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Abstract

Reliability is considered the mostimportant attribute of transit service by
passengersThere arecongestedtransit environments wherein even if a transit
service is perfectly on schedule itis termed unreliable from a passengets
perspective when they are unable to board the first service ottheir choice set.

4EA PEATTTATTT O&EZAEI OOA O Ai AOAd AOEOA

strict physical capacity constraints wherein the transit sevice cannot take in
passengers beyond its capacityThis results in some ofthe passengersbeing
left waiting for the next service at the transit stops.

The existing transit assignment models; be it hyperpath based effective
frequency models,Bureau of Public Roads (BPR)ased route section models
or aggregate stochastic process models with strict capacity constraints, all
assume that the passengers have perfect knowledge of the network seldom
discussing the sources of such information. In the currenthesis this
assumption is renounced and areliability based disaggregate stochastic
process modelwith strict capacity constraints (R-DSPM)using route section
approachis proposed such that each passenger in the absence of information
updates his/her route choice based ortheir individual experience.Though the
aggregate stochastic processnodel implements the strict capacity constraint
for each transit service generated; the modelalong with the assumption of
perfect knowledge of the network assumethat the passengers are risk neutral.
The proposed R-DSPMimplements a strict capacity constraint for each transit
service generated thereby accounting for failure to board situation in
congested network. The proposed model differs from the existing aggregate
stochastic process model in its assumption of risk averse passengers. Risk
aversion in R-DSPMconsiders variance associated with interarrival times of
transit service at the transit stop;the waiting time of passengers due tohe
OFAEI OOA Oilon; ké il@hide trdvél tinde& @ Ebutes comprising of
route sections containing more han one attractive line section andtie variable
demandCAT AOAOGAA & O AAAE AA lbBelch faSshrgdisi 8
accounted for in R-DSPMthrough the linear combination of mean total travel
time and total travel variance (meanvariance) and a linear combination of
meantotal travel time and expected lateness (meafateness). A generic day to
day framework is developed with markovian properties such that ienables the
integration of both meanvariance and mearnlateness costs with ease and
results in a unique stationary distribution of costs and flows for each route.
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The proposedR-DSPMthus accounts for: strict capacity constraints of transit
vehicle, passeagers learning process, risk aversion of passengers, differences in
passenger perceptions, day to day variability in demand and supply of transit
network. The micro simulation framework showsthrough implementation on
example networks that while accounting for passengets risk aversion the R-
DSPMis able to arrive at a unique stationary distribution irrespective of its
initial conditions. The sensitivity of the proposedR-DSPMwith strict capacity
constraint under different parameter assumptions has been ceed out .

A calibration of the parameters involved in theroute section basedBPR styled
cost function and the hyperpath based effective frequency cost function using
the proposed R-DSPMindicates that different congestion function parameters
are required for different sections ofa transit network. It is also shown through
implementation on an example network that the proposedR-DSPMframework
enables thepassengers to learn about the reliability of routesand strategies. At
higher dispersion valuesR-DSPM assignrisk averse passengersuch that the
standard deviation of flows and experienced total travel timeon various routes
and strategies are lesser than that obtained by accounting for risk aversion
using the aggregate stochastic process models.

The impact of accounting for risk aversionon various policy measures that
could be carried out by the operators to improve the waiting time reliability of
passengers isalso assessedusing the proposedR-DSPMwith strict capacity
constraints. It is shownthat for certain parameter assumptions and for certain
policy measures theassumption of risk aversion in transit assignment could
result in an entirely different reliability profile from that of an assignment
process assumingisk neutral passengersThe implementation of the proposed
R-DSPMwith strict capacity constraints on a real networkhas been carried out
on a section of London underground andeveral possible policy measurehave
been evaluated The evaluation of policies has further emphasised theeed to
consider the risk aversion in passengers especially to account for the number of
passengers preferring to make a transfer (in absence of transfer penalty) at the
transfer stops to minimise their risk aversion costs.
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Chapter 1
Introduction

Urbanisation around the world has intensified the need to travel. Countries
regardless of beingdeveloped or developing arefaced with the problem of
increasing number of vehicles. Transport planners have realised that a
sustainable solution is required to deal with the increasing needor mobility .
The solution to sustainability is envisioned through the promotion and
improvement of public transit services.

The commuting pattern for cities around the world greatly variesfrom each
other but all cities find a major part of the commuting population reliant on
public transit. In India the commuting pattem of Delhi indicates that 36.2% of
high income householdsand 31.43 % of the low incomehouseholdsuse buss
and a further 1.79% of low income householdsuse rail as the commuting mode
(Tiwari, 2002). In Londonaround 27.8% ofthe low income group and 9.3% of
high income groupuse Bugstram s whereas 3.9% of low income group and
12.2% of the high income groupuse Underground/DLR for daily commuting
(TfL 2011). A look atthe above percentagedeads to a surmise that a growth in
the transit network fleet size coupled with a growth in their patronage is the
expected trend for the traffic sector. However historical evidence of the vétle
growth over the past years wherein public transit was still a predominant
mode of travel indicates otherwise with a decreasing share in public transport
patronage over the yeargfig 1.1).
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Fig 11 (a). Registered Vehicles under various categoriaes India 1 (b).Trends in
public transport demand in Great Britain 19762000 (Source:Balcombe et
al., 2004)

Several empirical studies(Balcombe et al., 2004Peek and van Hagen2002;

Jackson and Juckerl982) have tried to assess the attributes that wold make
public transit service attractive to commuters and find reliability the most

weighed attribute of public transit services. The most common problems
reported by transit usersare overcrowding, particularly during peak hours, and
the lack of servicereliability (Badami and Haider2007; Ceder, 2007 Peek and
van Hagen, 2002.

The main manifestations of public transport unreliability are excessive waiting
times due tolate arrival of transit servicesand excessive irvehicletravel times,
due to traffic or system goblems (Paulley et al., 2006)lles (2005) describes a
typical scenario witnessed by public transit commuters in some cities of
developing countries during peak hours as follows:

6) 0 xEI1T AA OAOGAOAT EIT OOOomAskas nady willl 1 D/
xAl E &£ O OEEOOU i1 ETOOAO TO i1 OA AEOAO 1.
transfer more than once from one bus to another during the course of their

ET OO0T AuUbh OOEZAOCET ¢ UAO AT T OEAO 111 C xAE

The above description fits very well with the peak hour journey of passengers
in some citieswithin India. Upon research it was realised that unreliability in

transit services is a universal problem though of varying intensity from country

to country.

1 http://cpcb.nic.in/upload/Newltems/Newltem_157_VPC_REPORT.pdf .2
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It is amply evident that reliability is a feature which needs further investigation
under public transit context because of the increasedotal travel times and
waiting times of passengers associated with unreliable transit services (Paulley
et al., 2006). Havever one needs to understand that a congested transit service
which arrives perfectly as per schedule can also lead to unreliability associated
with increased waiting times. The relationship between congested transit
network and reliability is discussed n section 1.3asit forms one of the key
agpects of the current researchCeder(2007) identifies that unreliability is an
ambiguous term whose definition varies with the context as defined by
operators or as defined by passengers The key feature that ntegrates
passenger reliability attributes and operator reliability attributes are the
headways. Operators tend to fix the headways of various lines operating in
system with a tradeoff between increasing their revenue and minimising the
waiting time of passenges (Fernandez and Marcotte, 1992; Li et al., 2008; Li et
al., 2009; Seshagiri et al., 196%urth and Wilson, 1981). Hence the short term
strategies adopted by operators to improve reliability of the lines serving a
network predominantly include modification of headways or frequencies.
Belmonte et al. (2005) describe several strategies an operator adopts to
improve reliability:

Change from time table to frequency regulation of lines.
Change from frequency to time tabled regulation of lines.
Change thdrequency regulation or frequency distribution of the line.
Increase or decrease speed of the individual bus
Jumping of bus stops by buses
Advance following service (a bus must over take the bus that is
crowded)
g. Advanced head service start (the bus at thhead of the line should start
ahead of its schedule.
h. Time table rotation (each bus in a line adopts the scheduled time table of
its successor)
i. An additional bus is included in the line.
Reliability as defined by operators greatly varies from that definedby the
DAOOAT cAOOG8 )T OEA AOOOAT O OOOAU xA OEAI
perspective and assess the impact of certain operator implemented policies on
passenger total travel times

-~ ® a0 T p
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1.1 Modelling Operational Characteristics in transit networ ks

The operational characteristics of transit services vary around the world. The
differences in operational characteristicsare such that in some countries there
are no timetables associated with transit services; in some countries time
tables exist but ae not adhered to and there are countries where services are
run in accordance with timetable Pritchard et al.(2014) illustrates that

O"AEI OA o¢t10 ,1TTATT80 AOOGAO OAT O1 A O
00T PO AT A 11 4//& 6 @Mesahs dasGénbdulddEoaDikel af OE /
TAITAA 11T AACEIT 108 )T @110 OEA OEAAAxAUSG

measure to avoid bus bunching. Instead of publishing a specific time, the headway
approach uses Location based services (LBS) to measure thandistbetween

buses. Instead of a published timetable, notices now state the estimated time
AAOxAAT OAOOGEAAOG j-A8icBl OOAODEAR O 00T AO/
As a transport planner it is necessary to account for the operational
characteristics while trying to modd the arrival of transit services in the

network. In networks with absence of timetables the services could be
modelled based onfrequency based (headway based) approagthereas in

networks wherein a time tabled service exists the modellers could usschedile

based approach

The reliability measures often used by transit agencies to measure schedule
AAEAOAT AREAAADPADIEI O AT AAE AT A OEAAAxAU
measures to evaluate headway regularity by transit agencies the coefficient

of variation. Hunter-Zaworski(¢ tmo q ET 04 0OA1 OEO #APAAEOU
i AT OAI 68 ET AEAAOA OEAO AEEEAOAT O 1 AOGAT
variation of headways. Headway variation is found to propagate delay to
downstream stops where itis likely that additional passengers have arrived to

board the bus (Abkowitz and Tozzi, 1987).Since it is found that headway

variation influence the waiting time of passengers at downstream stops a
relationship between coefficient of headway variation andpassenger waiting

time has been analytically derivedn Osuna and Newel(1972) and utilised in

several studies €g: Marguier and Ceder, 1984)Kirnpel (2000) point out that

while analysing transit service reliability the distinction between high

frequency services (headways lesser than 10 min) and low frequency services

needs to be madelLines characterised by low frequency services should be
concerned with schedule adherence whereafor lines with high frequency the

headway variability needs to be the measure of reliability. Another
characteristic of lines that impacts its reliability are the length of the line and
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the number of stops in the line itinerary. The assumptions pertaining to each
type of approach with respect to modelling reliability in servce arrivals is dealt
with in detail on chapter 2.

1.3 Congested Transit system and reliability

Congestion in transit system is associated with the increased waiting time of
passengers. In the context of transit assignment studies congestion is modelled
in varying ways as discussed in detail in chapter 2. In real world congestion
generally occurs due to a passenger being unable to board a service of his/her
choicewhen the serviceis at full capacity (failure to board). Another definition

of congestion wouldbe the level of service being provided within the transit
service. Passengers may perceive inability to get a seat as a form of congestion
whereas some may consider being able to stand without bumping into each
other as a relatively less congested ridenlthese cases congestion then defines
the level of comfort as perceived by the passengers.

@uring peak hours, stations can get so crowded that they need to be closed.
Passengers may not get on the first train and the majority of passengers do not
find a seat on their trainssome trains having more than four passengers every
square metre.When asked, passengers report overcrowding as the aspect of the
network that they are least satisfied with, and overcrowding has been linked to
poor productivity and pdential poor heart health.Capacity increases have been
overtaken by increased demand, and peak overcrowding has increased by 16 per
cent since 2004/%(Wikipedia, the free encyclogdia,2015)

A congested network defines reliability of the transit servicefrom the
passengers perspective. This is especially true in case of transit netwonkich

has more demand than the supply during peak hourssuch that the passengers

I £FOAT A@PAOEAT AA OEA Oumleldnt®@GaliureQd boakdl A OA
the passenger perceives the system tbe unreliable even though it may have

been totally reliable in terms ofits service operations.

1.4 Variations in transit supply and demand , in passenger
perceptions and in behaviour

Transit network is dynamic in nature. Not only do the supply and demand
variations happen within a day but they alsovary from day to day. Apart from
the day to day variations there are variations within the working days of a
week, between the weekends ah seasonal variations as wellBalcombe et al.
(2004); Abkowitz and Tozzi (1987); Kirnpel (2000) explicitly indicate these
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variations in their report. It is hence necessary to capture these dynamics while
modelling the transit network. Similar to variations associated with the supply
and demand of transit network variation in the perceptions of passenges with
regard to their journey times is encountered. Different people tend to perceive
their journey times differently than their actual experience with some over
estimating while some underestimating their journey times. These perception
variations also are important in modeling terms, as different notion of
perception may result in different flow patterns on various available lines in a
transit network.

While assessing the impact of reliability on transit passengers, one needs to
account for the heterogeneous nature of pasengers. It would be erroneous to
believe that all passengers travelling tend to minimise only his/her average
journey time. There could be passengers who are risk averse and hence
associate a degree of risk aversion towards variancassociated with the otal
travel time experiencedby them or passengers who are averse to total travel
time exceeding a certain acceptable valu@he currentthesis shall deal with the
route choices of risk averse as well as risk neutral passengers in a transit
network.

1.5 Research Context

A Dbrief overview of the existing lteratures in transit assignment andtheir
tackling of the above mentioned problems is dealt with in this section. The
detailed description of these literatures is given in Chapter 2. The aif the
current sectionis to introduce the level of research already done in the field of
transit assignment and theexisting standing of transit assignment studies in
the field of reliability.

Most of the frequency based transit assignment models which follow either
explicit path enumeration (De Cea and Fernandez L, 198Bg Cea et al., 1988)
or implicit assignment of flows on variouslinks (Spiess and Florian, 1989;
Nguyen andPallottino, 1988; Wu et al., 1994; Schmoecker, 2006; Cominetti and
Correa, 2001; Cepeda etal., 2006) assume highly irregular interarrival of
transit services (exponential interarrivals). Several other literdaures (Marguier
and Ceder, 1984BouzaieneAyari et al., 2001 Gentile et al., 2005) proposed an
alternative inter arrival distribution of Erlang which provides the modeller
with the flexibility of controlling the variance associated with the interarrival
of services. These distributional assumptions hence heli model the service
unreliability in the transit network at varying levels.
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A hierarchy of studies on frequency based transit assignment pertain to
accounting for congestion; a feature arising due to the physical capacity
constraints of transit services and increased passenger demand. It is known

that the transit assignment studies deve their complexity from asymmetric
interaction of link flows in a congested network wherein the upstream flow has

an influence on the costs/total travel time experienced by the downstream

flows. It is also known that the flows on a strategy/route can ifiuence the total

travel time/ costs experienced on the other strategy/route. Hence transit
assignment deals with cost functions thatare not only influenced by its own

flow but also by the flows on other links/routes. Assignment problemsof these

kind are termed asymmetric and leeping the asymmetric nature of transit
assignment in context, the early stage models utilised BPR style function to

model congestion.Spiess and Florian(1989); Nguyen and Pallottino (1988)

utilised BPR type invehicle cost functid ~OT AAAT O1 O &I O OE/
experienced by the passengers in event of congestion in a hyperpath/strategy

based optimisation problem, whereadDe Cea and FernandegA.993) introduced

"02 OUBPA AT 6O &EO1 AOGEIT EIT OEA xAEOEIC
increased waiting time associated with higher congestion in a route section

based assignment process.

Wu et al.(1994) utilised BPR styled cost function in both irvehicle travel time
function and in waiting time function. De Cea and FerndndgA993) account for
the asymmetric interaction between the flowsand use aO AgBnilizationd
algorithm for solution which they argue has good convergence properties even
when monotonicity is not satisfied.Spiess and~lorian (1989) acknowledge the
limitations of their model wherein it is assumed that all passengers experience
the same level of discomfort and waiting time. SimilarlyWu et al. (1994)
acknowledge the inability of their model to transform the hyperpath fows into
an expression comprising of arc flows and also highlight the Ilimiting
presumption made that the hyperpath costs are strictly monotone in nature.

Modelling the effects of congestion was further improved upon by the

ET 001 AGAOCEIT T 0OAR ARAMEYEAA OFEEOMR AMIOARNADO 1T £ OF
first defined in Spiess and Florian(1989) as the frequency of lines which are
decreasing functions of the total volume aboard the transit service. The

Ei b1 AT AT OAQCET T 1 £ OA A££A ByDE OcA an&é&rdahdéA 1T A U b
(1993) OEOT OCE OANOEOAI AT O AOAOACA xAEOET C
index common to all the passengers waiting for a line at the transit stop
irrespective of the route section used by them. Effective frequency was
compuAA AO OEA ET OAOOA 1T &£ OANOGEOAI AT O AO
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boarding probability was computed as a function of these effective frequencies.
The effective frequency was able to depict the decrease in boarding probability
with the increase in waiting time realistically however at capacities the waiting
time tends to infinity resulting in effective frequencies tending to zeroln such
cases an upper limit of frequency was fixed which when reached thdemand
was assignedto strategies consisting of waking arcs, which were arcs with no
waiting time and with infinite frequencies (Cominetti and Correa, 2001Cepeda
et al., 2006)

The introduction of strict capacity constraint was achieved bySchmoecker
(2006) x E | OOET ¢ "Al1TTAT 80 AUT phopdsedl aR NOE| E
alternative network layout consisting of failure arcs which were assigned the
excess flows at a given time step. These flows were then reintroduced with the
next time step generated flows to complete their journeys. The hyperpath
which captures the congestion effects such as failure to board and excess
waiting time with a great deal of success however as noted by the author it
requires an experienced modeller to specifyhe time discretisation required for
the dynamic framework. Schmoecker (2006) mentions that time interval
duration should be longer than the time it takes to traverse an arc in the
network; hence for trips which have longer travel time several arcs of sher
durations needs to be specified in the network design to capture the effect of
congestion realistically. Adopting a dynamic simulation framework Cats et al.
(2011) assessed the effect of information on the path choice of transit
passengersTrozzi et d. (2013) proposes a dynamic model which considers the
FIFO principle of passengers at the bus stops and proposes a diversion
probability which is time dependent and models the expected congestion at
that time step. A day to day learning process model withstrict capacity
constraints with aggregate learning process was initially formulated byleklu
(2008a and 2008b) whose model has been furthered in the current studyo
account for reliability in a transit network.

The frequency based transit assignment maas discussed above assumes

random arrival of transit services coupled with variousassumptionsto account

for congestion The above mentioned modelsll assume that the passengers are

risk neutral and hence associate no disutility towards the unreliabiliy assumed

in their models. To overcome this issue a series of attempts have been made in

recent years(Yin et al., 2004; Yang and Lam, 2006; Szeto et al., 20$zgto et

al., 2013)to account for reliability in congestedtransit assignment studies. All

the existing OAT EAAEI EOU AAOAA OOAT OEO AOOECT I
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OAAQGET 16 ADPDPOI AAE 1 & AOAN O A idellUwithA A O A A
congestion by either assumingAT  O1 OA Ol (YirAéh al. A2804:%db@ and
Lam, 2006 Szeto et al., 201Bor a BPR styled increase in waiting timé¢Szeto et
al., 2019.0/ OAOI T AA A@fam ktll., 19094 dn edd., 2002 Li et al.,
2009) computes the delay due to overloading of a line endogenously during the
Stochastic User equilibrium(SUE) assignment. From the above discussion it
can be deduced thatin approach to modelling the unreliability associated with
failure to boarding the first service of their choice (strict capacity constraint
models) has not been dealt with so far in frequency based tranassignment.A
schedule based approachusing meanvariance model to account for
unreliability based on disruptions was proposed byHamdouch et al.(2014);
wherein the disruptions were modelled by randomised invehicle travel times.

1.6 Gap in Literature

As highlighted in Teklu (2008a) the above mentioned modelsdo not account
for the impact of strict capacity of the transit services on the waiting time of
passengers(or the situation of failure to board the first service of their choice
set) ; - though attempts have been made to address the issue of congestion by
i AATO 1T £ OAEEAAAGEOA ADANOARA2 A &G IGRdiiciOAGd 1 |
modelsd(section 1.5). In hyperpath based modelshe priority of the passengers
already in a transit service (those wo boarded on the upstream transit stop)
over the passengers boarding the service at the downstream sto not
observed.lt is also realised that in hyperpath based formulation the decision of
when to alight and when to continue a journey is as importanas line choice
(Nokel and Wekeck, 2009 Also with the exception of Trozzi et al.(2013) all
the other hyperpath based transit assignment approach assume mingling of
passengers at the transit stops which may not be necessarily true in certain
transit stop layouts. The accountng for the interaction of passengers with
different strategy choice; OE A TAETACA D OI AAOOS wdéiE Baie A DAC
gone through over his/ her repeated travel and transit services havingstrict
capacity constraint has been dealtvith in Teklu (2008a and 2008b). Teklu
(2008a and 2008b) made use of aggregate stochastic process model
formulation based on day to daytraffic assignment proposed by Cascetta
(1989; Cascetta and Cantarel[#991). Watling (1996) elaborates the advantage
of using stochastic process modekhich gives an unique stationary probability
density function as output analogous to unique equilibrium solutionand can be
argued as a much more realistic solution to assignment problems. The
advantages of stochastic process models and its implementation as a
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markovian process is dealt with in detail byWatling and Cantarella(2013);
Watling and Cantarella(2012) through series of examples.

As mentioned the implementation of a stochastic process modelin transit
network in order to understand the dayto-day evolution of flows with an
exponentially distributed interarrival of supply and demand was done by Teklu
(2008a and 2008b). Teklu (2008a and 200808 O x1 OE xAO AAIl A
simulation framework for assessing the flow distribution as an aggregate
stochastic process model. The presence of stationary distribution of flows
irrespective of the initial conditions was proven under a Monte Carlo based
Markovian framework (MCMC) for a strict capacity constrained network.
However the assumption of aggregate learning ifeklu (2008a and 2008b)

Ei bl EAO OEAO OEA DPAOOAT CAOO EAOA £EOI I
It also assumes that in the aggregate learning process passengers overlook
their own individual experiences to base their route choice on the predicted
costs for a route The predicted cost of the routeis computed asthe average of

the experienced costof all the passengers on the route. These assumptions in
reality would mean that the passengers have an external information source
which makes them aware ofthe experienced travel times of all theother
passengers O that the passengershave full knowledge of the networkand the
expertise to derive the probability density function of the waiting times kased

on the current day® transit supply demandconditions. Such assumptions seem

O1 OAAT EOOEA AT A OET AA OAI EA A HisaggiegateE 1
stochastic process model is proposed in the current research

Though Teklu (2008a and 2008b)0 0 O O1 A E A OOE Aadbrodelfed O O
variations in transit interarrivals, passenger interarrivals and failure to board;

it assumed that the passergys were risk neutral. The current research furthers

the stochastic process model proposed ifTeklu (2008a and 2008b)0 Gy
accounting for unreliability associated with

a. Varying interarrival times of transit service at the transit stop

b. The variation in the waiting time of passengers due to the
OZAET OOA O1 AT AOAd AiI 1T AEOEI T 8
strict capacity constraint enforced at disaggregate level which
results in some passengers nobeing able to board the first
transit service of their atractive line set.

c. The variation associated with the invehicle travel times of
routes comprising of route sections containing more than one
attractive line section.

d. The variation associated with the variable demand generated
£l O AAAE AAU6O OOAOAI 8

EO

4 E
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in the cost function of the passengersthereby assuming that the passengers
arerisk averse) T OEA AAOAT AA 1T £ OET &I Oi AGET 1 6
formulated as a disaggregate process wherein each individual bases his/her
route choice on his/her individual experience.

1.7 Research Objectives:

Based on the discussions put forward in section 1.#he current research aims
to

1 investigate the route choice variation of public transit users under the
context of reliability as defined by the passengers. Theodel developed
should be at disaggregate level enabling a micro level analysis of the
impact of unreliability on each commuting passenger. The disaggregate
aspect of the model is emphasised as in a congested network the
passengers who areunable to board the first transit service of their
choice set experience a different level of unreliability from those who
are able to board the first transit service of their choice seflso in the
AAOGAT AA 1 E1 @A GDA OEthel cdse jn Anény He@eloping
countries and several smaller transit stops of developed countries)
assumption of full awareness as proposed in aggregate models seems
unrealistic. Thereby the aim is to &count for the route choice of
passengers who are averse to the variation in their tai travel times.
Since variance is associated with several aspects of transit modelling
framework (section 1.6) a need to develop a holistic model accounting
for all the aspects of variance arises.

1 Upon understanding the impact of usingzariance of totaltravel time in
the cost function of route choice model there is a need to address the
issue of disutility associated with variation in the total travel time of
passengers.

1 Accounting for risk aversion in route choice of passengers ultimately
needs to feedback tothe operators looking to improve the transit service
reliability. Thus there is a need to evaluate the possible policy measures
a transit operator could implement to improve the reliability of the
transit service while accounting for risk averse pasengers

1 Implementation of the risk aversion models on a realistic network could
help assess the actual implications of ignoring of risk aversiofas is
done in almost all of the existing transit assignment mode)s
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To achieve the set aims for the curn& research a series of objectives have been
defined as follows:

1.

To formulate a markovian disaggregate stochastic process framework
which accounts for route choice of each passenger based dinear
combination of mean total travel time and total travel time variance
(mean-variance)cost. The route choice is assesseahder variable transit
supply and demand with strict capacity constraints To test the
developed framework on an example network ando carry out the
sensitivity tests.

. To implement the meanvariance cost function on existing equilibrium

based transit assignment models and aggregate stochastic process
model and compare the performance of these models with proposed
reliability based disaggregate stochastic process model with strict
capacity constaints.

To formulate a markovian disaggregate stochastic process framework
which accounts for route choice of each passenger baseuh linear
combination of mean total travel time and expected latenessnean
latenesg cost To test the developed frameworkon an example network
along with carrying out various sensitivity tests.

To assess the behaviour gbroposed meanvariance and meanlateness
models on policy interventions which could be made by network
operators.

To validate the meanvariance and mearlateness models with a real
network data (The open source data on London underground from TfL
is used and to study the impact of certain policy interventions on
waiting time reliability profile .

1.8 Thesis layout

The thesis is structured such that chapter Heals with the motivation and the
gaps in existing literature (with a brief introduction of the existing literatures)
based on which the existing thesis objectives are framed.

Chapter 2 elaborates the state of art for the present study in terms of
assumpions involved in frequency based transit assignment; dealing with

capacity constraints random utility models used for accounting for passenger
perception variations and the choicevariation of routes based on utility
functions. The state of art onaccourting for reliability of services on route
choice of transit as well as traffic networks. Thestate of art on stochastic
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process models on dealing with problems where the presence of multiple
solutions cannot be ruled out.

Chapter 3gives an overview aboutthe stochastic process models together with
the formulation of disaggregate stochastic process model used in the current
study. The application of disaggregate stochastic process model on an example
network for risk neutral passengers (as is assumed in mof the existing
transit assignment model) together with various sensitivity tests and theests

to prove the markov property are carried out.

Chapter 4introduces through some numercal tests the changes in the choice of
shortest route when a network ofrisk averse passengers are considered. The
application of disaggregatestochastic process modelising meanvariance cost

on an example network along with tests to prove its markov property and
various sensitivity tests are carried out. A comparison of thalisaggregate
stochastic process model with a BPR styled Logit SUE model and an effective
frequency styled hyperpath based DUE model is carried out.

Chapter 5 deals with a measateness cost incorporation in disaggregate
stochastic process models The anaysis is followed by a series of policy
evaluation tests being carried out to show the impact of accounting for risk
aversion in the waiting time reliability improvement.

Chapter 6 shows a case study of the London underground section implentieg
the meanvariance and mearlateness models.

Chapter 7 summarises the finding of various chapters together with
conclusions. Future directions of study are also highlighted.
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Chapter 2
Literature Review

2.1 Introduction

Reliability studies integrated with assignmer process has long been studied. In

traffic analysis the reliability studies has been embodied in the assignment

DOl AAGO ET 1T OAAO O1I AOGAI OAOGA OEA DBAOO!
unreliable service attributes. In these studies route choice models ha
accordingly been classified as shown in Tab1.

Table 2.1:Chen et al(2002)8 Classifiation of route choice models irtraffic
assignment studies

Perception Error

No Yes
Network No DN-DUE DN-SUE
Uncertainty | oo SN-DUE SNSUE

Where DN Deterministic Network
DUEdeterministic user equilibrium
SN Stochastic equilibrium

SUE Stochastic user equilibrium

Similarly almost all transit assignment studies have integrated reliability
aspects as well. The difference in the integration of reliability between traffic
assignment studies and transit assigment studies lies in the fact that in transit
assignment since the supply side of the assignment process is stochastic in
nature an endogenous accounting for certain reliability issues by assuming
varying headway distribution and random arrival of passenges results in
embedded reliability analysis. The so called static approach to transit
assignment modelling namely, the frequency based transit assignment accounts
for the network uncertainty endogenously and often tends to minimize the
average total traveltime experienced by passengers thereby assuming that all
passengers are risk neutral.

Transit assignment models deals with the route/strategy choice of passengers
in a transit network and provides an estimate of the number of passengers
travelling along the various routes/strategies in the network together with the

estimated cost of travelling on these routes/strategies. In comparison to the
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traffic networks the assignment problem of transit network is much more
complex not only due to the presence of seval stages (walking to the transit
stop, waiting for the transit service, transferring to a different service, riding in
a service etc), interaction between several entities (buses, information system,
passenger heterogeneity) but also due to several diffulties in formulating it as

a simple mathematical assignment model.

A transit network modeller needs to model the waiting time of passengers at a
downstream transit stop which is affected by the number of passenger opting
for the service at the upstreamstop as thetransit may be full when it reaches
the downstream stop resulting in failure to board situation. Also within the
transit service the passengers sitting enjoy a better level of comfort than those
standing. Modelling the increased travel times opassengers due to above
mentioned factors results in several complexities. When the costs of each
alternative link/route can be expressed in terms of its own flow then they are

~

termed as symmetric problem as they have diagonal jacobians-ﬁA O

nHh @ U where @ is the cost along linesegmentx and O is the flow on the

competing line segment Such an assumption is a common practice in traffic
assignment. However in transit assignmensuch a symmetric jacobian cannot
be assumedasthe cost experienced by the passengers on one routdfategy is
influenced by the passengers opting for routesharing the same route sections
Also the cost experienced by the lower end transit stop passengers is
influenced by the passengers leeady present within the transit service who
have boarded the service at upper end transit stap

As mentioned in Chapter 1 a transit modeller needs to understand the
requirements of the network he/she models. In developed countries one finds
the transit system evolution is advanced to a level such that the transit services
run as per the given time tables and the issues of frequent navailability of

the scheduled services are minimal. They also have information dissemination

OUOOAI O OOAE @O HOEIT O TAIGETADOOOAAEET ¢

there are certain developing countries where the presence of time tables is
negligent and the frequencies of services are completely random; fluctuating
highly on day to day basis. On the other hand wesal have countries where the
transit network operation in spite of having a time tableseldom follows them
These variations in supply side reliability are further complicated by each line
within a transit network being associated with differing levels of umreliability.
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Based on the various network characteristic to be modelled a transport planner

EAO OEA 1 POEIT O AETTOA AAOxAAT OA&EOAN
AAOGAA ApPDPOI AAES O1T 11T AAT A OOAT OEO 1 AC
highlight the frequency based transit assignment models in detail as that is the
approach followed in the current thesis. A discussion on use of Random utility

models (RUM) for assignment process is also made. A review on reliability

studies and the various methods of arlgsis namely, scheduling approach and
mean-variance approach is also described along with a review of stochastic

process models.

2.2 Transit assignment models

In transit studies the modelling of the route choice decisions of a transit
passenger can be dgeved by two approaches

1 Frequency based approach

1 Schedule based approach
Transit assignment approaches mostly assume that the passengers have a good
knowledge of the network in which they are travelling and hence often are
modelled as mssengers that mak A -OEGES|I EAKS OOME AET E
OOAOAT T AOOG AOA 1T AATTAA AO OEA OAI AOGAOS
DOl OEAAA xEOE OEI| Alradie Al€ér Hecigion(Gam ahdBEIA AT
2003).
Earlier transit assignment approaches (Fearnsidand Draper, 1971 Le Clercq,
1972) dealt with route choices similar to that of traffic networks wherein the
OOO0OAOACUS AT T AADPO xAO 1106 EIi bl Al Al OAA
terms of individual paths. Fearnside and Draper 1971) solve the trarsit
assignment problem by associating walking time with the centroid connectors
in the traffic network, travel time with the link length and the waiting time with
frequencies that are associated with the turning penalty system. A distance
dependent linearfare function was also included in the costunction. Le Clercq
pwxcqg O0AOG A O1 T AA OEOI 6CES Al Ci OEOEI (¢
T AOxT OE8 4EA OI1TAA OEOI GreEortes lpafh WE OE |
starting with the node having the leasttime and updatingthe time, if the time
to reach that node from origin is leser than the initial set time. Le Clercq
(1972) also code transit network as traffic network. These studies were able to
fulfil the transport planner requirements in earlier days as the demand for
transit services had not exceeed OEA OOBPDPI U8 (1 xAOAO ET Ot
felt imperative to improve the existing transit assignment models to
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incorporate the effect of physical capacity constraint of transit services to
accurately nodel the total travel time/costs experienced by passengers.

2.2.1 Common lines problem:

The important principle which underlines the public transit assignment is the
presence of multiple lines running between not only the adjacent bus stosd
alsobetween a pair oftransfer stops. The earliest study to addresshe problem

of common lines was Chriqui and Robillard(1975). The foundation of
EAAT OEEZUET ¢ OEA OAOOOAAOCEOA 1 ET A OAOS
identifying the attractive line set of route sections is lased on the heuristic
given by Chriqui and Robillard (1975). A route section is definedcasa section of
line which runs between to transit stops which are not necessarily
consecutive and form a part of the route connecting an OD pair. A teusection
can be part of several routes and route section can consisbf one or more line
sections. Chriqui and Robillard(1975) address the issue of identifying the line
or route sections that can be chosen by the passenger as an optimisation
problem by assuming that a transit user only chooses a subset of available lines
between the bus stop and gets on the first bus that arrives in this subset of
lines. The minimisation process derives a set of lines sections whiethen put
together minimise the total travel time of the passengers. The algorithm
AAEFET ET ¢ OEA DPOI AAOGO 1T &£ EAAT OEAEUET ¢ OEA
Arrange the common lines in ascending order of their kvehicle travel times

Let3 pht8 it and3  pipt8

Compare Total Travel Time (T.T) of3 with total travel time of 3

If48 3 48183 then 3is the solution set

Else

3 pipfB It and3  pipp8 it and compare T.T oBwith T.T of 3

Continue till 48 3 43183 then 3 is the solution set else till 3
pipfBp then 3is the solution set.

The above heuristic was applied for uniform and exponential headway
distributions. The exponential headway assumption results in the following
minimisation problem which can be solved by the above heuristic
. .p B. O -
I E? = 5

B. 3
Subjectto™  mip! N,

P
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Wherein O - is the in-vehicle travel time of linesection|
3 - is the frequency of linesection|

Chriqui and Robillard (1975) argue that they have not been able to find a
counter example for the above heuristic solutionHowever Marguier (1981)
specify a set of conditiors for deterministic headway distribution wherein the
above heuristic fils. Marguier (1981) also mention that it is very rare that such
set of conditions are met within the real network.

It becomes clear from the above paragraphs tht the heuristics specified by
Chriqui and Robillard (1975) works for most situations especially inthe case of
exponential headway distribution and is shown to not work for a specific
condition of deterministic headway distribution. Gentile et al. 005) proposed
a straight forward modification to the existing heuristic wherein the sorting of
lines currently based on invehicle travel time was replaced bysorting of lines
based on total travel time in order to make thénheuristic work for deterministic
conditions as well.

2.2.2 Unconstrained transit assignment models:

Transit assignment models initially assumed that the transit supply network
was able to cater to the existing demand and hence were formulated as
unconstrained models. These models were classified into two different
approaches, namely:

1 Hyperpath/ Strategy approach
1 Routez Section approach.

The distinction between the approaches being that the route section approach
enabled explicit enumeration of routes between an OD paiand defines the
attractive line set between transfer stops where as hyperpath/strategy
approach was formulated without explicit enumerationand defines attractive
line set between each nodeO3 OOAOACUS EO AAAZEIT AA AO
follows to reach their destination. The graphical representation of a strategy is
hyperpath. The network structure in route section and hyperpath/strategy
approaches differs from each other as shown in fig 2.1. The example network
given in fig 1a. has several possible set of strategi€set of rules)to travel from
various origin points in the network (S1 and S2) to the destination (S3). The
table highlighting all the possible strategies and thepossible route sections for
the network is given in table 22. Fig 2.1 (b) gives the graphical (acyclic)
representation of network in fig 2.1(a) and hence iscalled the hyperpath
representation whereas fig 2.1(c) gives the route section representation of
transit network in fig 2.1(a).

OE
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The table highlights that the alternatives A10 and A1l are absent in the route
section approach. These approaches shall be foer described in the following
sections.

Fig 2.1 . Different representatios of atransit network (a) transit network (b)

Hyperpath representation (c) Route section Representation

Table 2.2 All possibleRoute Sections anall possible Strategies for the

network in Fig 2.1 a.

$1-52

§2-83

$1-83

Strategies

Al

A2

A3

A4

A5

A6

A7

A8

A9

A10

All

Alternative

L/l

L+l

Li+l,

L/l

(htlp/l)

(h+h)/l

(Li+lp/
L)/

Routes

R1

R2

R3

R4

RS

R6

R7

R8

R9

Route
sections

A+D

A+B

2.2.2.1 Route z Section approach:

&I 11T xETNGCTOEA EORIOS
De Cea and Fernandez (1989) proposed a network representation based on
line sections. This served the purpose of il A1 AT OAOET 1
concept onto a larger network. Line sections are defined as the lines joining two

ATTAAPO AAOHWAA AU

I £ OEA

bus stops which are not necessarily consecutive. The network representation
as the nodes vector and as the set of all possible
021 GpoktiondAtAeddtite befvee Gvo A A EE T
consecutive transfer stops and each route section is associated with the set of
Let denote the set of

I ETA OAAOEIT O8

attractive lines sections or common line sections.

H consistsof

#

¢
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transfer stops,0 the in-vehicle travel time on the line sectiond w is the
total flow along the route sectionp is the flow on line sectionge is the
frequency of the line section; indicates if the line section belongs tdY or not,
Q is the total demand from origin ‘o destination 'Cand Y is the set of line
sections directly connecting the nodes’Q’Q The model is drmulated as
minimisation problem wherein trips are assigned from origin to destination via
route sections as follows:

[ ET b ©
L Vo ] F (¢
N h Nn
Subject to
b Q VNG
SR 5
V] B — I "AQN nhon Y €5

o T an’vy

~ T[I;ﬁ)_l \a N nY
The above model does not include capacity constraint. The solution to the
above problem is achieved by means of a three step proceatere the first
step involves the identfication of the attractive line set using the heurist
provided by Chriqui and Robillard (1975). Since the heuristic algorithm does
not consider capacity constraints the attractive line set obtained is foran
uncongested network. The assignment of flows$o the route sections is done

using allor-nothing assignment process. From the route sections the flows are
assigned to the line sections using eq(2.3).

2.2.2.2 Hyperpath/ Strategy approach:

(a) Optimal Strategy
O3 00A0ACUE EO AAEET AWa pasdendecfdllownd®© Acch | £ O
EEOTEAO AAOOET AOEI 1868 4EA ATiT11TT1T 1ETAO
AOAT AxT OE (AU A3NGOMBOA CEEOOO ET OON1989AAA AL
The strategies when represented in graphical format were known as
hyperpaths (Nguyen and Pallottino, 1988). The strategy/hyperpath based
assignment assumes each line serving a bus stop as a separate arc. The
strategy/hyperpath concept eliminates the explicit enumeration and hence
proves advantageous for analysis of larger network In sync withthe shortest
path concept of traffic assignment, strategy/hyperpath approach introduces

Ol bOEIi Al OOOAOAGCUTEUDAODAOESS8 ! AAOAEI A
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strategy as given in Spiess and Floriaf1989) shall be dealt with in thissection.
Spiess and Florian(1989) highlight that strategies can define several set of
rules to reach the destination In absence of information passengers are
unaware of the exact arrival of the lines serving a transit stop and when the
transit services have capaciy exceeding the demanghe passngers invariably
choose the line which comes first amongst their set of attractive lines (lines

xEEAE [ ETEIi EOA OEA DBAOOAT CAOO O1 OA1T OOA
AEOOO 00 AdtradgandisArepfagedtdtl oy Spiess and Florian(1989)

using the following algorithm:

Step 1: Choose an origin node and fix it as the STRAPDE

Step 2: Board the vehicle that arrives first at the STORODE from the
predetermined set of attractive lines.

Step 3: Alight at the predetermined node.

Step 4. If the alighting node is not the destination then set the current node to
STOPRNODE and return to step 2; else trip is completed.

From the above algorithm it is amply clear that the passengers choose their
strategy bash 11 -DOOBDOAAETI EAA xEAOAET OEA AO

passenger to reach his/her destination is defined before the journey. The
alighting node is also predetermined based on the line boarded by the
DAOOAT CAO EAT AA -00 D0 AKiis MieldE@n ikl arvne Gahsit

00i PO ET OEA AAT OA OOOAOAcCU T &£ O OAEA

important aspect in the definition of strategy as mentioned in Spiess and
Florian (1989) is that the origin node is not a fixed entity hence sategy defines

the rules that enables a passenger to travel from any node to the destination
node. A subtle difference between the strategy and hyperpath approaches lies

in the solution approaches used. In case of strategy based models the

minimisation problem is solved based on linear programming approach
whereas hyperpath based models use dynamic programming.

The network : “ X representation in Spiess and Florian 1989)
characterises each arcAN X by O g  where O -travel time
associated with line segmentind 3 - frequency of line segmentThe arcs which
do not have invehicle travel times associated with it such as the waiting arc,
boarding arc, alighting arc the value ofO is set to zero ad for arcs such
as invehicle arcs, alighting arcs, boarding arc the value gf is set to zero. A
strategy to reach destination stopEN =~ is represented by partial network

" H where” ~~ and' ~ X consists of only attractie line set
used as part of the strategy. Among the links included in the strategy a
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passenger boards the first transit service that arrives. The attractive lines that
make up a strategy are represented in terms of-Q variables™ .
. @ !

ph Q@

If the total demand from nodeBo Es denoted byA such thatA B, . A

Then the optimisation problem to identify the optimal strategy3” is formulated
asshown in Spiess and Floriar(1989) :

I E1 © 8
} 0 0 . B, - C
Subject to
0 B - -
W 0 Q
W T

Wherein 0 denotes the volume of passengers on the linsegment @ and @
denotes the volume of passengers accumulated at the norom various line
segments preceding it,  denotes the frequency of line segent & and 0
denotes the invehicle travel time of line segmenta

The above mentioned problem has non-linear objective function with non-
linear constraints which are converted into simpler linear programming
problem and then solved by two step aorithm. The first step involves
backward labelling of the shortest path algorithm to identify the shortest
strategy from a destination to all other stops and the second step involves the
assignment of flows/passengers onto the lingsegments

Part 1: finding the optimal strategy

1.1 Initialisation ©@ HQ® ~ ONo
. Q"
n X ;%Y n

1.2 getting the next link:

€

Ifn n then STOP else findd @ N nwhich satisfieso
0 ®hd  dioN D
Where @ is the cost associated witmoder.

n n ®
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1.3 updating node label

. . e andY Y ©

Goto step 1.2

Part 2: assignment

2.2 (initialisation) w Q

2.3 (Loading) for every link N X ,in decreasing order of 0 :

If ON "“Ythen

0 W

Wherein wis the volume of flow accumulated at nodéQ
®w w U
€ i 0 Qi Ot

lllustration of the implementation of the above algorithm for the network
shown in fig 1(a) through the steps involved to get the optimal strategy and
assign the flavs are shown in Appendix A. The strategy formulation as
proposed by Spiess and Florian (1989) forms the basis of the transit
assignment software EMME2 (Constantin andFlorian, 1995).

(b) Hyperpath:
AEA OOOOAOACUS AITAADPO xAO AG#aHphdalA O
framework to the transit network in Nguyen and Pallottino (1988). The
graphical approach enabled users to specify the network in a noeec
representation. The network therefore was represented as: YR with
the bus stopsg™ ~  and the directed boarding arcsAy ' . A hyperpath which
joins B OD pair is given ag A o owhere” 67 ' O' anda
is the choice probability of hyperpath( . ' consists ofseveral head and tail
nodes denoted asEEN ' such that EN™ and EN” . Each arc BE is
associated with as costA and from the tail node E there is a set of forward
star nodes E N %. % denotes the set of tails nodesvhich forms the attractive

line set of travel from the E node.From each E there is a choice probability
associated with accessing nodeE N %

B .

N

¢®

Where« is the frequency of the line segmenQQ

Al
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The choice probability of a pathGwithin the hyperpath 1) is given as

l

h g

Using the above specification the i of the hyperpathDbis computed as the
sum of the costs of constituent nodes and arcs thereby resulting in the
following formulation:

0 g 0 W q:)
@ h g NG

Where w is the waiting time associated with pathn at node "Gand 0 is
the in-vehicle travel time of the arc connecting node¥and 'Gand Y is the set of
paths within the hyperpath ). 4 EA DB OT BT OAA O1 1 OOETT Al CIi
dynamic principle to solve the shortest hyperpath problem recursively from
AAOOET AGET T O OEA T OECEI 8 "Al1TTIAT80 D
NOEAEAOO DPAOE xEI 1 EA EAfndde® orethe@QlickeBtAAE 1
path and node’Gorms its back node on that path; then any other quickest path
from origin to destination via node ‘Qshall have node’Qas its back node
(Bellman, 1956). The optimality principle required for recursive bel | AT 6 O
dynamic principle is further explained by Gentile et al(2005) as the one where
all the sub strategies of the optimal strategy are themselves optimal.
The methods reviewed above are based on several assumptions such as

(a) Random arrivals of passenge

(b) Exponential arrival of transit services

(c) Independence of the lines serving the bus stop.

(d) The passengers do not have passenger information at bus stops.
The assumption of exponential arrivals has been criticised by many studies
such as(Gentile et al., P05; Marguier and Ceder, 1984) and they have adopted
Erlang headwa distribution. Marguier (1981) was able to show that the
common lines problem solved bythe heuristic algorithm given in Chriqui and
Robillard (1975) was applicable only in exponential intearrivals. A modified
algorithm to solve the common lines for deterministic interarrivals was
proposed by Gentile et al(2005). Though the application of erlang interarrivals
and its impact on thewaiting time distributions has been dealt with in Gentile

et al. (2005) and Marguier and Ceder(1984) it has not been explicitly
understood. The relationship between waiting and interarrival distribution was
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detailed in Larson and Odoni(1981). Larson and Odoni(1981) show that if Rh
bus arrives at the bus stopH: units of time after the R1% bus arrival then H
denotes the bus headway and that the probabilistic occurrence of the headway
will decide the probability distribution of the waiting time of a passenger for
that line.

It is assumed that H values are dentically distributed though they are not

ET AAPDAT AAT O8 ) O EO ET AEAAOAA OEAO OEA
bus stop is of significance as such an assumption indicates that the arrival of the

next passenger at the bus stop cannadbe determined using historical data of

actual arrival times of the passengers which is obtained through surveys.

Having assumed that the passengers arrive at the bus stop at random, the
derivation of probability law for 7 (waiting time; which is the duration
between the time of the random incidence of passenger arrival at the bus stop
and the time of next arrival of bus) is carried out. In order to achieve the
probability law for 7 it is necessary to know the probability law on9 (the
length of the inter arival gap entered by random incidencg. The length of this
inter arrival gap can be split as(a). The time gap between arrival of the most
recent bus and the arrival of passenger at the bus stogb). The time gap
between the arrival of the passenger athte bus stop and the arrival of the next
bus.

The probability that a gap which a passenger arriving at random at the bus stop
enters assumes a value betweedandU A Uandis given as

OU 9 U AU
which is the p.d.f o9

"QUAU

The relationship between the random variables Y and H has to be ascertained
to determine the probability of a random incidence entering a gap betweeb
andU A UGiven below (fig 2.2) is an example whereiit is assumed that the
values of Uand h are discrete and not continuous in order to explain the
relationship between 9 and H. It is understood that the logic applied to a
discrete case will also hold true for a continuous case. Assuming that (as given
in fig 1) the headway H has two valueE =15min andE =60 min
P(E )= 8/10 and P(E )=2/10

Now assuming that a passenger arrives at uniform intervals of 1 min we have
15 passengers in the interval of 15 minutes and 60 passengers in the interval of
60 minutes. Hence in thetotal time period of 4 hours, 120 passengers have

entered the gap of 60 minutes width and 120 passengers entered the gap of 15
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minutes width hence the probability of being incident on a gap of width 15 min
and the probability of being incident on a gap of width 60 minutes is the same
though the frequency of occurrence of these gaps vas.

P (U =15 min) = 120/240=1/2

P (U =60 min) = 120/240=1/2

rssenger arrival incidence

T

60 60

is 15 15 15 15 15 15 15

Bus headways

Fig 2.2: Frequency Relationship betweeh and H

Now let us assume that in an irdrval of 45 minutes, 15 minute headway and 30
minute headway have equal probability of occurrence as shown in fig 2.3.

Passenger arrival incidence

15 30

Bus headways

Fig 2.3: Width Relationship betweent and H

It can be seen from fig 2 that p(h = 15 min)=1/2 and p(h>= 30 min)=1/2,
however as assumedn the previous example if a passenger arrives at intervals
of 1 minutes then we have 15 passengers arriving ia 15 min gap and 30
passengers arriving in 30 minute gap.

P(U =15 min) = 15/45=1/3

P(U =30 min) = 30/45=2/3

Hence a passenger arriving atandom is twice as likely to enter the gap of 30
min rather than in the gap of 15 min though the probability of occurrence of
both the headways are the same. Therefore these examples highlight that the
probability of a passenger arriving at random and ergring a gap of widthUand

U A Ucontinuous variable) is dependent on the frequency of occurrence of
such gaps as well as the width of the gaps. We can also deduce from these
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examples that9 is the headway as experienced by the passengers whereas H is
the headway as set by the operator.

Mathematically
MQUAUY QUA®
Where "Q U A Udenotes the relative frequency of occurrence of gaps with
length Utoy A Wvhere Uz is the length of the gap
Then the constant of proportionality is 1/E(H) becaise, "Q U A @J= E(H)
hence
QUAW %(

"QUAU C%
where . "QUAU p

HenceC(constant of proportionality) = 1/E(H)

Therefore Q UA U va u %(

Having found the probability of a passenger entering a gap size [y ,y A Pwe
now find the probability of an arriving passenger being on various location
within the gap.

Let us assume that based on the p.d.f 8fwe identify a gap of length y which is
the gap in which the passenger is incident upon on random arriva.e. the

passenger arrives at the bus stop during the headway gap 8f There is a
constant probability of arriving passenger being in any interval 8 and 8+h
where [8,8+h] is fully contained inU

Hence if the value olUis 15 min the probability that the passenger arrives in 1
i ET 0jpQ E O0j cQEOj o0(Q8EO0 jughistexamplelacsdmed j p QE
Uis discrete, if Cis continuous then the probability that a passenger arrives
within an interval [8,8+h] conditional that the value of waiting time7 doesnot
exceed the value of gap will also 1/ Uand is denoted as
Qe x Py m x U
The joint p.d.f for7 and9:
Op xA) Qg xPQU
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.UQu .

The marginal for7 is formed as

gx  QUAL &
Or when representing the above equation as the probability density function of
aline
ax . EAE

From the generic formuldion shown in eq(2.7) it is possible to arrive at the

p.d.f of the waiting time for various headway distributions.

&1 O AgAi PI A xEAT OEAS 1 ED AA @RIAIAATIAQE Al 10U 1+
probability density function for the waiting time of the line can be computed

from equation (2.7) as

nth E nt
Wherein 3 - frequency of the linel
And
we 2
3
A AE
"Ox 3
P
3
Hence
"Qx 3 A Ry
In case of erlang distribution
. A i E
E 5
I pA
Wherein | -is the shape factor of erlang distribution
A i3 E
I p A .
Qx %E AE
A i3 E i 3 A | 3E
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The assumption of no informatio at bus stops was overcome by Gentile et al.
(¢mmuvq xEI OEI xAA OEAO OOECI O AO AOGO
case of uncongested (demand not exceeding mply) transit network s. The
choice probability at node Cfor line Jbwithin the hyperpath framework with
information was therefore formulated asin eq 2.10.
_— "RU 00 Up O B O QU P

N Z‘[b
Where"@ 0 - waiting time density function of line J§icomputed as given in eq

2.9 for erlang distribution and 2.8 for exponential distribution).

oYo]]
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0 0 Op, O B O - probability that the waiting time of line ®

(0 Y@OAT AU OEA O G&drdater Ahén oAequdl taxite diblebefce
between the total travel time on line/{0, © n and the invehicle travel

time of line Y0 ).

Appendix B highlights the difference in choice @1 AAAEI EOEAO 1T £ A |
AO AOO 001 P06 AT A xEOET OO OOECI O AO AO
Gentile et al(2005) formulation. The application of the information scenario on

the traffic network can been studed extensively;Henn and Ottomanelli (2006)

assessed the impct of information when stochastic traffic generation is

simulated.

2.2.3 Capacity constrained models:

The previous section dealt with unconstrained models wherein it was assumed
that the passenger was successful in boardintpe first arriving transit service
in his/her attractive line set. However several of the existing transit system
seldom run with its demand being significantly lesser than the supply. Hence
the need to model capacitated transit services arises.

2.2.3.1 BPR models

AEA AAOI EAO (1 AAIO 1 A& AiTCAOOEIT AAOAOI
OSEOAT I £ 00 Al 6008  E1fOpmebsidAbriar(1680) wasA | E1 Al
[ AATO OF 11 AAl OEA OAEOAI I & 006 AOOI AE

demand within the vehicle. The model did not explicitly account for the
capacity constraints of transit vehicle as the passengers were allowed to board
the first transit service arriving and queuing delays at thetransit stop were not
dealt with. The discomfort experiencedby the passenger within the transit
vehicle was modelled as a BPR function such that the experiencedviehicle
OOAOAT OEI A OET AOAAOGAAE xEOE OEA ET AOAA
model was able to propose an algorithm for an objective functiowhich was
separable by destination and the sub problem for each destination was
equivalent to the problem with constant link travel times. Spiess and Florian
(1989) however acknowledge that the proposed model had certain deficiencies
such as(a) all the passengers suffered from the same degree of discomfq(i)

the waiting times were not affected and the dwell time associated with the
number of passengers boarding and alighting was also not considered. De Cea
and Fernandez(1993) introduced the increased wating time associated with
congestion by a BPR function. The BPR styled congestion function is then added
to the in-vehicle travel time and the uncongested waiting time to obtain the
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cost of the route section. In the congested model the attractive linestswere
i TAEEZEAA AAOGAA 11 OAEEAAOGEOA EOANOGAT AER
network is thus defined initially as : . il where fl consists of the set of
attractive lines associated with uncongested network and the network is
redefined as: . il wherein fl consists of the attractive lines set which
includes even the slow lines thereby expanding the attractivdines set to
include all the lines of the network. De Cea and Fernandét993) note that the
congested waiting time experienced by a passenger boarding the route section
Gat its origin node"Q shall depend on
a. U the total number of passengers barding the same route section at
the origin
b. 0 the number of passengers boarding other route sections that use the
lines contained in route section
c. U[7, the number of passengers boarding the route sectidnbefore "Q

and alighting after " .

The above definitions help define the capacity sharing and competition
between passengers of the upstreartransit stop with the downstream transit
stop and the interaction between passengers trying to board the same line
shared by different route sections. The congested waiting time formulation was
thus efficient in capturing the asymmetric interaction of the costs between
various route users.The waiting time in BPR styled models following the above
specification is given as in eq 21:
p of o

oo — - —
. 0 GON

P p

Where # AD is the capacity of the route section which is defined as
# AP B w3 with wand3 being the capacity and frequency of ling 3 zis
the frequency of the route section sand A are the calibration parameters.

A hyperpath implementation of BPR stled cost function was done by Wu et al.
(1994) whose waiting arcs had a BPR stylecbst function depicting an increase
in waiting time due to congestion in addition to waiting time experienced in an
uncongested network , the iRvehicle arcs consisted of the irvehicle travel
costs as well as discomfort cost which was again a BPR stylechdtion. The
waiting arcs had cost function of the form:

O =0 e &

G U4 | — AN 'O 0 @ "QO ol ol ¢® ¢

And the discomfort costwas denoted as



-32-

TN \ r L‘) L‘) 13 7~ \ \ b T ow T oy
o LD | O v - V'—% MN 'OQe 0 VW@ QWP o
*V
WhereM is the in-vehicle arc associated with waiting arc*, 04 are the
passengers waiting to board the transit serviceb Uy U , U0 denotes the
direct passenger flows| A hoh A ROh-ff are calibration parameters

o] v IS the in-vehicle travel time of lineM.

The equations given in 2.12and 2.11 are structurally same, howeverDe Cea
and Fernandez (p wwoq OOEI EUA A OAEACI 1T AHeEUAOQE]
asymmetric problem whereas Wu et al.(pwwt @ OOEI EOA OEA

1 ET AAOEUAOGEIT 186 1 AOET A8

(8¢808¢ OEAAAOEOA AEOANOAT Aud 11T AAI O
AEA TTOETT 1T &£ ORAEEAAOEOA gJpdkiAiodad EO
(1989) however is mathematically formulated and implemented inDe Cea and
Fernandez(1993). De Cea and Fernandgp wwo @ AAZET A OAEAAAODE
ET OAOOA 1T £ OANOEOAI AT O AOAOA Qhlne sedienOET C  (
andis given as :
, .ol
v T

CPT

Where U is the number of passengers taking the linesection before and
alighting after the transit stop,‘ is a monotonically increasing function ofol

and takes the BPR formulation as* B — v is the capacity of line

secion8 ) O EO 11 OAA AEA Ox HBRADIE O Add tihslr AIOADC
stop Qs the same for all passengers boarding at stofdirrespective of their

route section choice (provided that the route section consists of lineection &

within its attractive line set). The boarding probabilities are therefore modified

with respect OT OEA OAZEZEAAOEOA AEOANOGAT AUS 1 OAO
increase in congestion the boarding probabity for the line gets reduced.
Hyperpath based implementation of effective frequency was alsocarried out

along with parallel modifications on the waiting time cost function which

modelled the residual capacities in congested conditionsBouzaieneAyari et

al. (2001) mention the modification of distribution models which were initially

based on thel T I ET A1 AZOANOGAT AU ET 01 Ocadkd®EAOAI
congested networks) by Gendreau 1984). However BouzaieneAyari et al.

(2001) T ET OAA T OO0 OEAO OEA OOAOGEAOAI AADPAA
only in congested condition and hence he ppl OAA A1l OAAEOOOA/
AADAAEOU | TwArd lefficienk & lakiglis levels of congestion. The

= s oA N oz oA s~ £ oA~

OAAEOOOAA OAOGEAOAT AAPAAEOU 11T AAI 38 EO CE
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~ b ow}_g.fblnjloz ¢
Where 6 @f)is the capacity of line/b 6 &) is the residual capacity (after
boarding the stop) ¢ , is the mean frequency of the line Jbupthe aggregate

passenger flow on the lingb—- , Oy, is the distribution model.

The waiting time model proposed by BouzaiendéAyari et al. (2001) are of two
different types wherein both the mocels have the following generic
formulation:

wUL

W 0: Oplp B0 P @

: 1 Upp
Where] defines a specific strategy 0 - - is the waiting time of passengers
(which is a function of flowv - following strategy| ,‘ p, U - attraction factor of
line tand* ;, Uy, is a strictly decreasing function of U, .

The first model with strict capacity mnstrains assumes that the line capacity
are strict and therefore the aggregated passenger flows in different lines are
not allowed to exceed the capacities. Theegeric equation given in eq 2.16

above isthen reformulated as:

P o O,
C'rbp Op G plp Y *n b Up
Where — is a parameter that can be calibrated using real data or simulation
results, ¥ capacity of line /b, ¢ 5 frequency of line /kand & 5 integer shape
factor of erlang distribution, . The second model was without strict capacity
constraints and allowed for the aggregate flows to exceed the capacity of the
line. This resulted in the formulation of the waiting time asdllows:

P P Un,
o P P P Y
Wherein — is a parameter that can be calibrated using real data or simulation

0 10 P X

0p0n

results, ¥ capecity of line /b, ¢ 5 frequency of line /kand & 5 integer shape
factor of erlang distribution, L5 aggregate passenger flow on linéb

Cominettiand Correa(¢ tmtpq DBOT BT OA OEA OOACA 1 £
line segment which is differertiable such that the optimal decision of each

passenger is affected by the choices of others. Hence they reformulate the
common lines problem as an equilibrium problem. They prove the existences of

sz A N s o~ -

ranges and argue that an increase in flow during such situations does not
increase the costs of these equilibrium strategies.

OA A
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Consider the two line example as shown in fig 2.4:

8 ‘D

Line Line Color In - Vehicle FromStop Mean
Number Travel - To Stop Frequency
Time
l4 Orange 16 1-2 1/10
I, Red 10 1-2 1/6

Fig 2.4 : Presence of multiple strategies as shortest pgrpath/strategy

The computation of shortest strategy between node 1 and node 2 results in {2}
and {1,2} as candidates for shortest hyperpath/strategy, hence proving the
presence of multiple solutions for a problem even in case of unconsjed
transit networks. However Cominetti and Correa(2001) did not specify a

Ol 1 OOETT Al ClI OEOEI &I O OEA ADRCAOOGRA#RA
eta. cninmeq AAOAI I PAA A -31 AAOAA Oé1 OOEI
AOANOAT AUS (1 AAT  DPOI bdodeA f£00A. Urheteffectiid A O OE
frequency formulation proposed by Cepeda et al2006) is of the form
O Y
1 0 P T 0 o W P w
T EB/MNI VA Q

Wheree EO OEA O1 1 i Bf liAd segiaénAdWw@ Ane Aapaiityof line

segment a0 is the flow boarding at stoponto line segment a, 0 is the flow

immediately after the boarding stop W is parameter.

(8¢8080c DPARAEGOBRABO I AAAI O

The above mentioned models worked under the surmise that the demand

AT AOGT 60 AgAARAAA AAPAAEOUS8 O300EAO AAPAA
demand exceeds capacity. In frequency based assignment models the strict
capacity was explicitly dedt with by Schmoecker (2006). He proposed a

AUT ATl EA EOAI AxT OE O1T 11T AAl AT T CAOOAA 1A
i FEC ¢8uvq O AAAT OT O A# O OEA PAOGOAT cAO0O
choice in a given time step. The algorithm was formulate such that these
passengers were added onto the demand generated in the next time step.
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Boarding arc l, in vehicle arc
R 0
Boanding | Failure arc |
demand arc I
I
B . I
oarding : Failure arc :
demand arc ! X
—————————————— +@ »®

L, in vehcile arc
Boarding arc

Fig 2.5: Introduction on failure node and failure arc in hyperpath
representation

2.2.3.4 Dynamic models

The strict capacity models developed by Kurauchi et a(2003), Schmocker et
al. (2008) are quasi dynamic in nature and assume a discrete division of time
periods within which the flow assignment is considered staticSchmaocker et al.
(2011) implemented the dynamic model to assess the route choice based on the
seat availability at transit stop. Trozzi et al.(2013) proposes a dynamic model
which considers the FIFO principle of passengers at th&ansit stops and
proposes a diversion probability which is time dependent andmodels the
expected congestion at that the step. The congestioneffect is modelled as a
O0"1 001 A TAAE NOAOA 1 TAAI 6 xEEBdsefahO A (
(2011) used a simulation based framework to assess the impact of information
provision in the path choice of Stockholm metro passeyers. The model studied
the effect of information on the total travel time at a microscopic as well as
aggregate level.

2.3 Random Utility Models (RUMSs):

Apart from the total journey time (in-vehicle travel time + waiting time) a
passenger chooses his/heroute choice based on several other factors with
each factor being weighed differently by each passenger. These factors put
together tend to form the disutility/cost associated with each route. Hence
utility helps identifying the preference of a passengr when faced with several
alternatives. The various forms of RUMs are discussed in the following sections:

2.3.1 Probabilistic choice models z Multinomial Logit Model (MNL):

Once the routes between the OD pair have been defined then based on the
random utilities associated with each route the choice probability for that route
can be computed. When routes are defined in terms of utility the passengers
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tend to choose a route which maximises his/her utility if however the routes
are defined based on generalesd costs the passenger then tends to choose a
route which minimises his/her generalised cost. As mentioned already in
probabilistic choice models the utilities are assumed random hence they have a
deterministic component and a stochasti component as shownn eq (2.20).

~.

Y D - C& T

Wherein 5 denotes the utility of route E for individual E D denotes the

deterministic component andr the stochastic component. It is noted thar

is independent and identically distributed for each individual Eand the joint

distribution of R assumed over allE decides the choice probabilistic choice
model (logit or probit).

In event of MNL,R has a gumbel probability distribution with zero mean. The
independence ofrR results in covariance between any pair of residuals to be
zero i.e.

6¢ovh il @oN Q
As described inCascetta (2001), Sheffi (1985) the multinomial logit suffers
AOT 1T OET AAPAT AAT AA &EOI 1 EOOAI AGAT 6 Al O
probability ratio of two alternatives remains the same irrespective of the
number and the utility of the other alternatives A realistic approach to
overcome this disadvantage is to allow for covariance to exist between the
random residuals of the alternatives having overlapping links (section 2.3.2).

Improvements to the MNL to deal with IlA is brought about by introduction of
Clogit and Path-Size logit models.

2.3.2 GLogit and Path size logit:

Cascetta et al(1996) and BenAkiva and Bierlaire (1999) overcome the IIA
problem of MNL by introducing a correction factor which accounts for the
overlap between the alternatives. @scetta et al.(1996) define that in GLogit
the commonality factor is described in several different ways giving rise to
different C-Logit specifications. The commonality factor is accounted for by
subtracting it from the deterministic part of the utility function as shown below

Y Db 60
Wherein D - is the deterministic component and0 "Q is the commonality
factor for route .
One possible way is by using the length of the links common to paths wherein
the lengths can be eithemphysical or link additive part of the generalised cost

and is given as specified below:
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N

Where, s the length of the links common to path&€ andi ; while, and,
are the overall length of pathsE and i; r is a positive parameter and the
summation is extended to all paths belonging t9 andf is a parameter
Alternative forms of commonality factor & specified in Cascetta et a(1996)
are :

60 1 11 0. C& ¢
60 71 o 1.1 & 0
Wherein the summation is extended over all the linkEin path i, is the

number of paths andx is the proportional weight for link Bn pathi .

Yyt AAOA T £# PAOE OEUA 11 CEO A OOEUASG
shown
Y D ag
Wherein
, a P
l 5B. T g 1

N

Where : is the set of links composing path , & is the length of link Aand
equals 1 if link Ais in the pathE or 0 otherwise.

2.3.3 Probit Models:

In probit models the random eror term is assumed to have a normal
distribution for each utility. Hence the joint density function of the random
error term is assumed to follow a multivariate normal function as shown below
"Yx 0 0 anh ¢q& v
Wherein 0wt i and wéoh Vi Q

Sheffi (1985) highlights that in case of probit models the choice probability
cannot be expessed analytically since the cumulative normal distribution of
the error terms cannot be evaluated in closed form. In case of binary alternative
the choice probabilities can be computed by referringhe cumulative normal
tables. Sheffi £985) indicates that in case of more than two alternative the
choice probability can be computed using Monte carlo simulation or Clarks
Method.

OAO
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focussed. The importance an operator associates to schedule adherence of a
service percolates onto the reliability issues faced by passengers however the
correlation between the two reliability issues needs a cautious approach. A

service which is2 minutes late everyday implies a deviation from its schedule

01 OEA 1 PAOAOT OO EI xAOAO £HEOTiI DBAOOGAT CA
always 2 minutes late they associate service arrival time with the modified

arrival times and hence tend to find the service reliable Several attitudinal

surveys (Bates et al., 2001, Jackson and Jucker, 1982, Noland and Polak, 2002)
(cnmpq AZETA OAI EAAEI EOU Ei A OUOOAI OU
congstent and predictable. The definition put forth by Bates et al.(2001),

Abkowitz (1978) helps deduce that an ideal measure of reliability could be one

which measures the deviation of an attribute from ts average value
experienced by the passenger. This deduction is further emphasised by the fact

that in a system where headway distributions are random, passengers often

tend to base their journeys on their previous experience of the reliability

attribute most weighted by them rather than base it on a specified time table..
Ceder(2007) define the various attributes of importance to the passengers(fig

2.6).

= S | Waiting .| Successful
Pre-Trip information time time boarding
A 4
Pre-trip time required for S'le?ot'l't «— Boarding time
changes in access path avaraoiny,

l

Ride comfort || In vehicle time

v

Transit Stop

Total Travel
time

:

Transfer time
and comfort

«—| Alighting time

v

Successful
transfer

Fig 2.6: SourceCeder(2007): reliability attributes of concern to passengers
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Bates et al(2001) identify that reliability has an impact on the route choice of
passengers because of two reasons; first being that passengers are sensitive in
consequences associated with travel time variability such as being late, missing
connection etc. This can be natelled by the planners by assuming that each of
the route choices available to passengers is associated with a distribution of
consequences which is represented in terms of utility function and the
passenger choses a route that maximises his/her utility. le second reason is
that passengers are sensitive to variability in itself due to the stress it causes
and hence the route choice is modelled by adding an extra term of travel time
variability or a dummy variable, to indicate the deviations in headways.

The first approach to modelling the impact of the consequences of unreliability

EO OAOI AA OOAEAAOI ET ¢ APPOTI AAES xEAOAAO
O AAROEAT AA38 ADPDOI AAES

2.4.1 Scheduling approach:

The most important aspect of modelling reliabity using schedule based
approach is the determination of the departure time for various purposes of the
trip. The central idea behind the optimisation of the departure time was the
notion that each departure time is associated with a disutility function wich
not only consisted of the disutility from travel time but also the disutility
associated with the early arrival or late arrival at the deshation (Noland and
Small, 1995; Small, 1982; Bates et al., 200Moland and Polak, 2002).The
concept was formulated by Small (1982) based on earlier works ofVickrey
(1969). With an assumption that the passengers have a PAT (preferred arrival
time) associated with each purpose of the journey and departure tim@ the
formulation of schedule based reliability appro@h essentially consists of
choosing a departure time which maximises the utility:

0 G O &Y
The above maximisation function is expanded to take the forrgiven in Small
(1982)
YO "BY - YOO YOO O & @
Where 481 ztravel time

3 $-%schedule delay associated with early arrival at the destination
-A@n! 4 $ 4 $

3 $ 5 scheduled delay associated with late arrival A@h'O 48 0 0! 4

$ - Dummy variable equal to 1 if SDL>0, 0 otherwise



-40 -

fefr iR~ Model parameters which is ngative and depends on family status,
occupation, choice of transport mode and employers policy towards work hour
flexibility in case of journey to work models.

Equation 226 equates the additional costs incurred at destination plus the

value of additionaltravel time due to a change ifOto the value of utility gained

both directly and indirectly through the additional time period associated with
changing departure time (Small, 1982).

&EC j¢8xQq OEI xO OEA OEAPA 1T &£ OOAEAADI A
considering the disutility associated with travel time variation) as given in

Small (1982) for work trip with varying flexibility in arrival times at the work
(destination).

FLEX=0 piex =5

FLEX =10
FLEX =15

-10 -5 0 5 10 15 20 25

— Scheduled Delay
early Late

Fig 2.7 : Source Small(1982) Disutility of schedule delay

In order to represent the stochastic néure of travel times, Noland and Small
(1995) assume that the travel time has two components namely free flow travel
time and extra travel time due to recurrent congestion and noimecurrent
congestion.

8y Y Yy & x
Where 4 zfree flow travel time,

4 -travel time recurrent congestion

4 -travel time due to non-recurrent congestion

Noland and Smal1995) also integrate nonrecurrent congestion with the cost
function specified by Small(1982), by assuming norrecurrent congestion to
follow distributions, namely, uniform distribution and exponential
distribution. Since4 in the above formulation is stochastic in nature the cost
function also takes a stochastic form as follows:

0'YO 0"™8Y -'0YOO | OYOD) 100 c& W
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Where 0 describes the probability of arriving late.

e
C

z

o'Yo ° Y Y 6 10 6 -1 1 : y

(2.29)
" zmean travel time due to nonrecurrent congestion
Y z the change in profileof recurrent congestion
0 ‘“the optimal probability of arriving late

Due to the stochastic nature of the above equation determining optimal
departure time for passengers having a specified PAT, would require a traaéf
between the E[SDE] and E[SDLvalues. Some of the implifying assumptions
made in Noland and Smal{1995) in order to arrive at optimal departure time
is that the distribution of non-recurrent congestion @ ) is fixed with
departure time and that the rate of change of the pro# of recurrent delays is
less than unity to ensure that the FIFO rule is observed.

A similar analysis involving the stochastic nature of travel times but including
only the recurrent congestion within its formulation, Fosgerau and Karlstrom

(2010) follow the standard Small (1982) approach to formulate the expected

utility function assuming that the travel time associated with the journey and
the preferred arrival time are both normalised to zero. The maximum expected
utility is given as in eq 230

07y’ : -1, i Qi C® T

The optimal departure time associated with the above utility function is

derived as given in

—z [
O o — & p
Where ‘ 7 mean travel time excluding nonrecurrent congestion, O'- is the

optimal departure time, — - inverse of the CDF which is the function of

scheduled dehy early and scheduled delay late parameterand h- and| are

parameters.

2.4.2 Meary variance approach:

4EA Al OAOT AGEOA ADPDPOT AAE OiF OEA OAEAAQ
OAOEAT AA6 APDPOI AAE EO AAOGAA 11 OErA POl D]
and by itself results in disutility (Noland and Polak, 2002 The meanvariance

approach ignores the effect of scheduling decisions, such as the selection of a
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O O A £A O U NdlaAdm@dHoldk, 2002 The linear incorporation of variance
in the utility function while using mean variance approach can be achieved by
making simplifying assumption such as no lateness penalty and the change in
recurrent congestion profile is zero to the scheduling approach given in eq 2.17
(Noland and Polak, 2002 Noland and Polak(2002) also indicate that though
such simplifying assumptions may seem unrealistic; under certain trip
conditions (where the transit services are not influenced by recurrent
congestion,Y ) or trips where arriving late doesnot result in a penalty

(h m may justify a linear incorporation for variability leading to eq(2.32).

06 ° 0 w-11p B & ¢

Where - travel time without non-recurrent congestion; hd h-f parameter
values.

Empirical studies such as that byJackson and Jucke(1982) reiterates the
importance of inclusion of variability in cost function and specify a model
where the passenger seeks to tradeff between travel time and traveltime
variance explicitly eq(2.33.

a Qe QICEQ f L WIBY ¢® o

Where 1 is a nonnegative parameter which represents the degree to which
the variance of travel time is undesirable to traveller on path p.

The empirical study byJackson and Juckegi1982) involved paired comparison
wherein the participants are given the options between the )@ected travel
time with no delays versus a shorter travel time with once a week delay
ranging from 5 to 20 min.

The meanvariance model was furthered into the meadateness model to
account for the penalty associated with arriving late. A LAPUE (LateneAsival
Penalty User Equibrium) model was proposed by Watling (1996) which
followed the schedile delay approach proposed by Vickrey1969) such that an
individual considering to travel between an OD pair is associated with an
acceptable total travel time beyond which he/she incur a penalty. The LAPUE
model had a cost function as follows:

6 —Vév—0 —I Aaghd @ T
Where  -is the acceptable total travel time for routeO
O - Total travel time experienced for routeO

Vé®- Composite of attributes independent of time (such as distance)
[z Value of attributes
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| -Value of travel time
|z Value of being one unit latter than acceptable.

Furth and Muller (2006) indirectly derive the importance of waiting time as a

measure of reliability and as ameasure ofquality experienced by passengers

and splits the waiting time of passengers into different components. They argue

that the perceptions of passengers are based on the extreme values of waiting

time and that variation in service reliability has a greater impact on the

extreme values (9@" or 95t percentiles) of waiting time than the expected

value of waiting time. The 9% percentile is indicated sOAOACAOAA x AEOEI
wherein a passenger is aware that heshe shall have to face a maximum of 95

percentile waiting time and hence they often incorporate this waiting time by

starting early from home and thereby reaching their destination earlier. This

excess waiting timeis AAT 1 AA OEA ObPi OAEDEADAxAEOBRA O
AT A bl OAT OEAI 6 xAEOEIT C OEIi A ET AT OO0 A& C
analysis.

Integration of reliability studies in transit assignment has been achieved in

recent years. Frequency based transit assignment studies have stuet

reliability in transit network through vary ing approaches(Yin et al., 2004; Yang

and Lam, 2006;Szeto et al.2013; Szeto et al., 2011; Zhang et al., 20@hang et

al., 2010)adoptedto dealwith congestion. Of particular distinction is the use of

BPR styled congestion function in computing the cost of a route section by

Szeto et al., 20110ther studies(Yin et al., 2004; Yang and Lam, 2006; Szeto et

al., 2013;Zhang & al., 2009;Zhang et al., 2010) utilise theoverload delay to

account for congestim.

2.5 Stochastic process models (SPMs):

Stochastic process moels excepting for the study by Teklu2008a) has not
been dealt with in transit assignment. However its application in traffic
assignment studies has been immense. SPMs differ from the convenal
equilibrium models (detailed in above sections)as it studies the evolution of the
system on a sequence of time frame. The most common context under which
SPMs are studied is dayo-day dynamics (Davis and Nihan, 1993; Cascetta,
1989; Cantarella and @scetta, 1995). Some withirday stochastic process
models have also been developed (Cascetta and Cantarella, 19Balijepalli et
al., 2007). The advantage of using stochastic process models lies in its ability to
be used to solve an asymmetric assignmenproblem for which solution
uniqueness is not guaranteedThe study by Cascetta and Cantarell61991)
establish that unlike equilibrium models SPMs donot rely on the system
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converging quickly to an equilibrium solution or the solution being unique and

stal A8 30-0 Al OF Al11Tx0 OEA i1 AA1T O AAD
behaviour in terms of their route choice, learning and perception differences

along with the possibility of assessing the dayo-day and within-day variations

in demand and supply.The use of Markov (memory less) property wherein the

route choice at a given time period is based on the costs experienced in the
previous time period has &olved since 1977 as quoted in Cascet(d989). This

memory lessproperty is exploited in design ofvarious learning process models

which is based on the behavioural assumption that passengers tend to have a

finite memory.

Cascetta(1989) showed that the mean route flows and link flows in case of
SPMs are similar to the SUE flows for constant or saqable linear link-cost
function. Cascetta(1989) indicate that in systems where multiple equilibrium
exists the SPMs and SUE vas are significantly diverse. Watling {996)
emphasise that the use of SPMs for asymmetric problem requires that the
system betested for a range of initial conditions, random seed numbers and at
least one extremely long simulation should be performed. The exhibition of
markov property through the presence of stationary distribution and ergodidy
of SPMs has been shown in Cadta (1989). The conditions specified in
Cascetta(1989) ensured that the SPM was riependent Markov chain with a
time-homogeneous transition probability matrix. The necessary requement
for stationary and ergodc SPM is irreducibility and aperiodicity ofthe Markov
chain. This is achieved when the route choice probabilities on each day are:

1. Time homogeneous i.e. the probabilities of transition from one state to

another remained invariant given the set of previous states.

2. Positive on all the available roues
3. Depend on a finite memory length of the previous states.

Watling and Cantarella(2012) and Watling and Cantarella(2013) gives a
detailed description of the various components involved in a SPM and their
interactions through a series of illustrative exanples. An implementation of
their formulations for the current study is specified in Chapter 3

An important feature of the SPMs is the ability of passengers to assimilate their
experience and base their route choice on these experiences. The assimilatio
of experience is done over a fixed finite memory length. A learning process
model is introduced to model the assimilation of experiences of the passengers.
Different learning process models are availablen literature and as quoted in
Teklu (2008a) can ke classified as

1. Weighted average approaches
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2. Adaptive expectation approach

3. Bayesian approach
Weighted average approachused in traffic network assumes that the drivers
tend to remember experiences over finite number of days and assign more
weightage to thar most recent experience. Thus at beginning of day the
drivers update the route cost for each route based on a linear combination of
the weighed experienced costs. The weights are determined by an appropriate
weighing system. Since the assumption is that thdrivers remember the recent
experiences the mat they are assigned a higher weightage thus the weighted
average approach can be expressed as:

[m 5 'm S5 ' m E888885,'M" o L

Where #"is the mean perceived cost,™ s the costexperienced on daym p,
5 5 vector of weights suchthaB™ 5 pAT A r ABE OdelrdyO
length. This gproach has been widely used eg: Cascetta,1989; Horowitz,
1984; Teklu, 2008 and 20080).

Adaptive expectation approach was intoduced due to wide criticism of
xAECEOAA AOAOACA ADPPOI AAE &£ O EOO ET AAE
DAOOAT CAOOG6 DPAOO AARAAEOEITI T O xEEAE AT O A
choice decision(lida et al., 1992). The adaptive expectation appich combines

the perceived and actual costs &ém previous time period. The model in its

simplest form is expressed as :

[m 5'm p S IM o o

Where 1 5 pand has been used in studies by Cascetta and Cantarella
(1991), lida et al.(1992).

The third approach namely the Bayesian apprazn was proposed by Jha et al.

(1998) wherein the travellers cost perception wee updated based on the

previous experiences and information obtained from ATIS. The travellers chose

the routes based on the probability distribution of the perceived travel tine.

4AEEO 11T AAT AOOOIi AO OEAO OEA [ AAT OOAOGA
during the simulation period and hencecannot model disruptions. Chen and
Mahmassani(2004) apply a similar approach wherein the perception updating

is done only when a certain enount of defined period is elapsed or after an
experience very different from prior experiences has occurred

In order to account for the varying perceptions of reliability amongst the
travellers, stochastic cost/utility functions are introduced. A real Ife simulation

was carried out on participants residing beside a four lane urban corridor for
24 days byChang and Mahmassar{il988) in order to determine the day to day
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departure time decisions of passengers. The results found were consistent with
the fact that the most recent experience of passengers in terms of travel time
and scheduled delay has a greater influence on the cant perception of travel
time than past experiences of these attributes which diminish over time due to
factors such as memory loss and natural discountinglida et al. (1992);
Mahmassani (1990) found that travellers with lesser information tend to
choose suboptimal routes whereas travellers with more information
(accumulation of information over all experience) results in smaller variation.

2.6 Summary

The chapter dealt with a brief description of various models existing in transit
assignment and how these models were formulated to capture the real world
transit network details. The literature review on reliability based models from
passengers perspective is also presented along with description of benefits and
uses of stochastic process models. The chapter was able to emphasise that a
challenge still remains in dealing with reliability issues arising due to the
failure to board conditions faced by transit service users in the congested
environment. The chapter also emphasised that an equilibrium based approach
ET AT T CAOOAA OOAT OEO 1T AOxT OEOG AT AO1 60
following chapter aims to uilise the benefits of stochastic process models in
assessing the route choice of passengers in a strict capacity constrained
congested transit environment.
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Chapter 3
Disaggregate Stochastic Process Model formulation and
implementation on risk neutral  passengers

The chapter shall introduce the concepts which shall form the background on
which the reliability analysis will be carried out. The chapter begins with an
introduction to the concepts involved instochastic process modellingand shall
further progress into the experimental setup for the current research. The
chapter shall then test the experimental setup on an example network and the
results obtained shall then be discussed.

3.1 Introduction to stochastic process models

A stochastic procesanodel is adopted in networks which are under constant
change over successive time periods due to several factors such as varying
demand/supply, fluctuations in costs and of usés choices(Cascetta, 1989).
Since transit network involves supply and demand aspestwhich are stochastic
in nature not only within the day but on day to day basis; application of
stochastic process model to simulate the sam&eemsa natural way forward. A
stochastic process in probability theory is defined as the evolution of system
over time (considered discrete in the current model) wherein the system is a
collection of random varigbles. Sochastic processmodels help define the high
dimensional space from which the probability distributions which depict the
simulated systemcan be sampled. Since transit assignment process involves
interaction of many attributes (passenger arrivals and transit service arrivals)
there is a high dimensional interaction of more than one probability
distribution.

The Markov property is defined as the memar-less property which shows that
the conditional probability distribution of the future states of the system
depends on only the present state (or a finite number of pervious states)
(Watling and Cantarella, 2013).

In simpler words a markov based stochast process model can be defined as a
system wherein stochastic process moded are used to modelevolutionary
interaction between several random variables;the results of which can be
sampled to obtain a series of correlated random variables which obey the
Oi AiTou 1 A0OG6 1 AOET OEAT DBOIT PAOOUS
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Frequency based transit assignment represent interaction of severaktochastic
variables wherein the transit headway and passenger arrival are assumed to
have a predefined distribution and are often characterised by themean value of
the assumed distribution in transit assignment studies (chapter 2). These
studies do not consider the evolution of the predefined distributions in day to
day time frame and limit themselves to the within day interaction of transit
supply anddemand as highlighted in Chapter 2xcepting forthe study done by
Teklu (2008a and 200&). The current study takes advantage of the inherent
stochastic nature of transit network to model a dayto-day stochastic process
framework which exhibits the memoryless markov property. The chapter
shall describe the concept behind aggregate and disaggregate learning process
for example networks followed by an implementation of the proposed
disaggregate stochastic process assuming risk neutral passengers.

3.1.1 Overview of aggregate stochastic process model in
uncongested network

Watling and Cantarella(2013) and Watling and Cantarella(2012) define that

OEA OADPOAOAT OAOGEIT 1 &/ OEIi A ET A O0O7 AEA

which could be individual days, week or years. These discrete time epochs are
denoted by lettermand the state vector describing the epochyis given as

In the current model the time epoch is individual day and henceforth shall be
referred to as the same. The state vector describes the state of the system
at day m and the state for a particular day m is the resultant of
combination of various attributes which define the system. The attributes
which define the system in an aggregate model consists of; the pararaes 1
assumed for the distribution of supply and demand and the logit dispersion
parameter x assumed.

Hence essentially consists of all information required for design for the
markov process. In the aggregate stochastic process model is a vector
which consists of the predicted total travel time over the specified memory
period ofr days for each individual route/strategy. In event of risk averse
passengers they consist of the predicted meavariance or meanlateness cost.
The day to dg evolution of the supply and demand probability densities results
in a correlated joint probability distribution

N D w of the travel cost and flows for each route/strategy where
defines all possible combinations (states) that can possibly tike . The system
AOGiI 1 OAO AAGAA 11 OEA 11 O0EIT OEAO OEA
days wherein the sequence is over a finite history (denoted as memory length
r) thereby satisfying the Markov property. This evolutionary rule wherein the

DA
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state of the system is defined by a finite history of states for a specific set of

AOOOEAOOAO EO OAOI AA debdic0dsT OEOET 1T £OT AGEI
nomen D e

Where 9 defines the state vector on m pif r = 1 and } defines the

parameters.

The above highlghted concepts of markov property shall now be explained by
means ofa simple example The example consists of a single OD pair having two
transit lines and the choice of moving from one stop to the other is only using
either one of the lines in an unconggted network. Fig 31 describes a simplistic
network.

Line Mean Travel Time
Frequency
Red 1/6 6
Green 1/10 3
Possible Description
Strategi
rategies oD Demand
A Red Line 155 10

Green Line

Fig 3.1 Simplistic Network

The average total travel time experienced along each of the route is the
average of thesum of the waiting time as well as the ifvehicle travel time of
passengers traveling along the routes. Assuming that the interarrival time
(headway) of both the red and the green line is exponentially distributed the
waiting time along each line for an uncongested network at stop 1 can be
worked out as given in eq 3.1:

%7

P

3
%7
3

Wherein 3 @& @ are frequency of red and green line%7 AT %7 are
the expected waiting times of strategy A and B .

As explained in chapter 2 the probability density function for the waing time
of randomly arriving passengers for exponential inter arrivingtransit services
along the routes A and B is given as

/E x 3 A oP
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/E x 3 A o}
The average total travel time /cost on routes A and B is given as

%: ¢ ¢ pg¢g

%: pmGCc po
A logit choice formulation for the route selection on any particular daynbased
on the above costss given asbelow

0!

And
Ax
Ax  Ax

Forax Tt the probability of choosing Awould be

Oll

0! oY ¢ 1

Assumingno random draw for the current example on day 1 all the passengers
choose to travel along route A. Drawing the waiting time for the 10 passengers
travelling from the probability density function of the waiting time given in eq
3.1 the average waiting time for day 1 along routé is computec?.

Table 3.1 Waiting time realisations on Day 1 for route A

Total Travel time/cost

S.No Waiting time
experienced

1 3.9 9.9
2 4 10
3 18.5 24.5
4 6.3 12.3
5 5.7 11.7
6 2.2 8.2
7 4.4 104
8 1.3 7.3
9 0.06 6.06
10 7.6 13.6
Average 54 11.4

2 For explanation purposes the waiting time is dawn from the waiting time distribution given
in eq 3.1. In disaggregate stochastic process model the waiting time is computed from
interaction of transit supply and demand distribution.
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Table 3.1 indicates that on day one the average experienced cost along route A
is 11.4. Based on the cost experienced on day 1 the probability of passengers
choosing route A between routes Arad B is computed as

0! T8O WY o

Since all the passengers choose route A on day 2 the waiting time for each
passenger is as shown in table 3.2.

Table 3.2 Waiting time realisations on Day 2 for route A

S.No Waiting time Total Travel time/cost experienced
1 12.7 18.7
2 234 294
3 5.8 11.8
4 1.3 7.3
5 1.7 7.7
6 7.4 13.4
7 7.6 13.6
8 0.53 6.53
9 0.53 6.53
10 23.2 29.2

Average 8.4 14.4

Similarly the choice probability of route A on day 3 is computed as
0! T8I T O X

Hence on day 3 none of the 10 passgers choose to travel along route A and all
of the passengers travel on route B. The experienced waiting time along route B
is as shown in Table 3.3.

Using the average cost experienced along route B the probability of choosing
route A on day 4 is compute@s

0! TBITITTTT

Hence on Day 4 as well all the passengers travel on route B and the experienced
waiting time is given as in Table 3.4.
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Table 3.3 Waiting time realisations on Day 3 for route B

S.No Waiting time Total Travel time/cost experienced
1 0.59 3.6
2 13.2 16.2
3 2.0 5.0
4 04 34
5 16.3 19.3
6 4 7
7 13.9 16.9
8 3.8 6.8
9 6.5 9.5
10 2.3 5.3

Average 6.3 9.3

Table 3.4 Waiting time realisations on Day 4 on route B

Total Travel time/cost

S.No Waiting time experienced
1 2.9 5.9
2 5.8 8.8
3 0.8 3.8
4 22.9 25.9
5 5 8
6 20.1 231
7 0.6 3.6
8 3.22 6.22
9 23.0 26.0
10 8.2 11.2

Average 9.2 12.2

The experienced cost at end of day 4 is 12.2; based on which the probability of
choosing route A on day 5 is given as

0! T W Tt

Hence on day5, 7 of the passengers shall choose route A and remaining shall
choose route B.
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From the above example it becomes clear that in an uncongested network the
transition state of the flows on a routéstrategy depends on

1. The waiting time experienced by the fbws. This waiting time is inturn
dependent on the assumed headway distribution and the passenger
arrival distribution.

2. The dispersion parameter &) value assumed for the choice of route
xEEAE AAOAOI ET A Oapassdngeipdsedsion thedrageA A1 E A /
travel costs computed. Hace a highx would imply a passengeg total
belief in the average travel cost. This would result in almosall the
passengersrouting themselves in a similar manner. On the other hand a
lower x value implies that the passengrs perceive the average travel
cost to be not very true to the actual value and hence route themselves
more equally on the various available options.

Unlike the deterministic/stochastic equilibrium approach wherein a single
unique solution defines equilibrium state; stochastic process modelresult is
correlated joint probability distribution of the flows and costs on each
route/strategy. A stochastic process mdel is said to be stationary ithere is at
least one stationary dstribution. It is said to ergodic if the stationary
distribution exhibited is the only one stationary distribution and it is regular if
the stationary distribution converges to the same irrespective of its initial

conditions.

3.1.2 Disaggregate stochastic process model

The above formulatbn saw the evolution of system based on average costs
AopAOEAT AAA AU Ail OEA DPAOOAT CAOO AO AT
stochastic process model the evolution of the system is based on each

ET AEOEAOAT DPAOOAT CAOG6O OOAOGAT AOPAOEAT A}
Consider anetwork such thatthe OD demand is randomly varying from dayo-

day, but that there is a fixednumber of potential travellers dZ for each OD
movement x EAOA E ; Noheihgg the8tétdl number of ODs in the

network. The simulation framework uses as iput a rate for passenger arrivals

from which the OD demandor each OD paion any one day is generated.et n¢

be the number of routes within the OD pair Z.

Based on the specified passenger generation ratés each OD paithe number

of passengers genated on each day varies. On each day, there are two

Ei BT OOAT O OAAAEOET 18 Ar akiOA pab @hethsr they AAAE
travel at all, and if they do travel which route they chooseSince the number of
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passengers generatedetween each OD paifor travel on each day is random
the difference between @& and the generated number of passengersre
assumed tohavenot travelled.

The indicator variable) takes the value 1 if individualEof OD pair Ztravels
on a given day, and takes the value O otherwise. For those that travék
denotes the route selected by individuakE where £ v p g 8 &, rZbeing
the total number of routes between the OD paidenoted by Z Collecting these
two pieces of information together across all individualdetween each OD pair
Z, we have the pair of &vectors | IE . For the network with N OD pairs { E
shall be a large vector having a collection of vectors across all OD pairs within
the network, thatis (hE | by B 8§ hEVES £ .

Once the distributions and parameters are specified for the supplgnd (} Eof
the demand model is drawn randomly for all N OD pairs, then an interaction
xEQOE OEA OO0OPPI U i1 AAT 8 OAOOI 6O ET OEA
individual will experience on their chosen alternative.In transit network since
transit supply is characterised by capaty constraints and since passengers
from different OD pairs may find the sameoute attractive, a nonseparable
problem arises. This results in passengers of an OD pair influencing the
experienced travel timesO "Q of another OD pair.Consider passengefQ of
OD pair 1 choosing aroute¢E N p hc B8 & such thatZ£ comprises of route
section . Let us assume that route section forms route /£ in OD par 2
chosen by passengeiQ of OD pair 2 to travel on the same day as passeng@of
OD pair 1. Since both the OD pair passengers find route sectioattractive they
compete for the space within the transit services of route section thereby
infl OAT AET ¢ AAAE 1 Otdl Qrav@ tirdeg BTAeO &b 1 wisA A
procedures involved in the current markovian framework for risk neutral
passengersare specified insection 3.3.

The output of the supply and demand model interaction is a random variablaf
experienced travel timeg and is used todetermine the routes choice/£ of each
individual on subsequent dayfor each OD pair ZThe relationship between the
output OAT AT I OAOEAAI AO | OADtotdl Gavédl thies) end ET AE O
d hE is rather complex; hencethe objective will be to make a MonteCarlo
draw of the supply and demand distributionand allow for their interaction. It is

3 The experienced travel time® "Q should be written as a function of(y Ehowever in the
current formulation O Q has not been mentionedas a functionin order to avoid
complex mathematical formulation which would make the current mathematical process
difficult to understand.
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more informative to understand theinteracion AU A OB OiI AAADOAI
how to simulate from the supply, demanddistribution) rather than through a
definition in terms of compositions of probability distributions. Section 3.3
highlights the demand side distributions and parameters assumed in the
current model and shows the process for determiningd hE of the current
model. Section 3.2 highlights various components involved in the current
simulation process.

Since each individualE has anexperienced traveltime O "Q for a chosen
route &£ and the uncongsted travel time for nonchosen routes
d Q!¢ /& , these together could be represented by a random
variable 4 'Q 0 Q QB 0 where 4 °Q is a vector
containing all the travel times associated with passengeE on all routes
between OD pair Zand4 “Q forms the updatedtravel time for passengerQ
on route 'Q N ¢ for the OD pair Z A collection of these random variablesis
given together in a random vector 4 4p Mc mBEMQ . This
random vector is used todetermine the averagepredicted total travel time for
each routeat the end of a dayThe vector of averageexperienced travel times
on all routes between the OD pair Z0 ) will be continuous, and correlated. The
joint pdf of ® depends on d KE hon the form of the distributions assumed for
passengerfransit headways, and on the parameters assumed for these
distributions. Suppose that the parameters are collected together in a vector,
then it is possible to reflect this dependence by saying that the joint pdf @,
where O denotes the vector consistingpf average experienced total travel time
obtained by averaging the experienced totaravel of all passengers on a route
at end of each dayover all routesbetween the OD pair Zjs given by.

y 0 Nd hER Oz2n
whered andl AOA O b A Gpkdifid t0 AmERI6 Z
An important aspect of the disaggregate model is that (in the absence of
communicating with others or receiving information) when travellers learn,
they learn only of the travel time for the route they actually followed, whereas

for the unchosen routes they assume an uncongested total travel time on the
same. The assumption of uncongested total travel time for updating of nen

4 This assumption might be questionable as when a passenger has an experience of a route
OAET T OA EEOOO 1T &£ TETA 1 1 Guelicle tin@ Bdsdciatéd EvAhU
such a route, but learn nothing about the waiting+i-vehicle time associated with the
Ol 6OA OAEITOA TETA 16 10 OAETTOA TETA 68
route information transfer under no-information scenario, so on that basis it seems
reasonable to assume that travellers only &rn a route by actually following it themselves.

o A

I AAO]

" 00
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travelled route costs is based on the surmise that in the absence of external
OET &£ OI AGET 16 OEA y i@ @blel taChAatdGhe Ardt befvided A
of his/her choice setand hence update their experience matrix for that route
based on theuncongested cost Mathematically it also suits the weighted
average formulation adpted for the study. If instead an assumption of the
passengers updating their experience matrix with only their experience is
adopted it would result in a breach of the implementation of the weighted
average method adopted in the current model. The fachat individuals learn
individually means that we must separately record/update the predicted and
experienced travel time for each route, for each individual. The route choice of
individual iz is based on the cost predicted by individualzifor various routes
between the OD pair before the start of the trip/journey. It is to be noted that in
meargvariance cost formulation the variance associated with only the
experienced travel time is accounted for. Hence if a route is travelled only once
within its memory length the variance associated with the route is assumed
zero in spite of updating the experienced cost matrix with uncongested total
travel time on the norgtravelled days. In such situation the weighted average
cost for the route will be computed based onthe average of theuncongested
travel cost and a single da§ €xperienced cost whereas the variance for the
route as assumed by the passenger will be zero.

Suppose that the predicted OD travel timédsosts of individual iz for all routes
in OD pair Z prior to travelling on the given day, are contained in the
vector'Hi' * C E hC E WM& E  for risk neutral or Hi’ °*

C E IC E B8 E forrisk aversewherein C E s the predicted
travel time for route T by risk neutral passengerk travelling between OD pair
Zforthe dayandC E is the predicted travel cost for routel by risk averse
passengerE travelling between OD pair Zfor the day. Based on the notation
already given,d denotes whether individual E travels between the OD pair Z
and &£ the route chosenbetween OD pair Zf travelling. We denote byO "Q
the experienced travel time on route £ and the updated OD travel time for
individual E for that day is given as4 Q O Q Qa0
The memory length over vhich the individual E bases the predicted cost of a
route is given byr and is assumed the same between for all N OD pairs in the
network. The learning process model then weighs the experienceshd updated
random travel times by a weighed averaging pcess for various assumed
behaviour of passengers as follows:

r

C E 54 E 1T OEIKOOOAI o

A

OE,
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It is to be noted thatwhen a passengeiQravels more than once along the route
E within his/her memory length r then equation 3.4a is applicable. In case the
passenger travels the route only once or nevewithin his/her memory length r
then equation 3.4b is applicable.

O E
& 8 &
) ; LA 8 & e e c e s
C E C E OA® g &xlE A£MENT | AATOAOEABA A
(ZYC)E rév
o o
Else
C E C EVE £ HE~nI i AATOAOEAT AA o8
C E [ C E A VE A E~T T AATT AOAT &0
Else
C E [C E VE £ En~vT [ AATI AGAT AGO odn

Where the weights can take a geometric progression of the form:

M N
> B om O F ®
r

A S TAaO E > U VE A ENT o

nt denotes the current simulationday

A - weighed average lateness penalty associated with each individugl
along route E between OD pair Z.

> -0 AARAPOAATI A O OAIE wetodeddOpaiZEi A6 £ O Ol
[ - non-negative parameter whch represents the degree to which the variance

is undesirable to passengers (Jackson and Jucker, 198R¢pt constant for all N
OD pairs in the network)

And [ indicates the value of total travel time and[ reflects the value of being
one time unit later than expected {Watling, 2006). In the current study the
value of[ ] is assumed to be 5.

The learning model takesC E H , &£ ,r and O E and produces an
updated vector of ODpredicted travel times/costs for the nZ routes between OD
pair Z for eachindividual E, for E phc A ;C d EM E

C E predicted travel costof individual Efor route E between OD pair Zor
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the day and ' Hd hE RO E * "HQ' is the wector of these updated
predicted travel times across all routes for individualE .

Based on these predicted costs, eaclpassenger independently and
probabilistically chooses a routebetween each OD paitbased on a random
utility model.

The probabilities B "HE b CE B CE B3I C E

for the nZ routes between OD pair Z are thus a function of the predicted OD
travel times "HE ‘of individual iz. A multinomial logit model, for example,
would be a particular choice for these probability relationships, with:

D C E Aob | g . o)
B Agbd P

where x > 0 is a parameter of dispersion.

Assuming that the total number of OD pairs in the network is le.  p, then
Z=1 and passengers i of OD pair 1 ist . The above described modelling
framework implies that in order to represent the dynamics of this modefor a
single OD pair networkwe need a state variable X nwhere:

n Tip ¥ p g B 34
AT A xEAOA @ EO OOCAAEAAOAOALKUAEC
tilde):

6AO0AT AAK

d d

v E & ‘;,YY/E y
0 p 7 ~9 P &
Y. ~ 2, ,_,
A He & YHp A
2 &~ & & g Y & 7
> - Yy ~
gd v A d s
n 2 ~
a ® & A S
O A “aq

- @ Q
o HQ O &°HQ O

If there are two routes between an OD pai(¢ ¢) and the memory length is
assumed to ber =1 then based on the above stated assumptions, the traition
function follows the joint probability/probability -density function given by:
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3 C d MEMF Q 3y Ond hal 0
NOhiB
where the functionD(a, b) = 0 unless a = b.

b b ¢ 1Q °on p B C Q °n describes  the

probability of choosing route 1 or 2 (assuming only two routes are available
between the OD paiZ which is equal to ).

B« g B C d MERF Q gives the conditional probability
density function of the predicted total travel costs on each route based on the

learning process adopted for theexperienced travel time on the two routes
between the single OD paiiZ=1.

y ONd EH  gives the probability density function of experienced travel

times based on the individual specific systematic componerior the single OD
pair network where Z=1.

3.2 Model description

As per the mathematical model discussed in section 3.1 the current section

shall detail the didributions and parameters assumed in the current study. In

order to fulfil the set of objectives the model uses Monte carlo simulation for
generation of distributions and the interaction between the distributions is set

such that the strict capacity constaint is respected. The stochastic nature of

demand is captured by varying rate of passenger arrivals and similarly the
stochastic nature of supply is captured by line headway variation in the datyp-

AAU [T EAOT OEI OI AGET T 11 AAltransit lingé BMAIl b OAOOE
achieved by controlling the amount of variance in the interarrival time of the
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services reaching the transit stop. It shall be denoted by the shape facior The

detailed description of the various input components of the base modtleare

described in the following section.All sections of the model are coded in
Matlab.

3.2.1 Model Inputs

This subsection describes the demand and supply specific inpuiBhe proposed
model - Reliability based disaggregate stochastic process modaieferred to

from hereon as R-DSPMwith strict capacity constraint is discussed in the
following sections.

3.2.1.1 Network Supply

The network supply (i.e transit services, lines) are considered stochastic in
nature as per the assumptions of frequency based agsiment. The structure of
the network consists of transit stops, and the arcs represent the lingections

between the stops. A De Cea and Fernand€:993) based route section
approach is adopted to model the enumeration of routesln-vehicle travel

times between transfer stops are assumed to be given. The-wehicle travel

time given for each line sections kept constant in the current study.

3.2.1.2 Transit Services

A transit service is characterised by the fixed subset of stop that the passenger
encounters in his/ her trip and for every transit line the alighting stop is
predefined. Each vehicle is characterised by the vehicle capacity and passenger
volume dependent dwell time. The capacity of each transit vehicle is strict
capacity beyond which the pasengers are not allowed to board. As frequency
based assignment approach is used each line is defined on line headways. As
an input to the model average arrival rate of transit vehicles along with the
shape factor associated with erlang distribution are igen.

Each passenger in the network is characterised by the set of attractive lines
which defines his/her transfer stop based on his/her chosen route. In case of
risk averse passengers it is assumed that all the passengers in a simulation run
are homogen®us in their choice off D : values and hence have the same
degree of aversionassociated with the variance ototal travel time for all OD
pairs and the acceptable total travel timefor each OD pair In the micro
simulation model, for the specified leadway rates the transit vehicles are
generated. The arrival of the transit vehicles at the subsequent stops is derived
by adding the average irvehicle travel time to the departure time of thetransit
service. The departure times at subsequent stops ar@rfmulated by adding the
dwell time to the in-vehicle travel time.The importance of dwell time at system,
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route and point level has been emphasized indicating that excess dwell time
forms one of the main reasons for noradherence of schedule in transit sasices
(Bertini and EI-Geneidy, 2003).

The dwell time is taken as a function of number of passengers boarding and
alighting at a transit stop and varies between different types of vehicle
operated in each line. The dwell time function for the current modek given as
follows:

$70 4%) y "T AOAFT C !l ECEOQ&TC
Where, =7; Y vOAdnd ¥ 0O A ABoarding z number of
passengers boarding ; Alightingz number of passenger alighting from the bus
(Ceder, 2007)

The variance associated wittihe interarrival times of each line can be modelled
using the shape factorl of Erlang distribution which tends to reflect highly

unreliable service arrivals (exponential) with a value of 1 and highly reliable
service arrivals (deterministic) with a shape factor tending to infinity. The

pseudo code utilized for generation ofransit arrivals is as follows:

Step 1: Generat® 6 88 & A ® )5$rip
Step2:Returr9 — 1 1B 5 Law and Kelton(1991)

Wherein h denotes theheadwayassumed forthe transit service.The drawback
of the above algorithm is pointed out that at large shape factors () the value of
B 5 tends to zero which makes computton of logarithm difficult.

The difference in reliability associated with arrival times can be seen from fig

3.2 which shows the inter arrival distribution of transit services at a transit

stop for a mean frequency of 1&ervicesghr. A line having a spedied average

headway of6 minutes, when modelled with a line shape factor df  p results

in higher variability of interarrival times (Fig3.2q AT A OEAI 1 AA Al A¢
OAl EAAT A6 OEAT OEA OAT A TETA SHEkinni I AAI
wherein the variability between the inter arrivals is reduced. In order to assess

the varying behaviour of route choice between passengers who are highly risk

averse to those who are risk neutral the model shall be run with passengers

having varyingr /b : values.
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Fig 3.2The probability distribution of erlang headway of 10servicesper hour
for varying shape factors

3.2.1.3 Passenger demand

Passengerdemands across all OD pairs are simulated ithe model through
specified arrival rates. As described in secon 3.1.2 each OD pair Z is assumed
to have apopulation size of passengers d In order to simulate passenger
arrivals; a fixed rate of passengers is fed as input for each OD pair. The number
of passengers generated using the assumed rate of passenger\als for each
OD pair Zare considered to be the passengers travelling for the dayetween
the OD pair Z The difference between the number of generated passengers and
the population size dZ2 are assumed to be nbtravelling for the day. The day to
day pasenger demand between OD pairs is assumed to be varying and there
exists an indicator variabley  which takes the value 1 if individualE travels

on a given day, and takes the value 0 otherwise .

The portion of travel time which involves the walk from origin to the transit
stop and the walk from the transit stop to destination is eXaded. Passengers
arrival is modelled as poisson arrivals with exponential inter arrival times.
Passenger behaviour is constrained to changing of lines only at the predefined
alighting stops decided upon by the passenger before boarding a line.

3.2.1.4 Learning process Model:

The route choice of the passengers is based on the costs experienced by the
passengers over the memory length fed as inpub the model. As indicated in
Horowitz (1984) the weighted average learning process model is used. The
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disaggregate modelling of route choice using weighed average learning process
assumes that a passenger assigns weight to his/her experience over the
memory length to predict the trawel time. Similar to model 3 of Horowitz
(1984) the disaggregate learning process odel is formulated as shown below:

C E 54 E T OEEKEOOOAI oP p
O E
v s 0
CE CE [0AD g ~'E AR [ AATOAOEAT AAo O
(’)’OE rey
& o
Else
C E C EJVE Z£mE~NT | AATOAOEAT AA oP @
CE [CE [A JE EEnT [AAI AOAT AGH &
Else
CE [CEIE A B~ | AAI AOAT AOO 0B d

Where the weights can take a geometric progression of the form:

M ~

5y — I E o T

B" m
A ST Aaid E > U JE &£ K N oP v

nt denotes the current simulation day

A - weighed average lateness penaltgssociated with each individualE
along route E between OD pair Z

> a-O0! AAAPOAAT A OI OAIE wetadedd0 pal@ET A8 £l O Ol
[ - non-negative parameter which represents the degree to which the variance

is undesirable to pasengers (Jackson and Jucker, 1982).

And[ indicates the value of total travel time and| reflects the value of being
one time unit later than expected Watling, 2006. In the current study the
value off ¥ is assumed to be 5.

In aggregate model (egTeklu, 2008b) transit assignment modelit is assumed
that the cost experienced by passengers travelling along various routes is
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available to all the otherpassengers embarking on the journey the next day. It

is assumed that passengers in spite of having travelled along different routes

are fully aware (informed) of the costs associated with all the other routes
enumerated for the OD pair. In disaggregate medl this assumption is not
applicable as the passengers route choice is solely based on his/her
experienced costs on the routes in the network. The awareness of other
DAOOAT CAOO AGPAOEAT AA OAOGOI 0O ET OET A&l Ol
with in th e current chapter.

3.2.1.5 Route Choice formulation:

The route choice is formulated as mitinomial logit. The choice between the
various routes is associated with the probability of a route having the total
travel time/ cost lesser than the total travel ime/ costs of other routes
available for commuting between an OD pair. The logit choice model between
routes is specified as shown below:

b C Q AOD e B H oP
B Agb P ?
Where x is the dispersion parameter; C "Q - is the cost of route k

between OD pair Zobtained from the learning processfor individual iz; nZ- is
the total number of routes between the OD pair.

3.3. Methodological framework:

The combination of the above mentioned model inputs results inthe
framework for R-DSPM The interaction of various highlighted components
within the R-DSPMframework is shownin Fig 3.3 (a) and 3.3b).
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Fig 3.3(a) : R-DSPM-passenger generation module
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3.4 Example Network 1

Consider the network shown in fig3.4.

Line Line In - Vehicle Travel ~ From Stop—To  Services per

Number Time in min Stop hour
l; cap=20 pass/bus I3 cap=20 pass/bus

ﬂ—’ﬂ I Orange 6 12 9

V) v Is Red 9 12 10
Gw) =)
L, cap =20 pass/bus L Red . = v
I3 Black 10 2-3 10
Node 2 Node 3
Uncongested Congested Uncongested Congested
g, % 2 % g % g 3
n 2 o= = »n 2 R »n 2 Q& = »n 2 0 o2
53 E2% |53 E2% |53 E®% |53 Eo%
= < c U e c 0 m s < c 0 s < c 0 m
o < 0 A 2 o< oaz2 o< 0:4:2 o< 0:4:2
g = A 9 = A 9 = o 3 = o e
a0 2 ag a0 2 ag a0 2 ag a0 2 ag
0 0 0 0 0 0 0 0
a a o a a o a a
Node 1 59 10 846 190 67 11 1304 300
Node 2 - - 110 20 1086 250

Fig 3.4: Example Network 1

Following De Cea and Fernandef1993) there are 12 different routes possible
for travelling within the network. The routes for the network shown in the fig
3.5 are enumeraed in table 3.5.

B

o,

G

Fig 3.5 : Possible route sections in the network
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A4AAT A o8uvd 4EA Al OISAOAOAA OOAT O
OD Pair Route Number Route Sections
1 B
Node 1 —Node 2 2 C
3 A
10 E
Node 2 - Node 3 11 F
12 D
4 G
5 B+E
6 B+F
Node 1 to Node 3
7 B+D
8 A+E
9 C+E

3.4.1 Uncongested network:

The test network was simulated usiig the framework given in fig 3.3b). Having
enumerated the routes the headay distribution is assumed to be
exponentiall  p, ther was kept as 5 daysx T8t uunless otherwise
specified and the simulation was run for a period of 4 hours over 700 days,
without dwell time. The population size (population sampled from) as
mentioned in fig 3.4 is for 4 hours between each OD pair.The deamand
(population size) in Fig 3.4is such that forOD 1it is taken as59 passengersior

4 hours with an arrival rate of 10 passengers per hourOD 2 is67 passengers
for 4 hours with an arrival rate of 11 passengers per hourand OD 3 is 10
passengerdor 4 hourswith an arrival rate of 20 passengers per hourt is to be
TT OAA OEAO OEA OAOI O Opi bdI AGETI 1T OEUAS
used interchangeably throughout the thesis and shall denote the population
size the rate of passenger arrivalss being sampled from. These assumptions

S Route C+D A+F and A+Dhas not been enumerated as a possible route because it involves
getting down from red line and boarding the same red lineln case of uncongested
network this would not be sensible With congested network if thee are passengers
gueuedfor the transit service before thearrival of the sameat stop 2 a FIFO rule would
ensure that these passengers are boardefitst on to the transit service Those who got
down from the transit service would be allowed to boardonly if there is any capacity left
within the service. In a realistic network such a possibilityof alighting and boarding the
same transit serviceis rare and has not been considered in example network. Example
network 2 however looks ata scenario whereinroutes consisting of route sections having
same linesmake alighting and boarding the same service possible

E
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have beenused torun the uncongestedR-DSPM However it is to be noted here
that on days that the passenger do not travel they update their costs based on
the uncongested costs. The uncongested costs for the dayst travelled is
derived from De Cea and Fernandez(1989) formulation. Table 3.6 shows the
results obtained using the R-DSPMin uncongested condition and Table 3.7
shows the results obtained using De Cea and Fernandeg1989).

Table 3.6: Total Traveltime obtained using a single realisation of micro
simulation model for various routes over the simulation period of 700
dayswith& p,r vandx T8tu

oD Node 1z Node 2 Node 2z Node 3 Node 1- Node 3(Z=2)
(z=1) (Z=3)
Route 1 2 3 10 11 12 4 5 6 7 8 9

r g 1258 151 107 161 151 126 24 291 275 251 26.7 312

Stdb 1.25 09 05 14 11 047 13 3 26 20 21 27

Table 3.7: Total Travel time obtained usingDe Cea and Fernandez(11989)
oD Node 1z Node 2(Z=1) Node 2z Node 3JZ=3) Node 1- Node 3(Z=2)

Route 1 2 3 10 11 12 4 5 6 7 8 9

reg 127 15 10.7 16 15 12.5 24 28.7 27.7 252 26.7 31

Tables 3.6 indicate thatR-DSPM provides total travel time similar to that
computed using De Cea and Fernandez1989) differing only by the fact that
the current model uses adynamic framework whereasDe Cea and Fernandez L
(1989) utilises static framework.

3.4.2 Congested Network:

The congested scenario of the test network is very similar in its input data and
formulation to the uncongestal scenario explained in the section 3.3.1., with
almost the same input parameters excepting for the arrival rate of passengers
and the population size between various OD pairsvhich was modified as given
in fig 3.4. The modified population size between eath OD pair isgiven for 4
hours such that the demand forZ=1 is 846 passengersfor 4 hours with an
arrival rate of 190 passengers per hourZ=2 is 1304 passengersfor 4 hours

6 The standard deviation is between the expectation of predictedosts obtained as a result of
weighted average éarning process
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with an arrival rate of 300 passengers per houand Z=3 is1086 passengersfor

4 hours with an arrival rate of 250 passengers per hourDiffering from the
uncongested model is the introduction of dwell time function as given in
section 3.2.1.2. and the introduction of strictapacity constraint in eachtransit
service (assuming a capaty of 20 passngers/transit service). The strict
capacity constraint ensures that each transit service at disaggregate level takes
in a maximum of 20 passngers beyond which the passenger experiences
failure to board. The memory length, r, was kept as 5 dgs, x 18t vunless
otherwise specified and the simulation was run for a period of 4 hours over 700
days out of which the first 200 days were discarded as burn in periodlt is
noted that in a congested network passengers generated within the simulation
duration are unable to reach their destination within the specified simulation
period. Hence a buffer time is given at the end of the simulation period wherein
the transit services are generated to enable the passengers queued up at the
transit stops to reachtheir destination. It is brought to the attention of the
readers that though transit services are generated during the buffer time
passengers are not generated. It is also mentioned that the buffer time is kept
for as long as the last passenger generatedthin the simulation period reaches
their destination.

As mentioned in sectionl.6 the distinction between the aggregate model in
Teklu (2008b) and the current R-DSPMlies in the prediction of costs for
propagation of flows in absence of nosselection ofa route and the process
involved in the prediction of the cost itself In aggregate models the learning
process of passengers is kept continuous during the neselection of routes by
assuming that the cost of the nosselected route (combination of route
sections) is equal to cost experienced along the component routection which
now forms the part of the an used route. For eg if on a particulam day route

v AT AOT 80 CAO AET OAT OEAT OEA xAEOQOET ¢ Ol
is assumed to be equal to the waiting time experienced by users of route 1 and
the waiting time at stop 2 is assumed to be equal to the waiting time for
assocated with the users of route 11.Also in aggregate process the predicted
cost for each route is based on the average of the experienced cost of all
passengers at end of each dain the current R-DSPMthe absence of external
OET &£ Of AOET T 8 sts@fnor3é¢lcotél rdbtes taoe Aquiviaient to the
uncongested cost for the sameand the predicted cost for each individual for
each route is based on only his/heexperience

The R-DSPMwas run for the passengers arrival ratespopulation size specified
in Fig 3.4 and with strict capacity constraints for erlang shape factors of
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bothi pATIA o m.iThe resultsfor m=1 are tabulated in Table 3.8From
the table it can be deduced that the flow distribution on the routes between an
OD pair are almost equato each otherespecially between ODs Z=1 and Z=3.
This is due to the usage of 1@t LIt is brought to the attention of the readers
that in logit choice model ax value of zero would result in equal distribution of
flows between the routes irrespective of tle cost of the routes. Hence a value
closer to zero for the current values of travel costs results in almost equal
distribution of flows in the example network. The behavioural assumption is
that as the x value tends to zero the passengers do not considehd costs
experienced by them as the true values of the journey. They believe that the
costs experienced by them have several unaccounted variance associated with
it and base their route choice randomly.

Table 3.8: The congested costs for risk neutral passgers in network with
shape factord p,r vandx T8tu

Node 17z Node 2
oD z=1) Node 2z Node 3(Z=3) Node 1- Node 3(Z=2)

Route 1 2 3 10 11 12 4 5 6 7 8 9

WI‘ 257 253 226 254 247 224 313 402 39.2 373 379 406

Std 2.4 2.1 2.3 2 2.0 2.1 14 14 15 15 15 1.4

Route 1 2 3 10 11 12 4 5 6 7 8 9

|fJ—-' 2425 243 2755 3126 3234 359.9 2543 178 189 2065 1995 171

Std 18.6 17 182 188 195 210 17 139 148 149 142 135

It is observed that irrespective of the network reliabiity the expectation of
predicted costs for each route and thexpectation ofexperienced costson the
sameroute are significantly different from each other (fig 3.6) This is because

the predicted costs areobtained by averagingover the memory length the
experienced costs when a passenger travels on a route as well as the

OT ATT CAOOAA OI OOA AT 006 xEAT A .DPAOOGAT CAO
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average experienced total travel time
average predicted total travel time
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Fig 3.6 The variation in the expectation of predictedcosts of risk neutral
passengers and thexpectation ofexperienced costs inexample network
with & p Qo T (Route 4).
One needs to note thain the current R-DSPMthe evolution of flows on routes
for either m=1 or m=300 does not depend on the expectation of predicted costs
of the entire route butl T E 1 A &pteHided dost§for each route.

As explained in section 3.1.2 the curreriR-DSPMapplies the Markov principles.
One of the necessary condition but not a sufficient condition for stability of
markov process is the stationary evolution of route flows and asts. It is
expected that in a markov process the costs/total travel time or flows of the
Ol OOAO AEOCAKDS6 OPRAOBADOIOGEATT OAOGOI O
independent of its initial condition. Fig 3.7 shows the histogram of flows on
various routes for network with | p. The visual inspection of the histograms
reveal that the distribution of flows along various routes for the time period
between 201 to 401 and 402 to 602 are almost similar to each other. The mean
and the standard deviation of the Ibws are almost identical indicating that the
stochastic process being considered is stationary.

m\

—_—
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Fig 3.7: Histogram of risk neutral passeger flows along routes 4,6,8(a)201-
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3.4.2.1 Autocorrelation

Another approachto prove that the markov process is stationary can be by

Al i DbOOGET ¢ OEA O1I AOCA 1 AcC OOAT AAOA AOQOI ¢
along various routes and assessing if the autocorrelations die dm after a
hypothesised lag of Kdays (Balijepalli et al., 2007). It is understood that an

important measure to assess the persistence or the memory property dime

series is autocorrelation.Autocorrelation measures the correlation between the
observations at different times. The autocorrelation of observations separated

by K time steps is given by

B' & o o
BT & of

0P X

Where

w- observations such as average flow on each route and average exparced
travel time on each route

ok average of observations

K- lag days
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Where

V is an estimator of autocorrelation at lag<

V is the true theoretical autocorrelation at lag’Q

1 is the length of the time series.

Figure 3.8 gives the autecorrelogram for various routes for passengers under
congested condition and with an erlang shape factor of p,r v and
X 18t L The autocorrelation of flows with themselves at lag=0 is 1. From then
on there is a decreasing positive correlationfor route 4 flows. Beyond the
memory length of 5 days the correlations die dowrwith an isolated positive
correlation happening on 14t day indicating that the samples are more
independent beyondr days.
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Fig 3.8: Autocorrelogram of flows incongested network with error bounds
calculated using equation 3.1&long routes 4,6,8 and 1Gor & p,r v
andx T@8tuv

Fig 3.8 also shows the eror bounds as computed using eg3.18 for a

hypothesised lag of @ days, beyond which it is assumed that the aute

correlation dies down. The aror bounds are indicative of the significance of the
correlation. It is seen that most of the correlations are insignificant as they lie
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below the error bounds. h caseof route 6,8,10there is a presence of negative
correlation within the memory period of 5 dayshowever these correlations are
seen to lie below the error bounds indicating that the correlations are not
significant. Fig 3.8 indicates insignificant correlation of flows for routes 6,8 and
10 even within the memory period of 5 days. This coulde due to he high
stochasticity brought about by therandom distribution of supply and demand;
failure to board along with the perception error assumptions assoeted with
the cost The high level of stochasticity ultimately also results in the
autocorrelations dying down at large lags.A detailed analysis of the
autocorrelation and partial autocorrelation under varying & , and x is given in
section 3.6.

Following the assumption of erlang shape factor  p the erlang shape factor
is changed tol o T.TIAS explained in section 2.1.2 a shape factor of
i o T results in a reduced variability between the interarrival times of he
transit line.

Table 39 shows a reduction in standard deviation ofexpectation of predicted
costs%C between stops 1 and stop Jor | o 1 metwork when compared
with the I p network. One could conclude that the reduction in coét O
standard deviation is a reflection of a more stable evolution of the network.

Table 3.9: The congested costs for risk neutral passengers in network with
shape factor& o m,m vandx T8tUL

Nodelz Node2 (Z=1) Node 2 Node 3(Z=3) Node 1z Node 3(Z=2)
2 3 10 11 12 4 5 6 7 8 9

Route

F I E 205 216 204 211 205 20 274 323 318 312 324 336

Std 074 072 073 066 068 067 044 0.65 0.6 058 059 056

Route 1 2 3 10 11 12 4 5 6 7 8 9

WJ—-' 258.4 2442 2584 3218 3325 3415 2326 1929 199.1 2035 192.7 177.5

Std 164 158 16 183 189 192 151 147 134 139 138 141

Similar to | p network, the tests to prove that the markov process is
stationary using auto correlogramand histogramsare shown in Fig3.9 and Fig
3.10. From table3.9 it can be seen that in a congested network thexpectation
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of predicted costs of a more reliable network service modelletiere with erlang
shape factor ofi o Tt are lesser than the expectation opredicted costs in an
unreliable network which is modelled with shape factor of p . This is
anticipated as the inter arrival of the services in a reliable network are more
closer to the specified average headways éneby reducing the waiting times of
passengers who could otherwise have experienced a larger inter arrival time.
Since, n case of nortravelled routes the R-DSPMwill use the uncongested
costs of m=300to determine the prediction costs of each passengerthe
7l g values are lessein table 3.9than those shown in table 3.8.

The histograms of flows shown in fig3.9 indicate that between days 201 to 401
and 402 to 602 the flow distribution is almost similar. The mean and standard
deviation of the two peaiods are also found to be almost same. As the stationary
distribution between the two time intervals are similar it can be claimed that
there is only one probability distribution of the flows for each route under the
assumed conditions and hence the stoelstic process is ergodic (Watling and
Cantarella, 2012).
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Fig 3.9: Histogram of risk neutral passenger flows along routes 4, 6, 8 f(&)
201-400 days (b) 401600 daysm=300, r vandx T8tU

The presence of insignificant autocorrelograms of the flows beyond the
standard error bars computed for some hypotheticak day as shown in fig
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3.10 is an indication that the flow on the routes do not depend on the flows on
the same pute beyond+ days thereby implying that the process is stationary.
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Fig 3.10: Autocorrelogram of risk neutral passenger flows incongested
network for routes 4,6,8 and 10with error bounds computed using
equation 3.18form o T vandx T@UL

3.5 Initial conditions:

Another essential condition to prove Markov property of the model is to see if
the system converges to the same probability distribution irrespective of its
initial conditions. To study the convergence different initial conditions were
simulated. Initial condition was varied by changingthe random number seed
values of theR-DSPMframework and by varying therate of Poissonpassenger
arrivals along with the population size between OD pairs for the first 80 days
(Z=1- poisson rate of passnger arrivals-60/3600, population size (constant
demand)-302; Z=2- poisson rate of passenger arrival$60/3600, population
size (constant demand)298; Z=3- poisson rate of passenger arrival20/3600 ,
population size (constant demandj110). These two diffeent initial condition
results were compared with the model results specified earlier. It is expected
that irrespective of the initial conditions the model shall converge to a
stationary distribution as per the ergodic markovian property.
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Table 3.10 : route costs and flow distributions and sensitivity to initial
conditions& p,r vandx T8tUL

Route Node 1 Node 2(Z=1) Node 2z Node 3(Z=3) Node 17z Node 3(Z=2)
N 1 2 3 10 11 12 4 5 6 7 8 9
<
2 0O « 259 254 227 253 245 222 214 403 39.2 374 379 407
g
% Std 29 2.6 2.8 2.2 23 24 1.7 1.9 2 2 21 1.9
:
- O ® 2404 243.1 2775 311.6 323.8 360.4 2544 1787 188.1 206.4 199.2 1715
Std 180 169 178 188 19 194 17 133 14 143 154 138
O « 2577 253 225 254 247 224 314 403 391 373 379 407
™
&
b= Std 2.3 2.1 2.3 2 21 21 15 14 14 1.5 1.6 14
g
% O® 2416 2424 277 312.2 323.2 3604 2554 179 188.2 206.2 198.4 1714
£

Std 178 177 167 196 204 193 171 136 137 144 143 128

From table 310 and table 3.11 we can see that for both the assumed shape
factors the system converges to a stationary distribution irrespective of their
initial conditions. The mean and standard deviation values of the average
experienced costsand flows are similar irrespective of the initial conditions
assumed for bothi pOI o T.7TFig3.11 and3.12 shows the histogram of
stationary distribution of flows on various routes which again are almost
similar irrespective of the initial conditions.
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Table 3.11 : route costs and flow distributions and sensitivity to initial
conditonsd o T vandx T@TUL

Route Node 1z Node 2(Z=1) Node 2- Node 3(Z=3) Node 1- Node 3(Z=2)
N 1 2 3 10 11 12 4 5 6 7 8 9
&
i_g 00 204 216 204 211 205 19.9 274 323 318 312 324 337
c
% Std 0.7 0.7 0.7 062 069 068 04 0.6 0.6 0.6 0.6 .6
£ O@  258.6 2434 259.0 321.8 3323 3418 2317 1935 199 203.8 1916 1786
Std 15.9 16.7 17.1 17.8 19 18.8 15.2 13.8 144 146 14.0 13.7
o (o)) 205 216 204 212 205 199 274 323 318 312 324 337
% Std 0.7 0.7 075 066 067 067 045 0.6 064 061 055 054
c
% O®  258.6 2432 259.1 321.7 3331 341 2314 1933 198.0 203.8 1926 179.1
2

Std 16.3 154 160 180 184 192 152 131 149 144 135 129

4 6 8
2 2 ) 2
g 02 s 02 g 02
= = g_
@) g0.15 g015 g 015
B B By
@ 01 ¢ 0.1 2 01
Z 005 = 005/ < 0.05; II
= . = 0 - . = o - -t
900 250 300 150 200 250 150 200 250
Mean = 2543 Mean = 189.6 Mean = 199.7
Std=173 Std = 145 Sud =146
: — g [ - o 04—
g 0.2/ | g 0.2} g 0.3!
g 0.15 | €015/ g
(b) = = [ 0.2'
g 01 |2 0.1 @
=005 | 0.05| 501
& & &
L 0! : o- fiamiii]
00 250 300 350 150 200 250 150 200 250 300
Mean = 255.2 Mean = 188 Mean = 199.1
Std=17.3 Std =13 0 Std=159
| 4
g g g
o 02 c 0.2) S 0.3/
3 ] g 0.
g 0.15| | € 0.15| g
(¢) = = = 0.2
2 01 2 0.1 @
= 0.05| = 0.05| 501
-4 L II -4 0 =4 0
?00220240260280 300 150 200 250 150 200
Flow Flow Flow
Mean = 254.8 Mean = 188.1 Mean = 198.8
Std=158 Std = 13.5 Std = 14.7

Fig 3.11 The stationary distribution of flows on routes 4, 6 and 8 under (a)
initial condition 1 (b) initial condition 2 and (c) initial condition 3 for
a phr vandx T&rvL
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Statistical testing of whether the markov process has converged irrespective of
its initial conditio ns is done using Wilcoxon rank sum tesand two-sample
Kolmogorov-Smirnov test These arenon-parametric test for assessing if two
samples of the observation come from the same continuous distributiorin
case of Wilcoxon rank sum testhte null hypothesisis that the two samples are
independent samples from identical continuous distribution, with equal
medians. The alternative hypothesis is that they do not have equal medians.

As can be seen from the autocorrelograms (fi§.8 and3.10) the route flows for
each route are correlated as the evolution of the flows within theR-DSPM
framework involves dependenceof the current flow state on a finite memory
period. Hence the correlation of the costs and the flows are expected to remain
for a period of 5 days whit is the memory lengthr assumed for the current
test run. From the correlogram it can also be seen that beyond 10 days
(arbitrarily chosen) the correlations die down hence a process of subsampling
was carried out to perform the statistical test. In the process of subsampling
every 10t element of%C and %8 was used to derive a new set of
elements to perform the statistical test. The necessary conditions for the
Wilcoxon rank sum tests are that the two samples being tested are independent
of each other and that thetwo samples have the similar distributions. The
Wilcoxon rank sum test was carried out using MatlabThe results of the
statistical test are as shown in Table.22 and Table 3.B.
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Table 3.12;: Wilcoxon Rank sum test results for different initial conditiongor
& p,r vandx T8TU

Node 1- Node 2 Node 2z Node 3
Node 1z Node 3(Z=2)
Routes (Z=1) (z=3)

1 2 3 4 5 6 7 8 9 10 11 12

0.03 059 047 057 035 056 046 0.67 069 055 010 0.11

rl g 007 06 037 059 051 068 051 06 097 048 0.09 0.09
083 099 084 096 075 091 09 097 041 0.89 0.93 0.96
002 0.07 02 0389 099 025 088 0.73 056 003 01 04
J—-' 002 0.05 075 033 035 094 033 022 0.8 0.83 1 0.7

07 07 029 028 025 0.24 043 034 0.75 0.05 0.09 0.86

1vs3| 2vs3|1vs2| 1vs3| 2vs3| 1vs2

Table 3.13: Wilcoxon Rank sum test results for different initial conditions for
& oTmmn vandx T8tU

Node 1z Node 2 Node 2 Node 3
Node 1z Node 3(Z=2)
Routes (Z=1) (Z=3)

1 2 3 4 5 6 7 8 9 10 11 12

084 061 0.73 081 0.79 0.84 080 0.89 083 095 093 0.74

i | E 096 065 091 085 092 065 067 061 059 094 082 0.9
099 0.82 061 099 0.73 042 099 054 0.67 0.83 097 0.57
0.77 0.89 0.67 045 061 031 08 089 048 09 0.87 0.72
J—-' 037 052 063 065 092 059 064 052 046 0.07 031 0.38

061 058 0.79 088 069 0.13 068 048 084 0.1 048 0.63

1vs3|2vs3| 1vs2| 1vs3|2vs3| 1vs2

The tables 3.12 and 3.13 results show that the null hypothesis cannot be
rejected at the 5% significancelevel as the pvalues are greater than 0.05 in
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most of the cases fof p and for all ini o T..1This shows that there is not
sufficient evidence to show that the samples from the three realisations do not
come from the same stationary distribution and danot have the same median.

Similar to Wilcoxon rank sum test he two-sample Kolmogorov Smirnov test
has a null hypothesis which specifies thathe two samples are independent
samples fromsameidentical continuous distribution. As in Wilcoxon rank sum
test for the Two-sample KolmogorovSmirnov testevery 100 element of%C

and %8 was used to derive a new set of elements to perform the statistical
test. The two-sample Kolmogorov test was carried out using the matlab
£O01 ACGET 1T OEOOAOOc68 4EA OAOGO OAOGOI OO
acceptance ohull hypothesis and 1 indicates rejection of null hypothesis. Table
3.14 and 3.15 give the results oTwo-sample KolmogorovSmirnov test. It can
be seen from the tables that the results are almost similar to that of Wilcoxon
rank sum test If one notes tte bold values in table 3.12 and table 3.14 one sees
that the null hypothesis gets rejected for similar routes irrespective of the
statistical method used. The results of both the statistical tests thereby
indicates that the samples from the three realisatbons do come from the same
stationary distribution .

Table 3.14: Two-sample KolmogorovSmirnov testresults for different initial
conditionsfora p,r vandx T&tv

Node 1- Node 2 Node 2z Node 3
Node 1z Node 3(Z=2)
Routes (Z=1) (Z=3)

1 2 3 4 5 6 7 8 9 10 11 12

rlg 1 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0
1 0 0 0 0 0 0 0 0 0 0 0
= 1 0 0 0 0 0 0 0 0 0 0 0

1vs3| 2vs3 | 1vs2| 1vs3| 2vs3| 1vs2
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Table 3.15: Two-sample Kolmayorov-Smirnov testresults for different initial
conditionsfora o m,m vandx T@TUL

Node 1- Node 2 Node 2z Node 3
Node 1z Node 3(Z=2)
Routes (Z=1) (Z=3)

1 2 3 4 5 6 7 8 9 10 11 12

rlg 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0
= 0 0 0 0 0 0 0 0 0 0 0 0

1vs3| 2vs3|1vs2| 1vs3| 2vs3| 1vs2

3.6 Sensitivity Analysis:

3.6.1 Autocorrelation

The sensitivity of the model to variousx values is shownin fig 3.13 and fig

3.14. Theanticipation is that as thex value increases the passengers become

more sensitive to changes in the costs of the competing routes between an OD

pair. In other words asx increases the random term in thepredicted cost a is

assumed to be fully explained and the cost value is assumed to reflect the true

value of the journey.At higher x values the cost value becomes reflective of the
AAOOAT OOAOGAT AT 00O AT A EATAA OEA DPAOOA
him/he r. This results in all passengers formulating the same opinion about the

route costs and thereby think alike or homogenously.
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Fig 3.13 The autocorrelogram of flows along routes 4, 6 and 8 for  p and

r v@x mryb)x pREC)x T
The behaviour of flows when the logit dispersion parametex is increased is
assessed and is shown in fig 3.13 and fig 3.14.xAvalue closer to zero would
result in equal distribution of flows between all the routes serving an OD pair. It
would then mean that the passengers are not sensitive to the difference in costs
of the routes due to the assumption that thecomponent involving the
unexplained factors of the journey are much more. The passengers make
similar route choice decisions at highex AO OEAU OAAI EAOAS OEA
be the true value of the journey. Hence on a given day almost all passengers
choose the same route and sirecthey experience higher costs on that day along
their chosen route all the passengers end up choosing a different route the next
day. Hence the route flows tend to be more negatively correlated as shown in
fig 3.13 and 3.14. The periodic attractors are nre visible at higherx valuesas
can be seen from Fig 3.13 wherein strong negative correlations are observed
within the memory period of 5 dayspunctuated with a high positive correlation
at end of the memory period duration The presence of periodic attrators is
much more distinctly visible in case of higher reliable interarrival (fig 3.14)as
the stochasticity associated with transit service interarrivals is reduced
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3.6.2 Partial Autocorrelation

Partial autocorrelation gives the autocorrelation between @ hw after
removing the linear dependence betweertofo 8 8 @ wherein @ is the
average totaltravel time or average flow on a route asimulation day and K'is
the lag in days.In other words partial autocorrelation gives the partial
correlation of the time series with its own lag values, controlling for the lag
values of the time series at alshorter lags (Lee and Fambro, 1999 Partial
autocorrelation helps to identify the possible order ofauto regressive moving
average(ARMA) time series models.The ARMA models are used for predicting
the behaviour of time series through generation of similatime series having
the same persistence structure which could be used for future policy evaluation
in transport network. Fig 3.15 and 3.16 show the g@rtial autocorrelogram of
flows with 95% confidence band. Fig 3.15 indicates that at T8t uhe partial
AT OOAT AGETT BITO AT AOGI 80 OEIT x A Al AAO
is always 1). The next few lags are at border line statistical significance. As the
xvalue is increased the partial autocorrelogram of flows shows clear statistical
significance upto interval ofr v days and next few lags at border line
statistical significance. This clear show of statistical significancevithin the
interval of memory length is indicative of the already mentioned fact that at
higher xperiodic attractors are observed in the netwok.

O
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A similar trend is observed withad o 1 @and as can be seen from fig 3.16 the
negative partial correlations within the memory period of 5 days is much more
pronounced in comparison witha  p for higher xvalues.

3.6.3 Varying memory lengths

The sensitivity of risk neutral passengers to varying memory lengthsr() was
tested. Memory lengths ) of 5 days, 15 days and 30 days were used to test the
difference in the flow and total experienced travel time distribution betveen
risk neutral and risk averse passengers.
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Table 3.16: The average experienced travel time and the average flow on
various routes for varying memory lengths when pandx T.

Z=1 Z=2 Z=3

Route 2 3 4 5 9 11

00 49.6 464 604 1103 100.5 51.3

Std 17.4 16.3 17.2 22.7 25.6 18.4

= [OXA) 231.7 3019 310.3 164.8 70.5 299.3

Std 30.9 37.3 76.8 40.0 34.7 52.0

00 52.1 473 62.8 108.3 104.6 52.5

Std 17.3 159 17.2 22.3 26.0 18.8

=1 [OXA) 2205 3045 360.1 1514 1111 294.5

Std 32.8 39.8 83.0 24.1 27.7 40.3

00 52.2 472 62.9 108.5 104.7 52.6

20 Std 17.2 159 173 22.6 25.8 18.6
r=

oW 220.1 305.8 362.5 150.6 111.0 293.5

Std 31.2 41.1 826 24.1 27.7 39.3

Table 3.1 indicates thatfor a change m memory length from 5 days to 15 days
there is a slight difference in the flow values and the experienced travel time
values. The change in flow and experienced travel times between the memory
length values of 15and 30 days is almost negligiblendicating that for a set of
stochastic demand and supply parameters of a network the evolution of
passenger flow stabilises beyond a certain memory lengtfor a givenx value.
This is expected aswith 1 T xAO [ Ai T Oou 1 AT COE DBAOOAT C4
choice on leser past experiencesIn higher memory lengths the passengers
have alarger experience pool to base their route choice on. In a small network
as with example network 1, for the current rate of passengersand the current
number of potential passengers it can be summarised that passengers
travelling between an OD pair would have experiencednost of the routes
within the memory period of 15 days resulting in the flow distribution
stabilising beyond amemory length of 15 days The influence of largernumber

of potential passengerson the results of the model is dealt with section 5.4.
Larger network with most of the passengers travelling on daily basisvould
require a higher memory length beyond which the route flow distribution
would remain the same.The above results, apart from the influence of the
supply parameters, are also influenced by the parameters assumed for the
learning process.As mentioned in Teklu(2008b) a relationship between the
rate of progressionmand memory lengthr is present The relationship issuch
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that a lower value ofmresults in higher weightage to recent experienceA m
value of 1 results in equal weghtage to the past experiencewithin the memory
length resulting in a weightage of 0.5for each day if the memory lengthr is
chosen as 2 daysA smaller mvalue with higher memory lengthwould result in
older experiences having almost negligible weights.

3.7 Summary

The chapter proposes aR-DSPM which is run under various reliability
scenaios of interarrival of services on an example network. The highly
disruptive scenario is modelled with exponential interarrivals and a more
01101 Al 8 OAOOGEAA EO I 1TAAITAA OO&bC EECE
The current chapter dealt with the behavioural analysis of risk neutral
passengers who minimise only their average travel costsdt is seen that the
passengers tend to have a higher average expected costs in an unreliable
network than a reliable network. It is shown that the proposed stochstic
process model has a stationary distribution and exhibits the markovian
property which enables the system to converge to the same stationary
distribution irrespective of the initial conditions. The R-DSPM has been
successful in considering the interagon between the passengers assigned to
different routes but having the same attractive line set. The FIFO arrangement
of passengers in queue for a line at theansit stop ensures that the passenger
who arrive first get the first opportunity to board the transit vehicle if the
arriving vehicle is of his/her attractive line set. The passengers who have
already boarded the transit service and are continuing the journey beyond the
current transit stop remain inside the transit vehicle thereby ensuring that
those boarding the line before have a priority over the passengers boarding
latter at the transit stop. The strict capacity constraint of the transit vehicles
ensures that a transit service is not loaded beyond its capacity.

Aggregate stochastic process mad is based on the assumption that the flows
at end of each day revise their routes for the next day based on the predicted
costs which are the weighted average of the experiencechvel times over the
demand generated for the day. This however is counteriuitive as more often

in the absence of any external information source the knowledge of the costs
experienced by other passengers is not known to an individual while revising
his/her route choice. The R-DSPM therefore provides a more realistic
framework while evaluating the passenger route choice.
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Chapter 4
R-DSPMformulation for Mean z Variance and comparison with
existing models

A transit service experiences unreliability due to several factors as highlighted
in chapter 2. A passenger travelling in aransit service apart from experiencing
unreliability associated with the supply side of the network also experiences
unreliability due to demand wherein a strict capacity constrained network
would result in passengers often being unable to board the firdgtansit service

of their chosen attractive line set. In event of the inability to board the first
transit service of their choice set the passengers inherently experience an
O1 OAIl EAAT A OAOOGEAA OET OCE OEA OAOOGEAA
perspective. The current chapter includes the variance experienced by the
passengers due to the stochastic nature demand and supplyin the cost of the
passengers. The following sections shall examine the impact of considering the
variance associated with tke individualb tOtal travel time on their route choice,

As highlighted in chapter 2 the existing stochastic process modelgTeklu,
2008b) and equilibrium based mocels (De Cea and Fernandez, 1998 ominetti
and Correa, 2001 Cepeda et al., 2006 are aggregate in nature and these
models mostly assume that passengers are risk neutralhe aggregate models
assume that the passengers are aware of the total travel time experienced by
the others. As mentioned in chapter 1 in really such anaggregate information
wherein the total travel time experienced by others is knownis not easily
available and hence passengers tend to rely on individual experiences.
Furthering the disaggregate model derived in chapter 3 (wherein a stochastic
process model for risk neutral passengers was implemented) a risk averse
learning process model is developed in the current chapter which essentially

s A A N £ A~ A

models variance as an individual@ O AOOOEAOOAS

Transit assignmentmodels based on mearvariance approah has beento the
authors knowledge, dealt by Szeto et al(2011) and Szeto et al(2013). Szeto et
al. (2011) developed aBPR congestion function base@UE modelnd Szeto et
al. (2013) an overload delay based SUE modelccounting for the variance
associated with the in-vehicle travel time; the uncongested waiting time and
the increased waiting time due to the congestionusing the route section
approach.However Szeto et al(2011) and Szeto et al(2013) model reliability
in transit network without considering the strict capacity constraints; day to
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day evolution of supply and demand in the transit network or the effect of
learning processon passengers route choice

Chapter 3 saw the implementation ofR-DSPMon example network 1.The
mean-variance analysis was carried out for example network 1 andxample
network 2 (a network given in Teklu(2008a)). Howeveronly example network
2 results are discussed in the current chapterit is noted that the interpretation
of resultsfor various parametersin both the networks remain the same.

The aim of the chapter is to show the need to consider the risk averseness of
passengers while modelling theroute flows in a transit network and the need
to use stochastic process model to do the saméhe chapter is organised such
that initially uncongested transit network wherein the unreliability is only due
to supply variations is considered. e change in he shortest route between
risk neutral and risk averse passengeré an uncongested networkis assessed
in Section 4.1. The section establishes the shift in the shortest route for risk
averse passengers in comparison with risk neutral passengershereby
asserting the difference in passengers route choice while considering risk
aversion. Section 4.2 shall implemenR-DSPMfor risk averse passenger on a
congested transit network (example network 2) with strict capacity constraint.
The results obtained are dscussed and several sensitivity tests are carried out
to assess the performance of the model.

Section 4.3 shall implement a BPR congestion function for an SUE based
assignment of risk averse flows on example network 2 followed by the
OAEAAAOE OA congsstonl OrdnttiBnl dased DUE on hyperpath
representation of example network 2. The parameters of effective frequency
and the BPR waiting time function shall be calibrated to make a comparison
with R-DSPMpossible.

4.1 Risk Averse vs Risk Neutral passengers (uncongested
transit network):

Spiess and Florian(1989) and De Cea et al(1988) define the strategy/route
chosen by risk neutral passengers in an uncongested network as optimal
strategy or optimal route. The optimal strategy/route essentially consists of
line segments/sections which minimise the average costs experienced by
passngers. The aim of the current section is to assess:

1. If the shortest strategy/route of risk averse passengers differs from that
of risk neutral passengers.



-91 -

2. If the interarrival reliability of lines (modelled using shape factor @ ;
which when equal to 1 dicts exponential interarrivals and when equal
to 300 depicts a more reliable service) serving a transit stop has an
influence on the shortest strategy/route of risk averse passengers.

The answers to these questions shall be explained through a series of
simulation tests run on example network 1. The example network given in
chapter 3 is modified to suite the current requirement with revised in-vehicle
times and frequencies as shown in table 4.1.

Table 4.1: Revised frequency for example network 1

Line Line Color In - Vehicle From Stop — Buses per hour
Number Travel Time in  To Stop
min
L Orange 6 1-2 10
L, Red 4 1-2 6
L, Red 4 2-3 6
I black 10 2-3 20

As exphined earlier a risk neutral passenger is defined as a person who ignores

the variance associated with his/her journey and minimises only his/her

average costs. Whereas risk averse passengers assign a -negative
parameter to the variance ;which represerts the degree to which the variance

is undesirable to passengers(Jackson and Jucker, 1982 The weightage
associated withthe variance as givenby risk averse passengers is symbolised

Au AAOGA jrq ET OEA AOOOAT O Ii1TAAI h xEE.
DAOOAT CAO EAO A | OAl OA taeriskavkised DAOOAT ¢

4.1.1 Change in the shortest route for risk averse passengers:

The results obtained by running a montecarlo simulation model of modified
example network 1 in uncongested scenario shows that there is a change in
shortest route between risk averse and risk neutral passengers. From Table 4.2
it is found that in a network with | p (exponential inter arrival of transit
services) the shortest cost route af 1 (risk neutral) is route 4 whereas at

[ 181 wthe shortest route shifts to route 8.
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Table 4.2: Theaneancostfor routes between various OD pairs fomodified
examplenetwork 1 (table 4.1)with & p

Z=1 Z=2 Z=3

Routes

1 2 3 4 5 6 7 8 9 10 11 12

121 140 90 18 25 26.1 23.0 220 27 13 14 10.9

0.028 131 16.7 9.5 20.7 23.3 30 244 227 30 132 16.7 11.2

0.05 14 18.9 9.8 22.9 27.3 33.1 255 232 32.2 134 188 115

0.094 156 231 105 27.1 29.4 39.2 277 243 36.9 13.8 231 120

Beta Value

0.194 194 328 12 36.8 34 531 326 26.7 47.4 147 328 13.2

05 311 625 166 665 481 957 47.7 339 79.6 174 624 16.7

225 97.7 2321 43 236.1 129.0 339.2 1343 756 263.8 328 231.7 36.8

From table 4.2 it can be concluded that for ct&in values of aversion the risk
averse passengers have the same shortest route as risk neutral passengers.
After a certain threshold value of risk aversion a shift in the shortest route is
observed in the network. This outcome can be explained as the sensitivity of
risk neutral passengers towards variance values hence the shortest route for a
risk neutral passengers 1) has lower mean and higher variance whereas
the shortest route for a risk averse passengerr 18t w thas a higher mean
and lower variance. This notion is emphasised by fig 4.1 wherein at TT0ONE
can see the mean value being lesser than the variancalve and atf 18t wa
shift is observed such that the shortest cost route is now the route having
higher mean but lower variance.

25 - 120
| @@ (o] (@]
20 M@ - 100
(@)
| 80! 5
§ o 60 é
= 10 3
- 40
5 @8 ] (] 20
0 - ‘ ‘ ‘ =0
0 0.5 1 1.5 2 2.5
Beta Values
@Mean B Variance

Fig 4.1: The mean vs variances of shortest routes between Node 1 and Node 3
for modified example network 1(table 4.1)with & p.
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4.1.2 Influence of interarrival reliability in the shortest route for
risk averse passengers:

Continuing with the uncongested network example given in section 4.1.1 here
we shall look at, whether an improvement on the interarrival times of the
transit services, the shortest route for risk averse passengers changes. The
interarrival times are improved by usingi o m&The results of the analysis is
shown in table 4.3.

Table 4.3: Theaneancostfor the routes between various OD pairs fomodified
examplenetwork 1 (table 4.1)with & o mm

Routes Z=1 Z=2 Z=3
Beta
2 3 4 5 6 7 8 9 10 11 12
Value
0 9 9.0 7.8 13.0 20.5 18.0 195 193 205 115 9.0 10.4

0.028 9.1 9.3 79 133 206 184 197 195 208 115 93 10.6

0.05 9.2 9.5 80 135 20.7 186 199 196 21 115 94 10.7

0.094 9.3 9.8 82 138 209 191 203 198 214 116 9.8 11.0

0.194 96 107 86 147 213 203 213 202 223 117 10.7 116

0.5 105 133 98 173 224 239 240 217 252 119 133 135

2.25 159 283 16.7 323 29.2 443 40 30.0 416 132 282 240

5 243 518 277 558 397 763 648 431 674 153 517 406

10 39.6 945 475 985 589 1346 1101 669 1142 191 943 70.7

Table 4.3 shows a similar shift in shortest cost route between risk neutral and
risk averse passengers when the network runs trasit services with a more
reliable interarrival times (modelled with | o m)mlt is observed from the
results that in a reliable network the variance associated with the inter arrival
of services is not very large and hence the shift of shortest cost routakes
place at a largerr value. Hence route 4 remains shortest uptill a value of 0.5.
At ar value of 2.25 the shortest route shifts to route 5. Fig 4.2 shows that the
reliable network also exhibit the trend of theshortest route remaining the same
beyond a certainy value.
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Fig 4.2: The mean vs variances of optimal routes between Node 1 and Node 3
for example network 1(table 4.1)with ¢ o .71

The above analysis indicates that in uncongested reliable transit networks the
passengers need to have a highegrvalue of risk avesion to have a significantly
different route choice from that of risk neutral passengers.

4.1.3 Need for a stochastic process model to analyse risk averse
transit network

The previous sections highlighted that the route flow distribution for risk
averse ard risk neutral passengers would be considerably different if AON
assignment rule is followed in an uncongested networkThis distinction was
only observed for certain values ofaversion to variance of experienced total
travel time. In the current section alook at the need to consider stochastic
process model to assess the route choice wansit network passengers shall be
explored. The transit assignment problem being asymmetricin nature is
highlighted in De Cea and Fernandegl1993) example network wheren the
jacobian of the networkis as shown below

Ipm m L1 T T T
[l

N L o (2 L S | LS o7 (30 | Y | Y
T T pipT T T PP T,

TR 11 m pI¢tT T T
LI  pfpm m pifpTm TN
u T T pIpT T pft U

The asymmetric flows are highlighted in bold wherein
To o 1o o
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This is & the result of the flow boarding at the higher end transit stops
influencing the cost functions of the flow boarding at lower endransit stops.
The presence of unique solution is possible when the jacobian is positive
definite (Sheffi 1985).In situations such as th&of multiuser class networks the
dominance of one user class group over the other user class results in the
positive definite condition being violated (Watling, 1996). In case of
asymmetric jacobian the positive definite is assessed by finding the positive
definite of a new matrix B which is equal the existing matrix (A+A")/2. The
advantages of stochastic process models in presence of multiple sdlons is
highlighted in Watling (1996). The advantages are enumerated as:

1 The need for a unique solution is overridden by the presence of a unig

stationary distribution of flows on the various routes.
1 It is mentioned that in case ofstrictly convex functions the user

equilibrium overestimates the costs in comparisons with the costs
computed by the dayday models.

4.2 R-DSPM:- Mean zVariance cost for congested network :

In the current section, R-DSPMwith strict capacity constraint as described in
Chapter 3 is used for assessing the route choice in risk averse passengers. The
learning process model is modified such that each individual in the
disaggregate model makes his/her route choice based on not only the average
costs experienced by them but also on the variance experienced on the route
over the memory length periodr. It is to be noted that when a passengeiQ
travels more than once along te route E within his/her memory length r then
equation 4.1a is applicable. In case the passenger travels the route only once or
never within his/her memory length r then equation 4.1b is applicable.Hence
the cost of each risk averse passengér travelling between OD pair Zis given

as

O E
& 8 &
LY 8 A S
C E ¢ E OAX g ~VE £ HENI] W
('YOE rey
(o4 o

C E C EJE £ HEnNI TP
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Where
C E 54 E JE  phmBI 8

Where 1 - non-negative parameter which represents the degree to which the
variance is undesirable to passengers (Jackson and Jucker, 1982).

O E - experienced travel time alongroute 'Q by passengerQ between OD
pair Z
1 zweight associated with each day of the memory lengtin.

4 E -updatedtravel time for passengerQon route 'Q between OD pair Z

- current simulation day.
nZ-total number of routes between OD pair Z.

It is to be noted that the obtained variance is only the variance of experienced

travel cost of each individual. Hence if in a memory length of 2 days a
passengersiOOAOAT O A O OOA 11 AAUerputeAriday AT AOI
2 the varianceis considered as zero irspite of the passenger updating his/her
experience cost matrix for the untraveled route on day 2 with the uncongested

cost of that route. With the above mentioned modification theR-DSPMwith

strict capacity constraints is run for risk averse passengers under congested
condition.

4.2.1 Implementation on example networks:

The R-DSPMwas run for example network 2 (Fig 4.3) under the congested
demand given in fig 43. Ar OA11G&vdays, ¢& was chosen and the
simulation was run for 700 days. The initial 200 days were discarded as the
burn-in period.

The network in-vehicle travel time and their frequencies are set as shown in fig
4.3. The demand matrix shown in theifjure is that for the congested network.
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Node 4

Uncongested Congested
[ Node 1 ] [ Node 2 ] l [ Node 3 ] [ Node 4 ]
~ 1 > ) >
B— ——— —’JJ J g Population Poissonrate  Population Poissonrate
Sizefor1hr  of passenger  Size for 1 of passenger
_________ -/ a :
! arrivals/hr hr arrivals/hr
2
Node 1 21 10 465 400
Node 2 24 11 307 250
Line Line Color In - Vehicle From Stop — Buses per hour
Number Travel Time in  To Stop
min
1y Black 15 1-2 8
5 Black 20 2-4 8
L Red 10 1-2 10
I, Red 12 2-4 10

Fig 43 Example network 2(Teklu, 2008h)

The route sections and routes available for travel between the OD pairs in
example network 2 are shown in Fig 4.

OD Pair Route Number Route Sections
1 A
2 K
3 L
4 B+]
Node 1- Node 4
5 C+E
6 C+F
7 Ct]
8 D+F
(a) 9 F
Node 2 - Node 4 10 ]
11 E
(b)

Fig 44 (a) All the route sections for example network 2 and (b) possible routes

The De Cea and Fernande1993)8 © O1 O O A prdadhAas3Hried thak Be
common lines exist between transfer stops hence for examplenetwork 2, stop
2 is a transfer stop. In such a situation for route5,6,7 the passengrs have to
transfer at stop 2though such a transferon these routes would imply getting
down from a transit service line and getting on another or possibly the same
line. In real world alighting and boarding the same linanay not seem realistic
hence in this chapter an analysis is made wittwo possible scenarios
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Scenario lall the passengers on route 5,6,7 make a transfer at transit stop 2.

Scenario 2: the passengs on 6 and 7 do not alight at stop 2 if the linethey
choose to board at stop Icontinues till stop 4 and route 5 passengersvho
chooseline 1 at stop lalight to board line 2 and vice versa athe transfer stop
2.

From Table 44 and table 4.50ne can e that at lowerx the passengers route
themselves such that in both thescenarios the average total travel time
experienced on eachroute remains similar irrespective of the network being
risk neutral or risk averse. Table 46 and table 4.7shows the resuts for x=4 and

it is seen that at higherx values all risk neutral passengers find a particular
route attractive and route themselves onto that route (as already discussed in
chapter 3). The increased flow on a route results in higheexperienced total
travel time and due tothis almost all the passengerson the subsequent dayend
up choosing a different route. This generalises the result obtained in chapter 3
for example network 1 wherein it was shown that at higheix values a network
with risk neutral passengers sees periodic attractorgnd the flow distribution
on attractive routes has higher variance On some of the routes §cenario 1-
routes 1,4,6,8(table 4.7) and scenario 2z routes 1,8 (table 4.6)) risk neutral
passengers find the uncongestedoststo be higher than theexperienced costs
on the attractive routes for a particular day and hencethese routes are not
assigned any flowsthough the transition probability for these routes are
greater than zera

In both scenariosit is observed that the rsk averse passengers at highex
values learn from the higher variance associated with all flows choosing the
same route. Due to this learning process they tend to route themselves such
that the flows are now assigned onto the routes which werefound to be
unattractive by risk neutral passengers. Fig &.asserts this finding by showing
the evolution of costs during burn-in period and the stationary probability
distribution of flows along routes 9, 10 and 11 for risk neutral and risk averse
passengers for ax value of 4(scenario 2. In fig 4.5 it is seen that duringthe
burn-in period the risk averse passengers learn from experiencing higher
variance in initial days and after day 150 have almostable evolution of coss.
This phenomenon is absentri risk neutral passengersasthe oscillations in the
costs areobserved to bestill higher in comparison to risk aversecosts
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Table 44 The experienced total travel timeand flow values on various routes
for risk neutral and risk averse passengers ai  p,x=0.05,1 ¢& and
r=15 days(scenario 2)

Node 2z Node 4
Node 1z Node 4 (Z=)

Route (Z=2)
1 2 3 4 5 6 7 8 9 10 11
00 523 382 409 928 938 73 624 944 638 56.8 53.2
% Std 8.8 8.5 7.6 204 194 19 184 215 149 138 126
g o 395 778 671 373 401 413 622 33 68.3 91.8 90.8
2

Std 6.3 8.4 8.0 5.9 6.1 6.7 8 6.2 84 103 97

00 530 377 403 878 932 767 577 958 643 503 489

Std 9.1 8.3 75 199 198 205 175 22 147 128 12

[OXA) 484 57.8 553 46.3 469 469 526 441 716 855 0939

Risk Averse

Std 7.1 7.9 7.1 6.2 6.8 6.8 7.3 6.4 151 134 134

Table 45 The experienced total travel timeand flow values on various routes
for risk neutral and risk averse passengers at  p, x=0.051 ¢& and
r=15 days(scenario 1)

Node 2z Node 4
Node 17 Node 4 ¢=1)

Route (Z=2)
1 2 3 4 5 6 7 8 9 10 11
0o 523 384 412 917 809 90.7 852 912 595 527 497
% Std 8.8 8.5 7.4 199 184 196 195 205 132 126 11
é o 40 849 741 345 400 354 577 316 66.1 928 920
va

Std 6.2 8.9 8.4 6.2 6.0 5.9 7.8 5.8 8.2 107 99

0o 53.1 38 40.5 86.5 76.6 92 78.6 91.7 594 464 453

Std 9.1 8.3 7.6 193 179 202 185 208 13.0 111 10

[OXA) 49 504 56.6 452 472 453 51.7 438 722 843 944

Risk Averse

Std 7.2 8.3 7.5 6.8 6.6 6.6 7.5 6.8 153 147 125
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Table 46 The experienced total travel times and flow values on various routes
for risk neutral and risk averse passengers afi
r=15 days(scenario 2)

p, x=4,1

¢®and

Node 1- Node 4 ¢=1)

Node 2- Node4 (Z=2)

Route

1 2 3 4 5 6 7 8 9 10 11

00 0 423 425 021 195 145 891 O 70 929 672

g Std 0 10.7 6.5 4.7 42.6 10.1 244 0 206 211 193
é 0 0 1973 133.2 0.002 0.716 0.034 670 O 67.4 80.5 103.03

* Std 0 48.0 34 004 29 025 241 O 20.0 227 235

0o 531 376 40.1 90.2 932 76.6 579 947 645 531 509

g Std 9.1 8.2 75 198 198 201 173 223 147 132 12

% 0 432 632 611 454 522 514 59.0 227 750 82 94

i Std 8.6 131 154 8.4 9.5 8.9 78 74 148 145 123

Table 47 The experienced total travel times ad flow values on various routes
for risk neutral and risk averse passengers afi
r=15 days (scenario 1)

P, X =4,1

¢® and

Node 1z Node 4 ¢=1)

Node 2z Node 4

Route (Z=2)
1 2 3 4 5 6 7 8 9 10 11

0o 0 42.9 42.4 0 1.8 0 108.7 0 72.0 88.7 68.3
% Std 0 11.0 6.6 0 134 0 22.8 0 20.8 22.2 193
é o 0 203.8 149.8 0 0.028 0 44.7 0 619 84.8 104.3
« Std 0 51.8 38.1 0 0.23 0 26.9 0 23.2 220 229

0o 53.2 37.8 402 889 784 917 809 913 604 483 46.8
%: Std 9.2 8.3 7.4 196 18.1 20 19.2 209 136 11.8 10.2
% o 53.2 64.1 62 40 541 433 576 240 744 829 936
- Std 7.9 13.3 8.8 7.8 9.7 7.8 11.6 7.2 15.1 14.7 1338
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Fig 45: Evolution of costs during burn in period andstationary distribution of
flows on routes 9,10,11 for risk neutral and risk averse passengers at
a p,x=4,1 ¢®andr=15 (scenario 2)
The stationary distribution of flows (fig 4.5) also indicate that standard
deviation of risk neutral flows on these routes is much higher than the standard
deviation of risk averse flows.

4.2.2 Presence of stationary distribution:

As discussed n Chapter 3 if the current disaggregate framework obeys the
markovian property and results in a ergodic and regular distribution of flowst
should fulfil the following conditions:

1 The presence of ainique stationary distribution

1 The convergence of the syem to the same stationary distribution
irrespective of its initial condition

yT  AAAT OAAT AA xEOE  OEkquirénfe Bhe Okainple D OIT B
network-2 was tested for the presence o& unique stationary distribution at

higher x values for risk averse mssengers. Fig 4.6hows the distribution of

flows between different days and indicates the presence of stationary
distribution as noted by the similar mean and standard deviation of the flows

for scenario 2 A similar analysisfor scenario 1shows the presence of almost

the samestationary distribution of flows (fig 4.7) on routes 9,10,11
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4.2.3 Initial Conditions

Similar to the analysis of risk neutral passengers in chapter 3 the convergence
to the same distribution irrespective of its initial condition is checked for risk
averse passengers (example network 2). The initial conditions were varied by
varying the random number seed values of th&-DSPMframework (initial
condition 1l) and by varying therate of poisson arrivalsand the population size
between OD pairs for the first 80 days4=1- poisson rate of passenger arrivals
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400/3600, population size (constant demandB3; Z=2-poisson rate of
passenger arrivals250/3600, population size (constant demad)-88) (Initial
condition IIl). Table 48 shows the result of different initial conditions for
scenario 2 and table @ shows the result for scenario 1

Table 48: Convergence to same distribution irrespective of its initial condition
for risk averse pasengers (example network 2) atx p, x=4,1 ¢&,
r=15 days(scenario 2)

Node 2z Node 4

Node 1z Node 4 ¢=1) 7=2

Route 1 2 3 4 5 6 7 8 9 10 11

00 543 382 407 906 948 781 583 96.7 653 53.0 513

Initial std4 97 85 7.9 203 205 209 171 224 146 141 13
condition

; 00 432 631 608 455 522 513 59 231 769 83.6 904

std 89 121 144 84 91 83 87 72 164 14 127

00 532 375 402 906 935 767 58 947 642 531 507

Initial Sstd 93 83 74 20 20 207 18 225 149 136 121
condition

" [OXA) 433 63.1 61 453 522 515 59.1 229 734 814 96.1

Std 105 155 146 89 9.4 94 112 7.8 157 146 139

Table 49: Convergence to same distribution irrespective of its initial condition
for risk averse passengers (exampl network 2) ata  p,x=4,1 &
andr =15 days(scenario 1).

Route Node 2z Node 4
Node 1z Node 4 ¢=1)

(Z=2

1 2 3 4 5 6 7 8 9 10 11

00 543 382 409 898 79.1 933 815 927 607 484 47.2

Initial std4 96 83 8 197 19 203 196 207 131 120 10.9
condition

| 00 531 638 617 403 541 431 577 245 757 841 91.1

std 81 129 87 8 87 79 11 7.1 157 133 127

00 533 37.7 403 889 782 91.8 80.8 911 602 483 46.8

Initial std4 92 82 75 195 181 201 191 208 13.6 116 10.3
condition

m O & 53.1 64.1 621 399 54 432 579 239 746 826 937

Std 9 144 85 7.6 9.3 83 125 73 162 154 137

The results of statistical test (Wilcoxon rank sum test) to check if the stationary
distribution is from same distribution or not are shown in table 410 (scenario
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2) and table 4.1 (scenario 1). Since the memory length is 15 days the sample
for statistical tests contains every 20 element of ¢ and £ .

Table 410 Wilcoxon rank sumtest for risk averse passenger (example network
2)ata p,x4,] ¢®andr=15(scenario 2)

Route Node 2z Node 4
Node 1z Node 4 ¢=1)
(Z=2)

1 2 3 4 5 6 7 8 9 10 11

013 03 04 099 079 0.68 055 0.83 0.38 0.98 0.55

r & 018 036 044 06 061 064 047 0.7 04 098 0.64
09 099 098 055 083 088 091 092 098 0.83 0.92
0.11 083 086 037 095 0.02 0.09 023 0.82 053 0.54
F J—-I 0.17 099 046 021 092 0.22 0.88 048 093 0.21 0.24

099 095 038 072 0.78 049 0.13 053 0.73 0.79 0.72

1vs3|2vs3|1vs2|1vs3|2vs3]| 1lvs?2

Table 411 Wilcoxon rank sum test for risk averse passenger (example network
2)ata p,x=4,1 ¢®andr=15 (scenario 1)

Route Node 2z Node 4
Node 1z Node 4 ¢=1)
(Z=2)

1 2 3 4 5 6 7 8 9 10 11

0.13 0.31 0.17 098 0.88 0.34 094 0.34 0.19 0.83 0.74

i | 0.09 024 0.13 085 092 045 098 036 024 091 1
0.85 0.83 0.89 097 097 082 091 092 097 095 0.76
0.51 0.86 0.87 017 0.66 055 071 023 0.2 059 04

T J—-. 0.78 092 082 0.16 0.72 0.76 095 038 03 0.31 0.68

059 082 091 085 082 0.72 061 071 092 06 0.72

1vs3|2vs3|1vs2|1vs3|2vs3| 1lvs?2
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The table 410 and table 4.11 results show that the null hypothesis cannot be
rejected at the 5% signifi@ance level as all the gvalues are greater than 0.05 in
all cases foi  p. This shows that there is not sufficient evidence to show that
the samples from the three realisations do not come from the same stationary
distribution and do not have the same medin.

Similar to Chapter 3 a two sample Kohogorov-Smirnov testis carried out to

assess if the two independent samples obtained by running different initial
conditions are from same distribution or not. As indicated in chapter 3 the test
iscarriedoutusi ¢ OEA OE OOA OO hergrtoiindiCates thatthiel 1 AO
null hypothesis is true and 1 indicates that null hypothesis is rejectedThe

output of the test is given in table 4.12.

Table 4.2 Two sample Kolmogora/-Smirnov test for risk averse passager
(example network 2) atd  p,x=4,1 ¢& andr=15 (scenario 2)

Route Node 2z Node 4
Node 1z Node 4 (Z=)
(Z=2)

1 2 3 4 5 6 7 8 9 10 11

F 8 o o o o o0 0 0 0 0 0 0
o o o o o0 0 0 0 0 0 0
o o o o o0 o0 0 0 0 o0 0
Fig 0 o o o o0 o O0oO 0 0 0 O

1vs3|2vs3|1vs2|1vs3|2vs3]| 1lvs?2

Table 4.12 shows that the results of Wilcoxon rank sum test and the two
sample KolmogorovSmirnov test are almost similar with the implication that
all the sanples are from the same distribution.

4.2.4 Randomness test
4.2.4.1 Autocorrelation

The autocorrelation of the time series data are plotted to check the randomness
of the generated data. As the correlation dies down with the lag in days it can be



- 106 -

said that the time series is indeed random. Fig &.and fig 49 shows the
autocorrelation diagram for the risk averse passengersand risk neutral
passengers It is observed that the autocorrelation dies down forx 1 at
larger lag daysfor risk neutral passenges. At higher x the tendency to move
towards periodic attractors is obsewned in risk Z averse passengers as can be
seen from thealternating negative and positive autocorrelations occurring over
every 15 day memory lengthcycle. In case of route 2(fig 4.8)in scenario 2 and
routes 2 and 7 in scenario 1(fig ®) the periodic oscillations between the
negative and positive autocorrelation decay down very slowly thereby
indicating that a larger run time is required to get a random sample of flows for
theseroutes.

Autocorrelation
Autocorrelation
Autocorrelation

- > c 2 x 0.4 ¢ < -
0 20 40 60 0 20 40 60 0 20 40 60
Lag in Days Lagin Days Lag in Days

(b)

Autocorrelation
Autocorrelation
Autocorrelation

0 20 40 60 0 20 40 60 i 0 20 40 60
Lagin Days Lagin Days Lag in Days

Fig 48 Autocorrelation of flows on routes 2,7,9(a) risk neutral (b) risk averse
(scenario 2)atd phx Ty Cc®ATA pu
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Fig 4.10 Autocorrelation of flows on routes 2,7,9(a) risk’ngut_ral (b) risk averse
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At lower x 18t u(fig 4.10) one finds that again therisk averse passengers
have the tendency to move towards periodic attractorsespecially on route 9
which caters to OD pair at the lower end transit stop of the example network 2.
This is expected as at the lower end transit stop théransit services may
already be full resulting in the lower endOD movement competing for space in
the two line network. Due to this alarger number of passengers experience
variance in travel times due to failure to board conditionat the lower end
transit stop (stop 2). Over larger lags the periodicity for risk averse passengers
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appears to die down forroutes 2 and 7 but decay at a slower rate for route 9.
The results of the autocorrelation of flows for risk averse network indicate the

presence of more tharone attractor irrespective of the x valueassumed&l O A

value of 2.5

4.2.4.2 Partial Autocorr elation
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Fig 411 Partial Autocorrelation of flows on routes 2,7,9with 95% confidence
bounds(a) & p(b)& o mecenario2)atx th CRAIA p 8

As highlighted in section 3.6.2 partial autocorrelation help identify the order of
ARMA time series modls. The partial autocorrelation of flows on routes 2,7,
and 9 show a strong statistical significance within the memory period af p v
days. There is a strong significance on the T6day after which the correlation
are at borderline of statistical signifcance. The intermittent peaking of the
positive correlation followed by negative correlations indicates the tendency of
the model to move towards periodic attractorsFig 4.11indicate that the model
exhibits persistent correlation within the memory period

4.2.5 Failure to board:

The strict capacity constraint of the R-DSPMresults in several passengersot
being able to mard the first arriving transit service of their choice set. This
phenomenonis referred to asfailure to board. Fig 412 indicates the rumber of

passengers failing to board at various stops of the example network 2 on a

randomly chosen day.

r
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Fig 412: Number of passengers experigcing failure to board on day 49 at
a phx th C¢®AI A p 8(example 2- scenario 2).

Figure 4.12 is genegated by running the simulation for the duration of 1 hour
and a buffer time till the last generated passenger reaches destinatio®n the
departure of each transit service froma transit stop the number of passengers
who find the exiting service attractive but are unable to board is counted. The
count only includes the passengers who had arrived before thaarival of transit
service of their choice. Hence if transit service 1 is the attractive service for 21
passenger in the queueat the transit stop; who happens to have arrived before
the arrival of transit service 1; the passenger is counted dailure to board if all
the previous 20 passengers fill the capacity of the transit servicdf the
passenger finds the next arriving transit service of his/heiattractive line set to
AA £OI1 AOG xAiih OEA DBAOOAT CAO EO
included in the queue count for the arrived transit serviceFigure 4.12 gives the
arrival time of the transit service at the transit stop and the number of
passengers failing to board the arrived serviceFigure 412 indicates that
within the simulation period several passengers are unable to board the transit
service of their attractive line set.The built up of passengers at the transit stops
indirectly im plies these passengeexperience an increased waiting time as a
result of failure to board condition and hence find the service unreliableAs is
expected the lower end transit stop (stop 2) has more number of passengers
experiencing failure to board condiion due to the transit services arriving
almost full/full at stop 2. This results in OD movement 2 competing for space in
the two lined network and hence experiencing more number of failure to board
phenomenon.

>
O
>
T
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4.2.6 Sensitivity tests:

Since theconclusions derived from the results ofboth scenario 1 and scenario 2
are similar the following sections show only the sensitivity test results for
scenario 2.

4.2.6.1 Sensitivity analysis with Different shape factors:

As discussed in section 4.1.2 a shape factof | o 1Tt would result in a more
reliable interarrivals. The current section shall compare the behaviour of risk
averse and risk neutral passengers in a congested network with shape factor
I o mmtis found that similar toi  p the lower x results in similar flow
and experienced travel times between risk neutral and risk averse passengers.
At higher x value the distribution of risk averse flows onto the routes found
unattractive by risk neutral passengers is also observed. Only the result of
X T is presented in Fig 413 which shows a comparison of experienced total
travel time and flows on routes 2,7 and 9 for risk neutral and risk averse
passengers. From the figure it can be observed that the risk neutral passengers
find route 2 attractive and predominantly route themselves onto that route
Even though a large number of passengers choose route 2 the expectation of
the experienced total travel time is lesser than the expectation of the
experiencdl total travel time on route 7 which hascomparatively lesserflows.

In case of risk averse passengers we find that the flows assign themselves in
such a way that the routesfound unattractive by risk neutral passengers are
also utilised and the standard deviation of the experienced total travel times
and flows on \arious routes are lesser than those of risk neutral passengers.
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4.2.6.2 Sensitivity analysis with different memory lengths

The sensitivity of the madel to varying memory lengths () was tested. Memory
lengths () of 5 days, 15 days and 30 days were used to test the difference in
the flow and total experienced travel time distribution between risk neutral
and risk averse passengers. Fig 4Xkhows the result of the comparison of total
experienced total travel time bdween the risk neutral and risk averse
passengers assuming T. It is observed that as the memory length increases
the standard deviation of the total experiencedtravel times of risk averse
passengers reducegTable 413). On the other hand the standard eviation of
risk neutral passengers remains almost similar. This is because at highgr
almost all the risk neutral passengers travel on the same route amparticular
day leading to high average experienced total travel times. However this
phenomenon is d@sent in risk averse passengers as when the memory length
increases theylearn about the variance associated with all possible routes and
henceassignthemselvessuch that the routes found unattractive by risk neutral
passengers becomes attractive to riskversepassengers
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Table 413 : Experienced total travel time and flows alag routes 2, 7,9 for
various memory length(scenario 2)& patx t

Risk Aversej | E ¢ 81 Risk Neutralj 1 0) E

Route 2 7 9 2 7 9

0o 39.7 823 645 41.6 88.1 66.0

Std 9.1 21.8 18 10.2 24.1 19.8

= o 1476 943 73.2 187.6 89.2 67.9
Std 18 18.1 133 39.0 17.6 18.1
0o 37.6 57.9 64.5 42.3 89.1 70
Std 8.2 17.3 147 10.7 24.4 20.6
=1 o 63.2 59.0 75.0 197.3 67 67.4
Std 13.1 8.8 1438 48.0 241 20
0o 37.6 59.8 68.5 42.3 88.9 70.2
Std 8.4 19.6 158 10.7 24.1 20.6
r=30

oW 817 36.3 633 197.5 66 66.9

Std 141 15,0 14.2 47.8 23.4 20.2
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Fig 4.15: Risk neutralj 1 S msklaversej [ Ezskapedactord  p at
x T flow distribution for various memory lengths on route 2, 7, 9
(scenariol)

A similar observation of an increase in thememory length resulting in risk
averse passengers routinghemselves such that the standard deviation of the
flows on the routes are lesser than that of risk neutral passengers (fig 4)lis
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observed for scenaio 1. It is also seen that irrespective of the scenario adopted
at higher memory lengths the routes found unattractive by risk neutral
passengers ardound attractive by risk averse passengerésection 4.2.1).

4.2.6.3 Sensitivity analysis with different s values
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Fig 4.16 The sensitivity of route experienced total travel times and flows to
OAOET OO0 x Gl kO pA&Scenario 2)

Table4.14: The sensitivity of route experienced total travel times and flows to
OAOET OO0 rx GAI Q@AO p&Elsd@nario 2)

[ 6AIl Route 2 Route 7

Mean Std Mean Std
Experienced 0.5 37.7 8.4 60.9 18.7
tf’ta' ravel o104 381 8.6 65.3 20.7

time

0.05 39.7 9.2 77.9 22.6

Flow 0.5 75 18.4 61.3 9.3
0.194 934 29.9 62.4 10.5
0.05 145.6 41.2 60.9 10.8

r—15days. TheflgandtabIeEI AEAAOAOG OEAO AO OEA ¢
deviation of the experienced total travel times and the flows along various
routes decrease.A similar trend is visible at lower x values. However the
distinction in the mean values of theflows (fig 4.17 and table 4.5) between
various 1 O A hafpkr@ only when thef O A ar dgdificantly different
from each other. Another aspect to be notechat lower x valuesis that there is

OAI
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still a difference in the route flow distribution between risk averse and risk
neutral passengers at higher values.
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X T@rbd phr p u(scenario 2)

r 6AIl Route?2 Route 7

Mean Std Mean Std
0 77.8 8.4 62.2 8
2.5 57.8 7.9 52.6 7.3
5 56.4 7.8 525 7.2

4.2.7 Implications for general networks

The above analysisndicates that the behaviour of risk averseetwork will vary

from risk neutral network under several conditions. At lowerxt A1 Avalues

the distinction in the flow distribution between risk neutral passengers and

risk averse passengers is not significant andan be said to be almost similar. At

higher O A IwithAlBwer X1 values the difference becomes more

pol i1 01 AAAs8 $AOAOIETETIC E&E A r OAIl OA E
significant difference in route flows is an aspectwhich requires further
OAOAAOAE8 )OO I Au AA AAAOAAA OEAOGheA EEC
network characteristics namely the number of available routes between an OD

pair; the amount of variance associated with the networkthe transfer penalty

if any assumed for each trasfer in the network; the sociceconomic
background of the transit users The current study indicates that under certain
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assumed parameter for the considered example network a significant
difference in the risk averse and risk neutral flows is observed fohigher
X1 AT Avalues.

4.3 Risk aversion models using BPR cost function, effective
frequency cost function to account for congestion and
mean-variance based aggregate stochastic process model.

Section 4.2 dealt with the mearvariance analysis usingR-DSPMwith strict
capacity constraints The meanvariance cost used in section 4.2 was a linear
combination of mean total travel time and variance associated with the
experienced total travel time.In the current section an equilibrium based
approach using route section based BPR cost function; hyperpath based
effective frequency formulation; and aggregate stochastic model formulation
shall be exploredwhich will help establish the advantages of usingqR-DSPM
with strict capacity constraint over the existing theoreticalmodels. Sub section
4.3.1 shall implement a logit SUE to obtain the flows along various routes
wherein the components of arc cost function are detailed and are similar to the
ones proposed bySzeto et al(2011). Sub section 4.3.2 shall implement a DUE
based hyperpath formulation wherein the concept of effective frequency is
used to deal with congested tranginetwork. It is however noted that the nonz
additive nature of the meanvariance cost function(using standard deviation)
makes a hyperpath based approach complex and shall require a separate study
to make the cost function additiveor may require a soluion algorithm which
solves for nonadditive cost function. Example network 2 in the current thesis
proves an ideal example to implement the meamariance cost function asthe
current cost function usesvariance instead of standard deviatiorand variance
remains additive.

4.3.1 Stochastic equilibrium model with BPR 7 type congestion
function -Route section approach :

In this section an insight into a BPR cost function based meaariance logit
SUE is given. The initial step involves computation of the cosiriction. The cost
function of each route section comprises of various components and is
highlighted below. The variance calculation for various components of cost
function is similar to Szeto et al(2011) excepting the invehicle travel time .

1. In-vehicle travel time:

Unlike Szeto et al(2011) the in-vehicle travel time in the current research is
considered constant. The variance of wehicle travel time arises in case of
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route sections which consist of more tha one line in their attractive line set. In
such a case the variance is the result of the probability associated with which of

these lines serves the transit stop first. Analytically the expected imehicle
travel time for route section s (04 ) is given as in eq(4.3

%4 AD x 0 x Ax T®

N 2 NoZ

Where A- is the in-vehicle travel time of line section|; 0 x - complementary
cumulative distribution of the waiting time associated with transit services
forming the attractive line set; B x - probability density function of the line
arriving first at the transit stop; ! *- attractive line set; 4 - in-vehicle travel
time.

In case of exponential interarrivals the above equation reduces to

%4 Al 18

Where

l 3

By :3

1R

Wherein 3 - frequency of the line sectioniand | - choice probability of line
section| amongstthe attractive line set between nodes j and pt is known that

6 AD % 4 %4 ®

Hence for exponential interarrivals:

OAD

132

2. The uncongested waiting time:

The average waiting time associated with being able to board the first awing
transit service in his/her attractive line set is derived in Chapter 2. Furthering
the derivation of average waiting time, the variance of the waiting time is
computed as given in eq 4.2:

%7

BN 23 T@

T
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3. The congested waiting time :

The BPR function given inDe Cea and Fernandef1993) and discussed in
chapter 2 gives the excess waiting time due to congested condition. Eq (4.3)
gives the formulation specified in Chapter 2
O O

#AD T

Where # AD is the capacity of the route section which is defined as
# AP B w3 with w and3 being the capacity and frequency of linsection
I, 3 z is the frequency of the route section s anddA are the calibration
parameters, O the total number of passengers boarding the same route section
s at the origin, O the number of passengers boarding the route section

beforenode i and alightingafter i .

As already described3 is a random variable as the headway associated with
each line is a random variable. This make# A & random variable. Assuming
that W is the same for all line sections i.&/ Wthe expected valueof the BPR
function given in eq(410) becomes
O O .

: % E ®p

%3 B
cO O
3

Where ¢ AT fare unit conversion factors.E is the combined headway of all
the line sections within the route sectionO

%3 K AA P C

The variance associated with BPR function of excess wag time is as given as
Szeto et al(2011):

. .. O ©

6 AD K ¢ AA AA ®o
o3 ®

Using the above mentioned components the cost of each route section was
computed as follows.

# %4 %7 %3
 OAD OAD 6AD 9T
The parameters— 67 A1 Awere calibrated by running the R-DSPM The

calibration was done by running the model at various demand levefer which
different demand rates were specified. The rates werehosen such thathere is
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at least one day within the simulation period whenall the demand between
each OD pairchoses totravel. Each simulation run is made for 700 daysf
which the first 200 days are discarded as the burmn period and the average
waiting times associated with each route sectiorat the end of each day is
obtained and plotted After each simulation run we get 500 dayq500 data
points) of average waiting times for each route sectionThe volume was
determined by ascertaining the flow utlising a route section (including the
passengers who complete their journeys in the buffer time) and the capacity
was determined by counting the number oftransit services that arrive at the
transit stop within the simulation period of 4 hours.

The pas®ngers are allowed to complete the journey during the buffer time
Buffer time is defined as the time periodwherein the transit services get
generated but the passengers are not generatedThe capacity of the route

section consists of only the transit sevices generated within the specified

simulation period (in the current case 4 hours). These criteria for obtaining the
volume and capacity results in the volumieapacity ratio exceeding1 as shown

in Fig 4.18. Howeverit is to be noted thateach transitservice generated has a
strict capacity constraint of 20 passengersFig 4.18 shows the calibrated

function fitted onto the simulated data for example network 2. The route
sections originating at the lower endtransit stops see aslightly steeper curve

indicating that the waiting time required for a flow by capacity ratio is higher
than at the transit stop where line originates. It also implieghe need to use
different parameters for different sections of the same line.

B D L

Waiting time

12 0 02 04 0.6 08 1 12
Volume by capacity ratio

0 02 04 0.6 08 1 12
Volume by capacity ratio

30 A

Waiting time

0 02 0.4 06 08 1 12 0 02 0.4 06 08 1 12 0 0.2 04 06 08 1 12
Volume by capacity ratio Volume by capacity ratio Volume by capacity ratio

Waiting time

12 o0 0.2 04 06 08 1 12
Volume by capacity ratio

0 02 04 0.6 08 1 12
Volume by capacity ratio

Fig 4.18 : Calibration of the paameters of the route sections of example
network 2.



- 119 -

Table 416 : The calibration values of the parameters of various route sections
of example network 2

Parameters B D L E J A K C F
6.979 5.755 3.403 3.456 5.987 7.463 6.056 3.415 7.928
Ty (0.054) (0.04) (0.015) (0.056) (0.036) (0.035) (0.021) (0.009) (0.045)
8.853 9.098 12.663 17.036 21.393 9.032 8.419 12.088 21.101
B (0.222) (0.225) (0.414) (0.093) (0.33) (0.442) (0.485) (0.255) (0.549)
(I) 1.837 2.588 3.617 2.582 2.775 2.567 3.102 4.479 2.545

(0.055) (0.073) (0.074) (0.014) (0.042) (0.123) (0.087) (0.073) (0.055)

The parameterscalibrated as given in table 4L6 are used in the BPR styled logit
stochastic equilibrium modd. The logitSUE algorithm using BPR cost function
specified above is as follows:
1. Initialisation: assume initial route section costs6 route flows "O and
2 p.
2. Route Choice : For each OD pair, find the auxiliary route flows vect®}
by using the logit function

0 x
BT Q x
3. MSA: set the route flows for iteratiora and update the flows
nG !\G
2

g O

4. Update Costs: Obtain the revised route section costs and &€t
5. Set canter 2 2 p, if 2, the maximum number of iterations,
STOP , otherwise go to 2.

The equilibrium model was run for 3000 iterations. Table 4.7 shows the
proportion of flows between each OD pair forthe logit-SUE model with
x=0.5*10-8 and 4 andr = 25, a demand of OD1 =400 and OD2=250he results
show that most of the flows in case of risk neutral passengers atlav x value
are split equally between the available routesin case of risk averse passengers
the flow is split betweenroute 1 and 2for OD1 andbetween 9 and 10for OD 2.
A similar analysis with a x value of 4 was carried outAt a higher x of value 4
there is not much difference in the proportion of flows on route be it risk averse
or risk neutral passenger.
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Table 4.17: Logit zZSUE resultdor example network 2 using BPRstyled cost
function for OD 1z 400 and OD 2 250.

Node 1z Node 4 ¢=1)

Node 2z Node 4

(Z2=2)
X Route 1 2 3 4 5 6 7 8 9 10 11
r B 0.13 0.13 0.13 0.13 0.12 0.12 0.12 0.12 0.34 0.33 0.33
0.5*10-8
[=2.5 0.5 0.49 0 0.01 0 0 0 0 0.63 0.37 0
r B 0.44 041 0 0.07 0 0 0 0.08 0.58 0.42 0
0.001
=25 055 045 0 0 0 0 0 0 0.56 0.44 0
r B 0.54 0.46 0 0 0 0 0 0 0.58 042 0
4
r B.5 055 0.45 0 0 0 0 0 0 0.56 0.44 0

An intermediate x value of 0.001 shows a slight distinctin in the proportion of
risk neutral and risk averse flows choosing each routeThe above analysis

indicates that since a logH3 5 %

AT AOT 60 Ai i POEOA

I A&

averse passengers rout¢hemselvessimilar to risk neutral passengersat higher
x values however in R-DSPM(section 4.2) the risk averse passengers learn from
their experiences of higher variance and thereby route themselvesonto the
routes which were found tobe less attractive to the risk neutral passengers

4.3.2 Deterministic user equilibrium with OA £ZEAAOEOA AOANODA’
function - hyperpath approach:

@Al D1 A

1T AOxT OE

EO OAOOAA & O
modelling of congested transit network. As described in chapter 2 effective

EUDAOD.

frequency concept was utilisel in hyperpath context by Cepeda et al(2006).

4EA OAEEAAOEOA AEOANOGAT AUG

1 6 3
Tt

Where O

1}

3w O O

EE 3 W

I OEAOxEOA

I £ AAKXE

U

is the flow boarding the line segmenta at the transit stop andO s

the flow immediately after the transit service leaves the trani$ stop. 3 7
nominal frequency of the line segment a¥+ capacity of each transit serviceof
Z effective frequency of the linesegment a Waiting time of

line segment al
I ETA OAci AT OO AOA Ai 1T OEAAOAA AO EIT O

OEA

Similar to the previous section the parameten¥ is calibrated by running R-
DSPMfor several demand values and finding the corresponding waiting time of

each line segment at the origin stop. The calibration results are shown in Table

1 ETA

C
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4.18 and the fit of the calibrated values with the simulated data is shown in fig
4.19.

The calibrated values indicate that the¥ values cannot be kept constant for a
particular line and that for the same line it varies at different segmentsThe
calibrated values were usedo solve the deterministic equilibrium model using
the hyperpath approach for the example network 2.

Route Section A/B Route Section D/K
80 80

60

22}
[=]

=
=]

40

Waiting Time
Waiting Time

20

[N
o

0

(=4

0 02 04 06 08 1 02 04 06 08 1
Flow/capacity Flow/capacity

o

80

[=:]
o

60 60
@ @
£ £
240 240
= =
= 20 - 20
0 5. — g a 5. =
0 02 04 08 08 1 0 02 04 06 08 1
Flow/Capacity Flow/Capacity
Route Section F/G Route Section]

Fig 4.19: Calibration of line segments for the example network 2

Table 4.18: Calibration values of the parameters associated with example

network 2.
Line
1 2 3 4
segment
7] 6.678 10.222 2.32 2.406
(standard
0.213 0.341 0.04 0.067
error)

The deterministic hyperpath based user equilibrium for risk neutral and risk
averse passengers

1. Initialisation: assume initial line segmentflows "O anda  p.

2. Compute the linesegmenteffective frequency

3. Determine the shortest hyperpath.

4. Find the auxiliary line segmentflows vector "G by AON on the shortest
hyperpath.

5. MSA: set thdine segmentflows for iteration 2and update the flows

3 0
a

g o
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6. Set countera 2 p, if2 : , the maximum number of iterations,
STOP , otherwise go to 2.

Table 419 : Distribution of risk neutral passenger flows

Line
oD 1 2 3 4
segment

OD1-150

Flows 66.74 83.26 84 166
OD2100
0OD1-400

Flows 200 200 325 325
OD2250

The deterministic hyper path model is run in case of risk averse passengers and
resulted in the flow distribution as given in Table 420. The risk aversion in
passengers is accounted for by adding the variance associated with the waiting
time (inverse of effective frequency) and the variance associated with -in
vehicle travel time at each node.

Table 420 : Distribution of risk averse passenger flows

oD Line segment 1 2 3 4
OD1-150 Flows 66.74 83.26 112.26 137.74
OD2100

OD1-400 Flows 200 200 325 325
0OD2250

Table 419 and 420 indicate a difference in the distribution of flows for risk
averse and risk neutral passengers at the lower line segments the network
when the OD demandis lesser than the capacity of the lines serving the
network. For higher OD demand the distribution of flowsfor risk averse and
risk neutral passengers remains the same.

4.3.3 Aggregate stochastic process model

The aggregate stochastic process model assumes that the passengers revise
their route choice based on theaverage of costs experienced by theotal flow

on a route. As explained in sectio3.4.2 if a particular route is not chosen on a
day the cost of the route is computed by adding the cost of the route sections
(when the route section is shared by more than one dge). Based on the above
surmise the aggregate stochastic process model was run fttre mean-variance
cost assuming an OD demand given in fig 4.35ince at the end of a day each
route has a cost associated with it even when no passenger has chosen the
particular route and since all passengers are aware of the costs associated with
all the routes in the network,the meanvariance cost for aggregate stochastic
process model iggiven as below
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Whered “Q -is the experiencectotal travel time along route Q by
passengerQbetween OD pair Z
C -the predicted total travel time for route kz between OD pair Z.
-current simulation day
1 -weight associated with the memory length
[ - non-negative parameter which represents the degree to which theaviance

is undesirable to passengers (Jackson and Jucker, 1982).

Table 421: Experienced total travel time and flows along various routes using
aggregate stochastic process model with meavariance cost(scenario 2)
I ¢®&x ThAIA pu

Node 2z Node 4

Node 17 Node4 (Z=1)

(Z2=2)
Route 1 2 3 4 5 6 7 8 9 10 1
06 511 385 405 1018 1038 743 686 1072 916 84 80
) Std 86 9 73 235 228 261 274 293 217 197 20.1
vEM8
O® 847 1464 1485 35 35 44 43 32 609 89.8 100.1
Std 139 121 111 1.7 17 31 27 14 111 138 104
00 0 327 46 0 0 0 0 0 456 491 549
) Std4 0 205 7.2 0 0 0 0 0 567 526 409
v ED 8
(ofA) 0 1174 2809 O 0 0 0 0 642 612 1255
Std 0 1290 1301 O 0 0 0 0 1051 932 1101
Table 421 shows the results of implementing themean-variance cost as an

aggregate stochastic process model. It can be seen thatetwork consisting of

fully aware passenges; as assumed in the aggregate stochastic process magel
find route 2 and 3 attractive such that all passengersalternate between these

routes for Z=1. The distinction between R-DSPMand the aggregate stochastic
process model lies in the distribution of flows and thereby experienced total
travel time on each route. The flows and thexperienced total travel times have
a large standard deviatonat EE CE A O i agfrdght® fddhastic process
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models whereas the standard deviation of flows and experienced travel time is
much lesser when adopting a disaggregate approach.

4.4 Summary

The current chapter dealt with the formulation of R-DSPMfor risk neutral
passengers. Numerical tests were carried out to show the changes observed in
the route choice behaviour of risk averse passengers in comparison with risk
neutral passengers.It is observed that the differences in the route choice

behaviourT £ AOA 11T 0 OAOU b GhdrivaiesAithisfionyAf@r 1 T x A
EECEAO valuedthafa marked difference is noticeddt aEECEAO | OAI
with a 1 T x AtBere was adifference between risk averse and risk neutral

passengerflow distribution, simEl AOI U A EECEAO ryvaluésAi OA
resulted in a difference between risk neutral and risk averse passengeftow
distribution.4 EA AAOAOI ET ACETIT EZ A 1 OAI OA EO
difference between risk neutral and risk averse pasenger flows is dependent

on the network characteristics assumed such ake number of available routes
between an OD pair; the amount of variance associated with the network; the
transfer penalty if any assumed for each transfer in the network; the socio
economic background of the transit userslt is also shown that the variance at

the lower end transit stops is comparatively higher to the variance at the
transit service starting stopsas the lower end stops experience more number of
failure to board pasengers

It is also shown that themarkovian properties of the meanvariance model are

satisfied and hence a unique stationary distribution is presentA comparative

study was also carried out between thexisting transit assignment models and
R-DSPMfor risk averse passengers. The Chapter was able niote that the

existing models excepting for the aggregate stochastic process moddli 1T 6 O
account for the learning processof an individual and hence are not able to

route the passengers realisticallyasin a day to day framework. The aggregate
stochastic process model on the other hand resulted in flow distribution

I AGAOOGET ¢ DPAOET AEA 1 OAEI 1 AOGET T O AAOxAAI
4ET OCE OEI EI AO PAOET AEA 1 OAEI | AcBRT O AO
DSPM the distribution of flow between the various available routes was such

that the standard deviation of flows and experienced total travel thes was
significantly lesser. It was found that in R-DSPMthe risk averse passengers

route themselves e&en on those routes which were found unattractive by risk

neutral passengers.
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Chapter 5
R-DSPM formulation for Mean z Lateness cost and Policy
Evaluation

Chapter 3 and Chapter 4 sawR-DSPM with mean-variance cost being
formulated and implemented on variousexample networks along with the
discussion of the results. The meaig variance model measures irregularity
through dispersion of travel times and does not explicitly enumerate as to
where the disutility associated with irregularity affects the passengersOne of
the key assumptions associated with the meawmariance model is that the
passengers are not affected by the time they arrive at the destination or the
duration of the journey. In reality such an assumption may not be realistic
especially for work based trips. In the current chapter a meadateness model
which measures irregularity through the delay associated with the total travel
time experienced by passengers exceeding their acceptable total travel time to
the destination is proposed.

Adopting the OOAEAAOI ET C8 Al BrAah@IB82) sederabstudids A
such as Watling (2006), Noland et al.(1998) Arnott et al. (1990) have studied
the meanlateness model in a traffic network. Watling (2006) studied the effect
of route choice under variable demand and supply conditions by solving the
assignment problem as late arrival penalised user equilibrium (LAPUE). LAPUE
used a modified cost function which considered only the lateness penalty
associated with a total travel time exceeding beyond a predefined desired total
travel time. A desired total trawel time when exceeded mimics late arrival at
the destination thereby resulting in a disutility. Most of these studies (Noland et
al., 1998; Arnott et al., 1990Watling, 2006) assume an identical desired total
travel times for all commuters.

The current chapter follows the modified cost function proposed inWatling
(2006) accounting for disutility associated with a passenger experiencing a
total travel time being beyond his/her desired total travel time. The chapter is
organised such that section 5.1 discusses the integration of the metteness
cost formulation with R-DSPM Section 5.2 looks at the implementation of the
mean-lateness model on a test network. Section 5.3 evaluates the policy
measures thatcould be undertaken by the operating agencies and compares the
performance of various cost assumptions on the line loads of the network.
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5.1 R-DSPMwith strict capacity constraints using mean -
lateness cost

The current chapter introduces the meanlatenesscost for RDSPM. As there is
sufficient literature on the relationship between meanstandard deviation and
mearntlateness it was felt imperative to study mearateness cost as a part of R
DSPM.O, AOAT AGOG8 EO 11 AATTAA ET sfidhdehtOAT AE
The following section highlights some of the different ways in which lateness
could be modelled. One way of modelling lateness is through the mean lateness
/A A OT D bomprebedsive description of the relationship between mean
standard deviation and mean lateness factor can be foundin Franklin and
Karlstrom (2008). In Franklin and Karlstrom (2008) the relationship between
the meanstandard deviation approach and scheduhg approach is first
explored and eventually the relationshipbetween mean-standard deviationand

A Ol ldiehdss/EA A B bs@ldlished. Franklin and Karlstrom (2008) highlight
that the meanstandard deviation approach and the scheduling approaclare
the same when exponential distribution of travel time, together with no
lateness penalty and travel time being independent of departure time is
assumed.Bates et al. (2001) fomd that the expected scheduled latenesgeq
2.26) and expected scheduled earlfeq 2.26) of the scheduling approactcan be
approximated by a constantHo Hence

- "YO'Q "YOU'GB-h LY
Wherein "G5-ff z is the mean lateness factqf'YO:Gchedule delay early;Y'O-)

schedule delay late,—ff are parametrs. This relationship acts as a bridge
between meanstandard deviation and meanateness factor

Fosgerau and Karlstrom(2010) and Fosgerau andEngelson(2011) derive the
relationship for any assumeddistribution of travel time by defining the travel
time into a deterministic and stochastic component.

is the travel time such that , O}y

Where is standardised random variable with mean 0 and variance 1 with
cumulative density .

‘ - mean travel time
, - Standard deviation of traveltime

Assuming that the preferred arrival time is Osuch that the departure time iszD;
the utility function given in eq 2.26(scheduling approach)is rewritten as eq5.3

Y - O I O V®
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Wherein k& ¢ [Qare parameters
Wherein O is the scheduled delay.

By substituting eq (5.2) in eq(5.3 the optimal departure time is worked out as
(

o <, L8

s
It is shown in Fosgerau and Karlstrom(2010) that the mean lateness factor
"‘B-h is equal to_ i Qiwhere cumulative distribution of . The

mean lateness faair hence denotes the average lateness associated with
optimal departure time and can be derived forany assumed distribution of
travel time.

The meanlateness cost used in current R-DSPM follows the concept of
OAARADOAAI A Oi OA1  OfyAnading (2006) AEAD D A &l O
I AOGAT AOGO EAAOQT 06 AO AskdnE(ZDAC) differs fro& ith®@ CA OA O
mean-lateness model as defined by Watling(2006) wherein lateness is

AOOT AEAOAA xEOE A@AAAAE forG spkdific OuleAiidaD OA A1 /
an OD pair Hence in Watling (2006), lateness is modelled as a penalyhich a

traveller incurs when the total travel time experienced by them exceeds their
acceptable travel time.Watling (2006) adopts OEA OOAEAA Gbagdh AAT A
proposed by Small (1982) and illustrates that for normal distribution of travel

time the generalised cosfor user “(zould be written as

6 —Véo— —, 0 Ld

Wherein [ indicates the value of total travel time, [ reflects the value of
being one time unit later than expected) ¢ s the vehicle operation cost for
user ‘Y - mean of total travel time of userQ, - standard deviation of the total
travel time of user QD - total acceptable travel tme of user'QWatling (2006)
further describes that the term —0 >—— could be separated out as it acts in
bl AAA 1T £ OEA GddAn rheAnhtandatdOdeviatdm faridladon. O
7EAOAET OOAI EAAE] E O& rati® AfCtiel value BfOstanfiakdEE T A A
deviation of travel time to the value of time. Hence in case of normal
distribution a direct relationship between meanlateness model and the mean
standard deviation model is established. il therefore seems a natural ex¢ntion
to test the implementation of R-DSPM using meaitateness cost.

Similar to the formulation in chapter 3 consider a single OD pair such that there
arel routes to choose between the OD paiZ. The OD demand is randomly
varying from day-to-day, but that there is a fixed rate of potential travellers for
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each OD movement, from which the demand for any particular day is derived.

Let the number of potentialtravellers on eachOD movement be denoted by an

integerdz./ 1 AAAE AAUh OEAOA AOA Ox1 EIi Bl O0OA

traveller: whether they travel at all, and if they do travel which route they

choose. Supposing that the indicator variablg takes the value 1 if individual

E travels on a given day, and takes the value 0 otherwise. For those that travel,

/E denotes the route selected by individual 4 between the OD pair Z

where E N p hc B & |, rZ describing the total number of routes between

the OD pair Z Each of the passengdf OEAOA AGEOOO A OAAAAD(

O E DA & which is OD pair specific

&1 0 AAOGA ET OEA ET EAOAT AA 1T EAODEXOEOAOGOIE

chosen such that it exceeds the longest route total travel time between an OD

pair and is kept the same for all passengsr Hence for each @© movement

there is assumed to be a1 O AAO 1T £ OAAAAPOAAI A O ¢
ERNe

D ﬁlg & Wherein D )

[Th

&8 D

6> O
Whered : -EO OEA OAAAADPOAAT A O1 OAIl - isGieA OAI
acceptable total travel time for passenger 1 of OD pair Z.
Keeping the remainingformulation similar to that given in chapter 3 we define
the costused for meanlateness nodel. The approach is based oNoland et al.

(1998), Arnott et al.(1990), Watling (2006). In this a passengeE considering
route Q E p hc B H perceives aroute cosC "Q represented as

C E JC E [A E £ LD
Else
CE [CEIE £ LD
Where

C E 54 Q U

C E zweighted average total travel time of individual(predicted) "Qalong
route 'Q

p>3]
o
>\
m
v
Cc
m
™

Lgy
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A - weighted average lateness penalty associated with each individudD
along route Q between the OD pair Z

1 -weights associated with the memory length as specified in Chapter 3.

And | indicates the value of total travel time and[ reflects the value of being

one time unit later than expectedWatling, 2006); O E -is the experienced

travel time on route "Q by passengerQon OD pair Z2> & -OAAAADOAAT A (
OOAOAT  @lEdassdngesmin Goute™@ between OD pair Z n} current

simulation day and 4 "Q - updated travel time for route Q by passengerQ

on OD pair Z In the current study the value of ¥ is assumed to be 5.

5.2 Implementation on example network 2

The R-DSPMwas run for example network 2 under the congested demand
given in Chapter 4. A O A 11Q@uway is chosenWatling (2006)indicates that
the value of[ ff should be greater than 0. In transit network the value of
waiting time is considered to be higher than the value of kvehicle travel time
(Benezech and Coulombel, 2013)owever sucha distinction is not explored in
the current study. The value of 7] is chosen to be 5. The sensitivity of the
model to various assumed parameter valuesrff 7] s tested and results are
shown in appendix c. The simulation was run for 700days and the initial 200
days were discarded as the buran period.

It is expected that as the value ob : s increased the passengers tend to be
more flexible with respect to the total travel time needed to reach the
destination and hence essentialljpbecome risk neutral as the lateness penalty
incurred in most cases would be zero. On the other hand a lowar : value
implies a shorter desired total travel time preference resulting in a significantly
varying flow distribution. In order to test the expectation it is assumed that all
passengers have the same desired total travel time for an OD pair.

&EC uv8p OEIi xO OEA AEOOOEAOQOOEIT T &£ MFEI1x0
all the passengers are the same with a low value of

D P T P M8T @ (5 minutes more than the largest
uncongested total travel time associated with ODl)and > : ¢

o® ho® M8o® (5 minutes more than the largest uncongested total

travel time associated with OD2. A low acceptable total travel time results in a

shift in the probability distribution of passengers associated with a mean

lateness cost when compared with the probability density function of risk

neutral passengers. Similar to the meawariance model n chapter 4 it is
observed that at higherx values the routes whichare found to be unattractive
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by risk neutral passengers due to its highcost may become attractive to
passengers having a low acceptable total travel timas travelling on these
routes mayreduce the penalty associated with delay

Fig 5.2 shows the distribution of passenger flows when all the passengers have

the same higher acceptable total travel time
d>: p pCcar fpca® MB8pca& (80 minutes more than the largest
uncongested total travel time associated with OD1)

d: ¢ p g p & M 8p nd& (80 minutes more than the largest
uncongested total travel time associated with OD2)In such a scenario in spite
of experiencing longer traveltimes the passengers minimise only their average
total travel times as they have higher tolerance to delay. The distribution of
flows being almost similar to that of risk neutral flows on all routes is an
indication of such a phenomenon. A minor shift obseed in some density
functions is due to some passengers experiencing journey times greater than
123.5 minutesfor OD1 and 107.5 minutes for OD2n the considered example
network.
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B RiskNeutral Mean-Lateness
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The above analysis providesufficient evidence that behaviour of passengers is
similar to the expected results. The proposed model is able to capture the
significant shift in the distribution of flows using the meanlateness cost and
provides sufficient evidence for further exploraion of the same. The
satisfaction of the markovian properties to prove that the measateness R-
DSPMis ergodic and regular are given imAppendix C.

5.3 Policy Interventions:

The performances of variousR-DSPM considered in the thesis on policy
interventio ns which a transit agency would carry out in a network is assessed
in this section. The impact is tested on the example network 2 and the tests are
carried out for various input parameters (the test results ofx =0.05 are given in
appendix C).

Similar to the policy evaluations made in Yin et al(2004) four policy
alternatives are considered to evaluate waiting time reliability. In addition to
the policy initiatives specified by Yin et al.(2004) an additional policy on
providing information to the passenges is being considered in the current
section. Yin et al.(2004) presents a waiting time reliability measure for each
line as

®YY 0@ 0 Jav OV O & LB
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Wherein
7 4 2-waiting time reliability of line | at stopj;
x the actual waiting time at stopj for line I;

x - the average waiting time for passengers boarding on linkat station j
according to the nominal schedule under fredlow conditions.

1 p- a predefined threshold value. | - the number of stops on linel. The
value of x is chosen to be— in accordance with the assumption that the

example network before implementation of policies has interarrival times
which are exponentially distributed.

The policies to be tested are

1. Increasing the shape facto of line 2 to make the interarrival times of
the transit service on line 2 more reliable. This improves the service
reliability of the line by reducing the vatiance in the interarrival times.

2. Increasing the capacity of transit service from 20 pass/hr to 25 pass/hr
of line 2.

3. The frequency for line 1 is increased from 8 to 15.

4. Changing the dwell time constant tdrom 7 sec to20 sec for line 2.

5. Giving information to the passengers.

Before looking at the waiting time reliability improvement under various policy
implementations Fig 5.3 and fig 5.4 shows the waiting time reliability profile for
example network 2 without any policy implementations. From Fig 5.3 and di
5.4 it can be discerned that the reliability profile for various cost evolves in a
different manner.
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are shown in Table 5.1. As is expectedable 5.1 indicates that the boarding
flow distribution is quite varied for different cost assumed.
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Table5.1 BoardingLine loads on all lines without any policy implementation at
v Er=151 ¢®,— v, & p THAT AN ¢ o

Cost Line 1 Line 2

Mean Std Mean Std
. Risk Neutral 142.8 39.8 255.5 39.2
E‘ MeanVariance 182.2 40.9 216.1 41.1
7 Mean-Lateness 150.6 42.2 247.7 41.7
N Risk Neutral 248.6 40.5 400.6 41
& MeanVariance 216.1 22.9 248.2 20.8
7 Mean-Lateness 266.0 42 383.2 42.2

The policy initiatives described above shall now be tested one by one and the
results will be compared with the nonpolicy network results given in figure 5.4
andtable 5.1

Fig 5.5shows the waiting time reliability profile for various threshold values
when the inter-arrival reliability of line 2 is improved. From Fig 5.%ne can see
that the improvement of reliability in inter -arrival times of line 2 sees a change
in the profile of meanvariance cost & stop 1 for both lines 1 and line 2It is
seen thatthere is an increase in the probability of passengers being able to
experience a waiting time lesser than the nominal waiting timet a threshold
value of 1 (=1). Howeverfor the meanlateness cost andisk neutral cost, at
stop 1, a drop in probability of passengers being able to experience a waiting
time lesser than the nominal waiting time is observed for line 2.
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No such distinction between policy implementation and without
implementation is visible at stop 2 on line 1 In line 2 (Stop 2) one sees a drop

in the probability of passengers experiencing waiting timdesser thanvarious

threshold values while assumingrisk neutral or mean-latenesscosts. In case of
mean-variance cost assumption the probability of passengers experiencing

waiting time lesser than a value of twice the nominal waiting time is
significantly different from that of no policy network.

Table5.2:Boarding, ET A 1T AAO AO uvET oftine2rElI6 AOAAOA
I ¢®— u, ®© p THATAD ¢ o@

Cost Line 1 Line 2
Mean Std Mean Std
. Risk Neutral 131.8 26 266.5 254
§' MeanVariance 165.8 29.2 232.4 28.3
7 Mean-Lateness 129.2 26.1 269.1 25.0
N Risk Neutral 239.2 284 410 30
(%' MeanVariance 206.5 19.5 246.5 22.1

Mean-Lateness 257.0 31.8 392.1 324
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Though the waiting time reliability profile do not seem to project a major
difference for meanlateness and risk natral cost after the improving the
reliability of transit services on line 2 a look atthe distribution of the boarding
line loads on various lines given inrable 5.2and comparing them with those on
Table 5.1 indicate a difference in the standard deviatio of flows. From the
above results one can conclude thahe profile variation would largely depend
on the order in which a transit stop is visited between the OD pairsith the
origin stops (terminal stops) wherein the transit services are assumed empty
experiencing a different reliability profile from that of transit stops at lower
end of the journey. The profile variations are moregpronounced for different
costs at lower end transit stops of the network emphasising the need to
consider the risk averseressof the passengers travelling in the network.

Similar to improving the interarrival reliability of line 2 the second policy of
increasing the capacity of line 2 from 20 to 25 passengers is considered and the
results are shown in Fig %. Increasing the capacity of line 2 shows an
improvement in reliability profile at both stop 1and stop 2.
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Table 5.3:Boarding, ET A 1T AAO AO uvEtT A& OrA5 AOAAOGAA
I ¢®— v, & pATAD ¢ o@

Line 1 Line 2
Cost

Mean Std Mean Std
. Risk Neutral 119.6 42 278.7 41.9
& MeanVariance  168.6 40.9 229.6 41.7
7 MeanlLateness  125.0 42.6 273.3 42.9
N Risk Neutral 216.0 41.7 433.1 43.6
& MeanVariance  203.9 23.2 254.8 22.4
7 MeanLateness  233.1 44.6 415.3 46.4

A capacity increase of merely 5 passengers per transit service has provided a
slight improvement in the reliability profile of the network for different cost at
various transit stops. A look at the boarding loads given in Table 5.3 shows an
increase in the loads on line 2In spite of the increase there isa marginal
improvement in the reliability profile of line 2 at various stops. Hence a
capacity increaseassuming that the OD demand rate remains ¢hsame could
improve the waiting time reliability profile of the network in the long run.

A frequency increase of line 1 shown in fig 5.7has a marked effect on the
waiting time reliability. An improvement in the reliability profile of all the cost

is see across all the stops and lines of the network. A change in dwell times of
line 2 (fig 5.8)indicates no change in the waiting time reliability profile from
that of the reliability profile without policy improvements.
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5.3.1 Giving information to the passengers:

The above policy measures are quite straight forward in their integration with

the existing R-DSPMwith strict capacity constraints. In this section we shall

look upon the impact of possible provision of information to the passngers. As

is mentioned in Chapter 3 the currentR-DSPMassumes that the passengers
OAOEOA OEAEO O1 OOA AEI EAA AAOGAA 11 EEOTE
scenario we shall assume that at the end of each day the passengaesaware

of the avergye total travel times experienced by all the passengers on a
particular route and the standard deviation of the same.

Based on this surmise at the end of each day each passenger will base his/her
route choice for the next day using the formulation givenni Jha et al.(1998)
and shown below:

O" " mean perceived travel cost by individualdi T A-A Beforg receiving
information and before the trip for k! route between his/her origin and

destination. In event of passenger not having travelled on th&t route

throughout his/her memory length then the term is asumed to have a value
equal to mean informed total travel time of kt" route and the variance
associated with the informed total travel time for the route.

4 hh Updated distribution of O"M in light of information (i.e. after pre-trip
updating).

Similar to (Jha et al., 1998) updating the prérip travel time is done as follows:

Let the travel time provided to the passengerss informationT T A fotkth m)
route be &8 wherein &0 is the averageexperienced total travel time for
route k on day n}1 . Without loss of generality, it is assumed that the average
total travel times provided by information do not vary across individuals. It is
hypothesized that when users receive informatn, they modify it based on
their perceptions of information. The modified information travel time can be
expressed as:

qu g N v T

Where @8 s the perceived value of information total tavel time by individual
iz for kth route. X " is the perception error, which is due to the user's past

experience with information, his/her attitude towards the information system,
etc. The distribution ofX " is assumed N(Of ) wherein A is also known

to the passengers and is equal to the standard deviation of total tral times
experienced on route kat end of dayny1.

The updated best estnate is given by the following Ang and Tan@l975):
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are obtained over the memory length of days.
The updated variance of the mean perceived total travel time is given by
o LoD & OB

DOBU o oOb"
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Fig 59 and Fig 5.D shows the results of implementation of information
scenario on the reliability profile of waiting times at various stes in the
example network 2. From the figure 5.9t is seenthat the information provision
reduce the reliability of waiting times at the origin stop for line 1 wherein the
transit services are assumed to empty however it has improved for line 2. At
stop 2 the reliability profile is greatly improved for both the lines with
information provision (fig 5.10).
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The above analysis has shown that information provision which accounts for
the variance in total travel times experienced along the routes of the transit
network could yield a significant improvement in the waiting time reliability
profile of the network at lower end stops. This could be because the maximum
variation is observed at stop 2 for the current network wherein apart from the
service unreliability the passengers ofthe secondOD pair are competing for
space in the transit service at stop 2. The tes impact of the information
scenario however can be assessed only if it is implemented on a larger network.

5.4 Impact of assumptions made in R-DSPMon the outcome:

To get theresults as shown in thecurrent chapter and in theprevious chapters
the RDSPMi s run on certain specific conditims. One of the main condition to
achievethe above set of results is that the ®SPMhasa demand Q such that
there is atleast a day within the simulation period when all thepassengers
between the OD pairs make their journeyand that most of the passengers
between each OD pair chase to travel on any given day

In event ofthe population size (demand 'Q between each OD pairpeing high
but the rate of arrival of passengersremaining the same;that is when the
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sample population from which the daily pasengers are drawn is increasedf
would result in the number of passengers making t journey on a given day
becominglesser than those not making the journeyor the same day In such a
network most of passegers would assumeuncongested total travel timefor
the untraveled routes. They would therefore base their route choice on the
uncondA OOAA AT OO0 AO 1100 xi Ol ikmanbry gelo®@A OOA
This would result in risk averse passengers being unaware of the variance or
lateness associated with their travel timesA suitable population size to be
chosen for the current model © replicate the findings in chapter 4 andthe
findings in section 5.1 should be such that the number of passengers travelling
on a particular day be closer to the rate of arrival of passengers assumed
between each OD pairFor eg thepoissonrate of passemer arrival in example
network 2 for OD 1 is 400 passengers/hr (6.67 passengers/minuteand the
population size is taken as 465 passengeréhr (7.75 passengers/minute).
Therefore with the current rate the probability of the chosenpopulation size of
7.75 passengers/minute arriving in one minute at the transit stop works out to

be 0.61. On the other hand if thepopulation size was increased to 1000
passengers/hour (16.67 passengers/minute) the probability works out as
0.003 which implies thatalmost on alldays the number of passengexarriving
may be much lesseresultingini T 00 1T £ OEA DAOOAT CAOO AA;
The situation of having a large population size to sample fronoften arises in
developed countries wherein in case of work trips the optin to @ork from
homedis feasible.®ork from homedconcept would result in the number of
potential travellers between an OD pair being higtwithout all the passengers
travelling on each day.3 OAE OUBPA 1T £ OxI OE &OI I EITITA
infancy in developing countries like India. NeverthelesR-DSPM model sitill
could be applicable for large population size if the memory length of individual
traveller is proportionately increased. Hence for the numeric example cited
above if a population size of 100 passengers between an OD pair exists then
for each passenger to travel a route between the OD pair more than once
requires a memory size larger than 15 days. A large memory length would
ensure that the passengeremembers the experienceson the routes travelled
more than once Also a large memory length would increase the simulation
period to arrive at a unique stationary distribution thereby increasing the
probability of capturing a passenger having travelled more than once in a route.
A large memory length would also let the passengersrrive at the variability
associated with the experienced travel times for a route or to associate a
lateness penalty with respect to an acceptable total travel time.
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Table 5.4: Flow and experienced travel time distribtions using meanvariance
AT OO  Ec¢ 8 datedebsA-EI AATAIO puvBEiT hp, A p T @and
A POTIX®D p TPATA® ¢ o

Z=1 Z=2
2 3 4 5 6 7 8 9 10 11

Route

0o 114 399 429 1051 135 598 878 13 56.1 57.8 548

Mean  Std 223 93 74 385 214 158 239 109 172 188 165

variance g g 0.24 1556 100.2 26 209 115 107.2 0.02 398 1140 097.1

Std 047 141 108 1.6 52 35 108 015 68 109 103

00 0.1 437 425 49 618 151 96.5 0 62 96.8 60.8

Meanr  Std 22 116 63 217 555 282 265 0 191 217 185

lateness ¢ ¢ .002 2232 962 006 223 048 76.1 0 449 88.8 117.2

Std 004 353 218 025 33 11 143 0 12.3 115 15

Table 5.4 shows the result of risk averse g@engers being sampled from a large
population. From table 5.4 it is observed that as the population size increases
for a fixedrate of passenger interarrivals most of the passengers do not travel
on a particular day. The likelihood of the same passengdeciding to travel on
subsequent day alsogets considerably reducedMost of the passengers base
their route choice on the uncongested @ivel times. The phenomenon observed
in chapter 4 (table 4.6) of risk averse passengers finding theoutes unattractive
to risk neutral passengers attractiveA O E E C E A DecomesébbentAsO
found that with increased population size theroutes which had lower
uncongested total travel timesbecamethe attractive routes and those having
higher uncongested travel timesbecame lessattractive. Similarly in case of
meantlateness when the acceptable total travel time for the passengers is kept
® p THATAG ¢ o@AO and-+=5 the routes with lesser
uncongested travel time become attractiveAs is observed in meanvariance
cost with a large population to be sampled from there is an absence of finding
the OEOE 1 A OO OAildnattohive @obitesCafirartve (fig 5.1) in mean
lateness cost for a fixed rate of passenger arrivals.

5.5 Summary

The current chapter discussed the integration of the meaitateness model inR-
DSPM The model was then implemented on the example network 2 and the
results discussed.The markovian properties of the model have been proved.
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The chapter also dealt with the waiing time reliability changes in a network
without policy implementations and with policy implementation. It was shown
that the boarding loads varied with the costs assumed reiterating the need to
consider risk aversion in traffic assignment models. It iso be noted that the
loads mentioned in tables 5.1, 5.2 and 5.3 are boarding loads and hence will not
add up to form the demand between OD pairs.

The information scenario proposed in the current chapter assumes that the
information provides the passengerswith the average travel times experienced
on all the routes between an OD pair at the end of the day and it is assumed that
the passengers perceive the information such that the perception error is
normally distributed with a standard deviation equal to the standard deviation

of the total travel time distribution of the route at the end of the day. Such an
assumption seems unrealistic but the operators could conceive a way of
introducing such a system for better utilisation of the existing supply demand
ratio.
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Chapter 6
London Underground z Case Study

6.1 Introduction

The previous chapters illustrated the principles ofR-DSPMon small example
networks. In this chapter the assignment model is applied onto a section of
larger network namely the London Undergound. The main objective of the
chapter is to show the practical implementation of the proposed model. The
implications of ignoring the risk aversion of transit network passengers and its
effect on policy decisions will be assessed.

The chapter is organied such that the first section introduces the London
underground open source data base. The next section deals with the simulation
being run under various parameter assumptions for the meawariance R-
DSPMwith strict capacity constraint followed by the mean-lateness model with
strict capacity constraint and risk neutral passenger model with strict capacity
constraint. The simulation results are then tested using a heparametric test -
Wilcoxon rank sum testz to check if the chosen parameters result in #otal
travel time distribution similar to the existing observed total travel time
distribution. Having assessed the best fitting parameters certain policy
evaluations are carried out tocheckthe performance of the section under these
policy scenarios.

6.2 Data Description

London underground is considered the oldest rapid transit system in the world
and the system serves 270 stations and has 402 kilometres of track. Of the
several sections within London underground the following section which does
not fall within zone 1 of London underground was chosen mainly because the
inner zone (zone 1) of London underground is so well connected that though
there may be only two direct lines between the origin and destination stations
it is always possible to reach any @stination within zone 1 through several
possible ways For example if we consider the section between Edware road
and Notting Hill gate though the direct lines are only the Circle line and the
district line it is possible to reach Notting Hill from Edwareroad by travelling

on either circle line or Hammersmith and City line getting down at Baker street
and taking either Jubilee line or Bakerloo line then taking the Central line to
reach Notting Hill. Though such a huge diversion does not seem reasonable it
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however cannot be overlooked in the absence of data confirming the same.
Another reason is that the oyster card data from the open source of TfL for the
year 2009 has lesser number of entries for zone 1 ODs than for the currently
considered section of Ladon Underground. Fig 6.1 shows the section of
London underground which is used as case study.

Fig 6.1 OD pair 1 from Baker Street to Wembley park (a section of London
Underground) OD pair 2 from Finchley Road to Wembley Park. (LineZl
Jubilee line andLine 2z Metropolitan Line).

MySociety @008) shows the invehicle travel time (without disruptions)
between the stations on the Metropolitan line and the Jubilee lingable 6.1).

Table 6.1 the invehicle travel time between the stations in the chosen sa
study section

Total

to
to

Baker Street to
St John’s Wood
St John's Wood
to Swiss cottage
Swiss Cottage to
Finchley Road
Finchley Road to
West Hampstead
West Hampstead
to Kilburn
Willesden Green
Willesden Green
to Dollis Hill

Hill
Wembley Park

Kilburn
Dollis
Neasden
Neasden

Metropolitan

Line g

2
5
@
g
=
N
=)
a
g
=
5

Jubilee Line
2.85Min  152min 1.18min 120min 1.55min 2.07min 1.67 min 138 min 2.65min 16.07
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The capacity of service is difficult to ascertain as the train characteristics for
each line is different however the Train Service Model (TSkithe simulation
model of TfL) output given for Victoria Line indicates that the train alonghe
line has a capacity of 1004. It is currently assumed that the Jubilee line and the
Metropolitan Line all have a similar capacity of 1004 passengers per train.

6.3 Demand and Supply Data:

The open data link on TfL website consists of several files suas a file on
oyster card information; a file on the line section flows; a file on number of
boarding and alighting passengers on each line; the rolling origin and
destination survey results, demand profile at various stations. The oyster card
data consiss of details pertaining to weekdays and weekends for Nov 2009.
The website mentions that the data represents 5% data of the total oyster card
journey made in the said week. The Oyster card data from Open data source on
TfL website consists of details sucls entry time at the origin as well as the exit
time at the destination of the passengers entering the station.

4EA AOOOAT O OOOAU OOEI EOGAO 111U OEA
Friday). Upon filtering the oyster card data there were 77 passengetsveling
from Baker Street to Wembley Park and 39 passengers travelling from Finchley
Road to Wembley Park on weekdays. The interarrival times of passengers
(derived from the entry times of the passengers given in oyster card data) for
each day within the said week was plotted to assess the distribution of
passenger arrivals. The plot of the interarrivals indicate exponential
distribution (fig 6.2) for both the OD pairs. A chisquare goodness of fit test was
carried out with

Ho : The random variable folows exponential distribution

Hi: The random variable does not follow exponential distribution(Washington
et al., 2003)

ThechtONOAOA Cci1 1 AT AOGO T £/ £AZEO OAOGO OOET ¢
0 which indicates that the goodness of fit test doesot reject the null
hypothesis at 5% significance level for both the OD pairs. This indicates that the
passenger arrival at both Baker street and Finchley Road follow exponential

distribution.

The frequency of Jubilee line services is taken as 23 trainemphour whereas for
the Metropolitan line it is taken as 21 trains per hour (taken from the current
timetable of the lines). Since the chosen London Underground section is similar
to example network 2 given in Chapter 4 the route sections and all the rowge

x A

i

A
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enumerated for example network 2 are applicable for the current section of
London Underground case study. Though the platforms are not shared between
the metropolitan line and the jubilee line at Baker Street it is assumed that the
passengers that make aoute choice of 3,5,6,7 choose between the linggist
before starting their journey, based on the display boards at the entrance of the
station. At Finchley road the platforms are shared and hence the passengers
can choose between Metropolitan Line ancubilee line.
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Fig 6.2 Interval distribution of Passengers (a)Baker street for OD1 (b) Finchley
Road

The journey time distribution as obtained from the oyster card data for the two

OD pairs of case study are shown in Fig 6.3. The Oyster card data shdaeotal

of 3869 passengers entering the Baker street in a week of which 77 travelled to

7AT A1 AU O0AOE [ AEET ¢ A OAOEIT | £ m8n¢g8 4E
source data for the month of November 2012 -indicates a total of 15672
passengers engring Baker Street. The entry details also indicate that the P.M.

peak is between 5:00 P.M to 10 P.M. Assuming the same ratio of passengers
travelling from Baker street to Wembley Park as in Oyster card data we get an

OD demand of 312 passengers during th@eak evening hours (5 hours).

Similarly the ratio of passengers travelling from Finchley Road to Wembley

Park to the total number of passengers entering Finchley Road is 0.04
(according to the oyster card data). Similar to Baker Street the OD demand

from Finchley Road is therefore computed as 131 passengers during the peak
evening hours.

| OAAOOAETETI ¢ OEA /$ AAIT AT A EOI i OEA OAT (
the rate of passengers arriving at the origins. For the current study the rate of
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passenges has been calculated as 60 passengers per hour from Baker street
and 20 passengerer hour from Finchley Road.
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Fig 6.3 Journey time distribution (a) From Baker Street to Wembley Park (b)
From Finchley Road to Wembley Park

6.4 Calibration:

The R-DSPMwas calibrated using the oyster card journey times of OD1 (Baker
Streetz Wembley Park). The calibration was done for the number of ehoard
passengers, the dispersion parameters and the interarrival distribution shape
factor. The calibration was carriedout firstly assuming that all passengers are
risk neutral; then it is assumed that all are risk averse to variance and finally
the meanlateness model is calibrated.

6.4.1 Risk neutral:

A value of 0.05 was initially chosen for the logit dispersion parame@ v 8 ! OAOI
of runs were carried out for various combinations of line interarrivals shape
factors | in order to best simulate the observed total travel times of the case
study. It was found that a shape factor df  p v for Jubilee line and a shape
factor of | p for the metropolitan line were unable to reject the null
hypothesis using Wilcoxon rank sum test. Hence these shape factors were
assumed to be the representative shape factor for line interarrival
distributions. These values can be corroborated frm the online information
obtained that the new signalling system was installed on Jubilee line only in
2011 and since the data is of 2009 the reliability of the line could be reasonably
assumed ad p v and since Metropolitan line is still undergoing instélation
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of new signalling system and since it is one of the oldest lines it seems
reasonable to assume a less reliable service than Jubilee line with p.

Based on the invehicle travel times(table 6.1), the frequencies assumed for the
lines (section 6.3 and a risk neutral passenger costtable 6.2 shows the
simulated uncongested travel time for the various enumerated routes (chapter
4) using the aggregate stochastic process model. Comparing the total travel
times from the oyster card data (Fig 6.3) witlthe simulated uncongested travel
times shown in Table 6.2 it is found that 22.1% of the total passenger records in
the current oyster card data experience congested total travel time between
Baker Street and Wembley Park whereas 23.1% of the total recordetween
Finchley Road to Wembley Park experience congested travel time.

Table 6.2 Uncongested travel time assuming risk neutral passenger€ase
study 1

oD Between Finchley Road and
Between Baker Street and Wembley Park
Wembley Park

~ Route 1 2 3 4 5 6 7 8 9 10 11
=
$ 06 174 155 159 17.1 174 17.5 158 205 12.0 102 105
X
% std 03 14 08 14 13 03 14 14 06 13 08

The distribution of journey times indicates that the section is not very
congested with only a few passengersxperiencing congestion during evening
peak hours. In order to mimic the congested journey times experienced by a
few passengers it is assumed that the arriving transit service at the origin stops
already carry a certain number of passengers from the statis further up from
Baker street such that a certain number of passengers boarding at Baker street
experience failure to board and thereby an increased total travel time.

The stochastic process model was run for various @board passenger
assumptions and he probability density function of the total travel times as
experienced by the risk neutral passengers was visually compared with the
total travel time obtained for the passengers travelling from Baker Street to
Wembley Park (Oyster Card data). A wilcoxaranksum test was conducted to
determine if the simulated total travel times showed similar distribution and
equal median valuesas the observed total travel times Fig 6.4 shows the
probability density function of the total travel time simulated using vaious on-
board passengers with that of the oyster card journey times.
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Fig 6.4 Calibration of the orboard loading already present within the transit
service assuming risk neutral passengers at Baker street.

The probability distribution of the total travel time experienced by risk neutral
passengers as simulated usingR-DSPM is statistically compared with

probability distribution of the total travel time from oyster card data. The

OOAT EOCOI 6 &O01 ACETT 1T &£ I AOI AA x| OE® OOAE
the null hypothesis at 5% significance level. The null hypothesis is that the
probability distributions are from the same continuous distribution with equal

medians.

Table 6.3: The calibration of orboard passengers in the transit service along
the Jublee and Metropolitan Line

Description p-value inference

Unif (950,1004) 6.02e-11 Rejects null hypothesis

Unif(970,1004) 6.2e-10 Rejects null hypothesis

Unif(995,1004) 1.1e-08 Rejects null hypothesis

Unif(1000,1004) 0.06 Null hypothesis cannot
be rejeded

Since the onboard passenger distribution of Unif(1000,1004) is unable to
reject the null hypothesis it is assumed that the distribution best simulates the
congestion already on board when reaching Baker street of the case study
section. With the fixed set of on board passengers the simulation wagainrun
forseverall T CEO AEODPAOOEITT DPAOAI AOAOO ©v AT A A
neutral cost following the results of Wilcoxon rank sum test. For higher
dispersion parameters the Wilcoxon rank test rejected the null hypothesis. For

brevity the results are not included in the thesis.
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6.4.2 Risk averse:

The meanvariance passenger model was run for different values which
represent the degree to which the variance of the total journey time is
undesirable to passengeEand a mean lateness model was run for different
D value which indicates the acceptable total travel time of passenger between
an OD pair. As in the previous section the transit services arriving at Bakers
street were assumed to have o#board passengers which uniformly varied
between 1000 and 1004.

Table 6.4 Mean Variance and Mealateness hypothesis testing for calibration

Mean- Variance

logit dispersion parameterofs  E 1

I p-value Inference
2.25 0.17 Null hypothesis cannot be
rejected
MeanzLateness
logit dispersion parameterofs E T8 X U
p) p-value Inference
40.5 and 30.5 0.06 Null hypothesis cannot be
rejected
logit dispersion parameterofs  E 18 X U
25.5 and 15.5 0.06 Null hypothesis cannot be
rejected

In case of mearvariance cost for dispersion parameters higher than 4 also the
Wilcoxon rank test could not reject the null hypothesis. However it is assumed
that a value of 4 is sufficient enough to account for perception error in the
experienced travel times and a risk aversion value of 2.25 is enough to exhibit
the averseness of the paengers to travel time variations for the current
section of London Underground. The results of the successful tests are shown in
Table 6.4.

6.5 Validation:

The validation of risk neutral passengers travel time distribution is carried out
using the total travel times observed between Finchley Road and Wembley
Park. Assuming that at Finchley road 0.2% of the passengers alight, the
simulation is run for the various parameters satisfying the necessary condition
in the calibration section (section 6.4). The resilts obtained for validation are
as shown below:
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Fig 6.5 Validation of theR-DSPMassuming various cost passengers and using
oyster card data between Finchley Road and Wembley Park

The Wilcoxon ranksum test yielded a value of 0.55 which is greater than0®
thereby not rejecting the null hypothesis at 5% significance level. This indicates
that the model is able to simulate the total travel time of the risk neutral
passengers to accuracy. For meaglateness and mearvariance models the
results are tabulated in 6.5.

Table 6.5 MearVariance and Mearrlateness hypothesis testing for validation

Mean- Variance

logit dispersion parameter ofs  E 1

I p-value Inference
2.25 0.65 Null hypothesis cannot be
rejected
MeanzLateness
logit dispersion parameterofs E T8 x U
40.5 and 30.5 0.53 Null hypothesis cannot be
rejected
logit dispersion parameterofs E T8 X U
25.5 and 15.5 0.48 Null hypothesis cannot be
rejected

6.6 Result discussion

Tables 6.4 and 6.5 indicate that the simulation results fit the observed journey

OEi A AEOOOEAOOEIT OEA AAOGO AO 1T CEO AE
neutral passengers; at logit dispersion parametef £ v =£2.2% for mean
OAOEAT AA AT OON A 11 CEO Adeaesshacépibldtotal £ v

OOAOAT OEI A AAOxAAT /1 $p AO tm8u AT A [ $¢
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0.75 with mean-lateness acceptable total travel time between OD1 &5.5 and

OD2 as 15.5. Since such a wide range of measures are able to simulate the total

travel time of case study; it would be erroneous to assume that all passengers

are risk neutral (as is generally done in current transit assignment models).

Such an asumption could lead to the policy measures being undertaken for the

section giving an entirely different reliability profile from the models than the

actual experienced reliability profile in the network. In the absence of empirical

evidence of the degreef risk aversion of passengers or the possible number of

risk averse passengers it is assumed that all passengers are risk averse to the

same degree. Though the assumption is extreme the current aim is to
understand the difference in the passenger loadingas a result of such risk
averseness and since the simulation is done for evening peak of 1 hr one
assumes on weekdays all passengers would be equally risk aversgable 6.6

shows the variations in the number of passengers boardinipe Jubliee line and
Metropolitan line from Baker Street and Finchley Road using the current

OEi Ol AGET1T PDPAOAI AOGAOO juvu E m8xuv &£ O OEO
DAOAIT AOA p=32&foume&nOAOEAT AA AT OON A 11 CEO 1/
with mean-lateness aceptable total travel time between OD1 as 25.5 and OD2

as 15.5).

Table 6.6 Variation in number of passengerdoarding Baker Street and
Finchley Road for the observed total travel time distributon¢ E m8xuv A&
risk neutral passengers; atogit dispersion parameter ofs | =©.25 for
meanvariance cost; a logit dispersion ois E m8x v -latdhelB3& | AA]
acceptable total travel time between OD1 as 25.5 and OD2 as 1ad

r pbo— v
Cost Transit stop Jubilee Line Metropolitan Line
Mean Std Mean Std
Risk Neutral Baker Street 31.7 6.2 28.4 6
Finchley Road 12.8 3.6 26.9 5.1
Mean- Baker Street 34.5 6.1 25.6 6
variance Finchley Road | 18.6 4.7 24.5 4.8
Mean- Baker Street 31.9 6.2 28.2 5.9
Lateness Finchley Road | 12.9 3.6 26.4 4.9
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From table 6.6 one can see that the number of passengers boarding the jubilee
line and the metropolitan line vary slightly based on the cost assumed by the
passengers. Though the variation between meaateness and risk neutral cost
is not much aslightly greater varation can be observedbetween risk neutral
and meanvariance costs

A study of the impact of various policy implementations on the number of
passengers boarding at each station is carried out. The various policy
evaluations to be undertaken are similar tahose carried out in chapter 5 and
are as shown below:

1. Changing the reliability of both Jubilee line as well as metropolitan line

2. Changing the frequency of the Metropolitan line
3. Increasing the capacity of Jubilee line

Fig 66, 67, 6.8 indicates the probability of number of passengers being able to
experience a waiting time lesser than or equal to the threshold times of
uncongested waiting time (assumed to be the inverse of frequency of the line
per minute) under various policy measuresThe waiting time reliability profile

is computed using eq 5.4 in chapter 5Fig 66 showsthat the profile s of waiting
time reliability for mean-lateness and risk neutral passengersare similar.
However the profile of waiting time reliability assumingmean-variance costis
different from that of risk neutral and meanlateness costs A look at the
number of passengers boarding at each station while considering mean
variance and risk neutral cost Table 6.7 shows a significant differencein the
number of passengers boardindgrom each transit stop on to each serving line
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Fig 66: waiting time reliability along Jubilee and Metropolitan Line when the o
reliability of transit service is improved in both lines.(s E m8xuv A&l O O
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meantvariance cost; a logit dispersionos E T8 x v -latee€E | AAT
acceptable total travel time between OD1 as 25.5 and OD2 as 1ail
r pb— v

Table 6.7 Variation in number of passengershoarding at various stations on
Jubilee and Metropolitan line for network with both lines having
improved interarrival service reliability (s E m8xuv /& O OEO
passengers; atlogit dispersion parameter ofs 4E [ = 2.25 for mean
variance cos)

Cost Transit stop Jubilee Line Metropolitan Line
Mean Std Mean Std
Risk Neutral Baker Street 28.7 5.5 31.4 5.7
Finchley Road 8.5 2.8 34.6 5.9
Mean- Baker Street 31.7 5.6 28.4 5.8
variance Finchley Road | 14.7 4.1 31.5 5.8

A differing trend from that seen in Fig 6.6s seen in Fig & which shows the
profile of waiting time reliability when the capacity of jubilee line is increased.
Fig 67 indicates that the risk averse passengers experience a very higlaiting
time reliability at Baker Streetwhen commutingon the jubilee line.
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Fig 6.7 Waiting time reliability along Jubilee and Metropolitan Line when the
capacity of Jubilee lineisincreaseqs E m8xuv &£ O OEOE
at logit dispersion parameter ofs B =1.25 for meanvariance cost; a
logit dispersion ofs  E T 8 x v -laxeBeSstaccéplatid total travel time

between OD1 as 25.5 and OD2 as 1®mbdr p b— )

From the reliability profile given in Fig 6.7 it is expected that the number of
passengers boarding would be slightly different for differing costs on
metropolitan line at both the stops.From Table 6.8 it is found thatthere is a
slight difference in the boading passengers on these linesAlso acne would
expect that the boarding flow on Jubilee line would be similar for mean
variance and mearntlateness cost at both the transit stops given that the
reliability profiles are similar. However table 6.8indicates a slight difference in
the number of passengers boarding jubilee line
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Table 6.8Variation in number of passengershoarding at various stations on
Jubilee and Metropolitan line for network with jubilee line having
increased capacity(s E Tt 8sk neuti@ipa3seqyErs; alogit dispersion
parameter ofs B =1©.25 for meanvariance cost; a logit dispersion ofs
= 0.75 with meanlateness acceptable total travel time between OD1 as

25.5 and OD2 as 15.8ndr p b— v)

Cost Transit stop Jubilee Line Metropolitan Line
Mean Std Mean Std
Risk Neutral Baker Street 34.8 5.9 25.2 5.6
Finchley Road 19.9 4.7 23.5 4.6
Mean- Baker Street 39.7 7.1 20.3 4.6
variance Finchley Road | 16 3.9 25.9 5.5
Mean- Baker Street 36.0 6.7 24.03 4.9
Lateness Finchley Road | 11.9 3.4 27.8 55

Upon increase of frequency in Metropolitan line (fig &) the profile of waiting

time reliability is almost similar for all the cost, at all stations and along all
lines. However as shown inable 6.9 the routing options chosen and thereby
the number of passengers boarding at each station vasfightly with the cost
assumed.
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Fig 6.8 Waiting time reliability along Jubilee and Metropolitan Line when the
frequency of Metropolitan line is increaseds E m8xuv Al O OEOE
passengers; atogit dispersion parameter ofs  F = 2.25 for mean
variance cost; a logit dispersionofs E 18 x v -laxeReSsEaccépialid

total travel time between OD1 as 25.5 and OD2 as 1mAdr p &— v
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Table 6.9 Variation in number of passengersboarding at various stations on
Jubilee and Metropolitan line for increased frequency of metropolitan line
(w E m8xu A& O OE OHogi dispe@ionparan2@@@ATECA0OON
[ = 2.25 for meanvariance cost; a logit dispersionofs E m8x v - x EOQOE
lateness acceptable total travel time between OD1 as 25.5 and OD2 as 15.5

andr p b— v)

Cost Transit stop Jubilee Line Metropolitan Line
Mean Std Mean Std
Risk Neutral Baker Street 30.7 5.7 29.4 6
Finchley Road 19.5 4.8 23.9 4.7
Mean- Baker Street 30.5 5.7 29.5 6.1
variance Finchley Road | 17.3 4.6 24.7 4.8
Mean- Baker Street 27.6 5.7 32.5 6.1
Lateness Finchley Road | 11.2 3.4 273 5.4

6.7 Summary

The above analysis has indicated that modelling the flows as risk neutral
passenger (as is currently done in most of the transit assignment studies)
would vyield a different set of route choices for a section from that of
considering risk averse passengers. Thaoarding loads therefore vary based on
the cost used. The above angdis shows that the number of passengers
boarding jubilee line at Finchley Road were significantly differentespecially
when the interarrival reliability of both the lines was improved for different
cost confirming the expectation that risk averse passenge would be willing to
make a transfer (in absence of transfer penalty) to avoid variations in their
total travel time or to reach their destination within their accepted total travel
time. Hence a policy decision to incentivise transfer options could beneisaged
as a much more productive option for the current section if the considered level
of risk aversion for the passengers is indeed true.

However with the current sample size of London Underground case study it is
not possible to make any generic orconcrete conclusions. It can only be
deduced that there is an impact on the route choice based on the cost assumed
as well as on the number of flows opting for a transfer at each transfer point in
the network. It is also noted that other sources of variace such as the variation

in walking times of the passengers within the transit station as well as the in
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vehicle travel time variations have not been considered in the current study
The current analysis shows almost similar trends on waiting time reliabity
values for various policy measuresnd only a slight variation in boarding flows,

it could be because of capacity constraint not being realised in an extreme way
(with just 22% of the passengers experiencing increased total travel time). As
is seen inchapter 5 the impact of knowing the correct risk aversion coefficients
(mean-variance or meanlateness) on a highly congested network would
definitely impact the results on route choice from that of assuming risk neural
passengers.
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Chapter 7
Summary, Conclusion and Further Studies

7.1 Summary:

In this study a wide range of issues pertaining to reliability analysis in transit
network have been addressed. Care has been taken to ensure that the
disadvantages of using the existing theoretical models are owwme and a
holistic framework flexible enough to run under varying cost assumptions is
developed. The study was motivated by the unreliability associated not only
with the transit service arrivals at transit stops but also the unreliability
associated with failure to board situations of passengersz a common
phenomenon in congested transit network. The aim of the study given in
chapter 1 was:

a. to specify the framework of strict capacity constrained frequency based
transit assignment model which could assesthe route choice variation
of passengers in an unreliable transit network;

b. to run numerical experiments on example networks to test the
sensitivity of the model to various input parameters and assumptions;

c. to study the impact of assessing unreliability sing various costs on the
possible policy decisions made by the operators.

Chapter 2 saw a general review of the literature associated with the various
aspects of the current study namely; transit assignment models accounting for
congestion; models accouting for reliability; stochastic process models dealing
with day to day variations.

Based on the gaps identified from the literature review and highlighted in
chapter 1, chapter 3 had successfully formulatedR-DSPMwith the following
properties:

1. A strict capacity constraint at disaggregate level such that each transit
service is not loaded beyond its capacity.

2. A disaggregate model at demand level wherein each passengers route
choice is based on his/her own experience and not on the aggregate
experiences ofall the users on a particular route.

3. A day to day variation of demand and supply with the demand having
the flexibility of choosing not to travel on a particular day.

4. Difference in passengers cost perceptions.

5. A weighed average learning process model whicresults in a more
realistic evolution of flows.
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6. Accounting for unreliability associated with

a. Varying interarrival times of transit service at the transit stop

b. The variation in the waiting time of passengers due to the
OZFAEIT OOA O1 Al dontdlifidh ariéds hsfakeSUlt bfl 8 4 E
strict capacity constraint enforced at disaggregate level which
results in some passengers being not able to board the first
transit service of their attractive line set.

c. The variation associated with the invehicle travel times of
routes comprising of route sections containing more than one
attractive line section.

d. The variation associated with the variable demand generated
£l O AAAE AAUGO OOAOAI 8

The framework in Chapter 3 is run under passenger behaviour attribute
assuming a risk neutral behaviour. The sensitivity of the model to various
parameter values and the tests to show that the model obeys markovian
properties is also discussed in chapter 3.

#EADPOAO 1t OET xO OEA OEEZO ET OEA BAOOAI
aversion in form of meanvariance cost is accounted for in both uncongested

and congested networks. The chapter also establishes through numerical
examples the need to use stochastic process model in assessing reliability of
transit networks. Numerical tests were carried out on a simple example

network and the sensitivity of the model to various input parameters is also
carried out.

Chapter 5 applies the measlateness cost formulation inR-DSPMand runs it on
an example network. The chapter also assesstt®e impact of using varying cost
on the reliability profile of waiting time at various stops in the example
network. The chapter also makes an assessment of the variation in reliability
profile under various policy implementations which could be carried at by the
operators.

Chapter 6 then deals with a small case study of a section in London
underground to understand the practical implementation of the proposedr-
DSPMwith strict capacity constraints.

7.2 Conclusions:
Based on theobjectives and aims set ot in chapter 1 and the analysis carried
out in chapter 3,4 5, and 6 the following conclusions have been drawn:

1 A genericR-DSPMframework was developed in chapter 3 which enabled
the implementation of various cost accounting for risk aversion in route
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choice of passengers in a transit network. Chapter 3 showed that the
proposed framework produced a unique stationary distribution with
ergodic and regular markovian properties for risk neutral passengers.
The sensitivity of model to various parameters assumedn the
framework was assessed with risk neutral cost. It was seen that at

EECEAO v OAI OAO OEA OEOE 1 AOOOAI DHAOC

choose the same route to travel between an OD pair on a particular day.
The generic framework provided inchapter 3 was used to assess the
route choice of risk averse passengers in chapter 4. The risk aversion
was accounted for in the cost of the passengers by introducingren-
negative parameterh [which denoted the degree towhich the variance
of total travel time is undesirable to the passenge(Jackson and Jucker,
1982). The implementation of the model on an example network
showed that the parameteh apsociated with the variance plays an
important role is determining the route choice of passengers togetr
with the memory length r and the dispersion parameteh adopted in
the study. It was seen that for lower values of the mentioned
parameters there was not a significant difference in the flow distribution
on the various routes betweena network with all risk neutral and all
risk aversepassengers At higher values of the said parameters a marked
difference could be observed between thaetwork of all risk neutral and

all risk averse passenger flows on various routesThe all risk averse
network passengrs A O E E C E A @ssigned thdmsévkgonto routes
found unattractive by all risk neutral network passengers

The existing transit assignment models such as the BPR based, effective
frequency based and the aggregate stochastic process model were
discussedin chapter 4 with a mean-variance cost function. It was noted
that all the existing transit assignment models did not assign flows onto
routes found unattractive by all risk neutral network which was a
noticeable phenomenon in the proposedR-DSPMwith strict capacity
constraints.

Though meanvariance cost deals with the risk aversion by introducing a
non-i ACAOEOA DPAOATI AGAO 1 ET OEA AT 00O
this variance would affect the passengers in day to day context. In order
to assess thdisutility associated with the increased total travel time a
meantlateness cost is proposedh chapter 5. The cost includes a lateness
penalty for passengers experiencing total travel times greater than the
acceptable total travel time between an OD pair.The analysis on an
example network showed that when the acceptable total travel time

E (
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value is large then the flow distribution is similar to that ofassuming all
risk neutral passengers.It is shown that the value of latenesy 7
assumed plays a major role in determining the difference in flow
distribution between all risk neutral and all mean-lateness passengers.
When the acceptable total travel time is smaknd the value of lateness is
large then the distribution of the flows between theall mean-lateness
network and all risk neutral network is different.

The policy implementation on the example network has varying effects
on the reliability of waiting times (chapter 5). It is seen that some of the
policy measures donot have any impact on the reliability profile
whereas some have an impact at the lower end transit stops. Overall it is
seen that the distinction in reliability profiles using various cost is more
poi 11 01 AARA ET EECEAO uv OAI OAOS8

The essence of utilising reliability basd cost to route the passengers in a
realistic network is captured by implementing the framework in a
section of London Underground(chapter 6). The results have shown
that certain policy measures may result in a distinctly different
performance profile for various cost in terms of waiting time reliability.

It can successfully be concluded thamot only the distribution of flows
on various lines but also the number of passengers making transfer at
various transfer stops (in the absence of transfer penaltyyreatly varies
between the cost chosen.

In general it can be concluded thathe current thesisis successful inthe
implementation of a holistic R-DSPMwith strict capacity constraint. The
model has successfully overcome thdisadvantages ofexisting transit

assignmentmodels by:

Maintaining passenger priority,

. the non-separable problem not being able to guarantee a unique
solution is accounted for by the presence of a singlenique stationary
distribution for various reliability based cost

. The R-DSPM framework allows for strict capacity constraint being
observed at each transit vehicle level.

. The R-DSPM framework enables the assessment of unreliability
associated with failure to board the first service of a passengers choice
set.

. The assumption of passengrs being fully aware of the network is
overcome by assuming that the passengers resg their route choice
based only ontheir experienced costs. The knowledge of uncongested
total travel times on various routes in the event of not travelling on a
particular route seems realistic enough as such a knowledge can easily
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be worked out from the assumption of waiting time being inverse of
frequency of the lines within the attractive line set.

It is seen from the above paragraphs that the current reliability based
stochastic process models with strict capacity constraint provides a framework
bettering the existing transit assignment models at several leveléshown in Fig

7.1). The various models tested in the thesis through its implementation on
various example néworks is summarised in Fig 7.2. Fig 7.2 helps to compare
the models with ease based on the assumptions made in each of these models.

It is also shown in the thesis that the risk aversion of passengers needs to be
accounted for, as this would give a sigrficantly different set of flows under
certain conditions on each route from the conventional assumption of risk
neutral passengers. This implies that the passengers willing to make transfers
in the absence of transfer penaltieswould be significantly different while
assuming risk averse than when assuming risk neutral passengers. This has a
direct implication on the transit station design as well as policy settings
adopted for the network. The stationary, ergodic and regular markovian
framework provided in the thesis makes it possible to consider its integration
with transit network design problems and problems wherein frequency
optimisation is carried out by operators for the transit network.
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Various Network Passenger OD Waiting time/service  Dwell Route choice  Learning Model Costs Updating of costs
models State demand and headway time/boarding
arrival at travel time
time
Szetoetal., Congested Constantdemand  BPR type congestion  Not considered Reliability No learningmodel * Mean-variance- No updation
2011 — staticmodel model for waiting based user (Risk Averse)
time increase due to equilibrium Cost= Mean+f(std.
congestion- dev)
Exponential
interarrivals
Szetoetal.,, Congested Constantdemand  Overload delay Not considered Stochastic No learningmodel * Mean-variance No updation
2013 — staticmodel model-exponential user (Risk — Averse)
interarrivals equilibrium cost = mean +f(std.
dev)
Teklu, Congested Variable demand-  Strict capacity Linear Dwell Probit Weighed average * Risk Neutral Aggregate updation
2008a,b exponential constraint- time function choice learning process Cost= weighed mean model — based on
interarrivals exponential model model with collective experience
interarrivals markovian
properties
R-DSPM- Congested Variable demand Strict capacity Linear Dwell Logit choice  Weighed average * Risk neutral Disaggregate
Current (sample from constraint-erlang time function model learning process Cost = weighed mean  updation model —
Model constant interarrivals Dependenton with markovian * Mean —variance based on
population)- the number of properties (Risk —Averse) individual’s
exponential passengers Cost=Weighed experience-
interarrivals boarding and mean+p(variance nontravelled route
alighting. over memory) cost updated
Constant * Mean- Lateness assuming
coefficients (Risk Averse) uncongested travel

Cost= weighed mean
+ weighed latness

times

Fig 7.1Comparison of the salient features of the current SPM with existing models available in literature.
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Various Network Passenger OD Waiting time/service Dwell Route choice Learning Model Costs Updating of costs
models State demand and headway time/boarding
arrival at travel time
time
E pl Cong: d C itd d BPR type congestion Not considered Reliability No learning del =+ M iance. No updation
network 2 — - i del del for iting based (Risk Averse)
Chapter4 time increase due to stochastic user Cost= Mean+B(var)
Section congestion- equilibrium
43.1 Exponential
interarrivals
Example Congested Constantdemand Hyperpath based Not considered deterministic No learning model + Mean-variance No updation
network 2 — — static model Effective user (Risk — Averse)
Chapter4 frequency function equilibrium cost = mean +(var)
Section
4.3.2
E pl Cong: d Variable demand Strict capacity Linear Dwell Logit choice Weighed average * Risk Neutral Disaggregate
network 1- (sample from constraint-erlang time function model learning process Cost= weighed pdati del —
Chapter3 constant interarrivals Dependenton with markovian based on
(R-DSPM) population)- the number of properties individual’s
exponential passengers experience-
interarrivals boarding and nontravelled route
alighting. cost updated
Constant assuming
coefficients uncongested travel
times
Example Congested Variable demand Strict capacity Linear Dwell Logit choice Weighed average * Mean — variance Disaggregate
Network 2- (sample from constraint-erlang time function model learning process (Risk —Averse) updation model —
Chapter4 constant interarrivals Dependenton with markovian Cost=Weighed based on
Section 4.2 population)- the number of properties mean+(variance individual’s
(R-DSPM) exponential passengers over memory) experience-
interarrivals boarding and nontravelled route
alighting. cost updated
Constant assuming
coefficients uncongested travel
times
Example Congested Variable demand Strict capacity Linear Dwell Logit choice Weighed average * Mean- Lateness Disaggregate
Network 2- (sample from constraint-erlang time function model learning process (Risk Averse) updation model —
Chapter 5 constant interarrivals Dependenton with markovian Cost= weighed mean based on
Section 5.2 population)- the number of properties + weighed latness individual’s
(R-DSPM) exponential passengers experience-
interarrivals boarding and nontravelled route
alighting. cost updated
Constant assuming
coefficients uncongested travel

times

Fig 72 Comparison of the salient features of various models tested in the thesis.
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7.3 Further research:

The current thesis has shown through various example implementation the
need to account for riskaverseness while assigning passengers on the transit
lines. The current RDSPM has accounted for several variations possible in a
transit network (as highlighted in section 7.1) however there are several other
sources of variation which has been unaccouat for in the current study and
could be accounted for in future research. These include the variations brought
about by differing walking speeds from the ticketing kiosks to the platforms
and the variation in the invehicle travel times. Accounting for tlese additional
variations could have possibly resulted in the shift to unattractive routes at a
1T xAO v OAIl GhengBl O OEA CEOAI

There are several aspects of the current research which can be further
investigated such as:

1 The current R-DSPMwith stri ct capacity constraints only considers the
numerical experiments on small networks. The possibility of extending
it to much larger network needs to be explored. The challenge
associated with a larger network lies in the possibility of several
probable transfer stops between an OD pair. The presence of several
transfer stops makes it necessary for a choice model between these
transfer stops to ascertain the best alternativdGuo and Wilson, 2004
Liu et al., 1997; Shafahi and Khani, 2010}t is also to be oted that the
current thesis does not consider any transfer penalty at the transfer
stops and hence there is a need to account for such a penalty for realistic
modelling of transit network. Guo and Wilson (2004) highlight the
importance of transfer penalties and indicate that absence of accurate
assessment of transfer penalties could result in over estimation or under
estimation of travel costs. Liu et al(1997) carry out a stated preference
survey to assess the transfer penalty values in terms of-wehicle travel
times whereas Shafahi and Khanj2010) develop a model to minimise
the transfer time of passengers.

1 The current model assumes that the passenger learns from their own
travel experiences on a route. Each route however comprises of route
sections The current study ignores the fact that a passenger travelling
on a route learns not only the total travel time of the route but also the
total travel time of the route section comprising it.Hence in example
network 2 a passenger experiencing the waitig time for route 8
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experiences the waiting time for route section D which is similar to the
waiting time associated with route section K. This information can be
used by the passenger while updating their experience matrix for route
2. This phenomenon of A NOEOET ¢ ET AEOAAO EIT A& Oi A
I AAOTTHhd @rdcess of accounting for cross learningis straight
forward for the current model wherein the in-vehicle travel time is
assumed to be constant. The cross learning however ignored in the
current study. The assumption of invehicle travel time being constant is
a limiting assumption. Though the current R-DSPMwith strict capacity
constraints accounts for invehicle travel time variance when a
particular route section has more than one attractie line section; there
Is a need to account for the random kvehicle travel times on each line
segment especially while considering bus networks. In absence of a
dedicated right of way for bus transit the irvehicle travel time of each
line segment of thenetwork is randomised due to the interaction with
other traffic in the network. In event of assuming random inavehicle
travel times, the waiting time associated with route section K would only
give partial information on the total travel time of route 2. The modeller
would then have to make a learned guess to model the-irehicle travel
time while accounting for cross learning. While using the model to
assess the train networks apart from considering the variance
associated with the invehicle travel time it is to be noted that the
variance associated with walking to the platform; ticketing process also
needs to accounted for.

The generalised cost function used in ®SPM can be easily modified to
AAAT 0T O Al O APDPOT AAEAO OOAEprogpért OEA
OEAT ODBBOA O OE Ad aUgdincipld tbef @ passenger is
interested in reducing the likelihood of something bad from happening
(Chorus et al., 2008;Chorus, 2012) Prospect theory works on the
principle that the route choice is made basd on the gains or losses made
with respect to a reference point le MoraesRamos et al., 2011Gao et
al., 201Q Ben-Elia and Shiftan, 201). de MoraesRamos et al. (2011),
compared the expected utility maximisation concept with regret thery
and prospecttheory and foundthat both the prospect theory and regret
theory under-perform for reliability based route choice. Ben-Elia and
Shiftan (2010) highlight that the prospect theory is difficult to apply
analytically due to its ability to describe theoutcomes in short number
with particular probabilities instead of probability density function as is
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obtained in the current RDSPM. The ability of passengers to remember
extreme negative incidences should be reflected in theeighed learning
process modelwherein an experienced travel time exceeding certain
permissible limit of each individual could be provided a higher
weightage within the memory length.The possibility of such a weighed
learning process implementationcould be explored.

Another extension would be to consider the departure time of
DAOOAT CAOO xEOEET OEA AAU O1 AO
to account for the disutility associated with arriving early or late at the
destination. This would require an actual time table for the network
which is being modelled in order to associate a specific arrival time for
the passengers. The specific arrival times would enable the modeller to
associated a schedule delay late or early penalty at the origin and
destination.

The burn-in time of the curent R-DSPMwith strict capacity constraints
and the number of days for which the simulation is run to obtain a
stationary distribution has been chosen arbitrarily. A more detailed
study into the determination of burn-in periods and the determination
of the stopping time needs to be explored. A look intGilks et al. (996)
could provide several possible ways of doing the same.

Though a section of London Underground hakeen explored in the
current thesis a need to calibrate the numerous parameters assumed in
the model for a real world network is required thereby emphasising the
need for an empirical study on a real world transit networkto assess the
risk averseness of tansit passengers

The presentR-DSPMwith strict capacity constraints can be extended to
consider multiple user class who would define their attractive line set
based on their economic welfare. The degree to which variance of total
travel time is considaed undesirable to the passengers in the mean
variance model and the value of mean lateness in medeteness model
shall bedifferent for each economic group, purpose of trip etc.

The current R-DSPMwith strict capacity constraints utilises logit choice
for route choice identification. The logit choice model suffers from the
inherent drawback of ignoring the overlaps in between different route
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sharing the same route section. The RDSPMcould be extended to
include the probit based models; c logit or patrsize logit modelswhich
account for the overlapping route sections in different routesof the
network (Nielsen, 2000; Teklu, 2008; Teklu, 2008b; Vovsha and
Bekhor, 1998; Zhou et al., 2012 Teklu (2008a and 2008b) use probit
based transit assignment modelin the day to day framework and
Nielsen (2000) show the implementation of probit models in SUE. Zhou
et al. (2012) utilise Clogit in SUE based traffic assignmentwhereas
Vovsha and Bekho(1998) indicate the drawback of using €ogit.

The current R-DPM assumes a linear learning process models for the
passengers which could be modified to account for habits wherein the
route choice of the passengers is not altered on a day to day bads.
possible way to do that would be by using continuous markov pr@ss
model wherein each passenger would have an exponentially distributed
time interval on a particular route before they decide to update their
route choice.

4 0OAT OEO OUOOAI AOIT OT A OEA x1OI A AT A
OAOAOAT MEAAAAOOINGKYEEAMOR AHGAT EGAT OO0AT
acting as arteries and providing access to the public transit network. A

need to look at the possible integration of such modes to develop a
framework with multimodal route choice assessment is neededverma

and Dhingra(2006) develop a combinatorial optimisation problem with

a train scheduling submodel and a schedule coordination swmodel to

integrate the train services with the feeder bus servicesShrivastava and

/ 6 - A E([®3d0a) use genetic algorithm to integrate the main transit

service with feeder buses leading to an improved patronage of transit
services.

The integration of R-DSPMwith strict capacity constraints as an initial
planning tool for transit network design development or transit network
frequency modifications needs to be explored. The use of -lavel
optimisation process could be considered as one of the possibilities for
such an exploration.

The current R-DSPMwith strict capacity constraints does not consider
AAOA 1T £ OEA OOAT OEO OUOOAI AOC TTA 1T £
cost function. Hence the impact of fare on the route choice of risk averse
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passengers needs to be explored. Thexploration should be such that
elasticity of the demand with variations in fare structure is accounted
for in the model.

The current thesis assumes a FIFO principle of queuing being followed at
each transit stop which in reality is not the case. Hence ¢hneed to
explore the mingling of the passengers ahe transit stops needs to be
modelled This could be done by not sorting the passengers at the transit
stop by their arrival times. Instead those in the queue for the arriving
transit service could have aprobability associated with their boarding
resulting in the boarding process being randomised.
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Appendix A
Formulation of Optimal strategy and assignment of flows on a
test network as in Spiess and Florian, (1989)

(Spiess and Florian, 1989)formulate an optimisation problem to arrive at a
routing policy which produces the least generalised cost route. Optimal
strategy is based on the minimisation of the travel time (generalised cost) and
works on the concept that traveller chooses the first vehicle that arrives ém
the attractive lines set at each bus stop.

®,=3 bus/hr,
®;=4 bus/hr, m_;c - 10 min,
S2

S1

Cg=15 min, Cg= 15 min,

4
DESTINATION

®z=2 bus/hr,
Cg= 25 min,

Fig A.L Test network

For the test network in figure A.1, the alternative ways of travelling along the
network are as shown in tableA.1. A user is faced with thee alternatives before
or during his/her journey. These alternatives can be also called strategies.
According to (Spiess and Florian, 1989fhe optimum strategy is the strategy
which the user perceives gives him/her the minimum generalised cost. Since it
is assumed in(Spiess and Florian, 1989}hat users have full knowledge of the
frequency of services in a line and also have knowledge of the travel time

ET O 1 OAAR OEA O DOEI Al OO QFpidsk grd Bloridnd OE O A

1989) gives the pathof minimum generalised cost of the network.

Table A.l: Possible Alternatives for travelling within the example network
along with their costs

Stops S1S2 S2S3 S1S3
@ a o L
. g g e 2g& g2 © T _ g5
Line o o L @5 o Y @mao @ma5
travel time +
waiting time (min) 30 30 30 17.15 45 55 3833 39.65

¢ KS W2 LI A Y'Hd travelfrohd theSEgi @ destination for the example network
based on the optimisation algorithm and assignment algorithm definedSpyess and
Florian, 198%shall be obtained by minimising the following function

d "QB N 6 l‘) B N B— (Al)
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Subject to the conditions

0 mandw TE ipfor @ "Gndan 0.

In order to analyse the test network we shall simplify the network representation as in
(Spiess and Florian, 1988nd the simplified network is given in #g2

25,1/30

15,1/15 fz'\ 15,00

4 0,1/15 .

- 3 10,1/20 DE‘ST|NAT|0N
FigA.2 Simplified Test network as in(Spiess and Florian, 198)

The optimal strategy for the test network is given in tahl2 and the assignment of a unit

flow from node 1 to node 4 or S1 to S3 is given in t&b8

Table A2: Finding Optimal Strategy for the Test Network

Node Labels (1» ) Link with min y+G
Iteration a
No: 1 2 3 4 =(i,m) . u+G | aNn O
likZzZn KZNKZn 0,0 | (3,4 1/20 10 | yes
2| -do- -do- | 30,1/20 -do- | (2,4) K 15| yes
3| -do- Mp 2 -do- -do- | (3,2) 1/15 15 | yes
4| -do- -do- | 21.4,0.117| -do- | (2,3) K 21.4| no
5| -do- -do- | -do- -do- | (1,4) 1/30 25| yes
6 | 55,1/30 -do- | -do- -do- | (1,2) 1/15 30 | yes
38.33,1/10| m p 2 21.4,0.117| 0,0
Table A3: Assign Demand on Test Network
Link

Iteration No: (i,m) Volume 0

6 (1,2) 0.667

5 (1,4) 0.33

4 (2,3) 0.667

3 (3.2) 0.38

2 (2,4) 0.38

1 (3,4) 0.29

The step wise iterative process to arrive at the optimal strategy and the assignment of
flows is as follows:
1% Iteration:

[(%) +T10), T(0 +T 15)T (OT+ 2?],{ To), (? + fS),T +TO) 6 6 pm

4 (4304 (424 (41 3(B.222 (2,1 2 (2,3
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Start @ (4, 3)

Update6 0 P 30
. pI¢ T
Node 3 (30, 1/20)  ---included in strategyyes

2" Iteration:

[(O + 15) (0 + 25) 30 + O)],%g + 15),{ + 0) 0

rrrrn T

4 (4,2) 4 (4,1) 3 (3,2) 2 (2,1) 2 (2,3)

Start @ (4, 2)

Update6 o6 15

. H

Node 2 (15H) ----- included in strategyyes

3" Iteration:

[0 + 25),1To + 0), (15 + 15),(T5 + 0)]

T

4 (4,1 3 (3,22 (2,1 2 (2,3)

o
o

Start @ (2, 3)

6 o 1From fiteration 15

Hence, Updated 0 ¢ @

° — — T®pX
Node 3 (21.4, 0.117)----included in strategy yes
4" |teration:

21.4

Os

[(0 + 25),Z1.4+ 0), 15+ 15)] 6

4 (4,1) 3 (3,2) 2 (2,1)
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Start @ (32)

6 p &From 2iteration< 21.4
Hence----included in strategy, no
5" Iteration

[0 + 25),15+ 15)] O 0 ¢u
4 (4,1) 2 (2,1)
Start @ (4,1)

Updated 6 P V0]

L] ‘r[ J— J—
Node 1 (55, 130) ----- included in strategyyes
6™ Iteration

[(15+ 15)] o 0 om

2 (2,1)

Start @ (2,109 v UFrom %' iteration %30

Hence , Updaté o o® o

Node 1 (38.33, 1/10)----- included in strategy, yes
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Assignment:

Arrange the links in decreasing orderéof 0

12—>0 " .0 P T®OX
14—> p ™o
(2,3)—» 0.667

B> o BOX T® Y

(2,4—» 0.38

B> o BOX & ©



-187 -

Appendix B
Route Choice of passengers at Transit stop with and without
signs at stop information

Consider the test network given inFig B.1 At bus stop S2 we have two lines
(blue and purple) with the blue line having a frequency of 4 bus/hr and a travel
time of 20 min whereas the purple line has a frequency of 3 bus/hr and a travel
time of 10 min.

@, = 3 buses /hr
t, = 10 min

S2 S3

@, = 4 buses [hr
t, = 20 min

Fig B.1: Test Network

Assuming that the headway distribution is deterministic we get the probability
of choosing a line that arrives first at bus stop S2 (in the absence of
information) as given in equationbelow.

-h QT e "O7 QT

The p.d.fof waiting time of line given that the line has deterministic headway
distribution can be formulated as
- QR T pe
e i 0 Qi Q
fO | EDd pkiB 8 h then for deterministic headways

o1

-h . p . T 'QT&

N Z

Hence for the example network in figB.1 the conditional probability of
choosing line 1 (purplé line is given as

p
— - — P
4 cép pLS*)Q(*)

- R T X U

z

P pcﬁon
- h T®QU

°
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With information the conditional probability if choosing a line is given as

P

- i C_Ti O T p QU
. 1 CU ® s CU ® ~
pfc M @ cé oU Qw pic 1% ou Qw
- h T OO
;O My
Y
I — bita C
X yo
P o
- h p_UZ s ! p QU
PTT W i~ 1 PTT W ,
pip ¥ C T Qw 5 UZ cm Qw
- h TOX
TableB.1: Deterministic headway: online information vs no information
Information Scenario - R -k
Sign at stop 0.833 0.167
Without sign at stop 0.375 0.625
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Appendix C
Markovian property Check for Mean -lateness model

The presence of single stationary distribution for the mean lateness model to
prove the ergodic nature of theR-DSPMis shown in Fig CL. From the visual
inspection and from comparison of the mean andstandard deviation of the
flows between various day intervals it can be concluded that there exists a
single stationary distribution. The presence of single stationary distribution
implies that the R-DSPMfor mean-lateness is ergodic.

Days 201-400

Days 401-600

v
=

Mean=90.3
Std=9.9

Mean=78.3
Std=8.6

NowW D
= = =]

Frequency

=
o

0
60

50

80 100 120
Flow

Frequency

=N W s U
o O o o o

0
50

100
Flow

NoW
o O O

Frequency

fury
(=

0._
60

80 100 120
Flow

Mean=91.1
Std=8.9

Frequency

=N W s !,
o o ©o o o

0 L. —
50

Flow

Mean=77.8
Std=8.4

Frequency

Frequency

=N W s
©c o o o o o

60

B
<

no
o

Mean=68.4
Std=10.8

100
Flow

100
Flow
Mean=67
Std=10.9

Fig C1: Stationary Distribution on routes 2,3 and 9 betweemnlays 201-400 and
days 401600 for, m8thh & p T AT AD ¢ o@h

pb— v

C.1Converging irrespective of initial condition:

The convergence of théR-DSPMirrespective of its initial conditions to the same
stationary distribution is a proof of that the current stochastic process is
regular. To prove that the mearateness R-DSPMis regular different initial

conditions were tested similar to those done in earlier chapter§Z=1- poisson

rate of passenger arrivals400/3600, population size (constant demand)83;

Z=2-poisson rate of passenger arrivalk50/3600, population size (constant
demand)-88). The comparison of mean and standard deviation (Table.1}

indicates convergence to the same distribution.
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Table C1: The convergence of meatateness model irrespective of its initial

Th

conditon & p T®AT A® ¢ o@h, pb— v

Route 1 2 3 4 5 6 7 8 9 10 11

00 226 419 434 733 957 571 837 129 746 845 695

 EZ 264 10 7.7 503 345 27.8 235 378 203 210 19.0
condition

) o0& 17 1756 1399 54 149 131 501 02 786 73.8 96.3

Std 32 493 317 76 154 143 188 07 139 19 16.7

00 15.7 413 425 658 906 55 833 102 738 848 68.9

nitial— stq 235 102 7 523 381 296 227 316 20 205 18.1
condition .

" @ 11 1773 1428 41 133 108 486 02 796 73.7 97.6

Std 26 513 35 68 16 128 180 057 151 202 17.2

A statistical test of Wilcoxon rank sum test was

carried out to check if the

distribution s obtained from various initial conditions were indeed similar and
having the same mean or not. The test results are shown in Tabl CThe table
C2 results show that the null hypothesis cannot be rejected at the 5%
significance level as all the fvaluesare greater than 0.05 in all cases fdr  p.
This shows that there is not sufficient evidence to show that the samples from
the three realisations do not come from the same stationary distribution and do
not have the same median.

Table C2: Wilcoxon ranksumtest & p 1 @AT A®d ¢ o ®h,
thr pb— v

Route 1 2 3 4 5 6 7 8 9 10 11
N
@ 015 085 083 01 053 045 079 015 048 086 03
—
(92]

P+ © 001 066 068 021 071 076 079 014 044 094 036
AN
™
@ 038 086 079 066 076 035 099 1 092 097 1
—
AN
® 003 092 033 004 033 003 039 016 071 055 012
—
™

L, @ 001 069 083 007 044 007 042 016 089 038 0.06
(V]
o™
@ 055 09 062 07 072 064 095 1 082 088 0.65
—
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Table C3: Two-sample KolmogorovSmirnovtest & p 1T ®@AT A®
¢ o®h, T pbk— v

Route 1 2 3 4 5 6 7 8 9 10 11
N
% 0 0 0 0 0 0 0 0 o 0 0
—
o™

Pre O 1 0 0 0 0 0 0 0 o 0 0
AN
™
® 0 0 0 0 0 0 0 0 o 0 0
—
N
@ 0 0 0 0 0 0 0 0 o 0 o0
—
™

L, @ 0 0 0 0 0 0 0 0 o o 1
N
o™
% 0 0 0 0 0 0 0 0 o 0 0
—

The two sample KolmogorovSmirnov test gives the same result as wilcoxon

rank sum test whereby it is observed that the samples are from the same

distribution.

C.2 Sensitivity analy sis :

C.2.1 Differing shape factors

B RiskNeutral
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Fig C.2he sensitivity of route flows to various shape factors for risk neutral

and meanlateness cost functions at
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Figure C.2 indicates that at routes originating at transit stop 1 the flows
distribution between the risk neutral and meanlateness cost function is
different however at the lower end transit stop 2 the distribution is almost
similar. The distribution of route flows for various shape factor values at
8t or mean-lateness cost function is also almost similar to each other.

C.2.2 Differing value of lateness

[ Latenessvalue=2 Lateness value=5 Lateness value=15
7 9
150
: 2100 I
Z ‘ H
| _ - | |
l
|
o A ..‘I;l; oL 1LILH .I,.‘
10 60 sn mo 120 w % 60 80 100 20 40 60 80 100 120
Flow Flow
120
100
5 >, 80
5
Total Travel & g o
time & 40 u. 40
I 20, ' | I 20
|
IJ o ‘ I o
100 0 '0

i
5 20 40 60 80 100 120
dF(lI 1|nm Experi d‘r:lr vel Tim ced Total Tray

Lateness value =2 Lateness value=5 Lateness value=15
2 7 9 2 7 9] 2 7 9
Mean 84.5 57.9 68.2 90.5 54.3 68 98.6 48.6 68.8
z
ED Std 8.8 8 0.2 9.5 7.8 ki Lt 1ich Z.9 13.7
$E Mean 382 63.4 65.4 382 64.1 66.8 383 65.5 68.8
§27°
g"g} E £ Std 85 19.0 151 85 191 15.6 8.6 19.6 16
SE 5

Fig C.3 Flow and experienced tal travel distribution on various routes for
varying value of lateness at, ™ty ® p TBAI A ¢
o®hr pv

Fig C.4 Flow and experienced total travel distribution on various routes for
varying value of latenessat  th @ p 1T ®AI Aw ¢
o®mr pv



