|ele|

Vs S"MTWTF MTWTF MTWTF

Groups with Within-Day —
Similar Activity
Patterns

Pair-wise Comparison |

and Quantification of
Inter-Day Activity
Pattern Similarity

Data Sorted by Day
of the Week

Representative Travel Patterns
Of Week-Groups Having Maximum
Inter-Day Activity & Socio-demo.
Similarity

Fi gb63e The Conceptual Framewor k of thi:

Firstly, the 2295 activity sequences were diyv
responses were recorded. Hi erarchi cal cluster

each dataset-dayg bBomml awdt br msp sa etwriianietl i opreotgteen

Secondl y, tWuen sNcehe dallegnmoarni t hm was used for pairw
to measure the | evels of similarity and di ss
alignment was condlaytsidmiolnardcdr eawp ttho ncr eat e
sequences. For instance, i f hierarchical <cl ust
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similar sequences), progressive alignment gen
involves wutilizing pairwise alignment scores
the cl oset pairs based on a dwymamidc arleltyhoudpd @
processes are discussed in the methodol ogy ai
guanti fy-dag eacmobbkbarities of representative p

demographic profilesx)XbaSkeds®nsitiiel araictcyar sic drr
obtain overal/l similarity scores, i dentifying
di fferent days to construct the [ ongitudinal

53.Met hods

I n transportation research, similarities are
type, |l ocation, timing, duration, and transpo
fail to capture the seqautintii éayelr ep atttieommsd.i p§
Al i gnment Met hod ( SAM), initially developed f
behawvrieosuera™h sbp, (D9P8)ys a novel approach. Ui
di stance measur es, SAM utilizes biological di
(mutations) required t o align sequences. Th

i nf or mawiimoq ,f arl laa more nuanced amdawelcup alitee rcm
et al., 2002)

| n gener ataiyn ga-tmualvteit y dat-day r dmarsiiemggl ehr ough

Al i gnment Met hod (SAM), this studydeamgumesitch
profiles display condedtaenovepnBhammpadabl| eHen
Rose, 2007; Mel oni et al . ,. 2A009;t iPasa,l 11y984;t Xi

day data encompassestraawelvepatet amrmsa,y oUf faicdii evi
for -dmayt pdtZtheaernmgs et. aAs , pr2éviidays!l y di scussed,

activity patterns in four steps to achieve a |
algorithms, and processes utilized in each st
53.Hi erarchi cal Clustering Using Levensht el
This method combines Levenshtein distance, a
hierarchi cal clustering to group sequences b
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Owi fdlaiyn simil ard groups e X Hirbaivteiln gp aht a neargnesn e o
di stance, also known as edit -adheartantcer, adi tt$ e(
del etions, or substitution®) ameduiered Gt w etnr & nv

landof | édnagnfdirsespecti vely, t haeQD@A&EN asn sifetf é inre dd iast

~

] 0 R T
P . Q . !Q’@ TT
aomde QQ ph p o P
'OET QOO p p B e 0 n
'Y QQ phQ p 1 WD

w

WhefQe@lQi she Levenshtein di®sharnaet ereanwefetn®ét rhiein g s
charactetg Olmofi sttried/gcdgncai on thatd eQantislto

ot herQWiQse . prepresents characteOli hQOAER2 Sh i n
prepresents del edha m@Q ahQcph ajr cald treerp rferscemt 8 subst

char aowietr hi a cdiafr atchteeyr dinf f er .

This research -otpl hpwedaah botbaomld hierarchy

hierarchi cal clustering created the |inkage ¢
bet ween clusters. Accordingotdp the ®WwWamdis mobn
i ncrease i-ml usottear]l wairtihammce when two <luwustenmrs
variance for a set of clusters is defined as

point to t hel ucsetnetrr.o i Fdoordd& fQviiat sppocimmutist i di mensi on:

squared EuclQiawhdarms di stance

~

Q whw W Lg

As per Wardoés met hod, ! avrhailnet omear gndenwgt &t bawios incel ruesa «

witti mster variation is quantified as

w0  Q oA Q oM Q e LS
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WherAeA, @&Anadre the centorégi dom écsfpecltu syrtedrys Based

criteria, the pair of clusters tchlauts tleera dvsartioal
chosen.

53 .Rairwise Alignment

Pairwise alignments involve comparing two seq
target i s positioned below the source to ali
equalize their | engths and altisgn oc orgrag@ssp o nadrie
Al ignments are evaluated using similarity or
either maximize similarity or minimize distan
gl obal . Gl obal al igeemeeas acwenpatr ks eéheirseql en:

simil amsittuaday ITihess t he gl obal -Walnisgcrmmenr tg owii ttth N & &
the pairwise alignmeWunssdoraelsgorT heh mNeaendvlod maers
initialization, matrixt fdwe i agoi anexplraicreribag k
framework of the algorithm, but i nftémaeksed &e
Aluru, RAO®e focus on the applicattiroanv eolf pahtet e

perspective using a simptkharaampteactTwoi tugi die
YQx, 000 0 YYeoed
Yy 000 Y'Y'Y'OO
While results in classifying sequences with K
penalties, t his research aligns with the sc
(Saneinejad & Roor da., HeOn0%e, WiHe-efochleltoevaif mg donaAdc¢E

mi smat c h, gap insertion,-Mahdhgapoerted®i oM we

Gap i ns3er tGagpn:eX.t ensi on:
(a) I nitializati on:

This step initi@liitzhe sditnheen ssicoonrse 9madt r(isxi nce eac

and one extra row and column added for the in
initialized with gap penalties. The gap i nseil
ekension penalty is used for subsequent gaps.
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First row:

o Q) Qp Qq H o~ phy Qe
Whi ch 'O g Qp oh! ~ php
Thus, 0t mhuhppphphchicbchcow

First col umn:

Which OEQ ¢ Qp ohl v phy
Thus, 'OomMiQ mmuyhppphphchichcdqw
Topef tOndmel i :

(b) Matrix Filling:
For ea€¥®, cetodreg based on match/ mi smatch, del e
(1, 1); compaEpiwig h" M"Y oo m

Mat ch/ Mi smat ch:

"YOET1QQ phQ p G OSROQOPAQ p | ' TAQ NQ G & Qi & WPYH O
pTmt T pT PpB

Del etfY®mé h'QQ phQ "Q& n'Y "Orip o P o pp

| nsefYiEo DAL p "Qf n'Y "Op o P o pp
Henc&plp [ A@hphppp pmn

Continuing this process for all ceDls, xBe get

(c) Traceback:

To determine the opti mal alignment, a traceba
path of maximum scores. This alignment shows:
Mi smat ch: M= S (1 mismatch). Q¢Sp m aey itvheen naalxli

positions matched and Yhetbbtpenedntahggnmemtl

. . "Oukt Tt
501 &QDNEONDBYDId M wlﬁ%l g i‘p—n DTy P
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53 .Brogressive Alignment

Progressive alignment is a widely used method
alignments (MSA). The core idea behind progr
incrementally by aligning segqgu.enfthe prro cgersosu pis
three major steps: pairwise alignment score ¢
according to the guide tree. This research ap
scoring paramet eres atloi gancnie netv es ctohré8sp a() dr emtGasii Ideed t
truction in bioin6aorcmhRGIMA (ibnwkdmentley MRa

cons
Met hod with Arithmébioi Mgabpased bdei ghborcomput
e

tre reflects the evolutionary distances bet
sequences are al ilpmrsed,t esreguwreinrcge st hmate taHea goned
for aligning a small number of seqluieppilcewhen h
comparing many sequences. To overcome this | in
on i mmediate proximity in terms of pairwise d
the merging order. He n wen, tthhee ciutrereantti vnei nmemrugn

matrix acts as an agglomerative cluster-4 ng me

(1) identifying the closet pair at each itera:
pair whmisch hreetbierst al i gnment based on the scor
replaces the original pair in the sequence |

introduction of the new sequeheenumbies pfosces
in each iteration, unt il only one combined se
of all i nput seguence@sogibhesipesbeadbibgmmenth®!l ud
Appendi x A

53.Branscendi-dgyto Mul ti

The objective of thisdaysaatric\hi twa sp a tot edrenrsi vfec

considering overal/l activity awxadaydedmoagr apmi ¢ i
hi erarchical cl usterbah.gl pwaosc eisnsp Ideemhean tl eedd ti on cSle
groups at the daily |l evel. Subsequentl vy, pair
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create a single representative activity strir

solely -@day wsitrmiilnari ties.

To extend this analysis across multiple days,
group representative patterns ( tdraoym sMomid aayr i t
following the methodol ogy desat ielde da egwno upese ki C
exhibiting similar activity pattergms utplsr o brhsc

solely on activity pattern similarities is n
demographic profidesthseahgaMiiBdiwata,ntll %9 G ;n fHaunesno n,
& Rose, 2007; Mel oni et al ., 20009; Pas, 1984,

Xianyu et abdb.ad@2i00d3g3 thisdemogrrnphed paok itlkes
and quanti fdenmogtrla@hsociso mi |l arities bet ween
Similarity I ndex. Jaccard Similarityyiand wi
diversity of sample sets particularly having

formul ation of this approach i s
Attributes Ind1(A) Ind2(B) ! . A B
Age (<25) 1 0 0 1
. o 6 Age (>25) 0 1 0 1
0 o — L8 Male 1 1 1 1
0 0 Female 0 0 0 0
Student 1 0 0 1
Worker 0 1 0 1
Sum 1 5

Where,0dAr antdhe compar i 90 0srseetrse sefntat ttrhieb intuersb.e
in the int &asedctwih@gn é@afe psreessent s the number of
o fo anada. For example, the matrix above I|ists th

(I nd1, Il nd2) . From the Oatit rpadmud'ed mat rilexncewe
0 6M — - TR. Thus, from analysis, 20% si mil

attributes was observed. Af ter performing C

measur ement s, the scores were combined to ach

Y @ 0G0 0VDE Qa HIRQORQ & £ "HHIG 'Qa Gi Q6 6 (5.5)
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A heuristic approach was proposed to assighn
prioritizing activity patterns over demograph
Groups with the highest weeke&y otipmsi | arity we

54 Resul ts and Discussions

54 .l ustering Results

The hierarchical <c¢cl ustderyi rsg ndrlaaé s gyriodueprst iefxiha
act ttwiatvyel patterns (5r.)e2s uTa sk eperpe stehnet erde siunl tTsa bd u
for all five datasets i s not iinc|Riddgewr ehies.ed |l il z
the arrangement of clusters produced by the
Thursdayl f Dlaiyerdgr.chi cal clustering, the el bow
numbekruetfercs by plotting the distance at whic
process. The point where the rate of increase

most appropriate number of clesswers.i 8Bentthise

Hierarchical Clustering Dendrogram
Number of Clusters = 9

500

Elbow Plot
5001 *

400
€ 300
200

100

400

w
o
[=]

Distance

2001 \
100

[ 1 _ _
(0 Al L can i A...‘y & * I ‘;nln"l“‘l‘ Bl L'M[m[!.l\“ il Lo oL o, AL I ..[:iﬂ‘;\l i
Sequence

Fi gb4e Dendrogram of <clusters produced by hi
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Tab32e Cluster Results with demographic and activity
Gl G2 G3 G4 G5 G6 G7 G8 G9 G10
Recreation/shof Telework Household Personal Other Activities | Shopping Extended Escort/Chore/ | School Work at
ping Chores Business Recreation Late Recreation Workplace
D1 | Mean Age 56.3 | Mean Age 40.6 | Mean Age 54.1 | Mean Age 57.7 | Mean Age 69.5 | Mean Age 64.7 | Mean Age 61.6 | Mean Age 49 Mean Age 18.9 | Mean Age 44
Female (52.7%)| Female (55.3%)| Male (52.3%) Male (60.7%) Male (71.4%) Male (71.4%) Male (55.5%) Male (52.8%) Male (52.8%) Male (53.7%)
Retired (60.3%)| Full-time Work | Retired (51.4%)| Retired (50%) | Retired (100%) | Retired (100%) | Retired (77.8%)| Retired (47.8%)| Student (92%) | Full-time Work
University (96.4%) University University University University University Highschool No Degree| (95%)
(52.6%) University (60.55%) (60.55%) (64.3%) (64.3%) (54.9%) (43.5%) (62.8%) University
Major Activity- | (80.3%) Major Activity- | Major Activity- | Major Activity- | Major Activity- | Major Activity- | Major Activity- | Major Activity- | (62.2%)
R (35.1%) Major Activity- | C (96%) P (100%) O (100%) O (100%) R (80%) C (35%) S (100%) Major Activity-
Simplified Rep.| T (96.4%) Simplified Rep.| Simplified Rep.| Simplified Rep.| Simplified Rep.| Simplified Rep.| Simplified Rep.| Simplified Rep.| W (96%)
Pattern HMRH | Simplified Rep.| Pattern HCH Pattern HPH Pattern HOH Pattern HMH Pattern HRH Pattern PatternHSCH | Rep. Pattern
Pattern HTH HEPCRH HWCRH
Work at | School Telework Shopping/Exten| Extended Miscellaneous | Household Personal
Workplace ded at Home Recreation Non-work Chores Business
D2 | Mean Age 43.5 | MeanAge- 18.8 | Mean Age 45 Mean Age 60.7 | Mean Age 63.7 | Mean Age 62.5 | Mean Age 53 Mean Age 67.3 | - -
Male (51.7%) Female (61.3%)| Female (51.3%)| Female (50.8%)| Female (53.9%)| Female (56.9%)| Male (50.8%) Female (57.2%)
Full-time Student (84%) | Full-time Retired (71%) | Retired (76.9%)| Retired (70.8%)| Retired (63.5%)| Retired (78.6%)
(96.5%) No Degree| (87.2%) University University University University University
University (35.5%) University (47.8%) (66.7%) (41.3%) (41.3%) (71.4%)
(75.9%) Major Activity- | (76.9%) Major Activity- | Major Activity- | Major Activity- | Major Activity- | Major Activity-
Major Activity- | S (83.9%) Major Activity- | M (42%) R (92.3%) M (24.6%) C (92.7%) P (92.8%)
W (96%) Rep. Pattern| T (87.2%) Representative | Representative | Representative | Representative | Representative
Rep. Pattern| HSCRH Rep. Pattern| Pattern HCMH | Pattern HRH Pattern PatternHCMH | Pattern HPH
HWCMRH HTCMH HCOMPH
Telework Extended Household School Shopping/Exten| Personal Hybrid Work Shopping Miscellaneous | Work at
Recreation Chores ded at Home Business Non-work Workplace
D3 | Mean Age 47.6 | Mean Age 66.1 | Mean Age 56.9 | Mean Age 16.7 | Mean Age 64.5 | Mean Age 58.5 | Mean Age 47.5 | Mean Age 60.4 | Mean Age 65.5 | Mean Age 46
Male (51.4%) Male (65.5%) Male (57%) Male (54.9%) Male (54.9%) Male (65%) Male (63.6%) Male (55.6%) Male (50%) Male (55.9%)
Full-time Retired (86.2%)| Retired (58.9%)| Student(83.8%)| Retired (72%) Retired (85%) Full-time Retired (81.5%)| Retired (78.6%)| Full-time
(94.3%) University University No Degree| University University (100%) University University (89.2%)
University (51.7%) (49%) (56.8%) (51.6%) (50%) University (44.5%) (50%) University
(57.2%) Major Activity- | Major Activity- | Major Activity- | Major Activity- | Major Activity- | (63.6%) Major Activity- | Major Activity- | (60.4%)
Major Activity- | R (75.9%) C (92.2%) S (97.3%) M (35.5%) P (95%) Major Activity- | M (70.4%) C (28.6%) Major Activity-
T (91.5%) Rep. Pattern| Representative | Rep.  Pattern | Representative | Representative | W (72.7%) Representative | Representative | W (98.2%)
Rep. Pattern| HRMPH Pattern HCH HSCH Pattern Pattern HPH Rep. Pattern | Pattern HMPH | Pattern Rep. Pattern
HTCRH HCMRH HTWMCH HEMCPOH HWCRH
Household Extended School Personal Shopping Telework Hybrid Work Work at | Miscellaneous
Chores Recreation Business Workplace Nonwork
D4 | MeanAge-56.9 | Mean Age 60.6 | Mean Age 17.7 | Mean Age 63.3 | Mean Age 65.7 | Mean Age 45 Mean Age 38.5 | Mean Age 44.2 | Mean Age 64.7 | -
Female (53%) | Male (50.6%) Female (59%) | Female (57.2%)| Male (60%) Female (58.6%)| Female (75%) | Male (52.2%) Male (57.2%)
Retired (64.2%)| Retired (79%) | Student(95.5%) Retired (66.7%)| Retired (95%) | Full-time Full-time Full-time Retired (76.2%)
University University No Degree| University University (100%) (100%) (88.6%) University
(50.6%) (60.5%) (59%) (65%) (65%) University University University (52.4%)
Major Activity- | Major Activity- | Major Activity- | Major Activity- | Major Activity- | (62%) (62.5%) (60.4%) Major Activity-
C (43.2%) R (92.1%) S (100%) P (66.7%) M (95%) Major Activity- | Major Activity- | Major Activity- | C (33.3%)
T (96.5%) W (50%) W (91.7%)

pattern
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Representative | Representative | Rep.  Pattern | Representative | Representative | Rep.  Pattern | Rep.  Pattern | Rep. Pattern | Representative
Pattern Pattern HRMH | HSCH Pattern HPMH | Pattern HMH HTRCH HTWCH HWCRH Pattern
HCMRH HPCROH
Extended Shopping/Exten| Work at | Hybrid Work Shopping Household Telework School
Recreation ded at Home Workplace Chores
D5 | Mean Age 59 MeanAge- 56.9 | Mean Age 47.8 | Mean Age 40.6 | Mean Age 64.7 | Mean Age 52.2 | Mean Age 46 Mean Age 16.2
Female (53.7%)| Male (53.6%) Female (51.7%)| Male (57.1%) Female (59.2%)| Male (58.2%) Female (52.1%)| Male (61%)
Retired (66.7%)| Retired (62.5%)| Full-time Full-time Retired (70.4%)| Retired (46.3%)| Full-time Student (100%)
University University (79.8%) (85.7%) University University (91.7%) No Degree
(79.6%) (48.2%) University University (70%) (62.7%) University (71%)
Major Activity- | Major Activity- | (56.2%) (71.4%) Major Activity- | Major Activity- | (85.4%) Major Activity -
R (90.8%) M (67.9%) Major Activity- | Major Activity- | M (70.4%) C (82%) Major Activity- | S (100%)
Representative | Representative | W (92.1%) W (85.7%) Representative | Representative | T (100%) Rep. Pattern
Pattern HRH Patteran HMH Rep. Pattern| Rep. Pattern | Pattern HMRH | Pattern HCRH Rep. Pattern| HSCRH
HWRH HWPTCRH HTCRH
[Note: D1= Monday, D2= Tuesday, D3= Wednesday, D4= Thursday, D5= Friday; G1= Group1]
Representative Patterns (D2- Tuesday)
Group 4AM 8 AM 12PM 4 PM 8 PM 12 AM 3AM  Type (% Share)
: | | : : : :
1 ) | | 1 1 |
U H HIHH Hwiwiwlw wiwlwiwiwiwiclcimEd clciclH H H SREEEED
]
I+ HlH HH ]S [s 1S 1S [S]s ]! s ICRYHIHHIHIH HIHIH] H SEEERETEER
i )
s EIEICIEEE T v vt T T T EEEEEIEIEE oo (11.2%)
1 1
GO H i H HIH HUHICIMIH [ HIH H]H HIH[HIHHIHIHH H ] HH SEEERAD
] [} ] ] ] ] 1
I 1 | -
s EIACICIEIE R & Rk R R AR R R R CIEEEEEELE ecreaton .2
| | | ] | 1 |
S H H HIH HIHIOICMIMIMIMIMIMIHHIH HIHIHIH H H H H SEEEED)
I
]
B - 14 H HcclclclclclciclclclciclelclH HIn ] H ETICEERER
1
N H [ H H H (HPIPIP IPIPIPIRIPIPIPIH: H H[HIH: H  H | H | H NSRS

Fi gb6s5e Representpmatitveer msctadvaiyttyei mmiwli a ho nacti vity
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The clusters are presented in Table 5.2, deta

the day (allocated the most ti me) , and a si mj
Sectbidor) . Since the clusperti eagn wsaismiblaasreidt yon -
| abel ed accordingly. From the analysis, t en

dataset, with names such as schomd ,t hteeil re wiba ki,

activities.

54 .Representative Activity Patterns

I n this study, representative activity patter
common characteristics -tofawvelgrpatpt ®efns ndiFoi dealc
through <cluster anal ysiact iwmei teyx t p atctt erdn at hraetp

common features of the sequences within that

identified common activities, transitions bet
involved firswidevei mpiagi aypamiatrix, foll owed
sequence alignment. While we derived tdaeyr repr.
similar’ g.rpeci, f iFdG @lulrye 51 1l ustrates the result
5. Ppresents a simpl igfriaegdimwe ulsbeonnboervake fepees:
facilitate eaBSifrrovpldeetst iangsi nmMpalbilfei ed versi on
patterns for all ogmreo ugecst,i viintcyl uadh anrga catte rl efaosrt e ;

representative pattern. For morApdendi webBchnf

presentcshatrlaect®@ representative activity strin

54 .Bomogeneo-GeoWpekor mul ati on

For the formulation of h omo g e ndkeay ss iweielka rgirtoi uef
gr oluev el representative patterns and demogr ap
separate score matrices. We ¢ o nib2i0n ewle itghhetsaeg en
demonstseadtidon mMmhi 3. a4pproach all owed us to ide

groups across the five days of the week, base
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Fi gbtd epresents heatmaps of activity similarit.)
matrices. I n thesreed i ghuadckess icredilsatwe thi gllarlke v e
all theéapywsitmi haré groupsy Fraamitxhe adVvemali Ir ws i
60% similarity threshold wegroupgsnotvieat exksiubitt
overall simi-tdaytpainweaehcoampari sgnoupbesere
t hus consisdte rreedp rtehsee nmat i v e, di splaying the m
FigbrTeill ustragresupt hla't (We&k)k includes D1G1 (I
(Tuesday, Group 4), D3G5 (Wednesday, Group 5),
Group 2), as det e rbmaisreedd shaymptl h ea g s iampipmadeickhy T h

framework thus systematically sampled popul at
(weekdays) to establish a |l ongitudinal orient
Foll owing the f orgmuoluaptsi,on woef atnhad y'zweaelekt he den

individual s withb&) taned ep lgatotuepds t(hFaigru rmwde)e.k | vy a
This analysis aimed to deepen the undeussd andi
behayi andddgyvariations in travel patterns wi

anal ysis are presented in the next section.

Looking into the demographic profiles and wee
Fi gb& eshows a simplified version of the profil
maj or share of the9gr owmp timemlod rhsyrr afiagewr, edeht @w s
weekly activity ann nutmee iunstee rpvaatltse.r nTsh eato vle5r a |

are presented here.

We e@Grouph#s group primarily consists of exten:
day at home, w40 thto me ¢ sahipn anlg @wntd per sonal a

proportion of this group are ol der temales (6

Wee®r oupgh#s group tomei wtog kef sf ulpredomi nantly
with a female majority (53. 2%) and a high ed
degree) . Their weueske yp aatctteirvnist ys haonwd sthiomet er wo

foll owed by | ate recreational activities.

6 2



Wee®Rroupm3# group is mos-agg rcempressedwobfhear mg
significant 91.5% of this g rnoaunpdoast omeymbaecrtsi vpirti
on their weekly representative traved, pwittther

occasional recreational and shopping activiti

Wee®Grouph#s group predominantly consists of me
primarily engaging in recreational activitie

particularly observed on Fridays.

Wee®Grougdh#s group primarily includes young st
time on school activities, followed by home cft
school durations on Thursdays and rFrcirdcays,ona

activities.

Wee®Groupg@#s group isticmenpwoslkpl| a¢de fwddkers wi:
44 . 9, with 53% being mal e. For this group, w

variations. However, |l ong periods of | ate rec

While this detailed expl arsat ipan tefr nwe gk low i @ @t

pol-i elyevant outcomes, the proposed fr adawor k r
act tbhwaisteyd t r anvoedle |[deemmagnedc i al |y i n the face of da
potenti al for further studies based on these
di scussed in the nehtaparmd final section of th
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Mean Age

Mean Age
100 100
Non-mandatory a0 Female WFH 80 Female
60
40 0
20 20
Mandatory Full-time Mandatory Full-time
Highschool Retired
College Part-time
University
University
(a) WGE Female Retiree (b) WG2 Full-time Teleworker
Mean Age
100 Mean Age
100
Non-mandatory 80 Male Non-mandatory a0 Male
40{ 40
20{ \ 20
y Full-time
Mandatory 3 Full-time
Highschool Retired
Highschool Retired
University
University
(c) WG3 Early Age Retiree (d) WG4 Male Retiree
Mean Age Mean Age
100 100
Non-mandatory 80 Male Non-mandatory 80 Male
60 60
40 400
20 2
Mandatory Part-time Mandatory g 3 E Y - A - Full-time
No_degree Student Highschool Part-time
University University
(e) WG5 Young Student (f) WG6- Full-time Workplace Worker

Fi gb68e Synt hesGrso wpgs OWelekekmogr aphic Prof il
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10AM SR

8PM 10PM

(a) WG Extended Stay Home (b) WG2 Telework
3PM 5
4PM ’
(c) WG3 Household Obligation (d) WG4 Extended Recreation

11AM 11AM

11PM

10PM 8PM
9PM
apM 10PM

(e) WG5 School (f) WG6- Workplace Work
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5 Koncl usi ons

Understanding pedpelha'vmroows edkelsy vtarlaivaebll e i nsi gh
applicati bebawviecstkeraacdl and beyond. Whil e | ong
accurate and reali dehasieprasent aniadontofaveld as
reliantday dathmhgl e@ue to myriads of reasons. Th
capitalizes oqatyhe rlaivmit edit smobdyd lesep ppl aytitnegr na rnet

met hod e#b6 paeotpilvity patterns, cexpittuy i onfg d diel ys
behagi oamnddaacrsoisnsi | arities and dissimilaritie:
hierarchical clusteringttaveldegtodys hamod ge me lo
progressive alignments to gereer atge arpgp roaseén teal

the representative activity sequences accur at
patterns within each group. By aligning indiyv
dwmrt i ons are identified, |l eading to more repre
soedieomogr aphic similarities usi ng t he Jaccar
behawal oud&hiasm et. al ., 2018a)

The analysis of weekly activity patterns acro
nuanced insi ghteshaisnteamddlseoct mapbl ¢ characterii s
popul ati on Lagpmentls. pWeedkomi nantly ol der f emal
spends their days ato+fhoomee awcitti WGirdoduepes s 2 ,0Weeelkn D iu
mai nl ytneef hfourlel wor kers with a female majority
shorter work dulawednbyone€&r e dnaygeen arbeltaicrte evsi tiir
Group 3 engaagnea nmoasttolryy ianc tniovni t i es, househol d c
and shoppGrmogu.p Weekomposed | argely of male ret
especially on Fri dayGr.ouYp uh gp rsitmareinltys genr fWererh
chores, and recreation, with shorter sehool (
Group 6, cdamprei wiomdg pfl alcle wor ke&r sl,ursahaows sc avi € ih

|l ate recreation on Fridays. Wh-ohg tdhtaattohoabt

results, the gener al pbaet htaewioo vord s ®mr avteals i wmi twre etk
the recent studi es. For exampl e, studies hav
arrangements on Fridays, |l eading to a decrea
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calized travel for per soff &l mMNmeandsetand .1 e
ndbl om, 2023;, WMwhhircah ewasalr.ef [2e0c2t4e)d i n t he r e

il e there are significant l i mitations to t
enues for further investigation. The fr ame\
neralization, which in tuah subdtes mpatte @t

tivities of the day. Additionally, each day
act as a weekly representative. This apprc
evious day' scuaateinti tdeys' sonactthesi ty deci sior

ndatory activities. However, the proposed f |
e skeletal structure of the week since majo
ekdays and are somewhat similar across si mi
ving forward, the authors plan to i mpl ement
ow a high | evel of wvariation and incorporat

r the distribution ofl atbohies swawviegt iionrf.or Add ii
ekly frequency of participating in activit
mmuting to work or working from home wil|l b

rang@andanorey avdttihvint it he representative actd.i
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Chapter

Mi crostimulating Weekly
Si mul-Based Optimiza*t i ol

6. Background

The adtisreaddegl(lABM) framework was developed to

realistic travel demand model s capable of anal
traditional aggregate flow models that pri mar
evimdte comprehensive daily activity( Auwmldd t& av
Mohammadi anMo@@d@)transportation research 1inc
d e mamodd e Idluienpehawukbotioundati on. Adv-braceme mbs el s

to -based models have addressed $everalntker mct

Act i-vasteyd model s further enhance this by inco
them ingtgaprevalent in conf{€meponrat.Vyhtrmadpas
advant agedaskedambdel syolvesed rrmadeli o niancltudipng
sensitivity, comprehensive accessibility and
| andt russresportation i ntdreaant ifoonrsec aasrhdarmgo lbagtab
This chapter is adapted from:

SAl am, BMud yan, M. R. H. , ANeld&biyb , TrivAal @A20R4)ty Simulat
Transport, Land UMoedean d nEBreSygsyh eferdd lmE p otrhteat i on Associ at

(TAC) AnnualSepormdbBen2@24, Vancouver, Canada.
4Al am, BM.ul.y,an, MaMndRRaMa¥.i R& RHabi b, MAAHybeDa4)Optimi zati

Mi crosi MobdeatHrbannge wor k f or Sirrawledt iAwcgceieWatdthdesfedrs to nt h e
10ANnnwMaleti ng of the Transpodaatb®0 3 BResshei anrgctoSnB oD rCd. ( T RE
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extensively exploCRreéenieat pal or 2@22arChu et al
Tajaddini. et al., 2020)

Whil e the current generation of ABMs can mod
exi stinbasaed modgls stild]l mod el travel demanc
approach overl ook $ethlaat ihvamatmr i oactciuorn sa ci(r hoastgsre adw e If e rr
et al. ,TR®O1®HGr)i mary reason for adhering to typi
dat a, conceptual and computdaayi omau s echoon pdv ea a tt iy
data is not just expensive, utt ifvaecneess sl,i nuintdaetr
attrition, I nitial nonresponse, panel effects
seasonal it yDasdhdatoROIR.&yB2Jaazr a& -Reolsaad ,e s2 01 5; Pen

Pas, .2@@@) ti onally, current reseamcteldloienegnot

fr

ame and suitable -lhppedctat avearls dve monao @mcdelvs

daily (Hayhkihbmset al ., 2007)

As of today, mobi Topp and the weekly extensio
model s capable of simulating weekly travel aci
Mobility Panel ( MOP) survey, caedai dspweekltyg
generator , which uses sociodemographic data
mul tiple | evels (person, day, tour, activity)
( Bowman, 1998) to accounvi fioes boe hgregwodrmak) da
shopping), while the | ogit mod el includes wee
increases on weekends (Hilgert -sectaleal,-b,as2@vd)t.
transpomoin, siemuileamtdis to weekly analysis by dis
activitiestiméladjogt memdis for the | atter. Er
activity generator, suppombdewkbkkicf®pedatehnnasg,i a$ g
and +alytidi ary data for scalable simulations,

Despite MATSi m and mobi Topp | ever abgeihnagv i eoxhtee n s |
chall enge of data -magad smodelns | (| AMB M&a yaicthn aa @ ty
demainnsgenEBErabting studi edahapattered by Bghe
day data or assessing daily wvariability, but
study addresses this gap Bytiemtsndveimmiérdiloa ngu
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mu tdtaiy travel demand in an ABM framework, adva

travel patterns with | imited dat a.

Thr eseiamrtcrhoduc eV ek BB miuT LeE-s taa gteh,r deemsisd r @ap nit mi z a

approach developed on the foundation of the 1t

of

the existing comrpaosneedntlisn tfegrm ttehde Ta catniswiotry

Energy (dellLEt)o mpener ate comprehensive weekly

durations and |l ocations. -Dblaesefdr @ampewoni k a¢ x ®autt
weekly travel actheigdayuamna tptogrun aftaronl Q% 2o f2 2t9 i
singdy travel diaries and constraints such as
a weekly basis and the |ikelihood of activit]
process ensures mini mal deviation from obseryv
The subseqtiiemnésha gtiesrcuss the data sources f ol
description of the i TLE model, el aborate on t|
WeekSi emnd demonstrate the model resul ts.

62Data Source

This study wtilizes data from the Halifax Tr .

s u
Mu
r a
re
de
ac

cl

Pa
an
S u
Th
fr

r
n
n
S
t

t

0]

vey, conducted from July 2022 to March 202!
icipality to study daily accitvaidalntes spapastca e
dom digit dialing, |l andline sampling, and
ponse rate, with 3,731 households and 5, 0¢
ai-hewdr 24r av el 1)o,g si n(c3lAuMi ithog 3 AoM ati ons, trav
ivities, thehawyt D¢ adavielr g tcoapealred with th

se alignment and confirming the survey's r

ticipants provided individual dmd fhhoarwes e h ol
-odhuotme acti visteilestend aypelchl weekday bet we
vey collected 710 travel dfi am | We d feosgd aMo, n d&
rsday, and 450 for Friday. These s+ epgepe¢reder

guencies of participat thrognei nwvofriky, e sciogtpii mat,
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recreation), were primaril-yomd i d-athedheti act ihei t

generati on.

63.The TLEamewor k

The Integrated Transportation, Land Use, and

Transportation Coll aboratory (Dal TRAC) is a ¢
analyze andbeheaewindaritsaveldpacts on urban sust
operates wi-gihmwl athieonmiscyrsot em i TLE Sim, built

Vi sual Studio 2019. The model's core S$tEerumctur
deci siudomat er m( L DtSgr, mt dheic mssliocawrtntor ( SDS) , and t he
system (TSS) -pwmhitgyh aippla ctaltiirodh connected to th
mo d el starts the simulation process by genera
The LDS epdggnedhethc population annually, refl
The SDS schedules activities for each agent,

and shared travel deci sions. The iidLBaimotdail n
connections between agents (individual s) and
detail ed forebabavawgd rotfhet reawaelluat i on of pol i
transportation systems. The LDS anhdr @D&emiosiud

a

such as housing and e mp Hoeyrme ke haevieal nbjeelsa a lacsu rwe |
model s within i TLE are informed by the Halifa
t he Nova Scotia TRrALYel2 0A®dBt iswirtvyey(, NaveT Hal i f a:
(2022) and have been validated against the 20:
directed to the following stUAnek &b &karyn2md

Habi b, 2018; Habib & McCarthy, 2021)
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B m P ot 1. LDS } Life-Stage Transition |
ase year opulation ‘
Synthesis
‘ = Work Arrangement }1——»{ /ﬁ\ Residential Location
Simulation Year T+ dT ¥
| Mobility tool ownership ‘ (el amEEii

) ﬁ Vehicle Transit Driving > e i H

LanEd L.!se and Btuwlt > Transaction ] m Pass —» T - 3 Smart Phone 3 EE-EI Computer ;

nvironmen | !

{ICT Tool Assignment |
2.5Ds l—{ Activity Generation }ﬁ I (Tool Choice) |
‘ Activity Schedulingin Physical Space | ‘ Activity SchedulinginVirtual Space ‘
,,,,,, — - la—»] - - - X
* Activity Agenda Destination Location Shared Travel Activity R ACUV!W Lyl Activity L})catlon
Formation X Choice L choice Participation Duration Choice
Mobility Assignment ‘ Vehicle Usage Model ‘ Traffic Flow Simulator ‘
.................... M°f’e Vehicle Gasoline Electric Diesel
Choice |« Allocation Vehicle Vehicle Vehicle ‘ Emission H Energy ‘ ‘ Economy ‘

Fi gete Components of the i TLE Model

Whil e there are sevewdlesmwduothes ameé $THLE fr a
primarily extends tmpoe ud @t ii mistt yd egnd rieercaStbiomm su n
gener adaymakti vity schedul ensowl Teh @& sa cdteisv igtnye dg &
severdhoute andhofmeuracitni vi-afh @eme ddhtei veiwbireks, i nc
shopping, school, recreation, per-somael abuswvne:

on the ot hlkeomded aedt-haornmed iiMmehaolnse, sicrh ehncolme awmod ki.n

The microsimulation process for the O6typical
begins with the creation of baseline activit)
synthesis and the LDS modulhei,c wahnidc hh opursoevhiod ed ¢
di ssemination area (DA) Il evel. This includes
and individual attributes. Once the synthet.
activities ariendieniedaaledwiftohi ea@ hhousehol d, st
Using the Markov Chain Monte Carlo (MCMC) metl
ofhome activities an individual partici mates i
generates possible activities in sequence, Wi

t he preceding one. Thi s met hod ensures t he
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activities, forming a Markov Chai(KhbtHachriebat e
20280denstthee activity undert adeldéMbgpraes émidi tvh e L
al |l potenti al activities an individual can er
Chain framework, the conditiodwadagpadbambitihe yc
act ioyiist ygi ven by:

0 0 60 omB&Ed 06 0 6 00D O (6.1)

But, this indicates that the p&sadoeapbe nldist ys oolfe lt
the curr@nti @qredrivind yt he prior sequence of act)
encompassing all conditional probabilities of
preceding one, can be expressed as:

n 06 ®  homi WY (6. 2)

These transition probabilities are derived fr

moving from one activity to anbéehasi dbased on

64.The TLE e m

Threseiamrtcrhoduces the I TLEsWagkSi-masned uapgnit mi 2 &
approach developed on the foundation of the t
of the existing compomendtescifsi @am tshewut @ammer (L
deci sion si muhoadelrs (tSIDSJ e mseurbat e comprehensi ve
including activity durations and | ocations. T
(1) processing Hali TRALetssurwofeyi mdaitwai duwaldeweed |
preferences, and optimization constraints, (2
activity agenda formulator to simulate weekl:"
preferencaead,i bammd i(nyy) and validating the weekly

utilizing the observed activity distributions

64 .NModel Description

Il n the base I TLE model , the generation of dai
Chain Monte Carlo (MCMC) approach, with trans
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This approach assumes that the probability of
activityWeéegh8innmTliBtes the weekly activity ge
Mar kov Chain model five consecutive times to
does not produce valid variations across week

daa reflect a similar di stribution of activiti

the week. To acéduesnscsyt ofsaicssvetifes perfor med
was utilized. The survey collected data on th
activities each week:-pwopsknngof KoMl R@&me 6 h &lpvp i
eating out. Thipooiwas Lakermplseafevguestion ou
performed each of the |listed activities from
these activities, | HW | PW saspdcshbppweigglveset
in the transition matri x, while the other t wc
validati on. By integrating this frequency dat
verified agarimnldabiflrietgueesnclyefpor e being stored,
condition"” in tk2) .f | Advdicthiaanal(lFi,gutrhee pr obabi
occurring on a specific day of the wee&k is ¢
"weekly probability con@Ri)t.i on” in the flow ch
An optimization model i's developed to gener at
alignment with both frequency and daily acti\
me et the probability criteria,mtofe MCMCi modeat
prevent excessive computation or infinite | oo
transition matrix probabilities (TP) to matc

through the optimization process.

Foll owing the geqiemoadterliodnhiorfleigiclglh @d ti es, a typi

updated to support a weekly model. The update
the number of activities for each day individ
home durati on,e ecnaslucruilnag i @ @ s u rfaotr al |l tours a
algorithms are updated to join tours of indiyv

are stored for eachidaychosmanggekaold. The m

vehicle al laorceapiean edodel each weekday to ens
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exceeding 24 hours. dihade tdrhaddEmaenotde | e gewmres
patterns across a typical workweek, reflectini
Hal i TRAC survey.

________________________________ ®

Existing Module

! )

! 1

[ T

§ 1

! I

! T

1 i |

1 1 .

; ‘ @ b Activity Agenda . . Conflict No ?ctlvFltyABais_ed
! ! Formation --n ‘our Formation
: : : (Duration and Start Time) :

1 V! !

1 1 : 1

R LI Weekly ES N ! Yes

' Probability r l Shared Travel
: Vo ! Choice

: @ : : Destination Choice : Conflict Manager

1 I 1 H

; Fail '’ !

: Frequency : N |

| Condition b @ !

1 I : H

1 1 )

1 1

! : | Travel Time and Travel _ _ _ J' Individual/Join Tours
! ! : Duration Formed

1 Pass [

i b :

! Generate Next Activity L T

: Save Activity :

! 1

! 1

! 1

Added Module

Fi g62e Process Diagram of Wed&klhydAdt ingity (

6.4.2. Optimization Model for Activity Gen

This study devel ops an optimization model to c
travel activities while satisfyingé6dophegdgant g
the overall framework for transition probabi

proposed optimization process.
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TP* = Kyp* TP

i=i+1

Start iTLE

simulation, i

Activity Scheduling (e.g.,
activity durations)

% |2
i $ : A -
H L] [ i g
i Generate optimization parameters, G Accept the current set of || | f ~
i Activity Agenda ! = £
| ! 2 =
! A ! o O
i'| Calibration Transition No Are all constraints :"‘" oEn:%
| Probabilities (TP) satisfied? i e
i f |23
: |3
i i =
| oz
H No Are all Objectives Yes i E
! Satisfied? i g
i Optimization model | |
e

i Outputs i

i Weekly Activity Schedule E

i = Day of the week ;

i = Activity types i

i =  Activity durations !

i * Activity locations |

Fi g63e The framewor k f orsiwreudkaltyi otnr aavnedl oagpcttiinv

The optimization mddalepirrseint e ngcomgti vaidmutad , t
the proportion of people willing to perform a
in a certain frequen@Qlyjof Theke obpecti zat ifa@amcmo:
deviation between the observed andhsissmursgalaes d
objective optimization problem focused on mi
simul at ed actbhiywaltiyb rpatoiprog ttilobenst r ansi tAsont hper ob
4|l equires modification to represent efafgeh day
name“:4||p'rs the solution to the optimization mode
Thi s stu%lﬂwvanIUUQSetsased on the objective val ue:c
t he previouL's|||Pfsoirmuarayisrp).ecific activity i s m
overestimation of t hat activity proportion (
previous simulation and is incrkasdaenorn hee cre

76



simuIE@Eﬁwtiitdwn,respeciﬂwpoot/héesp'dapeds to generate
q7to esCGtisnadbejf.uncti ons of the E&€pwrmi zatienhi mdd
significant I mprovements are observed in obj
generated activities are considered the final
popul ation synthesirsmu( adwon Thedeoll oyierdgnahnad
simulator to accomplish a se¢$. oTahleeekd ybesct a

parameters of the optimization model

Objective (weekevel): Minimize Bm N zf N s (6.

Subjected talaily activity constraints:

1. n 8 1A GhiQ

2. f]ﬁﬁs f]ﬁs -A OOQ
3.°Y0 0 jp 2YQN D

4. 0 | m Q

TabGle ParametsesrsmuuBesgednopti mi zati on.

Parameters Description Source
Day ® Id for days of the wee™®  for Monday tO®  n/a
for Friday
Simulation run “(s numerical id for each iTLE simulation run  n/a
Activity type + h ; IHW and IPW (1&2), shopping (3) HaliTRAC data

recreation (4), eating out (5)

Frequency classl A range of the frequency of activitycd HaliTRAC data
representing personal travel preferences, m.g.,
lg 04, wherem, refers to lower bound anely

refers to the upper bound

Observed proportion Proportion of people performing a specific activ HaliTRAC data

(™ +with a frequency df
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Parameters Description Source

Simulated proportion Proportion of simulated people performing ITLE WeekSim

(-F'I?& specific activitys=with a frequency offfin iTLE model
WeekSimrun,: :

Deviation (£) The tolerable difference between the obser Estimated

= ""and simulatedslg:? proportion of people through

performing a specific activity with a frequency

optimization

and simulation

Transition probability

weighting
Y R

factor,

A multiplier Ly gs for the calibration of the

transition probability of an activity in thed| |}

matrix in each simulation rug

Optimization
model

Transition probability

Transition probabilities with a dimension=pfe <

HaliTRAC data

t

I

matrix, 4| | to generate activity type, frequency, and seque
Calibrated Transition 4 | 0 .24 |[listhe calibrated matrix in eac iTLE ~ WeeK
probability  matrix, simulation run wherely s value is changed it Sim
J|| "‘ each iteration based on under or overestimatio

an activity=|=for a weekday; change occurs wi

+0.5 from the current state
The final activity agenda is fed into the Act
durati ons, start ti mei nfdersfateiadncaeomyvi agd smbedu
generate activity agenda by simulating acti vi
start time for each activity is simstareéedtc ome
Activity scheduiling in this study can be exp
The model outcome is validated in terms of t
di stributions of those activities that ar e
optimization modelling.
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643.Cal i bration and Validati on

The optimizati on modeI|L4|i|p°sorr epiefaft erdeé ryt rant itwi tc
t he week. For exampl e, t he opHi”mmdat'reatensdev
combi natb iwanlsued f or t he ac tpievristoyn fiwoorrkkT afbridoens hhooy
6.s2hows the best twenty combinations, and cor

i mprovement in model performance.

Each combination is éxearnd edaptiinmiaz ast i

inl ) apt ai roanm e
are estimated wutilizing the simulation output:
Fyields the objective values of 0.348, 0.423
are greater than tThhei sgiuwregne st htroe schoonl tdi n(ule. 2tOh e
objective values for all types Tohe accambviinateiso r

designed based on the overestimation or under

iteration. For exampylieel dshet Heassta tciosnfba cntactri yo no I
0.164 and O0.152, for | HW, I PW, and S respecti
t wo other activities, "Eating out" and " Recr ¢

0. 043 2a3n,d rOe.spectively.

Tab62e Cal i brrftoronomtfi i zati on sol uti on

Objective Values

In-Home In-person  Shoppin
Combination # (Ly ) P ppIng

Work work (S)

(IHW) (IPW)
F (IHW=1; IPW=1,; S=1) 0.3480 0.4236 0.1849
F (IHW=4; IPW=12; S=0.6) 0.3270 0.1850 0.2120
F (IHW=6; IPW=15; S=0.6) 0.2970 0.1630 0.2340
F (IHW=8; IPW=15; S=1) 0.2790 0.1630 0.1860
F (IHW=10; IPW=16,; S=1.5) 0.2410 0.1610 0.2920
F (IHW=12; IPW=17, S=0.9) 0.2350 0.1660 0.1950
F (IHW=15; IPW=15; S=0.9) 0.2150 0.1710 0.2240
F (IHW=17; IPW=17, S=1) 0.1960 0.1570 0.1950
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Objective Values

Combination # (Lﬂ D u;ljljme \IAr::kerson (Ssr;opplng
(IHW) (IPW)
F (IHW=18; IPW=17; S=1.1) 0.1950 0.1610 0.2000
F (IHW=19; IPW=18; S=1) 0.1730 0.1430 0.1960
F (IHW=20; IPW=20; S=1) 0.1530 0.1390 0.2010
F (IHW=22; IPW=22; S=0.8) 0.1610 0.1850 0.2060
F (IHW=20; IPW=20; S=0.9) 0.1660 0.1720 0.2020
F (IHW=20; IPW=20; S=0.8) 0.1790 0.1980 0.2040
F (IHW=20; IPW=20; S=1.1) 0.1820 0.1490 0.2250
F (IHW=20; IPW=20; S=1; max loops=5) 0.1710 0.1430 0.2220
F (IHW=20; IPW=20; S=1; max loops=10) 0.2610 0.2290 0.0940
F (IHW=20; IPW=20; S=1; max loops=8) 0.2310 0.1850 0.1280
F (IHW=20; IPW=20; S=1; max loops=7) 0.2180 0.1890 0.1380
F (IHW=20; IPW=20; S=1; max loops=6) 0.1900 0.1640 0.1520
F (IHW=20; IPW=20; S=1; max loops=6) 0.1900 0.1640 0.1520
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65. eRudnlB scussi ons

The out puWe ekfSrnonTull B2 & ot Ituwipeeys , activity durat
|l ocations among many ot her. The model gener a
synthetic agents spanned across five weekdays

to understanhg waekkbynacandi ti me use based on

65 1. Weekly Activity Participation

As previously menti on-®dh,0 mehiash dontéu dayn tSivmu li eetse d
the synthetic Halifaahomepulagtiomnti escl| wti ©d

default activitgbdietmotnhsd rmd cces|l .t hFei gduarid y pr opor
di fferent times of the day across the five we
been assigned charachaeme)c,0dWs( vacsr ki)o,l |  w(ss c Ho o
(pesonal buseanesoh), RE(((escerotme, akt({eadmes) ),
meal ) ;holme( ismt hookh)oomeamdork) (i From the figure,
proport todghno noef aocuti vi ties predominantly takes

worckompri sing t he nrhaojnoer asmHtaoroee toafc th odiHhthieens k A d

effect i s also noticeabl e, with an earlier de
1.0
0.8 -
H
D
F
0.6 1 A
e L
(=]
= [
§' s S
S e T
0.4 4 M
R
m E
. P
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