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Abstract
Travel time is considered to be the key criterion when making travel related
decisions. As the travel decisions are made in a dynamic environment,
the travel time also changes according to the real-time operations of the
transport system. More and more evidence proves that travellers are
not only interested in the expected travel time but also in travel time
reliability. Especially for trips that are made regularly, reliability is valued
more than travel time itself. This dissertation focuses on travel time
reliability measures and their effects on travel related decisions as well as
network performance. Travel time is studied both at the aggregate level
and the disaggregate level. At the aggregate level, personal preferences
of travellers towards travel time are explored; while on the disaggregate
level, the network performance is evaluated based on travel time reliability.
Instead of defining a new travel time reliability index, the travel time
distribution is used to address the variation of the travel time and its
influences on both travellers at the micro level and the network at the
macro level.
Both revealed preference (RP) data and stated preference (SP) data are
used for the analysis of the travel time reliability. The SP data provided
two scenarios based on mode choice and route choice respectively and
the data was collected in Switzerland. Proceeding on the SP data, parts
of the RP data is also collected in Switzerland, which is later used to
reconstruct the actual route choices of the respondents for a route choice
model. Tomtom Stats data is obtained to assist the travel time reliability
analysis during the procedure. Another part of the RP data, the floating
car data (FCD), was collected from Wuhan, China and it is applied to
employ network travel time reliability.
Route choice models are built with travel time measures using both SP
data and RP data. In the SP data based route choice model, as the travel
time distribution was applied to generate the route alternatives, it allows
us to explore the early and late indifference buffers around the preferred
arrival time. An exhaustive algorithm searches for the optimum early and
late buffer combinations and during the procedure, the changes of value of

Abstract

travel time savings, value of reliability early and late along with the model
fit are closely observed. The RP data based route choice model tries to
explain the respondents’ route choices reconstructed from the RP data
with predicted travel time reliability measures. First regression models
are employed to predict parameters of the travel time distribution based
on Tomtom Stats data and then these models are applied to predict travel
time reliabilities for each route alternative. A Path Size Logit model is
used to account for similarities between route alternatives with percentage
of early and late buffers of travel time to address travel time reliability
effects on route choices.
FCD data is used to analyse travel time reliability on the network.
Three levels of travel time reliability: link level, path level and network
level are explored. On the link level, the travel time reliability is closely
related to the speed changes along the road so link (un)reliability is defined
as the integral of speed changes along the link. On the path level, Monte
Carlo simulation is used to obtain the path travel time and the travel time
distribution is extracted. The definition of a degradable network is given
and a spatial auto regression model is built to calculate expected total
network travel time and its variance. Then using method of moments
estimation, the total network travel time distribution is reconstructed, from
a degradable network as well as an undegradable network.
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Zusammenfassung
Reisezeit gilt als entscheidendes Kriterium , wenn man die damit verbundenen Reiseentscheidungen trifft. Wahrend die Reiseentscheidungen in
einem dynamischen Umfeld gemacht werden, so ändert sich auch die Reisezeit gemäß dem Real-time Betrieb des Transportsystems. Immer mehr
Beweise belegen, dass Reisende, sich nicht nur für die erwartete Reisezeit
interessieren, sondern auch für die Zuverlässigkeit der Reisezeit. Im speziellen für regelmäßige gemachte Reisen ist die Zuverlässigkeit wichtiger
als die tatsächliche Reisezeit. Diese Dissertation konzentriert sich auf die
Zuverlässigkeit der Reisezeit Maßnahmen und ihre Auswirkungen auf
die Reiseentscheidungen sowie Netzwerk Leistung. Reisezeit ist sowohl
auf der aggregierten Ebene und der kleinräumigen Ebene untersucht. Auf
der aggregierten Ebene , persönliche Präferenzen Reisender werden zu
der Reise- Zeit erforscht, während auf der kleinräumigen Ebene die Netzwerkleistung auf Basis Reisezeit und Zuverlässigkeit beurteilt wird. Statt
einen neuen Zuverlässigkeits Index zu definieren, wird die Verteilung der
Reisezeit benutzt um die Reisevariation und ihre Beeinflussung, auf beide,
die Reisenden im Micro Level und das Netzwerk im Macro Level.
RP Daten und SP Daten für die Analyse der Reisezeit Zuverlässigkeit sind verwendet. Die SP-Daten haben zwei Szenarien, eine für die
Verkehrsmittelwahl und eine für Routenwahl. Die Daten wurden in der
Schweiz gesammelt. Die Routen der Antwortenden wurde auch gesammelt und später in einem Modell verwendet. Tomtom Stats Daten wurde
erhalten, um die Reisezeit Zuverlässigkeitsanalyse während des Verfahrens zu unterstützen. Der anderen Teil der RP-Daten , die Floating Car
Data (FCD) , wurde von Wuhan , China gesammelt und angewandt , um
die Netzwerkzuverlässigkeit zu studieren.
Es gibt zwei Modelle der Routenwahl,ein mit SP Daten und der andere
mit RP Daten. In der SP-Daten basierend Modell, glauben wir, dass eine
kurze Abstand bevor und nach der gewünschten Ankunftszeit keine Strafe
erbringt. Da muss man finden, wie große diese zwei Abständen sind. Eine
erschöpfende Algorithmus sucht nach der optimalen frühen und späten
Pufferkombinationen für das Modell. Inzwischen werden die Änderungen
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der VTTS, VoR-early und VoR-late beobachtet. Das RP-Daten basierend
Modell analysiert die Daten mit ähnliche Methoden. Weil jede Route
verschiedenen Fahrzeiten hat, wird die Anteile der Durchschnitts der Reisezeit benutzt. Eine Path Size Modell wird beurteilt, um die Ähnlichkeit
der Routen zu lösen.
FCD Daten von Wuhan sind verwendet, um Reisezeit Zuverlässigkeit
im Netzwerk zu analysieren. Drei Ebenen der Reisezeit, Link-Ebene , PathEbene und Netzwerk-Ebene sind definiert. Auf der Link-Ebene gilt die
Verlässlichkeit als Integral der Geschwindigkeitsänderungen entlang der
Strecke. Auf dem Path-Ebene , Monte Carlo Simulation wird verwendet,
um den Path Reisezeit zu erhalten, und die Verteilung der Reisezeit wird
auch extrahiert. Auf der Netzwerk-Ebene, ein Spatial Regression Modell
ist gebaut, um Durchschnitt und Variante der Reisezeit zu voraussagen.
Die Methode der Moment Einschätzung ist verwendet, da kann man
Verteilung der Reisezeit rekonstruieren. Und diese Methode gilt zwei
verschiedenen Netzwerk, eine mit die Änderung der Verkehrsablauf und
eine ohne. Die Resultaten von beide Netzwerk werden auch vergleicht.

xii

Chapter 1

Introduction
When people make trips in their daily life, travel cost is normally considered as one of the factors, and sometimes the only factor for their trip
related choices, such as the departure time choice, mode choice, route
choice etc. Travel costs refer to monetary and time cost. While the
monetary cost largely depends on local economics, traffic policy and management, the time cost depends more on network structures, traffic control
and demand-supply fluctuation. The monetary cost is more or less stable
for a certain time period, but the time cost can have big differences among
different choices. Besides, time costs can be translated into monetary unit
via the value of travel time savings (or willingness to pay). In this sense,
the time cost can be a dominant factor for travel related decisions. In this
thesis, the travel time reliability is studied with agent based models as
well as network based models. It is gradually realised that travel time
reliability, instead of the expected travel time itself, is valued more by
both travellers and researchers. So this dissertation focuses on travel
time reliability, factors that influence travel time variance and the effects
that travel time reliability has on travel related decisions and network
performance.

1.1

Background

Travel time, as one of the travel costs, is a key factor to make decisions
for a certain trip, to evaluate the performance of a network. Travel time
studies used to focus on the expected travel time, but more and more
studies have revealed that the travel time reliability is regarded as a major
aspect of travel decisions and network evaluations. (Asakura and Ksahiwadani, 1991; Kazimi et al., 1999; Lam, 2000; Small, 2005; Recker et al.,
2005; Lam and Small, 2001). In traffic forecasts, traffic related policy
making and management, the tendency is to put reliability measures into
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consideration instead of only depending on the expected travel time. For
example, the Ministry of Transport, Public Works and Water Management
of Netherlands, considered improving the travel time reliability as a primary objective in several of their national projects. The UK government
tried to increase the reliability of the railway system instead of simply
reducing the travel time of the system. In the US, the travel time reliability
has been used in road pricing to optimise the use of toll lanes for decades.
During the summer Olympics 2008 in Beijing, the Chinese government
had planned that travel times of all trips from the central part of the city
to the major sport centres could be made in 30 minutes. This is actually
a big challenge because it highly depends on reliability of the network,
especially in a city where the travel demand far exceeds the supply during
peak hours. During the Expo 2010 in Shanghai, several projects focused
on network accessibility, robustness and reliability. Not only do governments notice the importance of the travel time reliability, individuals also
value it greatly (Ghosh, 2001; Batley and Ibanez, 2012; Bates et al., 1987).
More and more evidence shows that travellers are not only interested in
reducing their travel time, under certain circumstances the reduction of
the travel time variability, an increase in travel time reliability, is more
attractive.
After trip generation, there are a series of decisions such as destination
choice, departure time choice, mode choice and route choice etc. to make,
and these are normally not sequential decisions, which can be decided
one after another. They are usually considered all together and travel
time, as a generalised cost is involved in all these choices. Not only the
unobserved preferences of the decision makers, but also the dynamic
traffic systems make the decision-making process full of changes and
uncertainties. These situations require to take the travel time reliability
analysis to another level, where both personal preference and the network
performance have to be explored. To fully analyse travel time reliability,
two aspects have to be considered:
• Network characteristics, such as the network topology, connectivity,
traffic management, signal control and so on. If the network is
assumed to be a deterministic network, where the travel time for all
links is fixed, then the result will be quite different from that under
the assumption of a stochastic network.
• Travellers’ perception errors contain two parts: the error generated
by the travellers because they normally cannot acquire perfect information; and also the observation error of the researchers, because
some preferences of the travellers cannot be observed. Depending
on the models, these two errors are considered as one error most of
2
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the time. If the travellers can acquire perfect information (provided
this is also observable), or they are assumed to have no personal
preferences then there are no perception errors; otherwise the estimated travel time has an error term, which follows a specified
distribution.
These two aspects define four different choice models (Recker et al.,
2005): DN-DUE (Deterministic Network, Deterministic User Equilibrium), SN-DUE (Stochastic Net-work, Deterministic User Equilibrium),
DN-SUE (Deterministic Network, Deterministic User Equilibrium) and
SN-SUE (Stochastic Network, Stochastic User Equilibrium). For the
travel time reliability in this dissertation the assumption of SN-SUE is
used most of the time: the network is a dynamic network with travel
time changing on links and travellers also have perception errors when
estimating their travel time.

1.2

Literature review

There are many studies focusing on travel time, and among them there
are different models created to explore the travel time reliability. Based
on the data at hand, models to address reliability can be divided into
utility based (also on the individual level) and network based (on the
aggregate level) models (see Fig. 1.1). Further more, utility based models
can be divided into SP (stated preference) data based models and RP
(revealed preference) data based models according to not only how the
data is collected but also different modelling methods. The SP data based
model can be used for any specific models because the questionnaire
can be designed as desired, but the disadvantage is that poorly designed
questionnaires may lead to biased model estimates, and also due to the
budget and labour limitations, the sample size is normally smaller than
RP data. RP data based models are less flexible compared to the SP data.
Most of the time RP based models have to adapt the model structure to the
data available. But on the other hand, RP data reveals the true preferences
of the travellers, which may not be accurately captured by the SP data.
The network based model can be further categorised into risk based
and traffic specific models. Essentially both of them are based on probability theory and certain statistical measures. The risk based models, which
are built on the probability of a system failure, are more general models
because they are not necessarily limited to explore travel time reliability.
The traffic based models try to use traffic related variables to explain travel
time reliability. Risk based models are inherited from risk management
3
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Figure 1.1: Classification of travel time reliability models

where reliability (not necessarily travel time reliability) measures a certain
system or component performing its desired functionalities for a period
of time without any system failures. They often appear in the form of the
opposite of system failure as probabilities. The traffic based models explain reliability by mean, variance, skewness and so on with traffic related
variables such as the flow variation, departure time, preferred arrival time,
etc. The following subsections will explain all these models in detail.

1.2.1

Utility based models for travel time reliability analysis

Non-aggregated models, or agent based models are based on personal
choices of the decision makers. These models focus on comparing actual
travel choices of the individuals with their alternatives. Based on the
purpose of the study, revealed preference (RP) data or stated preference
(SP) data are normally collected. The RP data describes collections of
travellers’ behaviours, which happened in the past or are still on going,
while the SP data collects decisions made in hypothetical scenarios. For
the purpose of analysing the travel time reliability, SP data are used more
often than RP data, as it can be designed as desired and therefore is more
flexible. For example if the model tries to explain the willingness to pay,
the SP survey should at least have both travel time and travel cost, but for
the RP survey the travel cost for a specific trip may not be easy to obtain.
4
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1.2.1.1

Utility theory

Most of the existing models for both RP and SP data are based on the
framework of Expected Utility Theory (EUT), and for years it has guided
many studies for decision making under uncertainty. The theory assumes
that travellers’ decisions, of which probabilities are derived from utilitymaximising behaviours, are rational, and the travellers also have perfect
information about the trip (Train, 2009). Models such as Logit, Generalised Extreme Value (GEV), Probit, and mixed Logit are derived from
these basic assumptions.
The Logit model, or Multinomial Logit model (MNL), is the basic
model for other discrete choice models. It was first derived by (Luce,
1959) from the attributes of choice probabilities. The utility is decomposed
into two parts depending on if they can be observed by the researchers.
The unobserved part is assumed to follow a Gumbel distribution and also
to be independently and identically distributed. This, unfortunately, leads
to the property of independence from irrelevant alternatives (IIA), which
is an issue to be avoided (McFadden, 1974). As the first path-breaking
model, despite its IIA property, MNL model provides a methodology for
the following studies.
The following model, known as the Generalised Extreme Value (GEV)
model, constitutes a large class of models that exhibit a variety of substitution patterns. The most widely used one is the Nested Logit (NL)
(Ben-Akiva, 1973; Forinash and Koppelman, 1993). It classifies the alternatives into subsets, where IIA still holds in the same nest but disappears
between different nests (Train, 2009). There are other GEV models, such
as the Paired Combinatorial Logit (PCL) by Chu (1981, 1989), Generalised Nested Logit by Wen (2001), (GNL) Cross-Nested Logit (CNL)
by Vovsha (1998), etc. Because the choice probabilities take a closed
form in GEV models, they can be estimated without using complicated
simulation methods. Tools such as BIOGEME (Bierlaire, 2003, 2009), designed for the maximum likelihood estimation is suitable for Generalised
Extreme Value (GEV) model estimation, and makes the model estimation
procedure easy and accessible.
Logit models have three common restrictions: they cannot represent
random taste variations; imply proportional substitution across alternatives
and cannot handle situations where unobserved factors are correlated over
time (Train, 2009). But the Probit model can avoid the three restrictions.
It can handle random taste variations, allow any pattern of substitution and
be applicable to panel data with temporally correlated errors (Bouthelier
and Sheffi, 1977; Daganzo and Sheffi, 1977). The limitation of Probit
model is that the unobserved components follow a normal distribution,
5
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which can not be estimated in a closed form.
Another Logit model, the mixed Logit model (McFadden and Train,
2000), is relatively flexible and also without the limitations mentioned
above. Unlike Probit model, it does not require unobserved components
to follow a normal distribution, and the probabilities are easy to calculate with simulation methods. With simulation methods being used, the
parameters of the model can also be estimated.
Based on the models above, studies are focusing on uncertain travel
time and monetary travel cost, for these two factors have the most obvious
influence on travellers’ choice. For example,Noland and Small (1995),
de Palma and Picard (2005), Recker et al. (2005) etc., did their work
on traveller’s choice behaviours from different viewpoints by employing
these Logit models.
All these papers are of great importance for modelling travellers’
choices under uncertainty and they are foundations of the SP and RP
based travel time reliability analysis. Studies of travel choices using
Logit models are more and more sophisticated and precise. Most of these
models focuses on a specific travel choice such as departure time choice,
model choice and so on, and sometimes the model have to be modified
according to the data collected. Generally speaking, Logit model is so far
the best model to study travel related choices.
1.2.1.2

VTTS and VoR

The utility function used to explore Value of Travel Time Savings (VTTS,
or Willingness To Pay) and Value of Reliability contains variables of travel
time, travel costs, and depending on different models, different forms of
reliability measures as well. There are two widely used models based
on the framework of utility theory to explore travel time reliability: the
mean-variance model and the schedule model.
In the mean-variance model, which also called the reduced form
approach (Börjesson et al., 2012), the travel time reliability is explained
by the standard deviation. The idea comes from risk return models in
finance and economic management (Weber and Johnson, 2008). The
travellers, as decision makers, try to gain the highest profit and lower
the associated risk as much as possible. The return is represented by the
expected value while the risk is represented by the variance, and this is
the basis of the mean-variance model. In a study for travel time variability
and mode choices, Jackson and Jucker (1982) used the mean-variance
model to explain travel time reliability. Under the framework of EUT, the
objective of each traveller is to minimize the sum of the expected travel
6
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time and travel time variance of a certain trip.
Minimize: E(T) + λV (T ) + δCost

(1.1)

Where λ is a parameter indicating the influence of the travel time variance,
and it also measures the degree of risk aversion. The very basic assumption
of this model is that the travellers are trading off mean travel time and
its variability (variance). Based on EUT, the mean-variance model is
normally expressed as:
E(U) = βT E(T ) + βV RV R(T ) + βC C

(1.2)

Where βT , βV R , βC are parameters to be estimated;
E(T ) is the expected travel time or mean travel time;
V R(T ) is the variance measure, either travel time variance or standard
deviation.
And based on this, the value of travel time saving (value of travel time,
or willingness to pay) and travel time reliability are expressed as:
∂E(u)/∂E(T )
=
∂E(u)/∂C
∂E(u)/∂V R(T )
V oR =
=
∂E(u)/∂C
VTT S =

βT
;
βC
βV R
βC

(1.3)

Senna (1994) presented a comprehensive model for valuing the travel
time variability with the mean, variance of travel time and travel cost.
An SP experiment was also conducted to provide data for calibrating the
model. The result showed that monetary value of travel time was highly
influenced by that of travel time variability. Bates et al. (1987) designed
an SP experiment, in which the departure time, mean travel time and travel
time variability were presented. The travel time variability was measured
as the standard deviation of the travel time based on the departure time.
Polak (1987) further modified the model and suggested a second
degree polynomial in the utility function, expressed as:
E(U) = βT E(T ) + βT 2 E(T 2 ) + βC C

(1.4)

This is actually a transformation of the mean-variance model as the variance can be expressed as:
V R (T ) = E(T 2 ) − E(T ) 2
7
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In this sense, the utility function can be transformed to:
E(U) = βT E(T ) + βT 2 E(T ) 2 + βT 2 V R(T ) + βC C

(1.6)

The model provides another way to study decision-making under different risk situations. It combines the risk preference and arrival time
cost together and defines the safety margin as a function of travel time
distribution, the costs of time spent at work and the degree of risk aversion.
Black and Towriss (1993) developed a model similar to the previous
studies. They mainly focused on presenting the same mean travel time
with different variability as it presented with several possible travel times.
In addition, they introduced the concept of reliability ratio (RR) defined
as:
∂E(u)/∂V R(T )
βV R
RR =
=
(1.7)
∂E(u)/∂E(T )
βT
Small et al. (1999) also used a mean-variance model, and in order to
capture the heterogeneity of VOT, socio demographics and purposes of
the trips were added, and they found that for commuting trips the value of
travel time is higher than the non-commuting trips.
Recker et al. (2005) used loop data from California State Route 91 to
study the contribution of travel time reliability on travellers’ route choice
decisions. A mixed Logit model was used, with the variables in the model
representing travel time, reliability (considered as standard deviation) and
costs. The data collected was aggregate data so no choices can be observed,
so a genetic algorithm was applied to identify the parameters that best
matched the aggregate results from the route choices and the data from the
loop detectors. The result indicated the estimated median value of travel
time reliability was higher than that of travel time itself; and the reduction
of the travel time variability was more attractive than the reduction of the
total travel time. What is more, the result showed that travellers’ attitudes
towards the congestion were heterogeneous; also the attitudes towards the
travel time and travel time reliability were substantially different.
The mean-variance model usually uses the standard deviation of the
travel time as the measurement of the reliability, but other statistical
measures can be used and the ’variance’ is not literally variance any more
rather a single measure of travel time reliability. Lam and Small (2001),
in a study for values of time and reliability using the data collected on
State Route 91 in Orange County, US, found that the best variables are
the median and the difference between the 90th percentile and the median
of the travel time.
Not only the value of reliability varies across different studies, but
8
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also the reliability ratios differ according to different regions. It is also
called degree of risk aversion (Recker et al., 2005), generally speaking the
higher the value, the more perceived costs of uncertainty, and the more
risk averse the traveller is. In a study based on a survey among bus users in
the city of York, England, Hollander (2006) estimated the mean-variance
model as well as a schedule model, and the reliability ratio (0.7/7.0) is
0.1. While a similar study done by Batley and Ibanez (2012), a mean
variance model, a scheduling model, a mean lateness model and a mix
model were used and the reliability ratio ranged from 0.85 to 2.07. Bates
et al. (2001) suggested for private cars users, the reliability ratio should be
around 1.3, while for the scheduled public transport, the reliability ratio
was not likely to be higher than 2.0. They also found that generally the
private car users accepted a lower reliability ratio than the public transport
users. A studied done by de Jong et al. (2009) also used the mean-variance
model. They concluded that the reliability ratio for private car users was
0.8 while the urban and interurban public transport users accepted this
value at 1.4. The reliability ratio, as well as the value of travel time and
value of reliability, vary in different regions according to local economic
levels, questionnaires designed, data collected and also largely depends
on how the models are built.

The schedule model is based on dispersions of the preferred arrival
time, and it is also another method to measure the value of travel time
and reliability. This model actually takes travellers’ perception errors
into account. Travellers evaluate the network performance and decide
their preferred arrival time. The model tries to capture the effects of
the perception errors and the dynamic changes on the network. The
mean-variance model assumes that travel time variability is the reason of
the utility loss, while the schedule model considers both the positive and
negative dispersions from the expected travel time (or the interval between
the preferred arrival time and the departure time), expressed as earliness
or lateness. The Schedule Delay (SD, or variations to the preferred arrival
time) is expressed as follows (Small, 1982):
SD = P AT − [t h + T (t h )]

(1.8)

Where PAT and t h are actual time points and T (t h ) is the time interval.
When the SD is positive, it means that the trip takes longer than expected
(schedule late). And if SD is negative, the traveller arrives destination
earlier (ScheDule Early) than expected. The model depends more on the
departure time choices, but it actually covers every aspect of trips related
9
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choices. The utility function is as follows:
E(U) = βT T + β SDE SDE + β SDL SDL + β L D L + βC C

(1.9)

Where T is a function of travel time; SDE and SDL are schedule early
and late respectively. D L is a dummy variable that equals to 1 when the
trip experiences lateness and 0 otherwise. As a trip can only be either
early or late, either SDE or SDL must be zero for a single trip. Ideally
all the variables in the utility functions are indicating disutility so all
the parameters estimated should be negative. As normally late arrivals
lead to penalties while early arrivals only cause discomfort, Small (1982)
found that travellers preferred early to late arrivals, preferred additional
travel time to late arrivals, but comparing to the additional travel time,
early arrivals were preferred. This is also the reason for the emerge of
the lateness model (Batley and Ibanez, 2012), in which only lateness is
considered.
There are two different data sets for the schedule model, the continuous
arrival time model for private car users and the discrete arrival time model
for public transport users (Noland and Polak, 2002). For private car users,
they consider a late or early departure time due to the uncertainty of the
network and perception errors. Trips with fixed schedules have scheduling
costs regardless of perception errors. The problem of fixed schedule trips
is that travellers normally cannot arrive their destinations at the preferred
arrival time. This means that the travellers will arrive the destination either
early or late, regardless of the travel time variability. Bates et al. (2001)
added additional terms to solve this problem. Additionally as the existence
of the headway leads to waiting time, this is normally calculated assuming
that the arrival at the departure point follows a Poisson distribution. Yet
this is under the assumption that the headway of the transit unit is small.
If the service is less frequent, then people would arrive at the point of the
service according to the schedule in order to minimise the disutility of
waiting. In this sense, if the variability of transit is high, the travellers will
more or less ignore the time table and arrive randomly like for car trips.
By extending the framework of Gaver (1968) and proceeding from the
work of Polak (1987), Noland and Small (1995) proposed another similar
expected utility model, shown as follows:
E(U) = βT E(T ) + β SDE E(SDE) + β SDL E(SDL) + β L PL

(1.10)

Where E(U) is the expected utility based on E(T) expected travel time,
E(SDE) expected earliness, E(SDL) expected lateness and PL the probability of being late. The advantage of this utility function is that it is
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distribution free, for it uses the expected values of the travel time (also
earliness and lateness), but if the travel time distribution is known then
these can be easily calculated. This issue will be further discussed later.
The mean-variance model and the scheduling model are two approaches used to model travel time reliability. The mean-variance can
approximate the scheduling model under certain assumptions (Bates et al.,
2001): the travel time variability defined is not dependent on the departure
time as well as regular congestion; lateness is treated equally as earliness;
departure time is continuous regardless of public transport or private transport. Both models emphasize the mean travel time and the dispersions
from the expected travel time. And most of these models are estimated
using SP data.

1.2.2

Network travel time reliability

The network based models focus on network performance and travel
time estimation. Most of the utility based models can be regarded as
path travel time analysis for in these models there are only some paths
involved. The network models usually deal with thousands of links and
nodes, which combine even more paths. This makes the model emphasise
on an aggregate level where links (and nodes, but sometimes for simplicity
nodes are ignored) are taken into consideration according to its structure,
traffic flow and control instead of preferences of the users.
1.2.2.1

Traffic based model

The early studies of travel time reliability focused on the dispersion from
the expected travel time. Polus (1979) defined the travel time reliability
as the inverse of the standard deviation of the travel time on arterial
roads. One indicator may not be enough, but to some extent, it shows the
uncertainty and (un)regularity of the trips. Small (2005) , when dealing
with SR91 data (The State Route 91 facility in Orange County, California,
US), used the difference between the 90th and 50th percentile travel
times. They also used the difference between 75th and the 50th percentile
travel times. They believed that using standard deviation of travel time
to describe (un)reliability could not fully capture traveller preferences.
Most studies describing unreliable travel time are based on the utility of
preferred arrival times at destinations (Bates et al., 2001), which being
late has more serious penalty than being early but the standard deviation
assumes that negative and positive deviations have symmetric effects.
11
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Chen et al. (2007) explored the travel time reliability in different time
of day (TOD) and day of week (DOW) using taxi car data in Beijing.
They created three indicators to explain travel time reliability:
Std.Travel Ratek
MeanTravel Rate k
95%Travel Rate k
PRIk =
FreeFlowTravel Rate
PI (x) k = P{xi ≤ θ},∀i ∈ Ik

CVk =

(1.11)

Where Travel Rate is defined as travel time divided by travel distance;
CVk is the coefficient of variation for TOD period k;
PRIk is the planning rate index;
PI (x) k is the probability indicator.
The coefficient of the variation for a certain period is defined as the
standard deviation of the travel rate divides the mean travel rate. It
indicates the reverse of the travel time reliability, which means the lower
this value is, the higher the travel time reliability is. The planning rate
index is also an indicator to measure travel time unreliability, which is
from the perspective of the travellers and it depicts the width of the travel
time distribution. The probability indicator, on the other hand, shows the
travel time reliability more directly. It is the probability that the trip travel
time is less than the expected travel time.
Lomax et al. (2003) also used three indicators to explain the travel
time reliability: the percent variation (PV), misery index (MI) and buffer
time index (BTI). The percent variation indicates the variation related
to the mean travel time in a percentage measure; The misery index is a
’feeling’ parameter that shows how miserable the trip is; the buffer time
index shows the range of travel time. All these three measures indicate
the unreliability of the trip, which means the larger these values, the more
unreliable the trip is and they are also neutral to the distances and the
mean time. These concepts are well accepted by the travellers, as most
of the other studies use terminologies only familiar to statisticians and
normally quite difficult to understand by travellers.
van Lint et al. (2008) used two indicators to describe reliability based
on percentile values. λ var is an estimate of the variances and λ skew is one
of the statistical methods to calculate skewness. The variance indicates the
dispersions of the trip from its expected travel time. It has similar meaning
to the standard deviation but the values are not necessarily the same. As
the density function of a travel time distribution shows a left skewed shape,
which means the travel time before the mode has only a small range, and
12
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then follows a long tail after the mode. The skewness shows how much
it shifts from the centre if the distribution is symmetric like a normal
distribution. So these two indicators cooperate together: λ V ar shows the
dispersion of the travel time and λ skew shows the asymmetry of the travel
time.
T90 − T10
λ var =
T50
(1.12)
T90 − T50
λ skew =
T50 − T10
Kaparias (2008) divided travel time reliability into link travel time
reliability and junction movement delay reliability in his dissertation.
Assuming that travel time follows a log normal distribution, he defined
two reliability indices, namely the lateness index and the earliness index
with the parameter of the distribution and the confidence coefficients. The
path travel time is added up from passing links and junctions, assuming
they are independent. The confident intervals are used to bound the travel
time into a certain range.
Tu (2008) regarded travel time on a certain link or a highway system
as a function of flow, road conditions, geometry, traffic control, weather
condition, accidents etc. He created two components in the definition of
travel time reliability, the variability in travel times and stability of travel
times from which the conceptual travel time reliability is derived.

1.2.2.2

Risk based model

Reliability theory explains reliability as a probability that a certain system operating properly without failures for a given time period to listed
conditions (Faber, 2009). It can be expressed as:
Z t
Z ∞
R(t) = Pr{T > t} = 1 −
f (x)dx =
f (x)dx
(1.13)
0

t

Where t is time when the system fails and f (x) is the density function
of the system failures. If the system are divided into sub-systems, then
according to their structures, they are either a serial system, parallel
system or mixed system (Faber, 2009) and the reliabilities are calculated
accordingly (see Table 1.1).
A general reliability measure is from Bell and Iida (1997). They
assume travel time on links is normally distributed with mean µi and
variance σi . Provided links are independent, the travel time distribution
13
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Table 1.1: System reliability classification
System type
Serial system

Independent failure
Q
(1 − P(Fi ))
1−

Dependent failure
1 − Φn ( β, ρ)

i=1...n

Boundary
Parallel system
Boundary

max {P(Fi )} ≤ PF ≤ 1 −

i=1...n

Q

(1 − P(Fi ))

i=1...n

Q

Φn ( β, ρ)

(1 − P(Fi ))

i=1...n
Q

(1 − P(Fi )) ≤ PF ≤ min {P(Fi )}
i=1...n

i=1...n

for a certain path would be a joint distribution expressed as:
X
X
T − N(
µi ,
σi2 )
i∈P(s)

(1.14)

i∈P(s)

And reliability can be written as:
Pr{T ≤ t} = Φ((t −

X
i∈P(s)

sX
σi2 )
µi )/

(1.15)

i∈P(s)

As the assumption is that each of the links is independent, this is
essentially a serial system with survival probabilities for each link on the
road network. This is widely used in risk and safety management and it
can be a measurement of the travel time reliability as well as a measure of
network reliability, such as vulnerability or robustness.
Note that this is a serial system with survival probabilities on network
links. In general, the network size is usually very large, so the correlations
between adjacent links are often ignored because otherwise the procedure
would be dominated by the calculation of the correlations. There are also
studies which explore the correlations between links. When using a spatial
regression model to estimate link travel speeds, Bernard et al. (2006);
Hackney (2007) took the link speed correlation into consideration. In the
regression model, they used down stream links in the spatial correlation
matrix to interpret link speed correlations.
In general, risk based models are usually used to evaluate network
performance, same as vulnerability, accessibility, connectivity and etc. As
they normally consider the entire networks instead of certain paths on the
network, the model results can be used as attributes of aggregated model.
For example, using the model estimates to calculate travel time for each
14
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route alternative in a route choice model.

1.3

Objectives and outlines

The purpose of this thesis is to explore travel time reliability, both at the
disaggregate level and the network level. The structure is as follows:
In the second chapter, the definition and measurement of travel time
reliability are discussed. Travel time related terminologies, especially
variability are discussed and the difference between variability and reliability are explored. As some of the travel time data is derived from speed
data, the relationship between travel time and travel speed is described
and will be further explained in the fourth chapter again. Then the travel
time distributions used in the literature are discussed.
The third chapter is about SP data based travel time reliability analysis.
In the beginning of the chapter, a short description of an SP questionnaire
is given, followed by some descriptive results of the data collection. A
lognormal distribution is used to assign the attributes in the questionnaire,
so in the following analysis, the schedule early and schedule late, as
the indicators of the travel time reliability is employed with slight modifications. The early and late buffers around the preferred arrival time
are also explored with an exhaustive algorithm integrated in Matlab and
BIOGEME.
In the fourth chapter network travel time reliability is analysed using
floating car data. Three levels of travel time reliability based on links,
paths and the entire network are explored. The link travel time reliability
uses polynomial fit functions to describe the speed data and then the link
(un)reliability is defined. The path travel time uses Monte Carlo simulation
to derive the travel time distribution. Finally the network reliability uses
both an undegradable and a degradable network to calculate the total
network travel time and its distribution.
The fifth chapter uses macro level data, such as census and spatial
data to predict travel time reliability of certain routes. Tomtom Stats data
is used to first analyse the travel time distribution of selected routes, and
then a regression model is estimated to directly predict the parameters of
the travel time distribution.
In the sixth chapter, route choice models with travel time reliability
measures are explored. Based on the models created in the fifth chapter,
all the travel time information for each route alternative is first predicted
and then entered into the utility functions to explore the influence of travel
time reliability on travellers’ route decisions.
15
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The last chapter gives an overview of this thesis, the lessons learned
and future steps for the travel time reliability analysis.

16

Chapter 2

Travel time reliability
This chapter discusses the basic concept of travel time reliability and
other related terminologies. First, the definition of travel time reliability
is discussed. As there are so many models built for travel time reliability,
the definition of it varies according to them as well. Second, the factors that influence travel time reliability are discussed from the angle of
demand-supply interaction, and also from the view point of the network
components. Next related terms such as travel time variability, robustness
and vulnerability are compared with reliability and the differences across
these terms are also discussed. Following the comparison of variability
and reliability, the relationship of travel time and travel speed is explored.
At last, travel time distributions used by other studies are discussed.

2.1

Travel time reliability definitions

Reliability is studied in many fields, such as electronic systems, power
systems, civil engineering systems, and transport systems, etc. In those
systems, reliability is normally analysed as system failures with integrated
system uncertainties. The reliability in transport systems can also divided
into two different elements, the connectivity reliability and travel time
reliability (Bell and Iida, 1997). The connectivity reliability is about
how the network nodes are connected and the travel time reliability is
regarded as the probability that a trip between a given OD pair can be
made successfully given a certain time interval or a certain level-of-service.
Here only travel time reliability in the transport system is discussed. There
are many travel time reliability definitions in the literature, and they can
be divided into three levels:
• Link travel time reliability It is analysed on a single link of the
network, and it is often mixed with the path travel time reliability.
As it only focuses on a single link, the influences such as flows
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from upstream and downstream are not considered. It is normally a
function of traffic flow, road geometry, control measures, weather,
accidents, etc. (Tu, 2008).
• Path travel time reliability Most travel time reliability studies focus
on this level. The path is composed of a certain number of links, and
the reliability captures the general time dispersion or the probability
that the travel time of a given path lies within a certain threshold.
• Network travel time reliability This measure is similar as the connectivity reliability and network vulnerability (Iida and Wakabayashi,
1989). And reliability on this level evaluates all the paths connecting the different OD pairs of the entire network. This concept is
more difficult to measure as it involves multiple path travel times,
which are already complicated enough to find. Similar to the OD
subsystem defined by Nicholson and Du (1997), this type of reliability can also be used to evaluate the network performance like
accessibility or vulnerability.
The following are definitions of travel time reliability (short for reliability) from different studies:
• Reliability is a measure of the stability of the quality of service,
which the transport system offers to its users; Immers and Jansen
(2005).
• Reliability is the probability that a road network can perform a
required function under given environmental and operational conditions and for a stated period of time: Iida and Wakabayashi (1989).
• Reliability is a probability, which measures that a trip between a
given OD pair can be made successfully in a given time period with
a certain level of service: Asakura and Ksahiwadani (1991); Bell
(1995).
• Reliability is the ability of the transport system to provide the
expected level of service quality, for which users have organized
their activities: OECD (2010)
• Reliability is a measure of the consistency between the actual trip
travel time and the expected travel time: Hellinga (2011).
The definition of the travel time reliability may vary in different forms,
but it is essentially a measure to evaluate the differences between the
actual travel time and the expected travel time. Generally speaking, the
larger the difference between the actual travel time and the expected travel
time, the lower the reliability is. It is an index to indicate the dispersions
from the mean caused by perception errors and network uncertainty. It
also indicates the monetary costs for the reduction of the reliability as in
the mean-variance model and schedule model.
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2.2

Influencing factors

Generally speaking, when people talk about travel time, it is trip based
travel time; therefore it is a certain path travel time on the network. As
path travel time is composed of link and node travel time on the network,
usually it is not easy to calculate the reliability (or reliability) as adjacent
links and nodes are clearly not independent. Correlations between adjacent
links and nodes are complicated to calibrate in a network, so most studies
assume that link travel time and node travel time (or node delay, if it
exists) are independent (Bell and Iida, 1997; Kaparias, 2008). Before we
discuss factors that influence travel time reliability, types of travel time
should be specified first:
• Vehicle-to-vehicle
• Period-to-period
• Day-to-day
• Season-to-season
This is a classification for travel time variability analysis discussed
by Kaparias (2008), but as reliability is closely related to variability,
this classification also applies for reliability analysis. Vehicle to vehicle
reliability is due to heterogeneity of different car users. As can be observed
from a typical fundamental diagram, especially during the free flow period
the drivers also drive at different speeds. Period to period reliability is
from the flow variations within a single day, and this is usually compared
between peak hours and off-peak hours. Day to day reliability covers the
travel time over the same period (i.e., morning peak hours) but between
different days, or the daily traffic between weekday and weekends. Season
to season reliability captures the seasonal variations. This is usually more
obviously in a tourist place, for example, a skiing area for winter sport or
a beach area for summer holidays.
Robinson (2006) categorized four factors that he believed could increase or decrease travel speeds on the links: demand, capacity, vehicle
performance and traffic control. On the traffic demand side, generally
speaking, the more demand, the higher the flows on the network and
therefore more travel time is needed. But this is not always the case, for
traffic supply is also involved. If the supply is much higher than demand,
then a small increase in demand will not affect travel time.
Like demand, the road capacity is a quite ambiguous factor for the variation of travel time. Simply adding capacity may not lead to decreases in
travel time. The link capacity is usually mentioned as the discharging rate.
After increasing capacity, if discharging rate is still smaller than arriving
rate, travel time will probably stay the same. And on the other side, in19
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creasing capacity is increasing supply, and usually the demand will partly
increase accordingly. There are many other variables involved, which
makes the travel time a multiple variable function. What is more, the
Braess’s paradox (Braess, 1969) may also occur, so the relation between
the travel time and capacity of the links is not straight forward.
Vehicle performance can increase or decrease travel time as well.
Vehicle characteristics like size, loading, acceleration, deceleration and
maximum speed will all influence travel time. Besides, drivers themselves
will also drive at different speeds. There are risk seeking drivers who
drive relatively faster and more aggressive than others. There are also risk
averse travellers who prefer travelling conservatively (for example early
departure time or lower driving speeds) and also lots of travellers are risk
neutral.
Generally speaking, control measures like traffic signals aim for the
network optimization, which means from the individual level, some people may experience longer travel time but the total delay is minimized,
provided the network control is optimized.
van Lint et al. (2008) analysed travel time fluctuations based on demand and supply. Many other factors influence these two main factors
directly and then these two factors interact with each other and this leads
to the travel time fluctuations.
According to Fig. 2.1, on the demand side, time effects, residential
density, land use, daily habits, information system have effects on the fluctuation of the demand while on the supply side, travel time is influenced
by physical road features, accidents, network types, weather and control
and management measures etc. Then the supply and demand interact
with each other on the network and travel time is influenced by all these
factors. Reacting to all these factors, the travel time shows up with a
certain distribution.
Figure 2.2 shows the network (or a highway system) travel time reliability factors. On the path and link level, the travel time related factors are
divided into more detailed factors as shown in Fig. 2.2: All these factors
are also closely related to each other. The path travel time is divided into
node delay and link travel time. Normally adjacent nodes and links are
correlated with each other, but the correlation is difficult to model. So
most path travel time analysis is usually assumed that adjacent links and
nodes are independent. Node delay contains node travel time and delays
caused by traffic lights (This actually also happen on the links for the
queue caused by the traffic lights is located on links). Link travel time
can be further explained by three main factors: flow, speed and density.
As q = kv, where q is is traffic flow, k is density and v is travel speed, so
20
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Figure 2.1: Influencing factors from traffic demand and supply for trip
travel time

Source: Van Lint et al. (2008)
only two out of three are needed.
Speed is the most important factor for travel time as travel time is
a function of travel speed. But this also depends on how the data are
collected. For example, data from loop detectors usually needs to estimate
link travel time using average speed while the data from GPS devices can
directly get the travel time by calculating the time difference between the
starting and ending nodes as the path travel time. Link speeds usually
depend on drivers (along with their cars), link attributes, control measures
and flows etc. As discussed earlier, drivers’ heterogeneity leads to different
speeds even with same cars on the same links. Link attributes like the
road type (key factor for the design speed), number of the lanes, speed
limit, road geometry etc. will influence speeds therefore influence the
travel time and its variance.
Traffic flow proves to be another key factor that influences travel time.
It has a direct effect on speeds hence has an effect on the travel time
as well. The traffic flow not only influences the travel time (and speed)
of the current link, but also influences previous links. And it is also
changes according to different time periods due to the demand and supply
21
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Figure 2.2: Travel time influencing factors from network

fluctuations. Tu (2008) uses flow as one of the main factors to explore the
travel time reliability on highway systems.
As van Lint et al. (2008) indicated, all these factors working together
made the travel time follow a certain distribution at an aggregate level.
These are then taken into account in a stochastic network, and the travel
time reliability is to reveal all the influences of these factors on travel time
and then to travel choices.
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2.3

Travel time reliability related terms

When it comes to traffic assignment, the goal is to model route choice
decisions represented by an origin-destination matrix interacting with the
network that is represented by a set of functions so that a system equilibrium can be reached (Sheffi, 1985). The current models usually differ in
the following criterion: road network properties, travellers’ knowledge
and route cost functions (Recker et al., 2005). According to these, a
disutility function can be formulated:
Uk = Vk +  k

(2.1)

Where Vk is the systematic component of disutility of route k and it
captures the observed effects;
 k is the random error of the route k, and it can also interpreted as the
perception error, which reveals the unobserved factors.
The goal is to minimize the disutility of all travellers on the network
so it can reach a certain kind of equilibrium. The different equilibriums
according to these two variables are shown in Table 2.1.
Table 2.1: User and network equilibrium for travel time reliability analysis
 =0

 ,0

Vk = −θE(t
DN-DUE DN-SUE
R k)
Vk = −θ t k f (t k )dt k SN-DUE SN-SUE

Where θ is the parameter to be estimated;
t k is the travel time variable on route k;
E(t k ) is the expected travel time, which means the travel time in the model
is determined;
f (t k ) is the density function of the travel time, which makes the observed
utility a stochastic function;
 = 0 means that travellers can get perfect information related to the trip
travel time;
 , 0 indicates that there are perception errors when the trip makers
estimate the travel time of the trip.
All these combined define four different models: DN-DUE (Deterministic Network-Deterministic User Equilibrium), DN-SUE (Deterministic
Network-Stochastic User Equilibrium), SN-DUE and SN-SUE. These
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models are originally for route choice, but they also apply to any choice
models related to travel time analysis. Based on these classifications, there
are several travel time related variables as listed below:
• Expected travel time has two level of meanings based on different
angles. For the travellers the expected travel time normally means
the estimated travel time for the trip. In the framework of SN-SUE,
this travel time means only an estimate of the travel time due to the
perception errors, or the difference between the preferred arrival
time and the departure time. While from the perspective of the
researchers, the expected travel time is the statistical expected value
of the travel time distribution, if the distribution is known, or it
is the mean of all the observed travel time values. There are also
expected early time and expected late time which will be further
discussed in the following chapters.
• Uncertainty is the reason that causes the travel time changing and
the origin of the travel time reliability. In a SN-SUE model, the
uncertainty contains two parts: the network stochastic changes and
the perception errors of the travellers. Trips on the network are
repeated and eventually travel time will follow a certain kind of
distribution. At the aggregate level, travellers’ perception errors
are also assumed to follow a certain distribution, such as a Gumbel
(Dial, 1971) or a normal distribution (Daganzo and Sheffi, 1977).
The uncertainty is these distributions joined together, and the indicator of these uncertainties is the travel time reliability.
• Variability and reliability are similar terminologies with contradictory meanings. It is defined as an unpredictable variation in travel
time time caused by time periods variability (such as day-to-day
or period-to period variation caused by demand fluctuation) and
incident related variability (Bates et al., 2002). The travel time variability is how much travel time changes when the trip is repeated,
while the travel time reliability is how little travel time changes
when trips are made repeatedly. Early studies assume the variability
is equivalent to travel time variance or standard deviation while the
reliability is the inverse of the variability. But the statistical variance
is not enough to address (un)reliability (or variability). Consider
the trips shown in Fig. 2.3:
There are two routes for one traveller with the same origin and destination. This person travels ten times on route 1 and then changes
to route 2 and repeats for another ten times and the travel time is
recorded in Fig. 2.3. Most people will agree that the reliabilities
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Figure 2.3: Travel time variability

of these two routes are different. But actually the means and the
variances for both routes are the same. So the reliability needs more
than variance to explain its effects. This issue will be revisited again
later.
• Vulnerability and Robustness are based on the network level and
closely related to the network failures. They are normally used
to evaluate the network with natural hazards, accidents or sudden
demand, supply changes. They are from the viewpoint of the whole
system and the measurement is generally expressed as joint probabilities of the road network (Erath, 2010). In this sense, they are
similar to reliability of the network (not particularly travel time reliability, rather transport system reliability or connectivity reliability).

2.4

Travel speed and travel time

The most general relationship between the travel speed and travel time is:
V̄ =

S
T̄

Where V̄ is the mean travel speed;
S is the travel distance and T̄ is the mean travel time.
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For a certain link in the network, the travel speed and travel time are
reciprocal because the length of the link is constant. Travel time data
may not be easy to obtain, but travel speed can be collected via plenty of
methods, such as loop detectors, cameras (static photos or videos), GPS
navigation systems, and radar guns etc. If the travel speed function on a
certain link is known, the travel time can be derived as well. Assuming
the link length is s; travel time is t; and travel speed v, which has a density
function f (v) ,then
S
S
S
Pr{V < v} = Pr{ < v} = Pr{T > } = 1−Pr{T < } = 1−
T
v
v

Z

S
v

f (v)dv
−∞

(2.3)

Travel time density function on the link is:
f (t) = (1 −

Z

S
v

−∞

S
1
S
f (v)dv)0 = − f ( ) · ( )0 = S 2 · f ( ) · v −2
v
v
v

(2.4)

For example if travel speed follows a normal distribution with mean µ and
2

− (1/x − µ)2

variance σ 2 , then the travel time distribution is f (x) = 2 √S 2 e 2σ 2 ,
x 2πσ
which is a skewed distribution very close to the inverse Gaussian distribution and lognormal distribution. But the speed along the link is normally
irregular. In the following chapters, the speed pattern on links will be
discussed in detail.

2.5

Travel time distribution

The travel time distribution has been investigated for decades. It is a
perfect tool for travel time variability and reliability analysis. A huge
number of studies have been working on deriving the fit of the travel time
distributions, and various distributions are used depending on the data at
hand.
For simplicity and also depending on the purposes of the research,
some studies use the normal distribution to study the travel time variations
(Lomax et al., 2003). But regardless of specific distributions used, the
common agreement is that the travel time distribution is asymmetric. In
the density function, it shows a left skewed shape. Wardrop (1952) first
identified this phenomenon. Herman and Lam (1974) verified this finding
by studying empirical data. They found that only the first 60% of the
trip travel time fitted a normal distribution well. This makes sense for a
skewed distribution which looks like two different normal distributions
26

2.5. Travel time distribution

joined together. In order to fit the data better, the lognormal or gamma
distributions were suggested. Polus (1979) further confirmed this assumption, and he concluded that the gamma distribution fitted the data well.
He also conducted a regression model to predict the parameters of the
gamma distribution. From then on, the lognormal distribution (Dandy and
McBean, 1984; May and Montgomery, 1987; Rakha et al., 2006; Chen
et al., 2007) were widely used in travel time related research.
Despite the gamma and lognormal distribution, there are further distributions used to describe travel time variations. Susilawati et al. (2011)
used empirical GPS travel time data in Adelaide. They concluded that the
travel time distributions were generally positively skewed (mode towards
the left side) and had long upper bound tails. The Burr distribution was
used to describe the data better than the normal distribution and the lognormal distribution. After a sequence of detailed empirical investigations,
Fosgerau and Fukuda (2012) believed travel time distributions on consecutive links shared a common stability parameter such that the travel
time distribution for a sequence of links had also a stable distribution.
The parameters of the travel time distribution for a sequence of links
could then be derived analytically from the link level distributions. Ng
et al. (2011), however, thought that the travel time distribution might be
unavailable (inaccurate) in reality, for most of the time there was no (or
insufficient) data to calibrate the distribution. Therefore they relaxed the
assumption and presented a new method to estimate travel time reliability.
It is distribution free in the sense that the methodology only requires that
the first N moments (where N is a user specified positive integer) of the
travel time to be known and that the travel times resides in a set of bounded
and known intervals. If the travel time distribution is known, then all the
travel time reliability definition of the literature can be calculated, but
most of these reliabilities cannot reconstruct the travel time distribution.
So in this thesis, the travel time distributions from the utility based models
and network based models, the path level and the network level are used
to address travel time reliability. The lognormal distribution is used across
all the following chapters due to its simplicity and ability to capture travel
time reliability. The characteristics of the lognormal distribution will also
be explained in the following chapters, with the travel time influences on
travel related choices.
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SP data based travel time
reliability analysis
This chapter focuses on using discrete choice models to analyse travel time
reliability with SP data. The beginning of this chapter is the description
of the data collection. As the purpose of collecting the data focuses on the
impact of travel time reliability, two scenarios are designed to explore this
specific topic: The first experiment deals with the reliability of different
travel modes and the second scenario focuses on route choice. In the
route choice scenario, a log normal distribution was used to characterise
travel time reliability. Conventional models used in the literature are
estimated first but they do not have expected results. In order to solve this
problem, early and late buffers of the trip are introduced to the model and
the estimation of the related parameters is described in the last subsection.
The results of the proposed model are promising and the methodology
used to design the scenario proves to be suitable for the model.

3.1

Data collection

The data collection process contains two parts. The first part of the
data was collected by LINK institute, which was integrated in the KEP
(Kontinuierliche Erhebung Personenverkehr, continuous data collection
for individual traffic) survey sponsored by SBB (Schweizerische Bundesbahnen, Swiss federal railways) (SBB, 2007). This is a continuous
survey, which is performed by telephone interviews with routine questions
and also extra questions based on our purposes. In this part, information collected includes: basic travel routine, season ticket ownership, car
ownership and trips related to the public transport etc. Also additional
questions related to the respondents’ routine trips (which are longer than
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10 km), the purpose of this trip, main and substitute mode choices of this
trip, etc. were also asked. And at the end of the KEP survey interview,
the respondents were asked if they were interested in participating in an
additional survey. Those who agreed to participate the survey further were
the respondents of the data used in this chapter. In this part, a pen and
paper survey (see appendix) about the trip mentioned in the additional
questions was mailed to the respondents shortly after the interview. In
this pen and paper survey, two scenarios were specially designed, each
with 8 choice situations, to address respondents’ attitude towards travel
time reliability. The respondents were also asked to recall the route of
their regular trips for a route choice model, which will be analysed in
following chapters. In this chapter the focus is on the two scenarios; Logit
models are used to estimate the parameters and then the value of travel
time savings and value of travel time reliability are discussed.

3.1.1

Questionnaire

The questionnaire was designed to reveal respondents’ preferences of
the travel cost, travel time and particularly travel time reliability. The
first scenario is about mode choices, as shown in Table 3.1. The mode
choices are among bike, public transport and private car, each travel mode
is described with three travel time elements indicating the time from
origin to the vehicle (or bike), usage of the vehicle and from vehicle to
destination, probability of arriving at the destination on time and travel
costs if there are any. The purpose of adding travel time from origin to
travel mode and from travel mode to destination is to find out the impact
of access to the three different modes. The probability of arriving at the
destination on time is an attribute that tries to explain the influence of
travel time variance to Ngene (ChoiceMetrics, 2012) was used to generate
different combinations (efficient design) of these attribute levels. As
there are many attributes levels involved in the questionnaire, the final
combination has 24 situations, which are divided into 3 different blocks
when sending to the respondents.
This mode choice scenario is based on a trip from ETH Center to
ETH Science city (Hoenggerberg). The cost of bus ticket is based on
monthly ticket cost of the ZVV (Zuericher VerkehrsVerbund, Zurich
public transport network), divided by working days of a month (22 days
in average); the cost of the private car is calculated by a running cost of
0.58 ChF/km, which includes tax, maintenance, fuel cost (1.67 ChF/Liter,
as the average price in 2010) and so on (Erath and Axhausen, 2010).
Scenario 2 created a situation that was as close to real traffic situation
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Table 3.1: Basic information for scenario 1

Travel mode
Bike

Attribute

Attribute levels

Walk to bike time
Cycling time
Park and walk time
On time probability

1min, 2min, 3min
18min, 20min, 22min
1min, 2min, 3min
90%, 95%, 98%

Walk and wait time 4min, 5min, 6min, 7min, 8min
On bus time 17min, 19 min, 21min, 23min
Public transport
Walk time
2min, 3min, 4min
On time probability
85%, 90%, 95%
Cost(CHF)
2.2, 2.4, 2.7, 3.0, 3.3

Private car

Walk to car time
In vehicle time
Park and walk time
On time probability
Cost(CHF)

1min, 2min, 3min
12min, 14min, 16min, 18min
3min, 4min, 5min
85%, 90%, 95%
3.2, 3.6, 4.0, 4.4, 4.8

as possible; it divided the travel time as slow down, stop events and also
used a travel time distribution to generate the probabilities of arriving
early and late. As in real world, the travellers are experiencing free
flow time, slowed down time due to high density traffic flow, slow down
crossings and so on; stopped events such as waiting for traffic lights,
give way to pedestrians, etc. In extreme circumstances, free flow time
would be the minimum travel time for this trip, slowed down time and
stopped time together reflect the traffic management, daily recurring
congestion and unpredicted events on the network. The travel time of
daily recurring congestions is not fixed but fluctuates with certain variance,
while accidents or system crashes (for example, traffic light problem,
special events etc.) add more uncertainty to the total travel time, therefore
the total travel time distribution should be a left skewed distribution
with a long tail. Empirical data suggests that a lognormal distribution
fits the travel time well (Kaparias, 2008; Rakha et al., 2006; May and
Montgomery, 1987; Chen et al., 2007). Hence when generating the
probability of arriving at the destination early, on time and late, compared
to the other methods used in the literature (Small, 2005; Senna, 1994;
Small et al., 1999; Batley and Ibanez, 2009; Bates et al., 2001), parameters
of the distribution are used. The probabilities shown in Fig. 3.1 are
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Table 3.2: Basic information for scenario 2
Route choice

Attribute

Attribute levels

Route 1

Slow down events
8,9,11,13,14
Stop events
5,6,7,8,9
Mean travel ravel time
17, 19, 21min
Probability of >5min early
3%, 9%, 14%, 15%
Probability of 3-5min early
12%, 15%
Probability of on time 46%, 55%, 56%, 69%
Probability of 3-5min late
9%, 10%
Probability of >5min late
6%, 11%, 15%
Travel cost (CHF)
4.1,5.0,5.9,6.8,7.7

Route 2

Slow down events
9,11,13,15,17
Stop events
4,5,6,7,8,9
Mean travel time
18, 21, 24min
Probability of >5min early
0, 3%, 8%, 9%
Probability of 3-5min early
5%, 6%, 12%, 15%
Probability of on time 55%, 56%, 69%, 87%
Probability of 3-5min late
6%, 10%
Probability of >5min late
1%, 6%, 11%
Travel cost (CHF)
5.0,6.0,7.1,8.1,9.2

generated by the parameters of the lognormal distribution.
Fig. 3.1 shows the generated travel time distributions using different attribute levels of the lognormal distributions. For all attributes levels, route
1 has an average travel time of 19 min with a 4 min standard deviation
while route 2 has a 20 min mean travel time with a 3 min standard deviation. It also shows the density functions reconstructed by the distribution
parameters for both route choices, where each of the first eight combinations are shown in the questionnaire and the bold density is the mean
across all the attribute levels within the route choice. From the density
function we can see that the travel time distribution has an obvious skewed
shape. By using these density functions, the model can capture travellers’
perception towards travel time more precisely for they describe not only
the dispersion away from the mean, but also what the dispersions are like
before and after the mode (the asymmetry shape ). A small disadvantage
of using this method to generate probability scenarios is that the probability of arriving on time is relatively much higher than that of being early or
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Figure 3.1: Lognormal density functions for the route choice scenario

Source: The solid line is the mean density function for each route.
late, which may lead travellers to ignore these small possibilities. Methods
in the earlier researches (Small, 2005; Senna, 1994; Small et al., 1999;
Batley and Ibanez, 2009; Bates et al., 2001) generated the probabilities
which were easy for the respondents to distinguish while choosing among
alternatives, but these probabilities (normally as uniformly distributed)
were not realistic for travel time, therefore biases were introduced to the
data. Using the lognormal distribution to generate the travel time makes
the scenario more realistic but also makes the parameters more difficult
to estimate, and this issue will be discussed in the last subsection of this
chapter, where earliness and lateness buffers are introduced to the model
to capture travellers’ preferences.

3.1.2

Data recruitment

As mentioned above, the respondents participating in this survey were
recruited by LINK Institute, and those who agreed to participate in this
survey would receive the questionnaires within two weeks. The total
number of recruited people is 498, but there are 7 invalid addresses. The
questionnaires were available in German and French, so respondents are
basically located in the German and French speaking areas of Switzerland,
as shown in Fig. 3.2. The figure also shows the residential locations,
which are generally consistent with the population density of each canton.
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Figure 3.2: Sample and population distribution (Micro census 2011)

Table 3.3 compares social demographics from the sample to Micro
census (2011, December). There are slightly more male respondents than
female compared to the micro census. Recruited male respondents is 5.2%
high than recruited females, but for those who responded, the difference
decreases to 2.4%, still a little higher than the Micro census, in which
female residents is 1.4% higher than male residents. Both recruited and
responded young people (under the age of 20) are far less than Mircro
census, while the percentage of the age group between 40 and 64 are
higher than Micro census. It is reasonable because the original sample
was recruited aiming to analyse relations between public transport and
private vehicles, which were based on household unit. People younger
than 20 years old normally live with their parents who are basically in
the 40-64 age group. The percentages of 20-39 and 65-79 age group are
more or less the same as the Micro census. People with a higher age are
relatively rare, as few people over the age of 80 still live by themselves.
In the original KEP survey, the education and income level were not
queried. The education is divided into eight levels and those who did not
fill out this question are marked as missing and it is clear that the sample
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Table 3.3: Social demographic comparison between sample and micro
census 2011
Recruited Responded Micro census
Sample size

491

357

7.95m

Gender
Male
Female

52.60%
47.40%

51.20%
48.80%

49.30%
50.70%

Age
<19
20-39
40-64
65-79
>80

8.80%
26.30%
52.40%
12.00%
0.40%

7.10%
25.60%
54.20%
12.50%
0.60%

20.60%
26.70%
35.50%
12.40%
4.80%

Education
No education
Obligatory education
Vocational school
Full time vocational school
High school
Advanced vocational school
Technical school
University
Missing

1.80%
5.00%
35.80%
2.90%
6.20%
6.20%
17.30%
19.40%
2.30%

2.00%
14.80%
38.40%
6.70%
6.30%
5.40%
4.70%
10.00%
11.50%

Income (CHF/household)
<2,000
2,001-4,000
4,001-6,000
6,001-8,000
8,001-10,000
>10,000
Missing

10.00%
16.80%
16.50%
16.80%
14.50%
16.00%
9.40%

3.40%
16.30%
23.00%
17.20%
10.20%
12.00%
18.00%
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recruited more people who received higher education. For people who
went to technical school, the percentage is 12.6% higher than the Micro
census, and for people who went to college it is 9.4% higher.
The income is divided into 6 levels with an interval of 2,000 CHF from
under 2,000 CHF to more than 10,000 CHF. Missing data takes a relatively
high percentage in both the micro census (18%) and the responded sample
(9.4%, which is still relatively high) for this category. Some people are
sensitive to their private information especially their incomes. Another
interesting phenomena is that the sample contains more higher income
respondents, as shown in the table, 14.5% of the respondents have a
household income between 8,000 and 10,000 CHF/month per household,
which is 4.3 percent higher than those in the micro census. People whose
incomes are over 10,000 CHF/month per household for the micro census
and the sample are 12% and 16% respectively. Generally speaking, people
with higher education levels receive a higher income. The respondents in
our sample have more people with higher educations; therefore there are
more people in the higher income groups.

3.1.3

Recruitment and response rate

As the addresses of the respondents recruited by LINK Institute was
sent to us weekly, the questionnaires were also sent weekly from 17th
week, 2011 to 25th week, 2011. Generally the recruited address were
received at the beginning of the week, then for these who did not respond
in two weeks, the reminder letters were sent to remind them to fill out the
questionnaires. At the end of July, the questionnaires along with another
reminder letters were sent to those who still had not replied after the
reminding letters. Based on the aim of obtaining as many respondents
as possible (as less than 500 people were recruited), the reminder letters
were sent out twice to receive a higher response rate.
Figure 3.3 shows the weekly response rate. The red bar shows the
addresses of the respondents and the green bars are those who finished
and sent back the questionnaires. Due to some printing errors, the questionnaires were sent on 24th of May and then again on 31st of May for the
recruited respondents in the 20th week, while the respondents on the 21st
week were postponed to 8th of June. The consequences of this mistake are
a relatively higher response rate in week 20 (the response rate is 83.8%,
which is the highest among all weeks) and a slightly lower rate in week 21
with the response rate of 61.6%. Within the total recruitment of 498 people, among which 7 mailing addresses (1.4% of total sample) are invalid,
357 respondents sent back their valid questionnaires. As a survey with
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Figure 3.3: Weekly response number and response rate
(a) recruitment numbers

(b) response rate

prior recruitment without incentives, the response rate is slightly better
than other similar surveys. Despite of the factors mentioned in Fig. 3.4
that have effects to the response rate, the response rate also depends on
the following two factors:
• How easy are the questions in the questionnaire
Axhausen (2010) presented a heuristic method to measure the difficulty of the questionnaire, and based different forms of the questions,
the scores are given accordingly. Generally speaking, the higher
the score, the more difficult the questionnaire and therefore the
lower the respondent rate. But depending on specific questions and
scenarios, the difficulty of the question also varies slightly. Scenario
1 and 2 are about the same score but subjectively speaking, scenario
2 is relatively difficult, for the probabilities are used to explain the
travel time reliability. There were unfinished questionnaires from
respondents with comments complaining that the questions being
asked were too difficult to make a choice. People also try to avoid
sensitive or private questions: the missing data for income (missing
data 9.6%) has higher percentage than the other similar questions,
for example educations (missing data 2.3%).
• What is the perfect time to send out the questionnaire
Further research should be done to explore the relations between
the response rate and sending out date as well. In this survey, the
sending-out date had a clear influence on the response rate. As
discussed earlier, the questionnaires for the respondent of the 21st
and 24th week were sent a week later than others, and the response
rate are 61.6% and 63.9% respectively. The day of week may also
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Figure 3.4: Response rate compared to similar questionnaires

influence the rate, for example the 17th, 19th and 22nd week, the
questionnaires arrived to the respondents around Friday, which have
a better response rate (75.7%, 73.6% and 80.0% respectively, as
people have more spare time at weekends. And also, many people
go on holidays from June (from the comments they wrote) and this
also influences the response rate, but further evidence is needed to
prove this hypothesis.
Because of the recruitment strategy, the response rate is higher than
similar surveys, as can be seen from Fig. 3.4. The assessment of the
respondent burden is calculated according to the method provided by
Axhausen (2010). Surveys with pre-recruitments and incentives generally
have the highest response rates. But also depending on specific purpose
of the survey, the response rate may change. The survey conducted here
has pre-recruitments but no incentives so they have lower rates than these
with incentives in general but higher than the rest of the survey. The
average response rate is around 73% with a response burden of 244 for
the questionnaire, and it has the highest rate in the same category.

3.2

Mode choice analysis

After trip generation, there are a series of decisions to make, such as
departure time choice, mode choice, route choice, etc. For these choices,
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Figure 3.5: Trip related decisions regarding to time factors

travel time is an important factor in all of them. The choices of a trip
regarding to time factors is shown in Fig. 3.5. The preferred arrival time,
depending on the trip purpose, usually has different time tolerances. For
example, commuting trips usually have stricter time limits than leisure
trips, as there are usually penalties involved. Then based on past experiences, the traveller considers which mode to take and following with
a route choice along with the expected travel time of each mode as well
as their variances. Based on the travel time factors given the mode and
route options, departure time choice is made, and after the trip is made,
the current trip experience and is added to the traveller’s perceptions. The
dynamic network makes the trip travel time different, so the experienced
travel time helps to make the next trip better but also generates perception
errors. With travellers’ perception errors and stochastic fluctuations of
the networks (SN-SUE model), the choices are made. This is the typical
issue of decision making under uncertainty and our aim is to find out how
the travel time influences travellers’ decisions. For the first model (mode
choice), we only discuss those with perception errors while for the second
model (route choice) the stochastic network will also be discussed.
39

Chapter 3. SP data based travel time reliability analysis

3.2.1

Random utility model specification

All the travellers are trying to maximize their own utility, which is usually
expressed as
Un j = Vn j + ε n j ,Vn j = f (x n j , β)

(3.1)

Where Un j means the utility of traveller n for alternative j.
Vn j means representative utility of traveller n for alternative j, which is a
function of observed factors x n j along with a certain set of parameter β.
 n j is defined as simply the difference of Un j and Vn j , the part of utility
that decision makers know but observers cannot observe.
Here Vn j is not expressed in the usual linear form like Vn j = β0 +
β1 x n j1 + β2 x n j2 + ... + βn x n j k considering some of the observed factors
have better explanatory power in non-linear forms. In the mode choice
model, a non-linear form was also tried but it did not improve the model fit
greatly so in the final model the linear form was used. The utility function
for each travel mode is as follows:
Vbike = α bike + βcycling x cycling + βbike x bike pr ob + βage−bike x age
Vbus = α bus + βwait x wait + βonbus x onbus + βbus_ticket x bus_ticket
+ βbus x bus pr ob + βG A x G A
Vcar = α car + β driving x driving + β par k x par k + βcarcos t x carcos t + βcar x car pr ob
+ βcar_available x car_available + βcar sOwned x car sOwned + βage−car x age
(3.2)
Where α bike , α bus , α car – Alternative Specific Constant (ASC) for each
travel mode, where α car is set to zero;
x cycling , βcycling – Variable and parameter-to-be-estimated of cycling time
for bike;
Vbike , Vbus ,Vcar – Observed utility for each travel mode;
α bike , α bus , α car - Alternative Specific Constant (ASC) for each travel
mode, where α car is set to zero;
x cycling , βcycling - Variable and parameter-to-be-estimated of cycling time
for bike;
βbike , βbus , βcar , βcar and associated x - parameter-to-be-estimated and
variables for the probability of arriving destination on time for all three
travel mode;
x age , βage−bike , βage−car - age and parameter-to-be-estimated for bike and
car travel mode;
x wait , βwait - Variable and parameter-to-be-estimated of waiting time for
public transport;
x onbus , βonbus - Variable and parameter-to-be-estimated of on bus time;
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x bus_ticket , βbus_ticket - Variable and parameter-to-be-estimated of bus
ticket cost;
x G A, βG A - Variable and parameter-to-be-estimated of annual public transport ticket;
x driving , β driving - Variable and parameter-to-be-estimated for driving
travel time;
x par k , β par k - Variable and parameter-to-be-estimated of parking search
time;
x car cost , βcar cost - Variable and parameter-to-be-estimated of travelling
cost for cars;
x car_available , βcar_available - Variable and parameter-to-be-estimated of
car availability, is set to 1 if it is available, otherwise it is 0.
x carOwned , βcarOwned - Variable and parameter-to-be-estimated for number of cars possessed.

3.2.2

Multinomial Logit and mixed multinomial Logit
results

A Multinomial Logit (MNL) and a Mixed Multinomial Logit (MMNL)
are used to model the mode choices. The MNL model is a basic model
extracted from random utility theory, but there are some shortcomings
such as it cannot represent random taste variations; implies proportional
substitution across alternatives and it fails to explain those unobserved
factors changes over time (Train, 2009). The Mixed Logit can deal with
these situations that the MNL model is not able to explain, so both models
are built to estimate the related parameters. Both models are estimated
using BIOGEME (Bierlaire, 2003, 2009) and the final results are listed in
Table 3.4.
All the disutility variables, such as travel time, travel cost, parking
time, etc. in both models except the bus travel cost in the MMNL model
show negative coefficients, while reliability of arriving at destination on
time, car ownership, GA ownership, etc. show expected positive values.
The possibility of arriving on time for all three mode choices shows
that the travellers do not only consider the expected travel time, but also
consider how reliable the mode is. These values indicate that people
expect public transport to be more reliable than the other two. And car
users have lower expectation than bike users on reliability. The travel time
for cars may be less than that of bike users, but the latter is less likely to
be stuck in a traffic jam therefore has higher reliability expectation.
For the cost of public transport, the situation is a little complicated.
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Table 3.4: MNL and MMNL results for the mode choice scenario
Parameters
α bike

Bike

Bus

βcycling
σcycling
βbike
βage_bike

MMNL

beta
t-test
-3.270 -1.580*
-0.086 -2.840
0.051
3.080
-0.020 -6.200

beta
t-test
-6.410 -1.740*
-0.367 -6.500
-0.234 -11.980
0.194
5.680
-0.052 -2.690

α bus -7.770 -2.810 -18.500
βwait -0.150 -4.070 -0.400
βonbus -0.028 -1.990 -0.127
σonbus
- -0.136
βbus_ticket -0.050 -0.410*
0.147
σbus_ticket
- -0.520
βbus 0.081
4.010
0.194
βG A 1.010
9.450
2.530
α car

Car

MNL

β driving
σdriving
β par k
βcar_cost
σcar_cost
βcar

βcar sOwned

βcar Always Available

βcar Sometimes Available
βage_car
adj ρ2

fixed
-0.155
-0.225
-0.367
0.030
0.430
1.220
1.040
-0.026

-6.100
-3.980
-3.940
2.280
8.910
5.360
4.280
-6.790
0.110

fixed
-0.315
-0.082
-0.460
-0.647
-0.291
0.051
0.964
1.440
1.340
-0.042

-4.000
-6.480
-2.730
-6.920
0.650*
-3.150
5.680
5.360
-7.160
-3.150
-5.050
-4.280
-2.910
2.460
4.450
1.90*
1.640*
-2.880
0.454

The respondents were asked not to consider the annual tickets, but only
the cost listed in the scenario. But the result shows that people consider
the annual tickets more than the actual ticket cost (actually the coefficient
of the ticket cost estimated is insignificant). For people who travel by
public transport regularly, the annual ticket is generally cheaper than a
single ticket and when ticking the choices of this scenario, the respondents
considered their ownership of the annual tickets. As people obviously
take their annual tickets into consideration, it is not comparable to the
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travel costs between public transport and private cars.
The parking time for private car users is even more important than
the actual travel time. In certain urban areas where the parking supply is
short, people have to consider their parking situation before choosing cars
for travelling. The age factor plays a negative role for bike and car mode
but not for public transport (It cannot pass the statistical test therefore
was excluded), as these two modes need more physical efforts. Other
social demographics, gender, income, etc. are originally added to the
utility functions but as they only have insignificant influence and could
not pass statistical tests and therefore were excluded from the model.
Mode specific attributes such as annual ticket for public transport, car
ownership and availability for private car users have higher estimated
values, indicating that these attributes show the strong preference of the
travellers towards certain modes. For example, those respondents who do
not have a car available for them will hardly choose to travel by car, or
those who have general annual cards are likely to travel by public transport
more often.
The value of the adjusted ρ2 for the MNL model is relatively low,
while in the MMNL model, it is better, as it captures personal taste
variations among different travellers. The variations for travel time (for all
the travel modes) and travel costs (for public transport and private cars)
are assumed to follow a normal distribution in the MMNL model. In the
MNL model, the parameter of the bus ticket is trivial compared to the
GA card. While in the MMNL model, this parameter becomes even less
important, the result shows that it even becomes positive (0.147) with a
quite high variance (0.520 as standard deviation). As people who choose
public transport put much more attention to the annual ticket ( βG A is 2.53,
even higher than in the MNL model) so as to get a greater discount from
it. In order to compare to the annual tickets, the cost of public transport
is kept in the model, even though it is not statistically significant in both
models. This also shows the disadvantage of the SP data: sometimes
people make their choices not only according to the listed attributes, but
also adding their personal characteristics.

3.3

SP route choice analysis

3.3.1

Model formulations

For the purpose of measuring the value of travel time savings and travel
time reliability, there are three different models used in the literature: the
mean-variance model, the scheduling model and the schedule late model
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(Jackson and Jucker, 1982; Polak, 1987; Black and Towriss, 1993; Small,
2005; Batley and Ibanez, 2012), and the utility functions of the three
models are shown as:
Vmean_variance = βmean x mean + βvar x var + βcost x cost
+ ( β1 , β2 , ..., βn ) × (x 1 , x 2 , ..., x n )0,
Vschedule = β schedule x schedule + βearl y E(x earl y ) + βlate E(x late ) + βcost x cost
+ ( β1 , β2 , ..., βn ) × (x 1 , x 2 , ..., x n )0,
Vlateness = β schedule x schedule + βlate E(x late ) + βcost x cost
+ ( β1 , β2 , ..., βn ) × (x 1 , x 2 , ..., x n )0
(3.3)
Where Vmean_variance , Vschedule , Vschedule - Observed utility of mean-variance
model, schedule model and schedule late model respectively;
x mean - mean travel time;
x schedule - scheduled travel time, or expected travel time;
x cost - travel cost;
E(x earl y ) - expected value of travel time difference between preferred
(scheduled) arrival time and actual arrival time, if arriving early;
E(x late ) - expected value of travel time difference between actual arrival
time and preferred (scheduled) arrival time, it arriving late;
(x 1 , x 2 , ... , x n ) - other related variables;
β x - associated parameters to be estimated.
Each model has its own strength, and explains how decision-makers
value the variance of travel time differently. The mean variance model
assumes that the mean travel time and its variance are main attributes
that influence travellers’ time related decisions. The schedule model
believes that the scheduled travel time (generally it is the expected travel
time, same as the mean travel time in the mean-variance model), together
with expected earliness and lateness (or schedule early and schedule late
for public transport, but in our scenario private car trips are explored so
schedule early and late refer to expected earliness and lateness) affects
the final choices that travellers make. The lateness model is basically the
same as the scheduling model and the only difference is that it excludes
the expected earliness. For some specific data, this maybe suitable, as
normally people value lateness far more than earliness. For example,
trips for commuting normally have severe problem with being late but for
leisure trips it is not so important.
The value of travel time savings is usually calculated as the ratio of
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marginal values of travel time and travel cost in the utility function:
VTT S =

∂U/∂TT
βtime
=
∂U/∂TC
βcost

(3.4)

Where ∂U/∂TT is the partial derivative of the travel time variable in the
utility function and ∂U/∂TC is the partial derivative of travel cost in the
utility function. To make it simple, the value of travel time savings means
how much it is worthy, usually in terms of money, for saving one time
unit of the trip, or how much money people are willing to pay in return
for saving one time unit.
Depending on different model formulations, the reliability of travel
time (Value of Reliability) has different forms. In the mean-variance
model, VoR is the marginal value of travel time variance divided by that
of travel cost. While in the other two models, VoR becomes two values:
value of reliability early (VoRe) and value of reliability late (VoRl).
∂U/∂ var
βvar
,
=
∂U/∂TC
βcost
βearl y
∂U/∂E(earl y)
V oRe =
,
=
∂U/∂TC
βcost
∂U/∂E(late)
βlate
V oRl =
=
.
∂U/∂TC
βcost
V oR =

(3.5)

All three models explain the travel time savings and the travel time
reliability very well with only slightly differences based on the data.
Generally speaking, early arrival and late arrival should be defined as the
arrival time right before and after the preferred (or scheduled) time. But
due to different trip purposes and people’s perceptions and preferences,
the ’arriving on time’ usually has a time buffer. This will be discussed
in the following subsection. In this subsection, earliness and lateness
are defined as arriving at destination 3 minutes earlier or later than the
preferred arrival time, which is shown in the questionnaire with associated
possibilities.
The schedule model is a symmetric model for it takes both earliness
and lateness into consideration, but the model loses the information of
the probability of being on time (unfortunately, all three models fail to
capture this information). The earliness and lateness are calculated as
expected earliness and expected lateness as the mean. The schedule late
model ignores the disutility of arriving early and believes that earliness is
not important. This, to some extent, makes sense, for most people would
not mind to arrive a little bit early and they choose their departure time
45

Chapter 3. SP data based travel time reliability analysis

to avoid arriving late. For those people, the penalty of arriving late is
completely overwhelming the penalty of arriving early therefore earliness
is just a consequence of avoiding lateness. But on the other side, in a
system equilibrium, trips are made to avoid all disutility with perception
errors, so both earliness and lateness are not desired and both should be
disutility. In the following sections, this issue will be revisited.

3.3.2

Model results

The results of all three models are listed in Table 3.5. All parameters in the
mean-variance and the schedule late model show the right sign and pass
the T-test; the parameters of the earliness in the schedule model shows
positive sign, which is not expected. In the mean-variance model people
put more attention on the variance of the travel time (-0.748) than the
travel time (mean travel time, -0.508) itself. Even though this model loses
some information for travel time reliability, the variance still captures
some of the uncertainty for the trip. In the schedule model, the lateness
becomes the dominant attribute with the largest negative value (-2.12).
The earliness is shown as utility (as against disutility) in this model that
can be explained: first, as mentioned before, earliness is a consequence
of avoiding being late. Travellers only look for the departure time or
the route that have lower lateness probabilities and ignore whether they
are going be early or on time (with a some time buffer which, in this
scenario, is 3 minutes earlier and later around the mean travel time); the
other reason is that for some people, if they arrive early, they can leave
early in compensation. And this makes the earliness to be a gain instead
of a loss.
For the schedule late model, only the lateness stands for the uncertainty.
It only avoids problems by deleting the unimportant part other than explore
it, for in the schedule model the coefficient of the earliness shows the
incorrect sign. So this model loses more information than the former
two. In the other two models, the travel time dispersion attributes are the
dominant contributes for the model but in this model, travel cost becomes
the most important attribute with a value of -0.489, and arriving late is the
second important attribute with a value of -0.442.
The value of travel time savings across the three models varies from
14.488 CHF to 33.805 CHF with an average of 23 CHF. In the same
theoretical model, VTTS is higher in the MNL model than the MMNL
model. VoR across the models varies differently. In the mean-variance
model, it is around 90 CHF/h. The VoR is calculated from the variance
of the travel time, so it indicates a symmetric value of both being early
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Table 3.5: Mean variance, schedule and schedule late model

Coef

Mean variance

Schedule

Schedule late

MNL MMNL
MNL MMNL
βvariance
-0.748 -1.560
σ std.
- -1.310
βTravelCost -0.508 -0.966
-0.481
-1.710
σTravelCost
- -0.638
-1.060
βTravelTime -0.246 -0.357
-0.271
-0.559
σTravelTime
0.462
-1.020
β slowdown
-0.148 -0.261
-0.142
-0.472
σ slowdown
0.101
0.205
β stop
-0.185 -0.356
-0.182
-0.735
σ stop
- -0.246
-0.510
βearl y
2.360
3.270*
σearl y
-2.600
βlate
-2.120
-4.180
σlate
1.390
VTTS*
29.055 22.174
33.805
19.614
VoR(early) 88.346 96.894 -294.387 -114.737
VoR late
- 264.449 146.667
2
adj ρ
0.121
0.226
0.118
0.230
Unit of VTTS and VoR: CHF/hour

MNL MMNL
-0.489 -0.791
0.494
-0.175 -0.191
0.492
-0.153 -0.245
- -0.044*
-0.196 -0.363
0.203
-0.442 -0.818
0.801
21.472 14.488
54.233 62.048
0.114
0.211

and late. The schedule model treats the earliness and lateness differently,
but as the parameter of being early showing the incorrect sign, the VoR
early also meaningless. The schedule late model, which ignores utility
generated by arriving early, has the VoR late 54.233 CHF/h in the MNL
model and 62.048 CHF/h in the mixed Logit model. Yet it is reasonable to
believe that arriving early also plays a part in the variances of travel time
and the reliability of it should be lower than that of being late. All three
models are using the same strategy to calculate the expected earliness and
lateness, in which a buffer of three minutes away from the preferred arrival
time (symmetrically) is used. And this might influence the model results.
Based on these observations, the next section discusses the earliness and
lateness buffer closely.
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Figure 3.6: Trip schedules with tolerant buffers

3.4

Early and late buffer analysis

3.4.1

Theoretical analysis

Based on the framework of the schedule model, it is believed that the
travel time can be divided into three parts: expected on time, schedule
early (or expected earliness) and schedule late (or expected lateness).
Further assumptions are also made as follows:
• The trip travel time follows a left skewed lognormal distribution,
which is a result of the network stochasticity. This also means the
skewness of the travel time distribution is positive and the mode
should be on the left side of mean on the density function (shown
in Fig. 3.6).
• The preferred arrival time is a consequence of stochastic user equilibrium network. This indicates that the travellers cannot shift the
departure time to make all schedule early arrivals disappear.
• The preferred arrival time (clock time) minus the departure time
should be the expected travel time of the trip. For the travellers
there are early and late buffers around PAT that are considered as
being on time for the trip. To put it another way, within the early
and late buffers there are no disutility generated while any time
outside these buffers generates disutility.
Under these assumptions, it is necessary to further explore the influence of the earliness and lateness buffers. This means that the preferred
arrival time is considered as a time range instead of a fixed time point.
These buffers are almost impossible to identify in a SP survey because
they cannot be observed. The advantage of using the lognormal distribution to explore travel time reliability is that it is possible to estimate these
buffers, and the analysis is as follows:
The time related variables of a trip are shown in the Fig. 3.6, where:
t h is the departure time;
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t is the actual arrival time;
PAT is short for preferred arrival time.
These three are all time points on the clock. SDE is expected earliness,
when the arrival time t is smaller than PAT. e is the earliness buffer, which
travellers are indifferent for their earliness as they would consider it this
as arriving at PAT. l is the lateness buffer, same as e but not necessarily
numerically equal to e. SDL is the lateness time durations that can
cause disutility, as SDE, SDE, e, l, SDL are all time durations and larger
than zero in value. For simplification, t h will be set to zero, then t,
the value of PAT also becomes time duration (in value). According to
the schedule model, each agent tries to maximise his utility using the
following function:
Maximise : E(u) = βT · E(T ) + β E · E(SDE) + β L · E(SDL)
(3.6)
+ β PL · PL + βc · C
Where PL is the possibility of being late and C is the travel cost.
It is assumed that the travel time (t − t h ) of the trip follows a lognormal
distribution (t − t h ) ∼ lnN(µ, σ 2 ):
f (t − t h ; µ, σ) =

1

√ e
(t − t h )σ 2π

−

(ln(t −t h )− µ) 2
2σ 2

(3.7)

then the expected being early is:
SDE + e = P AT − t,
t − t h = (P AT − t h ) − e − SDE,
0 < t − t h < P AT − e − t h

(3.8)

SDL = t − (P AT + l),
t − t h = SDL + P AT + l − t h ,
t − t h > P AT + l − t h

(3.9)

and the lateness is:

The purpose is to find out the density function of SDE and SDL, given
the density function f (t − t h ), so that the expected value of earliness and
lateness can be computed. As the inverse of lognormal density function is
not available in closed form (to find out what the density function of the
schedule early and late), the triangular distribution is used instead for the
analysis.
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Assuming the slopes of the triangular function are α and β, and the
turning point corresponds to the mode. The lower bound and the upper
bound of the density function is the 95% confidence interval. Then the
density function becomes:

 α · (t − t h ) + t min , t min < t − t h ≤ mode
f (t − t h ) = 
(3.10)
 β · (t − t h ) + t max mode < t − t h ≤ t min

For earliness, while 0 < e ≤ mean − mode:

 α · (t − t h ) + t min , t min < t − t h ≤ mode
f (t − t h ) = 
 β · (t − t h ) + t max , mode < t − t h ≤ mean − e


(3.11)

and while mean − mode < e < mode − t min :
f (t − t h ) = α(t − t h ) + t min ,t min < t − t h < mean − e

(3.12)

and for lateness it is simply:
f (t − t h ) = β(t − t h ) +t max , mean + l < t − t h < t max , 0 < l < t max − mean
(3.13)
For the upper bound t max and lower bound t min (both are time periods,
not time points) with a given confidence interval α they can be calculated
from:
)
(
ln(t − t h ) − µ
| < z α/2 = 1 − α,
P |
σ
(3.14)
(t − t h ) ∈ [e−zα/2 σ+µ, e zα/2 σ+µ],
t min = e−zα/2 σ+µ,t max = e zα/2 σ+µ
With all these, the density function of SDE is: given 0 < e ≤ mean −
mode:

β · (P AT − t h − e − SDE) + t max ,





 P AT − t h − mean < SDE ≤ P AT − t h − e − mode;
f (SDE) = 

α · (P AT − t h − e − SDE) + t min ,




 P AT − t h − e − mode < SDE ≤ P AT − t h − e − t min .

(3.15)
given mean − mode < e < mode − t min :
f (SDE) = α · (P AT − t h − e − SDE) + t min
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Where P AT − t h − mean < SDE < P AT − t h − e − t min with 0 < l <
t max − mean the density function of SDL is:
f (SDL) = β · (P AT − t h + l + SDL) + t max

(3.17)

Where mean − P AT + t h < SDL ≤ t max − P AT − l.

At this point, it is necessary to discuss the range of the SDE density
function. SDE is time duration so it cannot be negative, so the lower
bound is 0, and the upper bound is P AT − e − t min . For lateness, the lower
bound is also 0 and the upper bound is t max − P AT − l. To simplify the
analysis, from now one, t h is set to zero and the PAT to the expected travel
time, as:
σ2

P AT − t h = mean = E(t − t h ) = e µ+ 2 ,
2

mode = eu−σ ,
α=
β=

2
f (e µ−σ )

−0

e µ−σ2 − t min
2
f (e µ−σ )

1 √

=

0−
=
t max − e µ−σ2

2
e µ−σ σ

2π

e−σ

2

e µ−σ2 − t min
−1 √
−σ 2
e
2
e µ −σ σ 2π
t max − e µ−σ2

=
=

eµ

> 0,
√
σ 2π(e µ−σ2 − t min )
eµ

< 0.
√
2
µ−σ
− t max )
σ 2π(e
(3.18)

Then for lateness, the schedule lateness becomes:
Z t max −P AT −l
E(SDL) =
SDL f (SDL)dSDL
mean−P AT+t h
Z t max −P AT −l
=
SDL( β(P AT + l + SDL) + t max )dSDL
0

1
β
= ( βP AT + βl + t max )SDL 2 |0t max −P AT −l + SDL 3 |0t max −P AT −l
2
3
(3.19)
For scheduled earliness, the situation becomes a little bit complicated, as
2

the early buffer needs to be discussed. If 0 ≤ e ≤
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σ
e µ+ 2

− e µ−σ , the
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expected schedule early is most complicated, as the expected earliness is:
Z P AT −t h −e−t min
E(SDE) =
SDE f (SDE)dSDE
P AT −t h −mean
Z P AT −mode−e
=
SDE[ β(P AT − SDE − e) + t max ]dSDE
0
Z mean−t min −e
+
SDE[α(P AT − SDE − e) + t min ]dSDE
mean−mode−e

β
1
= ( βP AT − βe + t max )SDE 2 |0P AT −mode−e − SDE 3 |0P AT −mode−e
2
3
1
α
AT −t min −e
AT −t min −e
+ (αP AT − αe + t min )SDE 2 |PP AT
− SDE 3 |PP AT
−mode−e
−mode−e
2
3
(3.20)
σ2

σ2

If e µ+ 2 − e µ−σ < e < e µ+ 2 − t min (Note the variable e is earliness
buffer, not the value of natural logarithm), the expected earliness is:
Z P AT −t h −t min −e
E(SDE) =
SDE f (SDE)dSDE
mean−P AT+t h
Z P AT −t min −e
=
SDE[α(P AT − e − SDE) + t min ]dSDE
2

0

1
= ( βP AT + βl + t max )SDL 2 |0t max −P AT −l +
2
1
= (αP AT − αe + t min )SDE 2 |0P AT −t min −e −
2

β
SDL 3 |0t max −P AT −l
3
α
SDE 3 |0P AT −t min −e
3
(3.21)

σ2

If e ≥ e µ+ 2 − tmin ,it means the travellers have no disutility generated by
early arrival. The model therefore becomes a schedule late model. For the
probability of being late PL :
PL = F (t − t h ≥ P AT + l; µ, σ)
Z ∞
=
f (t)d(t)
P AT+l
Z ∞
2
1
ln(P AT + l) − µ
− [ln(t )−2µ]
=
)
√ e 2σ d(t) = Φ(
σ
P AT+l tσ 2π
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(3.22)
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And last but not least, for the expected travel time, because of the earliness
buffer and lateness buffer, the form changes to:
Z P AT+l
E(t − t h ) =
(t − t h ) f (t − t h )d(t − t h )
P AT −e
(3.23)
Z P AT+l
[ln(t −t h )− µ]2
1
−
2σ 2
=
d(t − t h )
√ e
P AT −e σ 2π
At this points all the variables in the utility function have been analysed, the parameter to be estimated are: βT , β E , β L , β PL , βC and earliness
e buffer and lateness buffer l. Based on the travel time distribution shown
in Fig. 3.1, the probabilities of being more than 15 minutes early or late
than the expected values are quite small, so the buffers larger than 15 min
are ignored. In order to speed up the estimation process, the buffers are
only considered with 0.1 min intervals when performing an exhaustive
search. For the final model, the slow down events and stop events asked
in the questionnaire are also included in the utility functions for they
are statistically significant and also show the right signs when entered
in the utility functions. The probability of being late does not pass the t
test for most of the earliness and lateness buffers so it is excluded. All
the parameters are estimated using BIOGEME while the integrals of the
expected earliness and lateness with different buffers are calculated in
Matlab.

3.4.2

Search for the early and late buffers

The average travel time distribution for all the attributes levels of both
routes is shown in Fig. 3.1. Given the mean travel time of all situations in
the scenario is about 20 min with a standard deviation of less than 4, the
search domain of the early and late buffers are both limited to [0,15] min.
The reason of setting an upper bound of the buffers is that for earliness
it is almost impossible for an average 20 min (4 min standard deviation)
trip to have a 15 min early buffer, and for lateness it is possible but very
rare and the aim here is to find average buffers, which are accepted by
most people. And as can be seen later the model fits for larger buffers are
not as good as small ones. Besides, the full combinations of the early and
later buffers are 22801, which is already high and very time consuming
to estimate them all. Both the earliness and lateness buffer intervals, 0.1
min (6s) is used for searching the optimal combination, which means the
precision of the model reaches to 0.1 min. The expected early, on time
and late time are calculated and the parameters are estimated, and then
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Figure 3.7: Early and late buffer range projected from VTTS space

the buffer combinations are filtered according to:
Maximize : E(U) = βcost · Cost + βonTime · E(onTime) + βearl y · E(earl y)
+ βlate · E(late) + β slowDown · SlowDown + β stop Stop
S.T :
βcost , βonTime , βearl y , βlate , β slowDown , β stop < 0;
P_value < 0.05;
T_test > 1.96;
βearly > βlate .
(3.24)
Where E(U) is the utility function to be maximized in each early and late
buffer combination;
slowdown and stop are numbers of major events that cause travel time
delays;
P_value and T_test are statistical tests of the model estimation. These
two constraints make sure all the parameters pass the statistical tests.
The constraint βearl y > βlate makes sure that early arrivals generate
less disutility than late arrivals because being late normally have more
serious penalty than being early. The probability of being late (associated
with the late buffer) is originally included in the utility function, but it did
not pass statistical test and therefore it is excluded from the model; while
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Figure 3.8: Maximum log-likelihood and adjusted ρ2

the delay events shows significant effects in the model so they are kept in
the model. The buffer combinations that pass the filtering procedure are
shown in Fig. 3.7.
The accepted early buffer range for the respondents is from 0.6 min
(away from PAT) to 4.8 min while the late buffer is from 6.5 min to the
upper limit. It seems travellers are more sensitive of being early in the
sense that they try to avoid early arrivals, so the range dispersion from
PAT of early is located closer than that of being late. This also proves
that the attitudes towards earliness and lateness are asymmetric, which
the mean-variance cannot capture.
Figure 3.8 shows the likelihood and adjusted ρ2 estimated by BIOGEME for all the combinations that satisfy the constraints. With a lower
earliness buffer and higher lateness buffer, both indices show lower model
fits. Due to the precision and the scale of the indicators, the adjusted ρ2
shows a stepwise shape but both indicators show same changing patterns.
The adjusted ρ2 is relatively low compared to other similar studies. The
optimal combination locates at earliness 4.8 minutes and lateness 6.8
minutes dispersed from PAT. It is where both the maximum log likelihood
and the adjusted ρ2 reach their maximums.
Figure 3.9 shows the changes of the value of travel time savings and
value of reliability with different early and late buffers. In the selected
buffer area, VTTS ranges from 6.9 CHF/h to 27.2 CHF/h and it is generally
lower than the value of travel time reliability measure within the same
buffer combination. VoR early range from 19.2 CHF/h to 118.6 CHF/h,
and because of the constraints, VoR late is generally higher, from 79.7
CHF/h to 381.1CHF/h. It is reasonable that with higher buffers, the
possibility of being on time is higher and that of being early of late are
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Figure 3.9: Early buffer (0.6,4.8) min and late buffer (6.5,15) min

smaller so people have to pay more in order to get one unit of time saving
therefore the values are higher. The ratio of reliability (VoR early divided
by VoR late) shows it is more sensitive to the earliness. Within the same
early buffer, VoR late has almost no effect on the ratio and if the late buffer
is fixed, the ratio goes up with VoR early.
Table 3.6 shows the parameters estimated for different buffer combinations along with the optimum. All coefficients show correct signs. This
scenario is focuses on private car users, so the disturbances during the
driving (both slow down and stop delays) are being considered seriously
and both pass the statistical test. Also the disturbances of being slowed
down are considered less serious than being stopped during the journey.
As slow down events during the trip normally take less time than stop
events, the coefficient of it is reasonably larger than that of stop events.
The value of travel time savings is around 24 CHF/h, which is quite close
to the other surveys conducted in Switzerland. Hess et al. (2008) analysed
pooled data in Switzerland and based on different data sources, the travel
time savings for private car users range from 25.69 CHF/h to 45.90 CHF/h
in an elastic model. While Axhausen et al. (2008) estimated VTTS in
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Table 3.6: Model estimate around optimum early and late buffers
Parameters

E2L6.5

E4L7 E4.8L6.8 E4.5L8 E4.5L7

β slowdown
-0.150 -0.154
β stop
-0.185 -0.190
βTravelTime
-0.234 -0.221
βTravelCost
-0.526 -0.532
βearl y
-0.172 -0.360
βlate
-1.070 -0.950
VTTS(CHF/h)
26.692 24.925
VoR Early
19.620 40.602
VoR Late
122.053 107.143
2
adj ρ
0.125
0.125
Max Likelihood -1583.1 -1583.5

-0.159 -0.158 -0.157
-0.198 -0.193 -0.194
-0.218 -0.208 -0.220
-0.542 -0.535 -0.537
-0.668 -0.737 -0.526
-0.720 -0.740 -0.833
24.133 23.327 24.581
73.948 82.654 58.771
79.705 82.991 93.073
0.126
0.125
0.125
-1582.7 -1583.3 -1583.0

terms of purposes according to incomes and travel distances, the results is
from 24.32 CHF/h (shopping) to 50.23 CHF/h (business). These surveys
only focus on willingness to pay and the distances of the trip are usually
longer than the scenario used here.
The early and late reliability values are higher than similar surveys,
73.9 CHF/h and 79.7 CHF/h respectively. The VoR late is about 3 times
higher than VTTS and 6 CHF more than VoR early. König (2004) used
a non linear form to explore travel time savings as well as earliness and
lateness arrivals. In his survey the travel time saving for private car users
is about 32 CHF/h, reliability of being early 29.7 CHF/h and 32.8 CHF/h
for being late. But the mean travel time differences in his survey are
rather long (the attribute level for travel time is 15 min, 30 min and 45
min). In our survey the expected travel time is about 20 minutes and the
earliness and lateness are relatively smaller. This is mainly caused by the
distribution of the travel time, for it is highly concentrated in the middle
area and also with the early and late buffer, the expected earliness and
lateness are even smaller.

3.5

Conclusion

When collecting the data, the respondent burden plays a main role for
the response rate, and reminding the respondents can also improve the
response rate. But there is also a trade off between sending questionnaires
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and reminding letters multiple times and receiving a certain amount of
respondent sending only once to remind them. The former will get more
replies, but the data collected due to the reminding letters is not guaranteed
to be valid. Regarding the survey had prior recruitment without incentives;
the timing of sending out the questionnaire can also influence the response
rate.
For the mode choice scenario, it is not easy to capture travel time
reliability so only the probability of on time arrival is asked in the question.
Even though the coefficient of the probability of arriving on time shows
statistical significance and expected sign, which means that travellers
definitely consider the travel time reliability when making their mode
choices.
How to address the travel time reliability in SP route choices is very
important, and how these measures appeared in the questionnaire are quite
different according to the literature. To what extent different measures
influence the decisions of the respondents is hard to find out. But they do
influence the value of travel time as well as reliability, as can be observed
from the earliness and lateness buffer space. This shows that even within
the same survey, with different time tolerances, these values can vary
greatly.
The earliness and lateness buffer estimated in the model is a compensation of the deficiency that the tolerances of being early and late were not
asked in the questionnaire. But as the probability of being early and late
are defined by a lognormal distribution, we could use different earliness
and lateness buffers to estimate VTTS and VoR. This turned out to be an
advantage for the model.
According to the estimation, the value of travel time is 24.9 CHF/h and
the reliability of earliness and lateness are 73.9 CHF/h and 79.7 CHF/h
respectively, which are around three times higher than the value of travel
time savings. This means that travellers consider travel time reliability
more than travel time itself.
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Chapter 4

Network structure based
travel time reliability
analysis
In this chapter, the travel time reliability is analysed based on floating car
data. The data collection section discusses how the data were collected,
how the data are matched to the road network, and how invalid data points
are eliminated. The travel time reliability is analysed on the link level,
path level and network level based on this data. On the link level, speed
variation is explored instead of travel time as they are closely related to
each other; based on the analysis of the link speed, travel time for certain
paths are calculated using Monte Carlo simulation so that path travel time
distributions can be constructed. And finally on the network level, the
total network travel time is calculated and its distribution is discussed.
For link travel time reliability, the speed changes along the link are
explored as travel speed and travel time are closely related. A polynomial
function is used to describe the speed patterns then Monte Carlo simulation
is used to estimate reliability from the perspective of researchers; for
travellers, the speed pattern, the expected travel time and its variance are
used to express reliability.
Most of the current reliability analysis in the literature focuses on path
travel time. In order to simplify the analysis by define another reliability
measure, the travel time distribution is used and the parameters of the
distribution are directly employed to describe reliability. Two methods
are used in this part. First, Monte Carlo simulation is used to get the
path travel time. As the simulation-based method could not be used for
prediction, spatial auto regression models are estimated for different time
periods in order to address the influence of traffic flow on travel time.

Chapter 4. Network structure based travel time reliability analysis

Even though the available FCD data is rich in size, due to the large
network, the sample size available on each link is uneven. So the speeds
on the links are assumed to be independent. Based on this assumption, a
scenario with a small network is built and traffic flows are assigned so as
to calculate the total travel time. Then by assuming that the total network
travel time follows a certain distribution, the parameters are estimated by
method of moments estimation. Both the Monte Carlo simulation and
the spatial model are used to estimate the distribution parameters and the
results are compared.

4.1

Data collection

The data used in this chapter is floating car data from the city area of
Wuhan, China. The survey was conducted first on 28th, December 2008
as a trial, and the formal data collection was performed from 8th, March,
2009 (Sunday) to 14th, March, 2009 Saturday. During these periods, data
from all taxis, which were equipped with GPS navigation systems, was
recorded. A total number of 11,510 taxis participated in the survey and
approximated 112,406,000 points are collected. The data covers one week
and the trial for the city area. Due to the scale of the data and technical
issues, the data is collected about every 40 seconds.
Like all FCD data, because of variety of errors, the data points are not
exactly matched to the road links, so it is necessary to match all the data
to the map. All the survey cars are taxis, so when there were no customers
in the car, the taxis would either drive around to look for customers, or
stay at certain points waiting to be called. The latter behaviour causes
the data having many zero speed points. The following two sections will
discuss these two issues.
The network used for the map matching ranges from (113.99E, 20.32N)
to (1134.49E, 30.74N), and originally it has 26436 links. The links include
one-way roads and bi-directional roads and the roads can be classified
into four categories: expressway, arterial road, collector road and local
road. In order to analyse the speed data in the following sections, the
network is modified, so that all links are one-directional road. This means
all the bi-directional roads are divided into two links. The network is
decomposed into 264,251 segments. This will greatly slow down the route
searching process in the map-matching algorithm. In order to speed up the
route searching process, the geometries of the links are neglected. After
simplification, the network contains 45,100 one-directional links. Due to
unknown reasons, traffic control information, demand and supply data are
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Figure 4.1: Map matching results using hidden Markov model

not available.

4.1.1

FCD data and map matching (HMM)

There are many map matching algorithms available to match the points to
digital maps. For our data, Hidden Markov Model (HMM) is applied to
decide the most likely link for each data point in the context of its previous
points. Each of the GPS point for a certain car is treated as a time step. At
each time step, the algorithm picks up a certain number of link candidates.
These links are assigned with probabilities according to the distances to
the last point’s link candidates. After all the points are parsed, HMM uses
Viterbi algorithm (Viterbi, 1967; Forney, 1973) to find out the most likely
path, which is composed of links that the points supposed to match to.
The FCD at hand is relatively sparse, and it is recorded approximately
every 40 seconds. It is quite common that the adjacent point is not on any
of the adjacent links. So in order to match all the points to the network, a
route-searching algorithm must be used. The network is compiled as an
xml file, which can be read by MATSim. Therefore the integrated shortest
path algorithms in MATSim can be used. Considering both the size of
the FCD data and the network size (The network still has more than 45
thousand links after simplification), different numbers of candidates are
tried and for the final model an average number of 5 candidates links are
used.
Figure 4.1 shows how the Hidden Markov model corrects the matching
points. The green spots are original GPS points while the purple points
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are map-matching points. The HMM searches for 5 candidate links for
the current point and the next point, and then calculates the transmission
probabilities from the candidates of the current point to the candidates of
the next point. The process goes on until the last point is reached. Then
Viterbi algorithm is used to track back the most possible path for all the
points. As can be seen from Fig. 4.1 the first data point is quite close to the
opposite direction of the links but HMM successfully avoids picking up
the closest link due to the evaluation of all the candidates according to the
following GPS points. For further information of the HMM mapmatching
algorithm, please refer to Ramage (2007); Lou et al. (2009); Newson and
Krumm (2009); Hummel (2010).

4.1.2

Data cleaning and missing data

The first step of data cleaning removes those data points, which have
obvious errors. Those points, whose closest link distances are larger than
200 meters, are removed from the data sets before the map matching
procedure. After the map matching, the data cleaning mainly focuses on
detecting the zero speed points. For costs reasons, some taxis will park
in certain areas waiting for customers, but the GPS navigation systems
keep recording. As a result of this, about one fifth of the data points
have zero speeds. Due to traffic control, congestion and so on, not all the
zero-speed points are invalid data. So if the continuous points have zero
speed for longer than 3 minute, all these points are considered as invalid
and removed from the data set.
The missing data has two sources, the missing data for a certain
segment on a single link or missing data for an entire link. The missing
data for a certain segment also have two sources. It may due to noise on
a specific spot where the GPS devices cannot receive or send data, for
example a cross-river tunnel where it is impossible to send out signals; or
part of the link is between two tall buildings, which make the GPS signals
shift, etc. The other reason is due to map matching errors. The HMM
map matching algorithm is based on the signal error following a certain
distribution. If the error on a certain link is not normally distributed, then
there might be map-matching errors. Those points are either deleted from
the data or matched to the nearest links.
The missing data on an entire link is either the link located in a very
rural area where no taxis have passed by during the recording period,
or due to map-matching errors. The map-matching algorithm has about
95% accuracy, but in order to map all the data points quickly, a simplified
network is used and this is the main source of the mapping errors. A
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MATSim compatible network is used which simplifies the 264251 link
segments to 45100 links. This speeds up the map-matching process but
for the whole data set it still needs about one and half weeks.

4.2

Link travel time reliability analysis

The size of the FCD data makes the analysis of link level travel time
possible. So in this section link travel time is discussed. The data recorded
the time stamp of each GPS point but the travel time between two points
is not exactly the link travel time rather the point-to-point time. For the
travel time on a single link, it can either estimated using the time stamps
or from the speed data. As can be seen in the following subsections, the
travel speed changes along the length of the link, estimating travel time
using time step is not as precise as using speed data. So firstly in this
section, link speed patterns will be discussed; how speed changes with
the location on the link is modelled using a polynomial regression. By
assuming that travel distance is the integration of travel speed along the
link, travel time is calculated in the following section. Then Monte Carlo
Simulation is proposed for the calculation of link travel time and for the
analysis of the path travel time reliability.

4.2.1

Links speed patterns

The speed patterns on links are analysed with the entire data set. There
are two reasons for using data that covers the whole time periods: first, we
aim to find general speed patterns on the link that cover all time periods;
second, even though the entire data contains about 10,000,000 points,
the points distributed on each link of a large network are not so big any
more. And the data is spatially unevenly distributed, which means in
the city centre, the sample sizes on the links are enormous while in the
rural area, there is few data recorded. Besides, as the data is recorded
discretely and randomly according to their locations, if the car was on
the intersection while the data was recorded, these records are then mapmatched to one end of the link according to the cars’ driving paths. It is
assumed that network node (delays at intersections) delays are integrated
into the network links. All costs are allocated to the links, and as there
is no traffic signal control information at hand, the network nodes only
contain connectivity information. This is also compatible with MATSim,
which will be used to search for links if two adjacent record points are not
on adjacent links.
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Link speed patterns are influenced by the road type, traffic signal
control, link geometry and other disturbances, which normally cannot
be observed only from the road network. After going through all links
with sample sizes larger than 1000, the link speed patterns can be roughly
divided into four types: speed changes multiple times along the link
(pattern 1); speed increases in the middle of the link (pattern 2); speed
drops in the middle of the link (pattern 3); speed monotonously increases
or decreases along the link (pattern 4). Typical speed patterns along the
links are shown in Fig. 4.2. The next step is to identify all the patterns. In
order to do that, the data have to fit to a regression first to catch the speed
variations on the link. A Kernel regression (Fig. 4.3) and a polynomial
regression are used to capture the speed patterns. Both a quadratic and a
cubic polynomial regression are estimated, and the results can be observed
in Fig. 4.2, for the pattern 2 to pattern 4, the cubic and quadratic regression
are almost overlap each other. But for complicated speed changes, the
quadric equation fails to capture the patterns. The kernel regression, on the
other hand, can fit the speed pattern really well, but it is a non-parametric
regression. There are no extra parameters in the regression other than
the independent variable itself so it cannot be used to classify the speed
patterns.
The cubic polynomial regression is used to identify the speed patterns.
It has a better fit than the quadratic regression but also does not over
fit for irregular speed patterns; the estimation process is also faster than
the kernel regression; and most importantly the cubic equation has a
deterministic feature to identify the patterns. The general form for a cubic
regression and its critical points:
y = ax 3 + bx 2 + cx + d
√
−b ± b2 − 3ac
X=
3a

(4.1)

Where y indicate the speed and x is the location along the link.
And its critical points X and its definition domain are used to identify
the patterns, as can be seen in Fig. 4.4.
If the estimation critical points are located between the definition
domain (within the link length), then regardless of parameter a, the speed
changes multiple times and it is classified into pattern 1. If only one of
the critical point 1 (a>0) or critical point 2 (a<0) is located in the domain,
then the speeds on the links first increase and then drop, and this is the
pattern 2; if only one of the critical point 2 (a>0) or critical point 1 (a<0)
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Figure 4.2: Speed patterns on links
(a) Speed pattern 1

(b) Speed pattern 2

(c) Speed pattern 3

(d) Speed pattern 4

is located in the domain, then the speeds on the links first decrease and
then go up, and this is the pattern 3 as shown in Fig. 4.2. If there is none of
the critical points on the links, then the speed will change monotonously,
which is defined as pattern 4. Using this method, we classify all the links
into different speed patterns, and Table 4.1 shows all the patterns by road
types.
Regardless of the road types, most links are classified into pattern 1 or
pattern 2. On an urban network, at the end (or start) of the link, there is
traffic signal control involved, and this makes the speed drops to a lower
value, after passing the signal control, vehicles can accelerate, but at the
end of the link, they encounter another speed drop. This is the general
situation of the speed. If there are other disturbances in the middle of the
link, the speed pattern appears irregularly and this is captured by pattern
1. More than 38 percent of the freeway links show pattern 1 due to the
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Figure 4.3: Kernel regression with upper and lower bounds

Figure 4.4: Cubic regression for link speed pattern classification

fact that free way links are generally longer than other links. If the links
are longer, the speed change more or less depends on the flow, which
show an irregular pattern. Pattern 3 usually appears on ramps or highway
intersections, which have big curves along the link, so the speed drops in
the middle and then increase again at the end of the link. Pattern 4 appears
mostly in the middle links, where there are no intersections at both ends.
In this case the ends of the links do not have much influences on speeds
therefore the speed stays stable and shows a monotonic change.
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Figure 4.5: Speed patterns on the network
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Table 4.1: Link speed patterns according to road types
Patterns

Freeways

Arterials

Collectors

Locals

1, irregular
2, concave
3, convex
4, mono

307(38.1%) 401(33.8%) 1199(34.1%) 328(48.1%)
301(37.3%) 499(42.0%) 1690(48.1%) 247(36.2%)
94(11.7%) 135(11.4%)
262(7.5%)
50(7.3%)
104(12.9%) 153(12.9%) 364(10.4%)
57(8.4%)
Sample>1000 806(51.4%) 1188(60.3%) 3515(29.4%)
682(6.2%)
Total
1568
1971
11975
10922

4.2.2

Quantification of link travel time reliability

As can be seen from the last subsection, for urban networks, the speed can
change dramatically on links. So the statistical variance can only tell part
of the story but can fully explain the travel time reliability on the links.
As all link patterns can be expressed using a cubic function, the derivative
of the speed function is the acceleration/deceleration of the vehicles along
the link. As variance of the travel time is used to address reliability, the
change of the speed is also equivalent to the variance of the travel time.
What is more, the variation of the speed (acceleration/deceleration) also
changes along the link, so the inverse of the cumulative of the acceleration/
deceleration is defined as link travel time reliability:
Z L
1 ∂ 2 f (x)
1
unRlink =
=
dx
(4.2)
2
Rlink
0 L ∂x
Where f(x) is the cubic function for speed (see Eq. (4.1)), L is the length
of the link. By dividing the length of the link, the reliability measures is
regardless the length of the road and it is expressed how many disturbances
the link has. The fewer disturbances it has, the smoother the fitting curve
is, and therefore more reliable cars travel on the link. Table 4.2 shows the
unreliability calculated for different road types. Same as the speed pattern
section, links with a speed sample larger than 1000 are used to calculate
the unreliability. About 6100 links can be calculated and the average
unreliability is about 0.03. Local roads have the smallest samples due to
less usage of the road by the cars. As there is less traffic on this type of
road, even though the road level is low, the reliability is the highest. The
collector roads have the most points and also show the most unreliable
mean. The sample size also indicates that there is more traffic on the
links so the reliability is the lowest. Arterial roads and freeways have the
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Table 4.2: Link travel time unreliability according to road types
Road type Sample
Local
Collector
Arterial
Freeway
Total

533
3600
1195
799
6127

Mean

Std

Min

Max

0.0011
0.0033
0.0028
0.0028
0.0029

0.0042
0.0118
0.0077
0.0084
0.0102

2.78E-07
5.80E-07
2.96E-07
5.35E-07
2.78E-07

0.0601
0.1995
0.1348
0.1184
0.1995

same expected unreliability, but the standard deviation for arterial road is
lower than freeways. Generally speaking, the freeway should have higher
reliability, but the ramps of the freeway have lower reliability and this
influences the total average.

4.3

Path travel time reliability analysis

For an OD pair, the travellers have to choose a series of links, which
compose the so-called path or route. There are several paths (or routes)
between each origin and destination, and they are essentially different
combinations of links on the network. Travel times on the chosen links
are normally correlated with each other. The correlations among links
influence the total travel time but it is quite complicated to be quantified,
so the path travel time in this entire section is based under the assumption
that links are independent from each other. There are two reasons that
adjacent link correlations are not considered: firstly, even though the total
sample size is huge, the data points needed to calculate the correlation
coefficient on two adjacent links are not enough. The average time interval
for the data is about 40 seconds, and in order to calculate the correlation,
these two points have to be at the two adjacent links, by adding the time
period of the day (peak hours or off peak hours) restrictions, the average
sample is about 5 pairs for adjacent links, which is too few to calculate the
correlation. Secondly, as can be seen from the link travel times, as urban
network has more distractions, such as traffic lights, bus stops, pedestrians,
etc, the speed even within the same link varies greatly, which weakens
the correlations between adjacent links. Due to these two reasons, the
speed change within each link is studied instead of the influences from
the adjacent links.
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4.3.1

Adjacent link speed correlations

The path contains a certain number of links, which connect to each other,
and this leads to a quite complicated problem: correlations between
adjacent links. To a certain point speed on adjacent links should have
correlations, but it involves so many factors, especially the delays on the
joining nodes. The node causes mostly the delay (or the speed drop).
For example, cars have to stop before the red traffic light, which causes
a speed drop at the end of the current link, then after the red light, cars
accelerate to enter the next link. If links are long enough, speeds are not
influenced too much by the intersections and the correlation can reflect
the real relation between these two links. But on urban networks, links
are normally short and speeds are greatly influenced by intersections.
Besides, traffic flows on adjacent links are not quite the same and this
factor is known to affect the speed on the links, and in this case, the speed
correlation is not sure caused by the adjacent links or by flow difference.
But the biggest problem is insufficient speed data. The calculation of
the correlation needs adequate data on both links, of which sample size
should be enough to calculate the mean speed and the variances in a
certain confidence interval.
Before the discussion of the link correlation, it is necessary to know
how many observations for each link are enough to perform the calculation.
Inadequate sample size can greatly influence the analysis. Regardless of
the analysis later, the data at hand should try to minimize both alpha error
(finding a difference that does not actually exist in the population) and beta
error (cannot find a difference that actually exists in the population)(Peers,
1996). Here Cochran’s formula (Cochran, 1977) is used to calculate the
appropriate sample sizes with a slight modification. The original formula
is:
t 2 · s2
n0 =
(4.3)
d2
Where t is the value for selected confidence interval in each tail (for n0
,which indicate the level of risk that the true margin of error may exceed
the acceptable margin of error, the absolute value of t is at least 1.96 with
α = 0.05 );
s is the estimated standard deviation in the population;
d is the acceptable margin of error for mean being estimated. This formula
does not account for the total population, so Kotrlik and Higgins (2001)
modified it to:
n=

n0
1+

n0
Population

population · t 2 · s2
=
population · d 2 + t 2 · s2
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Table 4.3: Determining minimum returned sample size for a given population (Kotrlik and Higgins, 2001)
Population α = 0.10, t=1.65 α = 0.05, t=1.96 α = 0.01, t=2.58
600
900
1500
2000
4000
6000
8000
10000

73
76
79
83
83
83
83
83

100
105
110
112
119
119
119
119

155
170
183
189
198
209
209
209

and the suggested sample size (for continuous data) according to this
formula is in Table 4.3. If two adjacent links have two lanes, the capacity
of each lane is 800 pcu/h, then for the peak hour the population size would
be 1600 for each link and the sample size for a 10% confidence interval
would be around 80 and for a 5% interval that would be around 115. This
number is the minimum sample size on each link, this means there must
be at least this number of records on the current and on the adjacent links
within the same time periods. The FCD data used cannot satisfy this
constraint; therefore the constraint for the sample pair has to be loosened
with certain assumptions.
The coefficient of correlation is calculated as:
n
P

(Xi − X̄ )(Yi − Ȳ )
n
1 X Xi − X̄ Yi − Ȳ
r=r
=
(
)(
)
r
n
n
n − 1 i=1
sX
sY
P
P
2
2
(Xi − X̄ ) ·
(Yi − Ȳ )
i=1

i=1

i=1

(4.5)
Where Xi is the speed record on the current link and Yi is the speed record
on the adjacent link for the same car i;
n
P
X̄ = 1n
Xi is the sample mean;
i=1
r
n
2
1 P
s X = n−1
(Xi − X̄ ) is the sample standard deviation.
i=1

Ideally Xi and Yi are from the same car, but most of the data on
the adjacent links cannot satisfy this restriction so the constraints are
substituted by the following rules:
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Figure 4.6: Statistical correlations of adjacent links

• Data point Xi is on the current link and Yi is on the next link;
• If possible, Xi and Yi are from the same car; If not possible, Xi and
Yi are paired up within the most possible time interval;
• Time stamp Xi is earlier than the time stamp Yi ;
• Time period Yi is in the same time period as Xi ;
• The minimum sample size is 120, which according to Table 4.3, has
a confidence interval of 95%.
With these constraints, we are able to calculate the correlations of the
adjacent links. Figure 4.6 shows the correlations between the current link
and three down stream links. These are 100 randomly chosen links with
three of their following links according to the constraints mentioned above.
Most of the correlation coefficients are smaller than 0.2, which proves the
existence of the correlation but also indicates a low correlation between
links. The correlations show random patterns, and do not monotonically
decrease with the distance of the links as expected. There are definitely
biases during the calculations of the correlation coefficients, for example,
the pairing methods for Xi and Yi will influence the result. Besides, as can
be observed from the previous figures, even for the same car, the speeds on
the same link changes dramatically. It is certain that there are correlations
between adjacent links, but the FCD data is not large enough to calculate
this correlation, rather a statistical value. This cannot reflect the causality
of the speed changes between adjacent links. So in the following sections,
it is assumed the speeds on the links are independent. And instead of using
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statistical measures to explore the speed correlations specific links, spatial
effects at the aggregate level are explored using a spatial auto regression
model.

4.3.2

Monte Carlo simulation for path travel time

Normally each OD pair has multiple paths available on the network. For
the FCD data there is a special attribute that indicates if the taxi has
passengers. If there are no passengers in the car, the taxi drivers will either
stay in a certain area, or driving around the city looking for passengers.
Both behaviours have no clear origin and destination. When this attribute
is activated, the taxi will have a specified destination where this attribute is
deactivated again, and the origin is where this attribute is activated. These
paths are reconstructed and Monte Carlo simulation is used to obtain a
path travel time. When performing the Monte Carlo simulation to obtain
the travel times, OD pairs whose travel times last longer than 15 min, are
randomly chosen. If two consecutive data points are not on the same link
or adjacent links, then a shortest path algorithm (distance) is conducted to
find the missing links. After the path is reconstructed, the travel speeds
are randomly drawn from each link. The pseudo code is shown in Fig. 4.7.
And the travel time on the link is calculated as:
Tli = R

li
li
0

(4.6)

f 0 (x)dx

Where Tli is the travel time on link i, f 0 (x) is the differential equation
of the speed data generated by the Monte Carlo simulation. Assuming
the travel speed on each link is independent, the travel time on path j is
calculated as:
n
n
X
X
li
T pjk =
Tli =
(4.7)
R li
0
i=1
i=1 0 f (x)dx
Where T p j k is the kth iteration of the total travel time for path j and n is
the number of links in path j.
There are missing speed data on some links as well as on parts of the
links as mention before. If there are data missing on part of the link, then
the average speed is used instead; if there are no data on the links, the
speed is calculated as the mean of the previous and next links.
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Get the OD pair coordinates;
Map matching the routes to the network according to nearest links
If two adjacent points are not on adjacent links
Run Dijkstra algorithm to find the shortest path
End If
Get all the links in the path
FOR I = 1 : N in the path
Start from the beginning links
WHILE current links exits
Divide the links into n segments equally,
for each segments
Get all the speed data in this segment
delete the outliers
Randomly draw a speed value in the data
End for
Calculate the travel time on this link
End WHILE
Sum up all the travel time TI on each link
END FOR
Get the simulated travel time on this path for n times plus the
original travel time

Figure 4.7: Pseudo code for extracting path travel time

4.3.3

Path travel time distribution

The FCD data shows that there are about 50 trips per day per taxi, which
generates about 4,000,000 trips for a week. Among these 484 paths are
chosen from the OD pairs randomly and for each route, 200 iterations of
Monte Carlo simulation are performed to get the total travel time of the
routes. This means for each OD pair, there will be 200 different travel
times, which according to Table 4.3, the sample size should be enough for
each link. The main reason for this sample size is that for each iteration
the Monte Carlo simulation has to query the entire data base, and because
the data base size is huge, this makes the process quite slow. For these
484 paths, it takes almost one week to obtain all the data. A typical travel
time distribution is shown in Fig. 4.8. From the scatter plot no obvious
pattern can be observed and the travel times are distributed randomly for
each Monte Carlo draw. From the histogram, a left skewed pattern can be
clearly observed, as if two normal distributions joining together around
the mode (Herman and Lam, 1974), where the first part has a relatively
steep slope up to the mode and after the mode, the drop of the slope slows
down. And this leads to the next question: which distribution do the travel
time of these paths follow?
For simplicity and also depending on the purpose of the research, some
studies use the normal distribution as travel time distribution(Bell and
Iida, 1997; Lomax et al., 2003). But regardless of different distributions
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Figure 4.8: Scatter plot and histogram for travel time

used, the common agreement is that the travel time distribution is asymmetric, which means the distribution density function shows a left skewed
shape. Wardrop (1952) first identified this phenomenon. Herman and
Lam (1974) verified this point of view by studying empirical data. They
found that only the first 60 percentile of the trip travel time fit the normal
distribution well, and a skewed distribution looks like two different normal
distributions joining together. In order to fit the data better, the lognormal
or gamma distributions are suggested. Polus (1979) further confirmed
this assumption, and he concluded that the gamma distribution fitted the
data. He also conducted a regression model to predict the parameters of
the gamma distribution. From then on, a lognormal distribution (Chen et
al., 2007; May and Montgomery, 1987; Rakha et al., 2006) or a gamma
distribution (Dandy and McBean, 1984) is widely used in travel time
related studies.
Besides the gamma and lognormal distribution, there are also other
distributions used to describe the travel time distribution. Susilawati et al.
(2011) used GPS data in Adelaide. They concluded that the travel time
distributions were generally positively skewed (mode towards the left side)
and had long upper bound tails. The Burr distribution was used to describe
the data better than the normal distribution or lognormal distribution. After
a sequence of detailed empirical investigations, Fosgerau and Fukuda
(2012) believed that travel time distributions on consecutive links share
a common stability parameter such that the travel time distribution for a
sequence of links is also a stable distribution. The parameters of the travel
time distribution for a sequence of links can then be derived analytically
from the link level distributions. Ng et al. (2011), however, believed that
the travel time distribution may be unavailable (inaccurate) in reality, for
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most of the time there is no (insufficient) data to calibrate the distribution.
Therefore they relaxed this assumption and present a new method to
estimate travel time reliability. It is distribution-free in the sense that
the methodology only requires that the first N moments (where N is a
user-specified positive integer) of the travel time to be known and that the
travel times reside in a set of bounded and known intervals.
As can be seen from above, based on different data and assumptions,
the travel time distribution also varies. In order to find out which distribution fits our data the best, goodness-of-fit tests are performed to potential
distribution functions. They measure the compatibility of a random sample with a theoretical probability distribution function, or in other words,
the tests show how well the selected distribution fits the travel time data.
Essentially, this is a two-sample hypothesis test, one of which is the selected distribution while the other is the data sample. There are three
commonly used goodness-of-fit tests: Kolmogorov-Smirnov (KS) test,
Anderson-Darling (AD) test and Chi-square (Chi) test. For KolmogorovSmirnov Test, the test is based on the empirical cumulative distribution
function (ECDF), in our case, the Monte Carlo travel time draws and then
assuming that a random sample x 1 , x 2 , ..., x n from a desired distribution
with cumulative distribution function (CDF) F(x). The empirical CDF is
denoted as:
Fn (x) =

1
(Number of observations ≤ x)
n

(4.8)

And the Kolmosorov-Smirnov statistic D is calculated as the largest vertical difference between the desired and the empirical cumulative distribution function:
D = max (F (x i ) −
1≤i≤n

i−1 1
, − F (x i ))cd f
n n

(4.9)

The Anderson-Darling procedure is also a general test to compare
the fit of an observed cumulative distribution function to an expected
cumulative distribution function. This test gives more weight to the tails
than the Kolmogorov-Smirnov test, which might be suitable for the data
as the travel time distribution normally has a long tail after the mean. And
its statistic A2 is defined as:
n

1X
A = −n −
(2i − 1) · [ln F (x i ) + ln(1 − F (x n−i+1 ))]
n i=1
2

(4.10)

Compared to the first two tests, Chi-squared is a little different in the sense
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that it is used to determine if a sample comes from a population with a
desired distribution. And its statistic is defined as
χ =
2

k
X
i=1

(Oi − Ei ) 2
F (x 2 ) − f (x 1 )

(4.11)

Where Oi is the observed frequency for i and Ei = F (x 2 ) − f (x 1 ). And
for three test the null and alternative hypotheses are defined as:
H0 : the data follows the specified distribution;
H1 : the data does not follow the desired distribution.
The hypothesis regarding the distributional form is rejected at the
chosen significance level if the test statistic, D, is greater than the critical
value obtained from the test distribution. The fixed values (0.01, 0.05
etc.) are generally used to evaluate the null hypothesis (H0 ) at various
significance levels. The value 0.05 is used for our applications. The
standard tables of critical values used for this test are only valid when
testing whether a data set is from a completely specified distribution. If
one or more distribution parameters are estimated, the results will be
conservative: the actual significance level will be smaller than that given
by the standard tables, and the probability that the fit will be rejected in
error will be lower.
The commonly used distributions for travel time, as discussed above,
are the lognormal distribution, gamma distribution, etc. But there might be
other distributions, which fit the travel time data better, so 55 commonly
used distributions are tested. Some of these distributions, depending on
how they are defined, might have different forms, for example, there are
the 2-parameter lognormal distribution and the 3-parameter lognormal
distribution. So a total number of 65 different distributions are tested
separately. And also, because all three tests listed above have their own
strength and also disadvantages, all are used and then ranking lists of all
distributions for each test are generated as well as an average ranking
among the three. This is done using Easyfit (Easyfit, 2013). And the ranking for top 5 distributions along with some commonly used distributions
are listed in Table 4.4.
According to the average ranking, the GEV distributions fit the travel
time best and a 3-parameter lognormal distribution follows. A 2-parameter
lognormal distribution fits the data not as well as the one with 3 parameters,
but according to the ranking list, it ranks also close to the top ones. It is a
general rule that with more parameters of the same distribution, its rank
will be higher. But this is not always the case, for example, the normal Burr
distribution (2 parameters), used by Susilawati et al. (2011), ranks better
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Table 4.4: Distribution rankings for travel time (484 routes)
Distribution

KS test AD test Chi2 test Average Total

Gen.Extreme Value 7.992
Lognormal(3P)
9.154
Pearson5(3P)
9.398
FatigueLife(3P)
9.629
Log-Pearson3
9.788
Burr
15.320
Log-Gamma
17.614
Lognormal
18.764
Weibull(3P)
18.297
Normal
27.413
Logistic
30.413
JohnsonSB
28.394
JohnsonSU
46.819
Uniform
40.270
Exponential
57.301
Burr(4P)
55.224

6.768
6.687
6.861
7.432
7.193
13.834
15.371
16.757
18.008
27.506
27.641
28.236
45.459
51.676
56.892
55.355

11.583
11.927
11.985
12.236
12.730
17.521
18.015
18.506
20.317
23.734
23.309
31.197
48.228
66.000
52.413
59.131

8.781
9.256
9.414
9.766
9.903
15.559
17.000
18.009
18.874
26.218
27.121
29.275
46.835
52.649
55.535
56.57

1
2
3
4
5
11
12
13
15
29
30
31
48
55
57
59

than a 4-parameter Burr distribution. The Johnson family distributions (SB
and SU), according to all three tests, do not fit the data well and are even
worse than the normal distribution. Other commonly used distributions,
for example uniform distribution or exponential distribution, which are
not suitable to describe travel times show very low rankings, 55 and 57
respectively.

4.4

Predicting travel time reliability for degradable network

In the previous section, both link level and path level travel time reliability
were explored. Both analyses are based on all day data, which reflect
an entire days traffic status. But in general, the traffic flows changes
dramatically with typically two peaks in one day. For this reason, linear
regression is applied to link-matched FCD data to build a predictive model
of link speeds on a road network and therefore link and path travel time.
As reliability of travel time cannot only be explained by the mean, so
78

4.4. Predicting travel time reliability for degradable network

variance of the link speed is also explored. The link speed, as part of
a large network, particularly in urban networks, is influenced by many
factors, especially its neighbours. The links are correlated but not to
all other links, only its adjacent links, in other words, they are spatially
correlated (Hackney, 2007; Ward and Gleditsch, 2008). A simple linear
model will not explain much, so a spatial auto regression model will be
used here to predict both the mean and variance of the speed.
The application of spatial economic regression models to traffic flow
or speeds is rare in the literature (Hackney, 2007). Bolduc and Laferrière
(1992), for example, built a model to interpret the spatial autocorrelation
of flows between origin and destination zones. Bhat and Guo (2004) built
a mixed spatially correlated Logit model for residential location choice
that enables more realistic assessment of transportation system and land
use changes on residential location choice. However spatial analysis may
prove to be of great advantage to other previous regressions in the field
where it has not been applied, for example travel behaviour and density
(Cervero and Kockelman, 1997), congestion and density, road accidents
and traffic flows, or pedestrian behaviour in large cities (Desyllas et al.,
2003). Hackney et al. (2007) built a model using spatial regression to
predict the travel speed on links. A weighted linear model as well as
spatial auto regression model, and spatial error model are compared and
the spatial models show better model fits than the weighted linear model.
This section presents a spatial auto regression model to predict link
speed. The focus is on the treatment of the spatial structures according
to an appropriate model form. As a spatial weight matrix is required
in the model, a discussion of how to generate the weight matrices and
comparisons among these matrices are explained, followed by a brief
description of all the independent variables. Then the results of the spatial
models are presented.

4.4.1

Degradable network

The traffic load on the network is one of the key factors influencing travel
time. This issue is normally explored on highway links. There are various
of volume delay functions aiming to interpret the relation between the
traffic volume and the travel time (Gan et al., 2003; Systematics, 2010). A
typical one is the BPR (short for Bureau of Public Roads) function:
V β
T f = T0 · [1 + α( ) ]
C
79

(4.12)

Chapter 4. Network structure based travel time reliability analysis

Figure 4.9: Freeway speed and travel time as a function of traffic congestion(Cambridge Systematics, 2010)

Where T f is the travel time per length unit (usually 1 km or 1 mile) based
under certain volume/capacity ratio;
T0 is the free flow travel time per length unit;
α and β are parameters calibrated by empirical data.
Assuming that the traffic volume and capacity are the only factors
influencing travel time, their relation is shown in Fig. 4.9. When the v/c
ratio is low, the travel time and speed are more or less stable. But when
it is larger than 0.5, the travel speed drops dramatically and leads to the
decrease of the travel time as well.
The degradable transport system is defined to account for the impact of
actual volume to the transport systems in order to find certain equilibrium
(Du and Nicholson, 1997). As the traffic load increases, the travel time
on the system will increase. Here the concept is borrowed to define a
degradable network: the travel time on links increases as the network load
goes up. Unfortunately for the FCD data, the actual volume is unknown,
but the time periods can be approximately used to explore the flow effects
on the network. In the following sections, spatial auto regression models
are used to estimate travel time and all data are divided into different time
periods to address the effects of volume variations on travel time. On the
contrary, if the traffic flows on the network or the time periods are not
considered, the network is regarded as an undegradable network.
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4.4.2

Model formulation

As the name indicates, the spatial model is a statistical model that incorporates spatial dependence explicitly by adding a spatially dependent
variable (normally not itself), which is correlated with the current dependent variable, on the right hand side of the regression equation. Anselin
(1988) calls it ’spatial auto regressive’ model, as the form of the equation
is quite similar to the time series auto regression model (Pace and Barry,
1997; Pace and LeSage, 2000; Pace et al., 2000). But this terminology
sometimes can be confusing since the term autoregressive is used to denote quite different spatial models in the geo-statistical literature. So
some researchers also called it spatial lagged model as the presence of a
spatially lagged dependent variable among the covariates. Here we stick
to the term spatial auto regression model.
The estimation of speeds on a road network using linear regression
model (also known as OLS models, for the parameters are estimated using
ordinary least square vertical distances between the observed responses
in the dataset and the responses predicted by the linear approximation)
strongly violates the Gauss-Markov assumption that supports the model,
as dependent and explanatory variables sometimes strongly depend on the
network structure and also their locations. Traffic demands are unevenly
distributed on the network, which makes the flows also distributed ’randomly’ according to the demand and leads to different volumes on each
link of the network. Besides, the network structure never shows perfectly
developed geometric shapes like a grid or a circular shape, it rather shows
as a strong irregular pattern for historical, political reasons. In the sense of
vehicles driving on a network, it becomes obvious that neighbouring areas
have strong influence on the speed distribution at a given point in space
and time. Because the flows in the neighbouring areas are more or less
the same, which plays a crucial part on the link travel speed. Therefore
spatial correlation plays a non-neglectable part, which makes the regular
linear regression biased. This can also be observed in the later model
results comparison.
An ordinary least square model takes the following form:
y = βX + ε, ε ∼ N (0, σ)

(4.13)

where y is the dependent variable;
β is a vector of coefficients corresponding to a vector of explanatory
variables X;
ε is the error which is assumed as homoscedastic and serially uncorrelated.
In order to fix the serially correlated error terms, the spatial auto
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regression model (SAR) introduces a spatial weight matrix to interpolate
this phenomenon (Dubin, 2004):
y = βX + αW y + ε

(4.14)

where W is the spatial weight matrix and α is a parameter to be estimated.
Both the linear model and the SAR model have the error terms that follow
the standard normal distribution. If we further specify the error terms in
Eq. (4.13) as ε = λW ξ + ε0 , the regression becomes:
y = βX + λW ξ + ε0

(4.15)

Where W is the same spatial weight matrix; ξ is the spatial error and λ is
the coefficient to be estimated.
Obviously, equation Eq. (4.14) and Eq. (4.15) can be regarded as
different methods to interpret (respecify) the error term in the linear model
to eliminate the spatial correlations. If both models use the same weight
matrix, which is normally the case, then they will be identical if λξ = ρy .
If the reformulation tries not to influence the mean level of the dependent
variable, but to capture the spatial error (λW ξ), then the model is renamed
as the spatial error model or conditional auto regression model (CAR), for
the conditional expectation of the current independent variable y is given
as the response at all other independent variables.

4.4.3

Spatial weight matrix

The spatial weight matrix is the key factor of the spatial regression models.
Its definition will greatly influence the model estimate. As stated before,
adjacent links are correlated, but the links, geometrically speaking, are
polylines, which makes their ’neighbours’ different. The spatially closest
neighbours sometime can be an influence on the current links, but not necessarily, for example, the elevated road and a local road can be completely
overlap each other, but the correlation between these two links will not
be very obvious. These two roads are normally completely independent,
provided there is no ramp connecting these two. Even two links that
directly connect to each other can also be independent. Due to the traffic
management and organization, some links, physically connected, are not
traffic connected and therefore show no speed correlation. All these do
not imply that spatially closest neighbours have no effect to each other.
At least it reflects the road density in certain areas, and this sometimes
play an important part in the model, and besides, in urban networks there
are not so many elevated roads and link connectivity restrictions, so the
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Figure 4.10: Delaunay triangular based and distance based neighbourhood
(a) Delaunay trangular neighbours

(b) 4 nearest neighbours

nearest neighbours can be useful. In this section, both physical nearest
neighbours and traffic nearest neighbours are explored and all are tested
in the SAR model.
For the geometric nearest neighbours, the centroids of the links are
computed with the weighted length of each link line segment. This means
if the link is one straight line, then the centroid is the middle point; if the
link contains several segments, then the centroid is not necessarily on the
link.
The nearest neighbours are calculated from the centroid of each link
based on Euclidean distances. Three nearest neighbour links are calculated: Delaunay triangular nearest neighbours, 4 nearest neighbours
and 8 nearest neighbours respectively. The Delaunay triangular nearest
neighbours are based on Delaunay triangulation. It tries to maximize the
minimum angle of all the angles of the triangles in the triangulation and
also to avoid skinny triangles. A detailed description is given by Pace and
Barry (1997). The 4 and 8 nearest neighbours are based on the centroid
distances of the links and also try to maximize the likelihood over neighbours and weighting of the neighbours (Pace and LeSage, 2000; Pace
et al., 2000). In order to find out the optimum number of neighbours, the
spatial model is rerun from 1 nearest neighbours to 30 nearest neighbours,
and the results are discussed in the following sections.
The difference between the Delaunay triangulation and the nearest
neighbours is that the latter avoid geometric barriers, as can be seen from
Fig. 4.10.
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Figure 4.11: Traffic flow based neighbours

In the middle of the map is the Long river, for the links along the
river, the Delaunay triangulation (Fig. 4.10(a)) nearest neighbours method
(Fig. 4.10(b)) regard the cross river links also as neighbour links but the
n-nearest neighbours provided by Pace and LeSage (2000); Pace et al.
(2000) can almost completely avoid this problem. But as the number
of nearest neighbours increases, it will also find neighbours across the
river. This can be avoided by adding limitations to restrict certain links as
neighbours.
For the traffic connection based nearest neighbours, the link neighbours are shown in Fig. 4.11. The current link searches for its previous
links, not via physical connections but from traffic restrictions. For each
link, it searches for its previous links (labelled as last link), and also the
links before the previous links which are labelled as last last link on the
second level intersection. For the downstream links, it also searches for up
to two intersections. A total number of 6 weight matrices are calculated
using different combinations of link relations, labelled as next links, last
links, next next links, last last links, last next links and last last next next
links.
Figure 4.12 shows the relations nearest neighbour links for two intersection level links. In it the neighbour links are connected from their
centroids. The grey lines in the network are the actually road network.
As it is based on the traffic flow relations, it obviously avoids unrealistic
neighbours like cross river links.
Figure 4.13 shows the weight pattern of last last next next link neigh84
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Figure 4.12: Two intersection-level neighbours

bours. The original weight pattern Fig. 4.13(a) is plotted according to the
observation number, or link id on the network, which is spatially randomly
distributed, therefore the dispersion from diagonals are shown far away
from each other. For example if the link id is 10 and one of its neighbours,
even though physically connected, may be labelled as 1000, the dispersion
for this pair shown in the original weight pattern will be far away from
each other. However, if the weight is permuted using the reverse Cuthill
McKee algorithm to create a variable band matrix as shown in Fig. 4.13(b),
it makes the gains of exploiting link relations quite obvious.
In order to choose the most reasonable spatial weight matrix, a basic
spatial auto regression model is performed using the weight matrices
mentioned above. The dependent variable is the mean travel time for the
peak hour period (both morning and evening peak hour), the independent
variables include length of the links, width of the links, type of the road
and so on. The model results are shown in Table 4.5.
In the regular linear regression model (OLS), as the spatial weight matrix does not enter the equation, the model fit and the maximum likelihood
remain the same as the weight matrix changes. It documents the lowest
model fit among all three models regardless which spatial weight matrix
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Figure 4.13: Weight pattern for the two intersection level neighbours
(a) Original non-zero weight pattern

(b) Permuted non-zero weight pattern

Table 4.5: Model fit with different nearest neighbours

OLS
R2

Weight matrix

adj

Delaunay
4 neighbours
8 neighbours
LastNextLinks
LastLastNextNext

0.082
0.082
0.082
0.082
0.082

CAR
SAR
2
ML adj R
ML adj R2
ML

-61929
-61929
-61929
-61929
-61929

0.143
0.139
0.156
0.169
0.213

-61676
-61694
-61604
-61574
-61323

0.144
0.140
0.158
0.173
0.226

-61671
-61694
-61600
-61562
-61266

is used. The CAR models show better results but not as good as SAR
models when using the same weight matrix. The spatial weight matrix
extracted from Delaunay triangular, shows the worst model fit. This is expected, as it can be seen in Fig. 4.10(a). The algorithm obviously searches
for some unreasonable neighbours. There are only two traffic relation
based nearest neighbour matrices which can be estimated for all three
models. Due to the size of the sparse matrix, sample size, and missing
data on certain links, the last link neighbours and next link neighbours
matrices are not estimable. Between these two traffic based matrices, for
which the spatial regression can be performed, the one intersection level
matrix shows slightly lower model fit. The matrix based on two adjacent
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Figure 4.14: Model fit for different number of nearest neighbours (SAR)

intersections shows the highest maximum likelihood and adjusted R2 .
The matrices using Euclidean distance show better results than the
one using Delaunay triangular, but lower than those using traffic related
based matrices. According to the model fit between the four and eight
neighbours, the eight nearest neighbours show better result. It is possible
that if increasing the number of neighbours, it will improve the model
fit, even better than the traffic based models. In order to find out if
more nearest neighbours lead to better model fits, the nearest neighbour
matrices are recalculated from 1 neighbour to 30 neighbours. As the road
network contains more than 40,000 links, when the number of the nearest
neighbours goes up, the computing time increases tremendously and for
a 2-core 2.4 GHz computer with 8 G of memory, it can only calculate
up to 30 neighbours due to memory limitation. The same variables used
in Table 4.7 is also used here. For each nearest neighbours matrix, the
SAR model runs again, the adjusted R2 , the maximum likelihood and the
coefficient of the spatial weight matrix are recorded and the results are
shown in Fig. 4.14.
As the number of nearest neighbours increases, all the three indicators
improve, but the tendency of improvement also slows down. The adjusted
R2 is between 0.1048 and 0.1728 and the maximum likelihood increases
following the model fit, from -61843 to -61513. Besides, as the nearest
neighbours increase, the spatial weight matrix plays a more and more
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Chapter 4. Network structure based travel time reliability analysis

important rule in the model, but the tendency also slows down. As
we can only calculate the nearest neighbours up to 30, it seems that
the more neighbours lead to better model fits. The more neighbours it
has, the more computing power it takes to estimate the parameter and
none of these results improve the model fit up to 0.173, but in the traffic
nearest neighbours, both models have better model fits. So in a tradeoff of computing power and model fit, the traffic nearest neighbours
(lastLastNextNest link matrix) are used in the final model.

4.4.4

Independent variables

Due to missing public data, it is impossible to obtain social demographic
data such as population density, employment density, facility uses etc.
Even though the FCD data set is huge, no flow information either on
a link level or on region level can be extracted. And also, there is no
traffic control information that can be used for analysis. This makes
the prediction of the travel time and its variance very difficult. Due to
this reason the models have a relative low model fit. All the available
information related to the travel time is listed in Table 4.6.
The travel speed and variance of the speed are dependent variables
and all other variables are independent variables we could get. Some of
the variables are redundant. For example, when using types of the road
in the model, it is guaranteed that at least one of the road type dummies
is excluded. Multicollinearity is also considered and two variables that
are highly correlated do not appear in the model at the same time. For
example, the lastLast indicates the number of links that are counted in two
previous intersections while the lastLinkNum is just the link of number
counted within one intersection. These two are highly correlated with
each other and are not shown together in the model.
As no traffic flow information is provided, the data is divided into
three time periods: peak hour (from 6:00 to 8:00 and from 17:30 to 19:30),
free flow (before 5:00 and after 21:00) and normal flow (time periods left)
to indicate the flow changes. This is a compensating measure for the lack
of traffic flow data. The model results will be used later in the network
reliability analysis as a degradable network.

4.4.5

Model results

The model results will be shown in this section. First a simple linear
regression model, a conditional auto regression model, a simultaneous
spatial auto regression with and without logarithmic determinants are built
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Table 4.6: Variables used in the model
Variables names

Descriptions

Mean speed
Speed variance

Mean speed in a certain time period
Speed variance based on time period
How many links are connected to the current link
lastLinkNum
(mean: 2.48, std:0.87, min:0, max:5 )
How many links the current link are connect to
nextLinkNum
(mean: 2.56, std:0.83, min:0, max:5 )
Number of links from previous two intersections
lastLast
(mean: 6.59, std:3.04, min:0, max:16 )
Number of links from following two intersections
nextNext
(mean: 6.72, std:2.95, min:0, max:16 )
The length of the link in km
Length
(mean: 0.183, std: 0.269, min: 0.01, max:10.144 )
The width of the link in decimeter
width
(mean: 46.8, std: 17.6, min:15, max:130 )
localRoad
Dummy variable for local road (total: 3144)
collectorRoad
Dummy variable for collector road (total: 5707)
arterialRoad
Dummy variable for arterial road (total: 997)
expressRoad
Dummy variable for expressRoad (total: 674)
toll
If the link is toll road (total: 243)
localOneway
If local road is one way road (total: 96)
collectorOneway
If collector road is one way link (total: 1346)
arterialOneway
If arterial road is one way link (total: 741)
expressOneWay
If express road is one way link (total:554)

separately. The residuals are discussed and some measures are taken to
deal with heteroscedasticity. The one with the best model fit is chosen to
further interpret the data based on morning and evening peak hour, normal
flow and free flow time periods. Both the expected travel speed and its
variance are predicted respectively using different explanatory variables.
The first results of a regular linear regression model, a CAR model,
a SAR model and a SAR model with logarithmic determinant transformation proposed by Pace (1997) to improve the model fit are shown in
Table 4.7. All three spatial models show great improvements from the
linear model; especially the SAR model after the spatial weight matrix
is transformed by the log determinant. It shows the highest adjusted R2
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Table 4.7: Link speed using two level intersection based weight matrix
Variables

OLS

CAR

SAR SAR with LD

Sample
10492 10492 10492
lastLinkNum
-0.4775 -0.3804 -0.3972
nextNext
-0.0781 -0.0549 -0.0621
Length
2.1039 1.2141 1.2941
Width
0.0319 0.0233 0.0242
LocalRoad
-0.1417 -0.3505 -0.4051
arterialOneway
1.5238 1.1963 1.1942
expressOneway
0.0931 0.5802 0.5988
Toll
3.8976 4.6749 4.7542
Intercept
4.7476 5.2454
5.314
Alpha
2.365
0.865
Maximum likelihood -61959 -61322 -61335
adj. R2
0.077
0.182
0.211

10492
-0.3819
-0.0581
1.2011
0.0228
-0.4574
1.1206
0.6446
4.7514
5.482
0.999
-61277
0.224

and is almost three times better than that of the ordinary least square
model. Between the two different spatial models, the conditional auto
regression model shows slightly lower model fit than the simultaneously
auto regressive model. From the coefficients of the spatial matrix it can
be concluded that the spatial matrix plays quite an important part to the
model fit, which proves that the speeds between adjacent links have strong
spatial correlations. This spatial correlation cannot be captured by the
regular linear regression but can be picked up by both spatial regression
models.
The explanatory variables include both upstream links and downstream
links but with different intersection levels, the length and width of the
road and also types of the road. All these independent variables are
statistically significant and therefore pass the t-test at the 95% confident
interval for all four models. But the problem arises when looking at the
histogram of the residuals. The histogram of the residuals for both the
regular linear regression and the spatial regression models show obviously
left skewed patterns (shown in Fig. 4.15). This means the normality of the
model assumptions are being violated due to existence of either outliers or
heteroscedasticity, or lack of transformations for the dependent variables.
For the links speed, in FCD data map matching process, outliers are
deleted so it is less likely that the outliers are influencing the model. In
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Figure 4.15: Histogram for mean speed residuals

Figure 4.16: Histogram for square rooted mean speed residuals

order to get rid of the heteroscedasticity, the dependent variable is squared
rooted as a transformation.
Fig. 4.16 shows residual plots for both linear regression model and
the SAR model. After transformation, both histograms residual show
relatively symmetric shapes, which indicate normal distributed error terms.
The model fits and the coefficients of the variables are shown in Table 4.8.
After the transformation of the dependent variable, all four models
show lower adjusted R2 than previous but higher maximum likelihood.
But as the mean speed is square rooted, the comparison of the maximum
likelihood makes no sense. Even though the model fits decrease, the
model residuals show much less heteroscedasticity, so for the following
models, the dependent variables are transformed by square root.
The same predictors are used as in the last models and all parameters
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Table 4.8: Regression model results with square rooted dependent variables
Variables

OLS

CAR

SAR SAR with LD

Sample
10492 10492 10492
lastLinkNum
-0.0857 -0.0696 -0.0713
nextNext
-0.0124 -0.0088 -0.0096
Length (m)
0.3683 0.2199 0.2275
Width (m)
0.0057 0.0043 0.0043
LocalRoad
-0.0326 -0.0660 -0.0768
arterialRoadOneway 0.2760 0.2303 0.2268
expressRoadOneway 0.0394 0.1184 0.1243
Toll
0.5537 0.7403 0.7373
Intercept
2.1029 2.1783 2.1939
Alpha
- 2.1122 0.8290
Maximum likelihood -44508 -43981 -43972
Adj R2
0.0657 0.1550 0.1841

10492
-0.0686
-0.0089
0.2107
0.0041
-0.0856
0.2151
0.1326
0.7458
2.2215
0.9600
-43931
0.1956

pass the t test and show correct signs. Both the number of upstream
links and that of the downstream links have negative effect on mean
speed. For upstream links, the links directly linked into the current link
are more significant than all links within two intersections. While for
the downstream links, the links within two intersections are kept in the
model. For both the upstream and downstream links, the number of links
is counted within one intersection as well as within two intersections. Due
to these reason the numbers of these two are highly correlated so only one
of them can be kept the model. There are four combinations regarding the
variables for upstream and downstream link numbers. All combinations
were tried and the combination of lastLinkNum for upstream and nextNext
for downstream gives the best model fit and is therefore chosen.
Both the road length and the road width have positive effects on travel
speed. The longer links normally are expressways or arterial roads and
on these roads the speeds are normally higher as can been seen from the
road type coefficients; besides, longer roads also mean less disturbances
from the intersections so travel speed on these links can be higher. As
for the width of the road, this parameter also indicates the road types and
the lanes of the road. For higher level roads, the speed are higher and the
links are generally wider. This parameter also indicates more lanes on
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Figure 4.17: Coefficient of spatial effects

the links, on which the vehicles can overtake slower ones to get desired
higher speed. Due to these reasons, the width also has a positive effect on
speed. Regardless of the spatial coefficients, the toll road has the highest
coefficients across all four models. As users pay to get a better road
service, which normally means less travel time therefore higher travel
speed and the model result shows that they get what they paid for.
As already shown in Table 4.7, the spatial correlation has a strong
influence on the model. This situation stays the same as the dependent
variable is transformed. The spatial matrix dominates the other predictors
in all three spatial models, especially the CAR model, whose spatial
coefficient reaches to 2.1122. In the SAR model, the spatial effect cannot
be higher than one, as can be seen in Fig. 4.17.
Using the default weight matrix (two intersection level based), the
spatial coefficient converges at 0.8920. Figure 4.17 also shows by deleting
one of the independent variable, how would the model fit change. It
checks if there are dominant variables in the model. All the curves
converge around the same value, which also proves the validation of the
model. After the log-determinant transformation, the spatial matrix plays
an even more important part and also leads to a better model fit and higher
maximum likelihood. By comparing all the models, the SAR model with
log-determinate is chosen for predicting both the mean and the second
moment of the expected speed.
As our purpose is to explore travel time reliability, it is not enough
to know the expected travel time (or travel speed) only. More statistical
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Table 4.9: Variance with and without mean as dependent variables
Variables
length
mean

OLS

ML

CAR

ML SAR with LD

0.036 -58935 0.073 -58697
0.159 -58102 0.185 -57909

ML

0.089 -58690
0.197 -57902

measures such as variance, skewness, etc are needed. But the problem
is that these measures, as dependent variable, cannot be easily predicted,
for the factors are far more complicated than the expected values. As the
variance also depends on the mean value of travel speed, in the regression
model we use mean to predict the variance as one of the predictors in order
to improve model fit. The model posted is similar to a path analysis model
without intermediate error terms. This generally leads to decreasing model
fit, but still generate better results as intermediate predictors. The reason
that a full path analysis model is not conducted is that the variances of
the speeds on adjacent links also have a strong spatial correlation and the
path analysis model cannot handle spatial correlations. Table 4.10 show
the model fits for predicting the travel speed variances. Same as the travel
speed, the variance also has heteroscedasticity therefore is square-root
transferred, which makes the dependent variable standard deviation of the
travel speed.
The length of the road and the mean speed are closely correlated, as
discussed in the previous models. So these two are not showing in the
model at the same time. Table 4.9 shows the model fit of models using
either length or mean as predictors to predict standard deviation of travel
speed. There are also other independent variables for all the models, but
for simplicity, they are not shown in the table. The independent variables
in Table 4.9 have much less predictive power compared to the mean speed.
All three models show model fits lower than 0.1, especially the OLS
model, which has the lowest adjusted R2 , 0.036. The models with mean
travel speed on the links show enormous improvements than these using
link lengths along with other same predictors. Between the two spatial
models, the SAR models predict the standard deviation slightly better than
the CAR model, which is the same as the mean speed prediction models.
With the mean speed entering the right side of the regression equation, the
models have equivalent prediction power as the mean speed model, so in
the final results, mean speed is used as one of the explanatory variables to
predict the standard deviation.
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Table 4.10: SAR model results for different time periods

Time period*
Sample
mean
lastLinkNum
nextLinkNum
nextNext
length
width
localRoad
expressRoad
collectorOneway
arterialOneway
expressOneWay

Mean

Std.

Mean

Std.

Mean

Std.

1
10492

1
10492
0.127
-0.042
-0.044

2
13681

2
13681
0.132
-0.039
-0.030

3
12187

3
12187
0.106
-0.047
-0.019

-0.069
-0.009
0.211
0.004
-0.086

0.005

-0.075
-0.009
0.203
0.004
-0.122

-0.049
-0.074
-0.015

0.006
-0.060
-0.059
-0.004

-0.096
-0.009
0.207
0.004
-0.165

0.006
0.017
-0.048
-0.079

0.215
0.214
0.229
0.133
0.113
0.129
toll
0.746 -0.671 0.660 -0.048 0.580 -0.308
Intercept
2.222 3.259 2.244 3.199 2.428 3.511
Alpha
0.96 0.592 0.894 0.651 0.785 0.574
2
Adj R
0.196 0.253 0.195 0.287 0.115 0.197
ML
-43931 -48035 -59193 -64549 -52795 -57902
*: 1 – peak hour, 2–off peak hour, 3– free flow time

Table 4.10 shows the final results of the SAR model to predict both
mean speed (square rooted) and the standard deviation. For predicting
the mean speed, all predictors are the same, while predicting the standard
deviation mean speed is used as one of the predictors along with other
different explanatory variables from the mean speed model. As the current
spatial toolbox provided by Pace and LeSage (2000) cannot perform
panel data estimation, the same model is conducted three times with the
independent variables for different time periods.

4.5

Network travel time reliability analysis

In the previous subsections, the link travel time and path travel time
reliability are discussed. Network total travel time is usually not easy to
explore, for it not only depends on the network topology, it is also greatly
influenced by the traffic assignment (or flow fluctuation). It can be simply
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Figure 4.18: Subnetwork
(a) Sub-network loacation

(b) FCD scatter plot for the sub-network

regarded as multiple travel times on each link of the network, which are
composed by different OD pairs with certain route choices depending on
the flow load of each link and other traffic conditions such as traffic light,
mix of traffic, etc. The situations are very complicated so the analysis
must be done under certain assumptions. A small part of the network
is chosen and a simple scenario is built, assuming a certain amount of
traffic running on this simple network. Then a dynamic assignment is
run until it reaches equilibrium. Based on the FCD data and the spatial
auto regression model, the total mean travel time and its variance, etc. are
calculated and network travel time distribution is built based on moment
estimation.

4.5.1

Small network scenario

A very small part of the network is chosen from the entire city network,
as shown in Fig. 4.18. Figure 4.18(a) shows the location of the small
network and Fig. 4.18(b) shows the actual speed scatter plot of each link.
Assuming there are 1800 cars from origin to destination (from the left
corner to the right corner), a traffic assignment is performed in TransCAD
(200 iterations) and the results are shown in Table 4.11.
As all link properties in the small network are used in the real network,
the result of the assignment also shows some resemblance. The flow in
the middle link shows less traffic flow, which can also observed from the
scatter plot. The scenario is run for 200 iterations and believed to reach
the equilibrium. As for the FCD data, no flow information is provided;
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the flow information in this scenario will be used for the analysis of the
total network travel time.
Table 4.11: Sub-network for the small scenario
linkID length(m) resistance
1
2
3
4
5
6
7

4.5.2

90
80
90
220
90
220
220

time capacity

0.9 7.83s
0.8 6.75s
0.9 7.33s
2.2 18.42s
0.9 7.25s
2.2 18.42s
2.2 18.33s

flow V/C

1200 600
1200 1080
1200 1200
1200 480
1200 720
1200 720
1200 600

0.5
0.9
1
0.4
0.6
0.6
0.5

Framework of network travel time reliability estimation

The total network travel time is the sum of travel time for multiple OD
pairs with determinant paths. It is almost impossible to record the travel
times for every vehicle running on the network. The travel time distribution in theory also applies for the network travel time analysis, but
as it is not easy to get total travel time data for an entire network, the
distribution is also unknown. So assuming the total network travel time
distribution is given, the next step is how to estimate the parameters of
the given distribution. The theory is as follows: Assuming T pi is the path
travel time for ODi then T, the total travel time on the entire network is
T=

n
X

T pi

i=1

Expected total travel time : µ = E(T )
Variance: σ 2 = E[(T − µ) 2 ]
Skewness: s3 =
Kurtosis: k 4 =

E[(T −µ) 3 ]
σ3

E[(T −µ) 4 ]
σ4

=

=

E[(T −µ) 3 ]
3

E 2 [(T −µ) 2 ]

E[(T −µ) 3 ]
E 2 [(T −µ) 2 ]
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As most of the distributions used have less than 4 parameters, using
these statistical measures, parameters of most distributions could be calculated. We will revisit this topic later, as we need to focus on the moment
of expectations: E[(T − µ) n ] .
By Binomial expansion (Coolidge, 1949), it follows that:
n
X
E[(T − µ) ] = E[
n

k=0

=

n
X
k=0

n!
(−µ) n−k T k ]
k!(n − k)!
(4.17)

n!
[−E(T )]n−k E(T k )
k!(n − k)!

Then the problem goes further to E(T k ); it is the k moment (Hall, 2005)
of expected total travel time of the network. As most of the distributions
have less than four parameters, the power of expected moments up to four
is:
E[(T − µ) 2 ] = E(T 2 ) − µ2 ;
E[(T − µ) 3 ] = E(T 3 ) − 3µE(T 2 ) + 2µ3 ;

(4.18)

E[(T − µ) 4 ] = E(T 4 ) − 4µE(T 3 ) + 6µ2 E(T 2 ) − 3µ4 ;
So in the following two subsections, the calculation of E(T k ) for the entire
network is discussed. First we use Monte Carlo simulation again to get a
general idea how the total network travel time distribution looks like, then
the proposed method is used for both an undegradable network (using the
whole day data) and a degradable network to estimate the parameters.

4.5.3

FCD Data based NTTR analysis

Proceeding the path travel time analysis, the kth moment of the expected
total travel time can be rewritten as:
E(T ) = E[(
k

m
X
j=1

k

T p j ) ] = E[(

m X
n
X
j=1 i=1

Tli j ) ] = E[(
k

m
X
j=1

k

li j
n R
P
i=1

li j
0

f 0 (x

) ]
i j )d x i j

(4.19)
Where T p j is the jth trip on the network.
Assuming the travel speed (therefore the travel time) of the link is
independent as before, the total travel time is calculated based on the
flow of the small network previously proposed using Monte Carlo sim98
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ulation. Note this is a non-degradable network, which means that all
the random speeds generated on the links are drawn from all-day data
and flow changes on the links are not considered. This will not change
according to the actual flow on the links, so there might be bias but mainly
because we do not have any flow information on the link, and besides the
total network travel time is also a general measurement for macro network
performance so the total network travel time should be robust to the flow
fluctuations.
For the 1800 trips from the same origin and destination but with different route choices, the travel time of each trip is calculated separately using
Monte Carlo simulation. The whole scenario is run for 1000 iterations
so the variance of travel time can be tested. A distribution ranking is
conducted again and the results for the top 7 distributions along with
other commonly used distributions is shown in Table 4.12. According
to the average ranking among three different goodness-of-fit tests, GEV
distribution, which has three parameters, fits the data best followed by
a 4-parameter Gamma distribution. Other distributions normally used
in the path travel time analysis such as lognormal distribution, Johnson
SB distribution also appears in front of other distributions. Most of the
distributions listed here have more than three parameters, which lead to
complicated density functions.
Comparing to the distribution ranking for path travel time, the 3paramter lognormal distribution goes down from 2nd to 5th, while Pearson5 (3P) still keeps in the third place. Johnson SB explains the total
network travel time better than only one single path travel time, as it jumps
from 31st to the 7th in the ranking table. The Burr distribution and normal
distribution more or less keeps the same rankings.
Figure 4.19 shows the histogram and fitted distribution for the nondegradable network. Three distributions are listed in the figure, but the
shapes of these three, among other distributions are quite similar in the
sense of ’curve fitting’ the histogram. The mean total travel time for
all cars in the network travelling from origin to destination takes 2662
minutes. Compared to the travel time for certain paths, the total travel
time shows less skewness. Despite of the ranking table, the shape of the
lognormal distribution and normal distribution are almost indistinguishable.

4.5.4

Spatial auto regression based NTTR

In the spatial auto regression model, three periods are defined in order to
show the impact of the flow changes to the travel speed. So when using
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Table 4.12: Distribution rankings for total network travel time
distribution
Gen.ExtremeValue
Gen.Gamma(4P)
Pearson5(3P)
Gamma(3P)
FatigueLife(3P)
Lognormal(3P)
JohnsonSB
Burr
Lognormal
Erlang
Gamma
Normal

ks_rank ad_rank chi_rank average total
1
2
6
5
3
4
8
11
19
23
25
28

1
2
5
3
4
6
7
19
13
15
17
25

3
4
1
6
8
5
2
9
22
23
26
29

1.67
2.67
4
4.67
5
5
5.67
13
18
20.33
22.67
27.33

1
2
3
4
5
5
7
10
16
20
21
29

Figure 4.19: Histogram and density function of total non-degradable network travel time

the predicted result from SAR models to predict the total network travel
time, different time periods are chosen according to the flow capacity
ratios. If the v/c ratio is lower than 0.4, the flow can be regarded as free
flow, then the 3rd time period coefficients are used. If it is higher than 0.8,
then the peak hour period are used, and the rest uses the second period.
This way the speed changes according to the flow and therefore the travel
time on the links also increases as the flow goes up. As can be seen later
in the diagram, the density functions constrained with the non-degradable
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and degradable network have an obvious difference.
For the matter of simplicity and also consistent with the previous
chapters, the two parameter lognormal distribution is selected as the total
network work travel time distribution. In the previous sections the mean
and variance (both square rooted to avoid heteroscedasticity) are predicted
on each link level separately. So for the total network travel time, the
mean and variance are:
E(TTnetwor k ) =

n X
m
X

δ j E(linki )

i=1 j=1
n X
m
X

V ar (TTnetwor k ) =

(4.20)
δ j V ar (linki )

i=1 j=1

Where δ j is a dummy variable indicating if the link is include for path m.
As the lognormal distribution only has two parameters, the estimation
only goes to the second moment, and they are calculated as follows:
[

mean2

µ = ln( √
) = ln( s
n P
m
var − mean2
P

n P
m
P

2

δ j E(linki )]

i=1 j=1

)

δ j V ar (linki ) − [

i=1 j=1

n P
m
P

δ j E(linki )]

i=1 j=1

v
u
u
n P
m
u
P
u
u
u
δ j V ar (linki )
u
r
u
u
u
i=1
j=1
var
u
σ = ln(1 +
) = tln(1 +
)
2
2
n P
m
mean
P
[
δ j E(linki )]
i=1 j=1

(4.21)
Both the predicted and the original values are used to estimate the
parameters of the distribution. The distribution using the original mean
and variance on each links show a lower total mean 2662.2 min while
the predicted values have a mean total network travel time of 2674.0
min, which are very close to the one using the original values. The
total network variances are also quite similar, 2110.8 min2 and 2106.8
min2 respectively. Both the predicted and the original density show
similar curves as normal distribution. As can be seen from Fig. 4.20, the
lognormal distribution and the normal distribution almost overlap each
other. The same phenomenon is also visible in the non-degradable network
distributions, all distributions curves show less asymmetry compared to
the distribution on a single route. As the SAR models only predict the
link travel time to the second moment, no other parameters of normally
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Figure 4.20: Comparison of density functions from two different networks

used distributions can be calculated such as Johnson SB distribution (4
parameters), GEV distribution (3 parameters), etc(Hill, 1976; Hill et al.,
1976).
Figure 4.20 also shows the comparison of the non-degradable network
travel time distribution to that of the degradable network. Both curves
show resemblance to the normal distribution, the non-degradable network
shows lower mean travel time than the degradable network as it uses
the all-day data. The degradable network show higher mean travel time
due to the fact that if the flows on certain links are increasing, the travel
speed decreases hence the travel time will increase as well. This may
also depend on the network assignment. In the small network scenario,
there are only two links using peak hour parameters. The shape of the
distribution might also change as the size of the network increases or take
the speed correlations between links into consideration. But based on
the scenario built here, and also assuming link speeds are independent
of each other, the total network travel time distribution is quite close to
a normal distribution, which means the total travel time dispersions is
almost symmetric. To fully explore what the distribution of a total network
travel time is, more data is needed.
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4.6

Conclusion

This chapter focuses on using FCD data to analyse network travel time
reliabilities. Three levels of reliability, link based, path based and network
based are measured respectively.
Based on the data, we are able to calculate the speed variations within
each links. A polynomial regression is conducted to capture the speed
changes along the link and the unreliability of link travel time is defined
to indicate how the speed changes within a link.
Link travel time has correlations between adjacent links, but due to
the restrictions of the data, it is unable to calculate the correlation between
adjacent links. Based on this assumption, path travel time is analysed
using Monte Carlo simulation. The total network travel time is also
calculated based on a small network assuming links are uncorrelated.
Monte Carlo simulations use all day data to explore the link travel
time reliability, when using it to simulate the total network travel time,
no influences of flow fluctuation on travel time can be captured. So a
spatial auto regression model is used to predict the link travel time and its
variance according to different time period in order to explain the demand
effect on travel time.
Both the total travel time distribution of a non-degradable and a degradable network are calculated using simulation and moment estimation respectively. Both distribution curves show that the total travel time of the
network share the similarity of a normal distribution. But to prove if the
network total travel time actually follows a normal distribution, more data
is needed.
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Chapter 5

Predicting travel time
distribution
In the previous chapter floating car data from Wuhan was used to predict
travel time reliability on the link level, route level and network level. This
chapter focuses on using integrated floating car data (from Tomtom Stats)
to predict travel time reliability. As mentioned before, if the parameters of
the distribution are known, all the travel time related measures such as the
mean, variance, skewness etc. can be calculated. So instead of predicting
the travel time directly, the parameters of the travel time distribution
are predicted using multiple linear regression models and based on the
predicted parameters, the travel time reliability is calculated.
In the beginning of this chapter, the data is described, followed by an
introduction to the independent variables for the regression model. Using
Tomtom percentile data, three goodness-of-fit tests are performed to find
the best fitting travel time distribution. Then multiple linear regressions
are used to predict the parameters of the distribution and a ridge regression
model is employed to check the multicollinearity among the independent
variables. In order to improve the model fit, a spatial auto regression
model is used to predict the mean and variance for the network links and
then passed on to the multiple regression models as predictors. Finally the
travel time distribution and reliability are calculated using these predicted
parameters.
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5.1

Data assembly

5.1.1

Tomtom traffic Stats data

The Tomtom traffic Stats database is a co-product of the Tomtom Navigation System. This integrated data is extracted from Tomtom navigation
systems. The travel speeds and positions of the cars, which use Tomtom
navigation devices, are constantly recorded and uploaded to Tomtom
database under user agreements. Tomtom separates this data and allows
to query this data in terms of specified routes for certain time of day
(TOD) and day of week (DOW) periods. The registered analysts can
define the start and the end locations of the route on the network with
three intermediate locations as a query.
The interface of the query is shown Fig. 5.1. Routes up to 75 km
long, TOD and DOW can be selected through this web-based database.
The query is sent to the database and once the query is run successfully
on the server, it will provide the integrated route information of travel
time, speed and other statistical data on a ’link segment’ basis. These files
provide information based on the unit of link segment, which is defined
by Tomtom as a special element. The link segment is normally a part of
the road link divided by obvious speed limit changes, street name changes,
city borders crossing, or even house number style changes, etc.
Tomtom traffic Stats provides data from 01.01.2008 to 11.12.2011,
but the selected routes use the data from 01.01.2010 to 31.07.2011 due
to Tomtom database server problems. As shown in Fig. 5.1, the base set
is from Monday to Friday between 17:00 and 19:00, which covers the
evening peak hour. Set 2 is from Monday to Friday between 7:00 and
9:00, the morning peak hour. Set 3 is between 10:00 and 16:00 for the
daytime off peak period. Set 4 is free flow time at night time (from 21:00
to 5:00) on weekdays. The entire day of Saturday and Sunday are defined
as set 5 and set 6 respectively. The remaining time periods of the week
are defined as set 7.
The Excel file contains eight sheets: the route information summary,
average travel speeds, median travel time, travel speed percentiles, travel
time percentiles, cumulative travel time, standard deviation of travel time
and travel time ratios. The summary sheet records the basic information
of the route, the definition of the time periods, the total travel time and
average speed within each time period. The travel time ratio is the travel
time for each time period divided by that of the base set. The evening
peak hour (from 17:00 to 19:00 during weekdays) is used as the base set.
The mean travel time, median travel time, travel time standard deviations
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Figure 5.1: Tomtom Traffic Stats query interface

are recorded for each segment based on each time period. The sheet of
percentile data provides travel time percentiles from 5th percent to 95th
percent with an interval of 5 percent. This is used for the search of the
best-fit travel time distributions.
The KML file contains the geometry information (polylines) of the
route that can be visualized on Google earth. Two subsets, speed information and travel time ratios, are integrated in the KML file and in each
subset information on a road segment basis is provided. It is the same
information provided in the excel file with extra route geometries. The
geometry information in the KML file is map-matched to the road network
to get the network information and this information is used as independent
variables for the regression model.
The routes are selected based on the RP survey described in Chapter 3.
They are the routine trips collected from the respondents. As the Tomtom
database only allows specifying the route with origin, destination and three
intermediate locations in between, it is not possible to fully reconstruct
the routes collected from the survey. Besides, due to sample size available
in the Tomtom database on certain links and other unknown technical
problems, queries of certain routes could not be run successfully. The
routes are selected according to the origin and destination of the routes
collected in the survey with the intermediate points as close to the original
routes as possible. If the original routes are not available due to the server
problems, then alternative routes nearby are selected.
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Table 5.1: Variables used in the model
Variables

Descriptions

roadLength
crossings
totalElv
numOfNetworklevel1-6
lengthOfNetworkLevel1-6
numOf0 6LaneLinks
totalCurveness
popDen
emplDen
gemeindenCrossed

Length of the road
Number of intersections along the route
Sum of altitude changes along the route
Count of each link type along the route
Sum of the route length in each link type
Count of links lanes
Sum of the link curves
Average population density
Average employment density
Number of administrative municipalities
crossed by the route
Road density based on the 50m, 100m,
200m, 500m buffer
Time periods
Predicted travel time by the SAR model
Predicted Std. by SAR model

50,100,200,500mDen
timePeriod1-7
predictMean
predictStd

5.1.2

Independent variables

The independent variables listed in Table 5.1 are used to predict the
parameters of the travel time distribution. They can be divided into
three categories: micro census based data, spatial and network based data,
predicted mean and standard deviation from spatial auto regression models.
The population density (popDen) and employment density (emplDen)
are modified from Swiss Micro census 2010; the predicted mean and
standard deviation of the travel time are predicted values using spatial
auto regression models on network link level. By assuming each link is
independent, the mean and standard deviation of the route are calculated
by summing up all the links. The rest of the variables are spatial or
network based variables calculated for each route.Table 5.1 lists all the
independent variables that may influence the dependent variables. Later
these variables are tested by entering the regression model in a certain
order and only those that pass the statistical tests and do not have obvious
correlations with other independent variables are kept in the model.
PTV - Tomtom network for Switzerland
The network, ’VISUM–Netz Schweiz aus TomTom 2010-12 inkl
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Speed Profiles Enhanced 15 Min’, is provided by PTV with special speed
profiles with a 15-minute interval. PTV integrated the Tomtom historical
speed data into a VISSUM format network with detailed speed information
and other network features. There are two reasons to use this network:
it is a product of the cooperation of PTV and Tomtom Corp, and the
geometric features of the links (especially coordinates of the links) on the
network match the Tomtom Stats data quite well. This helps to improve
the precision when map-matching the Tomtom Stats data to the network.
Secondly, the integrated speed data are used as dependent variables to
predict the mean and standard deviation of the link speed then transferred
to travel time. This network does not have link type as one of its attributes,
but has a substitute attribute called ’network level’ from level 1 to 8, the
lower the value, the higher the road types. Network level 7 and 8 are
only for pedestrians and hiking with no car traffic involved, so they are
excluded from the network.
Road density
Within each route, the buffered area is generated with a certain distance
around the route. The total length is calculated by adding up all the road
lengths inside the buffered area. The road density is the total length
divided by the buffered area. As shown in Fig. 5.2, the red line is the
target route; the green polygon is the buffered area along the route and
the purple lines are roads. The types of the roads inside the buffered area
are ignored when the road density is calculated. The road density of the
buffered distance of 50m, 100m, 200m and 500m are calculated separately
to see which one has the most significant effect on the dependent variables.
As they are highly correlated with each other, only the one with the best
model fit enters the model.
Population density, employment density and municipalities crossed
The population density and employment density are calculated slightly
different from the road density. The route normally crosses several administration districts. As the population data is given for each municipality
in total and not available for a certain buffered area along the route, the
population density is calculated as the average population density along all
the passing municipalities crossed, as shown in the blue area in Fig. 5.3.
The formula to calculated the population density of each route is:
n
P

Pop_densit yroute =

i=1

PopDeni
n

(5.1)

Where Popdeni is the population density of municipality i, and n is
the number of municipalities (gemeindenCrossed) the route passes by.
109

Chapter 5. Predicting travel time distribution

Figure 5.2: Road density

Figure 5.3: Population density
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Figure 5.4: Digital terrain map intersects route points

Intersections
Intersections are numbers of intersections that the route passes by. In
order to count the intersections, the route must be matched to the network
first. The map matching process uses the same method as in chapter 3.
First the routes are decomposed into points and then the hidden Markov
model matches all the points to the network using Viterbi algorithm. After
the route is matched to the network, the intersections can be easily counted
in MATSim using network nodes information.
Altitude differences
This variable shows the altitude changes along the routes. The sum
of the altitude differences is based on the digital elevation model (DEM)
in Switzerland with a 25-meter precision. As shown in Fig. 5.4, the
background is the raster terrain map; the green lines are the road links;
the red line is the target route and the blue dots are decomposed from the
route and matched to the network.
The routes are decomposed into the points and matched to the network
as mentioned before. Then all the points are intersected with the raster
terrain map and the altitude for each point pi is extracted, and total altitude
difference is the sum of the absolute differences between two adjacent
points:
n
X
totalElv =
|pi − pi−1 |
(5.2)
i=2

Network levels, link lanes and curveness
These variables are derived from the PTV network. The variables,
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Table 5.2: Time periods
Period
1
2
3
4
5
6
7

Definition
Mon 17-19 Tue 17-19 Wed 17-19
Mon 07-09 Tue 07-09 Wed 07-09
Mon 10-16 Tue 10-16 Wed 10-16
Mon 00-05 Tue 00-05 Wed 00-05
21-24
21-24
21-24
Sat 00-24
Sun 00-24
Other undifined time periods

Thu 17-19
Thu 07-09
Thu 10-16
Thu 00-05
21-24

Fri 17-19
Fri 07-09
Fri 10-16
Fri 00-05
21-24

numOfNetworklevel1-6, are the count of different network levels on the
route while lengthOfNetworklevel1–6 are the sum of lengths in each
network level on the route. The ’numOf0–6LaneLinks’ are counts of links
in each number of lane category from 0 lane links to 6 lane links. The
variable ’numOf0LaneLinks’ means there is no record for the number of
lanes on the link. These three variables require the routes map-matched to
the network as well. After the routes are matched to the network, all these
network specific data can be extracted easily from the MATSim network
file. The curveness is sum of the curves on each link for the path:
curveness =

n
X

curvelink i

(5.3)

i=1

Time period
Time period is a categorical variable that indicates both the time
periods of the day and day of the week, as shown in Table 5.2.
The time period is defined based on (Hackney, 2007), in which he
used time period as one of the predictors in a spatial regression model to
explain the travel speed: period 1 represents the evening peak hour for
weekdays and period 2 represents morning peak hour of the weekdays.
Period 3 is for midday traffic and period 4 is the free flow periods of the
weekdays. Period 5 and 6 cover the entire day of weekend, Saturday
and Sunday respectively. Period 7 is the rest of the time periods in the
weekdays.
Predicted mean and variance of the link travel time
In order to improve the model fit, the mean and variance of the travel
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Table 5.3: Basic statistics for independent variables
Variable

Min

Max Mean median

roadLength(km)
1.74 74.42 28.83
crossings
8
495
152
totalElv(turns)
0.188 76.89 20.66
totalCurveness
1.23 43.53 15.1
2
popDen(person/km )
27 6060 1823
2
emplDen(person/km )
6 1899
563
gemeindenCrossed
1
34
11
2
roadDen(km/km )
5.85 22.16 12.15
meanTT(hour)
0.05 1.15 0.48
Predicted mean (hour) 0.03 1.01 0.37

Std.

27.75 14.37
134
86
15.53 16.52
13.94 7.81
1588 1188
446
424
10
6
12.11 3.02
0.46 0.18
0.36 0.18

time on the links are predicted using the spatial auto regression model.
By assuming all the links are independent from each other, the expected
route travel time and its variance are then calculated to predict the parameters. Detailed model specifications will be discussed in the following
subsection.
Table 2 shows the basic statistics about the continuous variable described above. As the length of the routes covers a wide range (from
1.74 km to 74.42 km), associated variables are also scattered widely. Before all the variables are used in the model, outliers for each variable are
checked according to Hoaglin et al. (1986); Hoaglin and Iglewicz (1987).
Independent variables listed in Table 5.3 do not necessarily have to be
used in the model. Only these which pass statistical tests and also show
expected signs are kept in the model. The statistics mean travel time from
Tomtom Stats data and the predicted mean using SAR model are also
quite close. They even share the same standard deviation. This will be
further discussed in the following context.

5.2

Travel time distribution estimation

5.2.1

Goodness of fit test

The goodness of fit test shows how well the data fits a certain theoretical
probability distribution. It can only be performed under the assumption
that the distribution is known. The commonly used distributions for travel
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time are: lognormal, gamma, etc. There might be also other distributions,
which might fit the travel time data better. 55 commonly used distributions
were tested respectively. Some of these distributions, depending on how
they are defined, have different forms, for example, there are 2-parameter
lognormal and 3-parameter lognormal distributions. A total number of
65 different distributions are tested separately to search for better fitting
distributions. The general procedure consists of defining a test statistic,
which is a function of the data measuring the distance between the hypothesis and the data, and then calculating the probability of the obtaining
data.
Three goodness-of-fit tests, Kolmogorov-Smirnov (KS) test, AndersonDarling (AD) test and Chi-square (Chi) test are used, same as before.
Essentially, all these three tests are two-sample hypothesis tests. The
null hypothesis assumes that the data follows a specified distribution and
the alternative hypothesis is that the data does not follow this specified
distribution. With the assumption of the data following this distribution,
the parameters of this specific distribution are estimated. There is also
a transformation that changes the data into the format of a cumulative
probability distribution. The transformed data is compared to the assumed
cumulative distribution functions to perform the two-sample hypothesis
test.
All three distribution-fitting tests evaluate these 65 distributions separately. Due to the different methods used by these tests, same distribution
may have different rankings and sometimes cannot pass certain tests. In
order to avoid confusion, the average ranking is calculated across the
three tests. The ranking table for the top ten distributions along with some
normally used distributions are shown in Table 5.4.
According to the test, the Generalized Extreme Value (GEV) and the
Log-Pearson3(3P) distribution perform well. The GEV distribution is
actually a family of distributions and this is probably one of the reasons
that it is on top of the list. The Wakeby distribution, according to Chitest, fits the data very well, but the other two tests show that for certain
routes this distribution cannot pass its tests. This lowers the average
ranking for this distribution. Due to this reason only the total average
ranking is considered here, as the purpose is to find a distribution that
generally fits the data well. The lognormal and Gamma distributions are
recommended by many researchers (Herman, 1974; Polus, 1979; Dandy,
1984; Mogridge, 1984; Montgomery, 1987; Rakha, 2006; Chen, 2007).
According to the ranking table, the 3-parameter Log normal distribution
and 3-parameter Gamma distribution fit the travel time data well, but the
normally used 2-parameter lognormal or Gamma distributions show lower
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Table 5.4: Distribution rankings for travel time

Distribution

KS test AD test Chi 2 test Average Total*

GEV(3P)
7.10
5.66
10.26
7.67
1
Log-Pearson3(3P)
6.87
6.34
10.33
7.85
2
Wakeby
7.85
10.44
7.43
8.57
3
Pearson5(3P)
6.56
5.48
14.33
8.79
4
Lognormal(3P)
6.56
5.81
14.32
8.90
5
Gen._Logistic
8.49
9.17
11.42
9.69
6
Inv._Gaussian(3P)
7.91
7.05
15.15
10.04
7
Fatigue_Life(3P)
8.40
7.55
14.21
10.05
8
Frechet(3P)
8.54
7.35
14.32
10.07
9
Log-Logistic(3P)
9.33
9.84
15.71
11.63
10
Johnson_SB(4P)
9.06
12.11
18.25
13.14
11
Lognormal(2P)
22.04
19.81
21.85
21.23
19
Weibull(2P)
28.87
37.03
18.22
28.04
26
Normal(2P)
33.73
31.91
32.11
32.59
32
Burr(2P)
30.09
31.97
38.06
33.38
34
*- It is the average ranking for all the routes according to all 3 tests.

rankings. For the same distribution, the more parameters the distribution
has, the more precisely it can describe the data. All the top ten distributions
have at least three parameters. As the percentile data used to perform the
goodness test has a relative small sample size, most of the distributions
(ranking higher than 20) can pass the hypothesis test. This means that all
these distributions could be used to describe the travel time distribution.

5.2.2

Characteristics of the lognormal distribution

Even though the Generalized Extreme Value distribution and other distributions show higher rankings, for the prediction of the travel time
reliability, the lognormal distribution with 2 parameters is chosen due
to the following reasons: firstly, the density function of the lognormal
distribution has only two parameters and most of the other higher ranking
distributions have at least three parameters. The parameters are predicted
later using regression models independently and then used to reconstruct
the travel time distribution. Fewer parameters normally mean less prediction error. Secondly, the parameters of the lognormal distribution can be
easily formed into mean and variance while the other distributions have
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more complicated relations (for example, the shape parameter of the GEV
distribution has a non-monotonous relation with mean, median and variances). Besides, the lognormal distribution has a relatively easy density
function than the other distributions of which rankings are higher. Thirdly,
the lognormal distribution has also a relatively high rank in the list, and as
can be seen in chapter 4, different shapes of the density functions for the
same route make not much difference. And same as the higher ranking
distributions, the lognormal distribution also passes the hypothesis tests
for most routes. So it is also a suitable distribution to describe the route
travel time. The last reason is that in the previous chapters, the lognormal
distribution is used to describe travel time both in discrete choice models and network based models; it is also a matter of consistency. Based
on these reasons, the lognormal distribution is chosen as the travel time
distribution.
The density function of the lognormal distribution is:
2
1
− (ln x −2µ)
2σ
(5.4)
f (x; µ, σ) =
√ e
xσ 2π
It is a logarithmic transformed normal distribution, and like the normal distribution it also has two parameters. The parameter µ is the shape
parameter and σ is the scale parameter. As it is a transformed distribution, the parameters are not equivalent to the mean and variance as for
the normal distribution. How the shape of the density function and the
statistical measures change with the parameters are shown in Fig. 5.5. The
scale parameter µ influences the width of the function, while the shape
parameter σ mainly decides the height of the function. For the scale
parameter, it has a monotonous relation with the mean, median, mode and
standard deviation. All these four relations show a concave curve as the
scale parameter increases. The skewness (It is scaled in order to appear in
the same figure with other statistics), on the other hand, is not influenced
by µ. Compared with the scale parameter, the shape parameter shows relatively more complicated relations. The increase of this parameter causes
the value of mean, standard deviation and skewness increase but the mode
decreases. The increase of the shape parameter does not influence the
median, and there is also no observed influence to the skewness. Generally
speaking, with one parameter fixed, the mean, standard deviation will
simply increase with the other, and this is also another reason that the
lognormal distribution is being chosen. Both parameters show concave
curves with the mean and standard deviation, which means the tendency
of increasing is slow in the beginning, but as the value of the parameters
increase, the mean and standard deviation go up faster and faster.
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Figure 5.5: Influence of the lognormal parameters

5.3

Multiple linear regressions

5.3.1

Spatial regression model for network links

In order to improve the model fit for the route choice model, spatial auto
regression models are used to predict the mean and standard deviation
of the travel time at link level. Then assuming each link is independent,
the predicted means and standard deviations of the routes are calculated.
Along with other micro census data and spatial data, these variables are
fed into the multiple linear models to predict the parameters of the travel
time distribution. The detailed structure of spatial regression model has
been described in the previous chapter, so only the independent variables
and the final results are presented here.
Table 5.5 shows the variables used in the model. The dependent variables, mean and standard deviation of the travel time, are first calculated
from the PTV-Tomtom network based on its 15 min interval speed data
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Table 5.5: Variables used in the SAR model
Variable

Descriptions

predictMean
predictStd
numOfLanes
networklevel

Predicted mean travel time as dependent variable
Predicted standard deviation as dependent variable
Number of lanes on the link, dummy variable
Equivalent to link type,
with pedestrian and hiking route excluded
FC, FW
Special variables for the PTV-Tomtom network,
supplementary variables for link types
linkLength
Link length
curveness
Total turning angles along the link
freeFlowSpeed
free flow speed along the link
direction
Dummy variable for one way link
Intercept
Constant for the SAR model
Alpha
Coefficient for the spatial weight matrix
d
Spatial matrix based on four closest neighbours

and link length, then they are predicted as the dependent variables using
the other independent variables listed in the table. The sample routes
are from Tomtom Stats data, which are decomposed into links and map
matched onto the PTV-Tomtom network. The spatial weight matrix uses
these matched links to calculate up to four closest links using the Spatial
toolbox in Matlab (Pace and Barry, 1997; Pace et al., 2000; Pace and
LeSage, 2000). Only the links extracted from the routes defined in the
Tomtom Stats data are used here. The distribution of the links and neighbours on the network are shown in Fig. 5.6. Four nearest neighbours are
used to calculate the weight matrix, most link neighbours are from the
same routes and this explains the speed correlations between adjacent
links quite well. As the routes scattered on the network are quite sparse,
the possibility that links from different routes have significant correlations
is quite low. Higher and lower numbers of neighbours are also used but
they do not generate better results.
The model results for both the Ordinary Least Square (OLS) and
the Spatial Auto Regression model (SAR) are shown in Table 5.7. For
both mean and standard deviation of the travel time, the adjusted R2 of
SAR models are higher than the OLS models as expected. Especially for
the standard deviation of the travel time, the model fit improves greatly,
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Table 5.6: Variables used in the SAR model

Continuous
linkLength(m)
freeflowSpeed(km/h)
speedLimit(km/h)
curveness

min

max

mean median variance

1
6578 162.9
12
117 57.12
15
120 59.45
0 38.9677 0.0784

dummy
ramp

(total link 45087)
2195 oneWay

categorical
networkLevel1
networkLevel3
networkLevel5
numOf1Lane
numOf3Lanes
numOfOtherLanes

(total link

45087)
7005
704
8511
41752
507
1950

297.78
20.24
25.61
0.333

22546
Level2
Level4
Level6
2Lanes
4Lanes

Figure 5.6: Four nearest neighbours for predicted links
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53
50
0

957
21484
6426
819
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Figure 5.7: Convergence of the spatial coefficients

from 0.164 to 0.304. This indicates that the spatial correlation plays a
crucial part when predicting the standard deviation of the travel speed.
The adjusted R2 also shows that the mean has much better model fit than
the standard deviation. This conclusion is the same as the previous chapter
when using the network variables to predict the expected and variance of
the travel time. The mean is more sensitive than the standard deviation of
the travel time to the same explanatory network attributes. The variance of
the travel time is mainly caused by the delays on the intersections in urban
networks. The SAR models can capture the spatial correlations between
links; however, the delays on the intersections cannot be captured because
the intersection information is hard to get. This may be one of the reasons
that the models for the standard deviation show relatively low model fit.
The spatial effects for both mean and standard deviation of the travel
time are shown in Fig. 5.7: the optimum of the spatial coefficient (range
0-1) for the mean travel speed peaks at 0.505 while for the standard
deviation it tops at 0.433. In order to make sure if better model fits are
really caused by the spatial weight matrix, the other explanatory variables
are excluded one at a time to see their marginal influences on the model
fit. All the curves maximize around the same value, which proves that the
spatial effect of the model is not partial. The convergence of the spatial
coefficient also indicates that both the spatial weight matrix and other
independent variables are important to the model, for the marginal effects
more or less overlap with each other. No dominant predictors can be
found in the model.
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Table 5.7: Model results for predicting the mean and standard deviation
of link speed
Mean speed Standard deviation
Variables
ramp
FC
FW
linkLength
direction
speedLimit
curveness
freeflowSpeed
networkLevel2
networkLevel3
networkLevel4
networkLevel5
networkLevel6
numOfLanes
numOf2Lanes
numOf3Lanes
numOf4Lanes
numOfOtherLanes
Intercept
Alpha
adj. R2

5.3.2

OLS
0.579
0.005
1.379
0.430
-1.216
0.137
-19.511
-24.65
-22.706
-24.281
-26.416
1.922
39.551
0.847

SAR
0.437
0.005
1.147
0.357
-0.658
0.103
-21.028
-25.958
-25.392
-28.688
-32.988
1.893
49.170
0.505
0.881

OLS
0.540
-0.172
-0.091
-0.027
-0.004
-0.085
-0.007
-0.155
0.479
-0.399
-0.628
-0.139
0.219
0.358
1.324
-0.023
3.695
0.164

SAR
0.526
-0.137
-0.090
-0.022
-0.003
-0.069
-0.006
-0.113
0.482
-0.451
-0.710
-0.287
0.201
0.325
1.183
0.041
3.556
0.433
0.304

Dealing with multicollinearity

A common problem for multiple linear regressions is the multicollinearity
among certain variables. It is unavoidable to have correlations among
independent variables. The problem is how to find out which independent
variables are correlated and how to exclude some of them without influencing the model fit too much. One indicator, variance inflation factor
(VIF) is normally used to detect highly correlated variables. It provides
the information of how much the variance for a given regression coefficient goes up compared to if all predictors are not correlated (Cohen et al.,
2003). When looking at the standard error of a regression coefficient, it is
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defined as:
s
SE Bi =

sdY
sd Xi

2
1 − RY.12...k

n−k−1

s

1
2
1 − Ri.12...(i)...k

(5.5)

2
Where 1 − RY.12...k
is the variance explained by the hypothesized model;
2
1 − Ri.12...(i)...k is the variance explained by the model in which the given
predictor (Xi) is regressed on the remaining predictors in the model. This
2
means, when calculating the standard error for one predictor, Ri.12...(i)...k
is calculated by taking other predictors and using them simultaneously
to predict this variable. The variance of the coefficients is the square of
SE Bi , which is:
2
sdY2 1 − RY.12...k
1
)
V (Bi ) = 2 (
)(
2
sd Xi n − k − 1 1 − Ri.12...(i)...k

(5.6)

And the last part of the equation is defined as VIF:
V IF =

1
2
1 − Ri.12...(i)...k

(5.7)

The inverse of the VIF is called tolerance; normally it is suggested to be
higher than 0.25, which means the VIF should be lower than 4.0.
Sometimes using VIF to detect collinearity is not enough. All the
VIF values could be in acceptable ranges but some variables still show
unexpected signs. This sometimes indicates that potentially there are still
correlations between certain independent variables. In order to find out
the correlations among independent variables in situations like this, the
ridge regression (Hoerl and Kennard, 1970) is used. This regression adds
a set of variables K (disturbances) to avoid the collinearity of the OLS
(Ordinary Least Square) estimation. The coefficients are then estimated
as follows:
β(k) = (X 0 X + K I) −1 X 0Y

(5.8)

Where β(k) means the coefficients estimated when the ridge value K = k
;
I is the identity matrix. X and Y are the independent and dependent
variables respectively.
Regular multiple linear regression models require the independence
of the predictors, also known as independent variables. When these
predictors are correlated with each other and the columns of the design
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Figure 5.8: Ridge regression to detect multicollinearity for mean travel
time

matrix X have an approximate linear dependency, the matrix (X 0 X ) −1
becomes close to singular. Then the least-squares estimation becomes
highly sensitive to random errors in the observed response Y, which
produces a large variance. This situation of multicollinearity can happen,
for example, when data are collected without an experimental design. K
improves the conditioning of the problem and lowers the variance of the
estimates. On the other side, because of the existence of K, the model is
no longer unbiased. So normally it has worse mode fit when compared to
least-square estimates, and it becomes worse as K increases.
In Fig. 5.8, an example of a ridge regression is built to predict the mean
travel time of the route, where the ridge parameters K are assigned from 1
to 300 and all the coefficients are estimated accordingly. When the ridge
attribute K equals to 0, the model is the normal multiple linear regression.
While this value increases, the standardized coefficients slowly converge
at the cost of the model fit. As K increases, the coefficient of 200mDen
increases but the coefficient of 100mDen drops dramatically. However, the
sum of these two does not change much as the ridge parameter increases,
and gradually both coefficients converge to the same value. This is due
to the close correlation between these two variables. If this phenomenon
occurs, even though the VIF of these two parameters are lower than the
recommended threshold, it can be concluded that these two are correlated
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and one of them should be excluded. There is a trade-off between the
model fit and the existence of multicollinearity; as the ridge parameter
increases, the coefficient of determination (adjusted R2 ) decreases because
of the disturbance. And a bias is also introduced to the model, so the ridge
regression is not used to predict the final result, rather used to find out
correlated variables. One of those correlated variables is removed and the
one, which generates a better model fit is kept in the model.

5.3.3

Prediction of the scale parameter

The two parameters of the lognormal distribution are predicted respectively and the selection of the corresponding predictors is basically as
follows: first for each parameter a step-wised linear regression is performed to receive a general information which variables are significant;
as the step-wise regression cannot check multicollinearity, some of the
variables may highly correlated, which normally means that they have
VIF values higher than 4.0. By adding potential variables or deleting
unexpected variables, the VIF values are aimed to be lower than 4.0. If all
the VIF values are in the acceptable range but the signs of certain variables
are still not expected, a ridge regression is built to find out if there are
potential correlations between certain variables. Different variables are
tried in the regression if the collinearity is in an acceptable range and also
the signs of the variables are guaranteed to be consistent with expectations.
The combinations with the best model fits are shown in Table 5.8.
Both models show acceptable model fits: the shape parameter has
lower adjusted R2 as it indicates the variance of the travel time and
the scale parameter, which indicates the mean travel time has higher
model fit as expected. For the shape parameter, the road density and
population density enter the model with the right sign. The predicted
standard deviation from the SAR model also has a positive effect to the
shape parameter within the 5% significant level. The time periods, which
all pass the statistical tests, are kept in the model, as they are part of the
dummy sets. As the time period 1 and 2 indicate the evening and morning
peak hours, both of them have a positive effect on the shape parameter
while the other time periods show a negative effect. The counts for the
route under each network level are all kept in the model even though some
of them are not statistically significant.
For the scale parameter, the adjusted R2 is 0.872. The road density
showed negative sign if it was added in the model. This is unexpected
so it is excluded in the final model. The employment density shows up
for the scale parameter instead of the population density. As these two
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Table 5.8: Estimates for shape parameter σ and scale parameter µ

variable
(Constant)
routeLength
roadDen
popDen
emplDen
totalCurviness
crossings
predictMean
predictStd
timePeriod1
timePeriod2
timePeriod3
timePeriod4
timePeriod5
timePeriod6
numOfLevel1
numOfLevel2
numOfLevel3
numOfLevel4
numOfLevel5
numOfLevel6
missingLanes
2LaneLinks
3LaneLinks
4LaneLinks
5LaneLinks
adj. R2

For shape parameter σ
Beta
t Sig.

For scale parameter µ
Beta
t Sig.

- 14.792 0.000
- 448.546 0.000
- 0.686 25.962 0.000
0.284 10.227 0.000
0.235
9.781 0.000
- 0.043
4.440 0.000
- 0.031
2.762 0.006
- 0.137
7.251 0.000
-0.491 -7.196 0.000
0.243
5.774 0.000
0.196
11.17 0.000 0.069
7.014 0.000
0.104
5.931 0.000 0.050
5.092 0.000
-0.073 -4.165 0.000 0.007
0.717 0.474
-0.246 -14.012 0.000 -0.080
-8.046 0.000
-0.111 -6.339 0.000 -0.028
-2.872 0.004
-0.205 -11.695 0.000 -0.056
-5.620 0.000
0.080
1.327 0.185 -0.154
-3.942 0.000
0.061
2.925 0.003 0.078
6.948 0.000
0.117
6.076 0.000 0.104
9.256 0.000
0.127
4.566 0.000 0.255 12.767 0.000
0.063
3.444 0.001 0.169 16.000 0.000
0.057
2.880 0.004 0.067
6.580 0.000
0.068
1.552 0.121 -0.009
-0.366 0.714
0.085
2.249 0.025 0.027
1.259 0.208
-0.061 -1.864 0.062 0.001
0.048 0.962
0.003
0.129 0.897 0.041
3.348 0.001
0.110
6.809 0.000 0.040
4.383 0.000
0.597
0.872

variables are highly correlated with each other, the ridge regression is
performed. They show similar curves as the two road density variables in
Fig. 5.8, therefore the employment density is kept in the model, as it gives
better model fit. The total curviness, which indicates geometry changes
of the route, enters the model with a 90% confident level.
The predicted total travel time from the SAR model has a great in125
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fluence on the scale parameter because it is closely related to the mean,
but as it might potentially introduce bias in the model and the adjusted
R2 is satisfying, it is excluded to the model. For the time period variables, the positive effects extend to the 3rd time period, the midday period.
Besides the peak hours, the midday also have relative more traffic, and
more traffic flow leads to lower travel speed, therefore the mean travel
time increases. As the mean travel time and the scale parameter have a
monotone increasing relation, it also increases at higher flow time periods.
Figure 5.9 shows the standardized residuals for both parameters. Ideally the residual should follow a normal distribution, which is shown
in the solid line in the figure. For the shape parameter, the residual fit
the normal distribution quite well, which means that the predicted error
follows the normal distribution. For the scale parameter, even though
the adjusted R2 is relatively high, the plot of the residual shows that the
prediction may have potential bias. As can be observed from the figure, it
has a longer left tail. This means that the model predicts some of the scale
parameters higher than expected. This is caused by two reasons: firstly
the sample size is relatively small, as the model uses only 321 routes to
estimate the coefficients. And secondly, there are some routes shorter than
10 km in the data. The routes are selected based on the daily trips of the
respondents. Even though during the survey they were asked to report
the routes that were at least 10 km long, some respondents ignored this
constraint, which leads that there are some routes shorter than 10 km. As
the sample size is relatively small, all the routes are kept in the model and
this leads to the bias for the prediction of the scale parameter.

5.3.4

Prediction of the travel time reliability

In the last subsection the two parameters of the lognormal distribution are
predicted separately. The adjusted R2 for both parameters are satisfying.
The model fit for the shape parameters is lower but the histogram shows
that the standardized residual follows a normal distribution. The scale
parameter, even though has a higher adjusted R2 , the residual shows an
unexpected pattern. After both parameters of the lognormal distribution
are predicted, they can be used to predict the travel time distribution
together. Figure 5.10 shows the density functions for one route at different
time periods as well as same time period for different routes. The solid
lines are distributions using estimated parameters when performing the
goodness-of-fit tests, which are then used as dependent variables in the
regression models; the dashed lines are density functions generated by
the predicted values. The same colour indicates the same time period.
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Figure 5.9: Histograms for regression standardized residuals
(a) Residuals for parameter µ

(b) Residuals for parameter σ

Figure 5.10: Predicted lognormal distributions and histogram for the mean
travel time residual
(a) Distributions for the same route

(b) Distributions for different routes

Even though the predicted density functions do not exactly overlap the
ones estimated from the goodness-of-fit tests, they capture the differences
between different time periods.
With the parameters of the distribution known, all other statistical
measures can be calculated. The mean of the lognormal distribution can
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be calculated as:
Z +∞
Z
mean =
t · f (t)dt =
−∞

+∞
−∞

−(ln t − µ) 2
2
1
√ · e 2σ 2 dt = e (µ+σ /2) (5.9)
σ 2π

Where µ and σ are the scale and shape parameters of the lognormal
distribution. The mean travel time is in exponential relation with (µ +
σ 2/2). The scale parameter µ is about 7.15 on average across the data;
the shape parameter σ has a mean of 0.183 and its power becomes even
smaller when it is squared then divided by two in the equation. This is the
reason that the scale parameter dominates the shape parameter and is the
main indicator for the mean travel time. As this parameter has small bias
when predicted due to the reasons discussed in the previous subsection,
the residual of the predicted mean using both parameters shows the same
bias pattern as the scale parameter. For certain routes, the model may
have higher predicted values as expected.
As mentioned before, given the parameters of the distribution (assuming the travel time follows lognormal distribution) most the known travel
time reliability measures used in the literature can be calculated.
For the mean variance model (Jackson and Jucker, 1982; Bates et al.,
1987; Senna, 1994; Börjesson et al., 2012;etc), the variance is calculated
as:
Z +∞
2
2
var =
(t − mean) 2 · f (t)dt = (eσ − 1)e2µ+σ
(5.10)
−∞

And for the schedule model(Bates et al., 2001; Batley and Ibanez,
2009; Noland and Polak, 2002; Noland and Small, 1995; Small, 1982;etc),
the reliability measures are calculated as: Where the PAT is preferred
arrive time, e and l are early and late buffers in which the travellers are
indifferent. The OnTime, Early, and Late, like the mean travel time, are
all ’expected’ travel time. The difference between the probabilities and
the ’expected’ times is that the probability is calculated as the definite
integral of the distribution density function in different given intervals
while the ’expected’ time integrate the density function multiplied by the
travel time itself within the given intervals. In Fig. 5.11, the probability is
shown as the shaded areas, indicating the probability early (pink), on time
(green) or late (red) while the ’expected’ time becomes a certain value on
the horizontal axis, for example, the mean travel time. If there is no early
and late buffers, then the OnTime becomes the mean travel time, which is
shown on the axis and the probability of being late is the area among the
density functions, the axis and the mean.
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Figure 5.11: Travel time reliability for schedule model

Polus (1979) defined travel time reliability as the inverse of the standard deviation of the travel time distribution on arterial roads. Given
the travel time follows the lognormal distribution, the reliability can be
calculated as:
reliabilit y 1 =

1
1
=p
Std.
(eσ2 − 1)e2µ+σ2

(5.11)

Brownstone and Small (2005), when dealing with SR91 data (State Route
91 HOT-lane in Orange County, California, US), used the difference
between the 90th and 50th percentile travel times, so the reliability is
expressed as:
µ
reliabilit y 2 = T90 − T50 = Lognrnd(µ,σ)90
n −e

(5.12)

Where Lognrnd(µ,σ)90
n is a function written in Matlab, which generates
n random travel times using lognormal distribution with parameters µ
and σ then obtains the 90th percentile of these random travel times. By
default the random number n is set to 10,000 to guarantee enough travel
time samples are generated. The 50th percentile of the travel time, also
known as the median, can be calculated using the same function as well,
but as the distribution is known, it can also be directly calculated by the
distribution parameters without bias.
Lomax et al. (2003) used three measures to explain travel time relia129
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bility: the percent variation (PV), misery index (MI) and buffer time index
(BTI). As the misery index is calculated using other variables, it is not
possible to calculate it using only travel time distribution parameters. The
other two indices are expressed as:
p 2
(eσ − 1)e2µ+σ2
Std.
· 100
reliabilit y3 _PV =
· 100 =
mean
e (µ+σ2/2)
(µ+σ 2 /2)
T95 − mean Lognrnd(µ,σ)90
n −e
reliabilit y3 _BT I =
=
mean
e (µ+σ2/2)
(5.13)
Van Lint and van Zuylen (2005) proposed two indicators to describe
reliability based on percentile data. Essentially they used percentile data
to estimate the variance and skewness of the travel time distributions.
With the function written in Matlab, the percentile data can be easily
calculated, as shown in Eq. (5.14).
10
T90 − T10 Lognrnd(µ,σ)90
n − Lognrnd(µ,σ)n
=
T50
eµ
10
T90 − T10 Lognrnd(µ,σ)90
n − Lognrnd(µ,σ)n
=
reliabilit y4 _Skew =
10
T50 − T10 Lognrnd(µ,σ)50
n − Lognrnd(µ,σ)n
R +∞
p
(t − mean) 3 · f (t)dt
−∞
σ2
σ2 − 1
+
2)
Skewness = R
=
(e
e
3/2
+∞
( −∞ (t − mean) 2 · f (t)dt)
(5.14)
Table 5.9 shows the reliability measures calculated for one of the
routes used in Tomtom Stats data. There is a 40-seconds (5%) predictive
error for the mean travel time and the predictive error for the variance
is lower (0.2%) and for skewness is slightly higher (6%). This is an
advantage of using the parameters of the distribution to predict travel time
measures, as the indicators do not only depend on one parameter. 20% of
the mean travel time is used as the early and late buffers to calculate the
expected early and late as well as the expected on time travel time, so if
the travel time locates between 566 seconds and 850 seconds the travellers
will consider the trip on time. People may have different tolerances for
this interval regarding to their characteristics, trip purposes, trip length,
etc. as shown in the 3rd chapter. And in the next chapter this issue will
be revisited. The prediction of the parameters overestimated the expected
on time for almost 10%, which is the highest predicting error listed. The
goodness-of-fit result shows that 14.9% of the trips are considered to
be late while the predicted result shows that 13.8% of the trips will be
late if the trip is made repeatedly. All these variables mentioned above

reliabilit y4 _V ar =
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Table 5.9: Reliability measures using lognormal distribution
Variables

Original parameters Predicted parameters

Mean
Variance
Skewness
OnTime
Early
Late
P(late)
Reliability1
Reliability2
Reliability3_PV
Reliability3_BTI
Reliability4_Var
Reliability4_Skew

708.215
19059.366
0.592
493.178
74.561
140.475
0.149
0.007
196.576
19.493
0.340
0.501
2.298

748.309
19021.942
0.559
540.92
70.876
136.513
0.138
0.007
195.211
18.431
0.335
0.477
2.255

are not actually reliability measures, rather partial travel time measures.
These measures later enter the utility functions in logit models and their
coefficients are estimated and the marginal value with the travel cost are
defined as travel time reliability.
Based on the different reliability measures, not only the scale of them
(from 0.007 to almost 200), but also the unit of the reliabilities is different.
The reliability2, also as one of the variables used in Logit models, is a time
interval, while all the others are ratios of travel time. For the measures
of reliability4, they are only indicators for the variance and skewness so
there are differences between the mean and skewness.

5.4

Conclusion

In this chapter the Tomtom Stats data is used to analysis the travel time
reliability. The initial idea is to use the routes collected from the SP
survey, but due to the restrictions of the data source, reconstruction of the
survey routes is not possible so only adjacent routes are selected. So the
prediction of the travel time is necessary for the purpose of reconstructing
the travel time information of the selected routes in the survey. In order
to do this, micro census data, spatial data and a special digital network
from PTV and Tomtom are used to extract the independent variables. As
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not only the mean, but also the dispersion from the mean travel time are
needed to address the issue of travel time reliability, instead of exploring
the travel time itself, the parameters of the travel time distribution are
predicted. This leads to the selection of the best-fit travel time distribution.
By using the Tomtom Stats data, three goodness-of-fit tests are used to
find which distribution fits the data better. Considering both simplicity and
consistency, the 2-parameter lognormal distribution, which is also used in
the previous chapters and other papers, is selected. The two parameters of
the distribution are predicted using the independent variables derived from
micros census data, spatial and network. In order to improve the model
fits, spatial auto regression models are also used to predict the travel time
and its variance at link level and then integrated in the model as predictors.
When selecting the predictors, VIF is used as a criterion and if necessary,
the ridge regression model is used to deal with multicollinearity among
variables.
After the prediction of the parameters of the travel time distribution,
the distribution is reconstructed and commonly used travel time reliability
measures are calculated and discussed. As the model fits for both parameters are in acceptable ranges, all the predicted reliability measures are
also acceptable.
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Travel time reliability
analysis for route choice
models
This chapter focuses on using travel time reliability to analyse route
choices. The RP data collected from the KEP survey, which is mentioned
in the 3rd chapter, is used in this chapter as the route choices of the
respondents, while the alternative routes are generated in MATSim using
the link penalty approach. Then the linear regression models built in the
last chapter are used to reproduce the travel time distribution for all the
candidate routes. In order to account for the influences of the travel time
reliability on route choices, a Path Size Logit model is created. And the
results show that travellers do consider travel time reliability measures as
their indicators to choose their routes.
In the beginning of this chapter, route choice modelling is discussed. A
brief literature review reveals route choice modelling history and methodologies developed so far and then there is also a brief introduction to the
data collection and reconstruction of RP data. As route choice models
need not only the chosen routes but also alternative routes, the generation
of alternative routes is discussed. Considering both the way that the chosen routes are constructed and the computing efficiency, the link penalty
approach is used to find alternative routes. After route alternatives are generated, the models created in the last chapter are used to predict the travel
time distribution on each route. Different travel time reliability measures
are used in the Path Size Logit model to capture travellers’ preferences for
the time elements. Same as in chapter 3, different early and late buffers
are also tested and the last part also discusses the optimization for the
combinations of the on-time tolerances.
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6.1

Literature review

There are two types of route choice models: SP based models and RP
based models. The SP based models are based on scenarios that have
several stated attributes of the routes, among which respondents could
choose. In chapter 3, the route choice scenario provides two alternative
routes, and the respondents have to trade off between the attributes of the
routes to make their decisions. The RP based route choice models are
usually more complicated, as the chosen routes can be collected easily but
the alternative routes are not easy to obtain. Usually the alternative routes
are generated with certain route searching algorithms. In this chapter,
only RP based route choice models are discussed, and they are mentioned
simply as route choice models unless specified otherwise. Given the
chosen routes are known, the first issue for route choice models is to
generate alternative routes, and the second problem is to deal with the
correlations between the alternative routes. In the following section, the
approaches proposed to generate the choice set are discussed, followed
by models to address the correlations of the routes with other factors
influencing the choices.

6.1.1

Choice set generators

The chosen routes of the route choice models are easy to collect nowadays.
As the routes are known, the origin and destination of the trip can also
be extracted. The following step is to find other link combinations that
might be potentially used for this trip, which start at the same origin and
end with the same destination. For searching these routes, shortest path
algorithms such as Dijkstra (Dijkstra, 1959), A-star (Hart et al., 1968),
etc. are widely used. All these algorithms normally return only one
route according to predefined costs as the optimum. But the choice set
usually needs more than one route so constraints of these algorithms
are loosened. Approaches that fulfil this task can be divided into two
categories: deterministic approaches and stochastic approaches (Frejinger,
2008).
Most of choice set generators use deterministic approaches and they
are basically shortest path algorithms with modified costs or network
structures each time they search for a new route. These approaches are
normally easy, efficient and well developed, therefore are used in most
studies. Based on certain link cost of the network, either link length or link
travel time, the alternatives are selected. Among all these deterministic
approaches, the most straightforward generator is the link elimination
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approach. Azevedo (1993) proposed this approach with a shortest path
algorithm. Before the algorithm searches for a new path, all the chosen
links are eliminated from the network. All route alternatives have no
overlapping links and therefore the problem of correlations across the
route alternatives does not exist. But the disadvantages of this approach are
also obvious: because it deletes all the chosen links, the connectivity from
the origin and destination is reduced. Only limited number of alternatives
can be generated, especially for links coming out of the origin and these
going to the destination points. And for the areas where road density is
sparse, the number of alternative routes is also limited. For example, if
there is a river (or a mountain) between the OD pair and only one bridge
(or tunnel) is built to cross the river (mountain). Using link elimination
approach might generate one dominant route with other alternatives that
are not quite realistic.
The link elimination approach is easy but its hard restriction on used
links makes it not so applicable. Another way of choosing the alternative
links is not completely deleting the chosen links from the network, but
increasing the cost (virtual length or cost) of those links. This is usually
called link penalty approach (de la Barra, 1993; Ramming, 2002) for
it penalizes the used links and encourages the algorithm to search for
unused links on the network. The bridge problem mentioned earlier is
easily solved by this approach. But when using this approach, the penalty
value to redefine the costs must be carefully configured; otherwise the
route alternatives may either share too many of the same links or generate
dominant routes which introduces bias into the model.
There are also other similar shortest path based approaches, such as
path labelling (Ben-Akiva, 1984), constrained K-shortest paths (van der
Zijpp, 2005) and so on. As a road network can also be regarded as a
binary or quad tree, the commonly used ’branch and bound’ algorithms
can also be used to search for candidate routes. For example, Friedrich
(2001) applied the ’branch and bound’ algorithm for the public transport
assignment; Hoogendoorn-Lanser (2005) used it for multi modal networks
and Prato (2006) applied it in a route choice model. Essentially, both the
’branch and bound’ and the shortest path algorithms loosen the restrictions
of the optimization problem, so instead of finding the one and only optimal
option, they look for a set of alternatives. In this sense, it is similar to
the classical ’Travelling Salesman Problem (TSP)’, which transfers the
problem into a dynamic programming problem. The Viterbi algorithm
can also be used to find the alternative routes.
Beside the deterministic approaches, there are stochastic approaches
for route alternative generations. These approaches assume the costs on
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the links are changing according to the demand and traffic management,
so the routes generated by the algorithm will be stochastic, as link costs
are not deterministic. Normally these approaches are based on traffic simulations. By assuming link costs follows certain distributions, Ramming
(2002) generated alternative routes using shortest path algorithms based
on simulations; Bovy (2009) also proposed a method to generate dynamic
route choice sets. The cost of each link on the network changes based
on the time periods, signal control, traffic flow, etc., so the shortest path
also changes accordingly. This is also applied in the personal plan of each
agent in MATSim. Each agent has several routes alternatives in MATSim
and these routes are essentially generated using stochastic approach.
Schüssler (2010) used GPS data collected in major Swiss cities aiming
to estimate route choice models. She focused on searching for appropriate
treatment of the similarities among alternatives. Different adjustment
terms to account for route overlaps were tested, including different route
generators, different Path Size calculations, etc.
Flötteröd and Bierlaire (2013) proposed a new approach using MetropolisHastings algorithm to search for route alternatives. The MetropolisHastrings algorithm is a Markov Chain Monte Carlo (MCMC) method
to sample certain sequence of alternatives from a given distribution. The
generator was tested on a small network and then validated to the Tel-Aviv
network. Both the computation speed and results were efficient.

6.1.2

Current route choice models

In principle, the route choices can be dealt with Multinomial Logit models. The basic assumption of the MNL model is that the error term is
identically, independently distributed (i.i.d). Most routes generated share
a certain number of links so this assumption is violated. The routes alternative generated by the link elimination approach does not have this
problem, but usually the route alternates are quite limited in number or
it generates dominant routes which introduce bias into the model. So
this approach is normally used for special occasions, such as evacuation
simulations or network reliability evaluations. Most of the route choice
models have to accept the fact that route alternatives have overlapping
links and need to make an effort to deal with these correlations. The
normally used model structures for route choice models are: C-Logit,
Path Size Logit, Link-Nested Logit, Logit kernel model, Probit and so on.
Cascetta (1996) used an extra attribute, the Commonality Factor (CF),
in the utility function to deal with the correlation of the routes. The CF
of the route alternatives is proportional to those links that are used by
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other routes. He also provided three different ways to calculate this factor.
However, the lack of guidance for the application of different CF formulas
impedes the further development of this model. Nevertheless this is the
prototype and points to the direction of the later models.
Later the Path Size Logit model emerged. Ben-Akiva (1999) used
another similar factor, path size, in the utility function. The utility of route
alternative i for individual n is Uin = Vin + β PS ln PSin + εin , where Vin is
the observed utility function,  in is the error term and PS is the path size
factor defined as:
X La 1
PSin =
(6.1)
P
L
i
δa j
a∈Γi
j∈Cn

Where ri is all the links that are composed of route alternative i;
L a is the length of link a ;
Li is the total length of route alternative i;
P
δ a j is the total number of route alternatives that has link a in them.
j∈Cn

There are several modifications for this factor, for example, Ben-Akiva
(1999) included the length of the shortest path in the choice set LCn so the
factor becomes:
X La
1
PSin =
(6.2)
P LC n
L
i
δ
a∈Γi
Lj aj
j∈Cn

Ramming (2002) introduced another scale parameter comparing the
length of the current alternative routes with other routes containing the
same link:
X La
1
PSin =
(6.3)
P
Li ϕ
L
i
(
)
δ
a
j
a∈Γi
Lj
j∈Cn

Where ϕ is a parameter larger than zero. If it equals to zero then the factor
is no different to the original path size factor.
The latest version of this factor is proposed by Bovy (2007); Frejinger
(2007). They called it Path Size Correction (PSC):
X La
1
PSCin =
ln( P
)
L
i
δ
aj
a∈Γi

(6.4)

j∈Cn

The PSC is already logarithmic transformed in the utility function, so
it is not necessary to transform again in the utility function. The utility
function becomes Uin = Vin + β PSC PSCin + εin . Theoretically speaking,
PSC is more appealing than the original PS. Detailed discussions can be
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found in Bovy (2008); Frejinger (2008).
The Probit model, which allows arbitrary covariance structure, can also
be used for route choice modelling (Yai, 1997; Bolduc, 1999). Another
popular model is the Generalized Extreme Value model, and mostly
the nested-logit model. Vovsha (1998) proposed a Cross-Nested logit
model called Link-Nested Logit to explore the route choice models. The
alternatives in his model were the alternative routes while the links of the
network composed the nest. There are also other nested models presented
by Yai (1997); Prashker and Bekhor (1998); Gliebe et al. (1999); Li and
Ouyang (2009). All these models try to interpret the correlation among
repeated links in the route alternatives. As the correlations are being
considered, all these models explain the preferences of the travellers quite
well.

6.2

Data collection

This part focuses on revealing the chosen routes of the travellers, while the
route generation followed finds out the possible routes that travellers might
use. There are two ways to obtain chosen routes from the respondents: via
GPS data or RP data. Modern GPS devices track travellers’ positions when
they are travelling. When those GPS data are map-matched to the links of
the network, the route can be reproduced. This is a good way of collecting
the chosen routes and many researches used this method (Schüssler, 2007;
Frejinger, 2008; Arifin, 2012). Limited by the expenses of the GPS
devices, the sample size is normally small, and also the map matching
process can be time consuming. If the GPS data is somehow sparse,
the route reconstructing can also be very challenging. But generally
speaking, GPS data is a good source to collect the chosen routes. The
other way is via RP survey, in which the chosen routes are described. For
example, during the interview the respondents can specify the route on
a digital map; or in a paper and pen survey, they can write down the key
locations that they pass by. The former can be as precise as the GPS data
or sometimes even more precise, but the sample size is also limited due
to time and labour consuming interviews. The paper and pen surveys, in
which intermediate locations are asked, are not as precise as GPS data,
but the sample size can be enlarged. The paths between the intermediate
points have to be reconstructed based on certain assumptions, such as
shortest path algorithms.
The chosen routes used here were collected by LINK institute. At
the last section of the telephone interview for KEP, the respondents were
138

6.2. Data collection

asked a few questions regarding to regular trips they made. These trips
were suggested to be longer than 10 km in general and normally were
made at least once a week. Information about trip purposes, arrival time,
arrival time tolerances and so on is also collected. Later in the paper and
pen survey, the respondents were asked to recall this trip and described
the route with intermediate locations. The origin and destination as well
as the intermediate locations for each route are then put into the map.
The routes are generated with a shortest path algorithm with the link cost
being free flow travel time. The basic information of these trips is listed
in Table 6.1.
A total number of 357 respondents sent back their questionnaires.
The revealed route questions were at the end of the questionnaire after
the SP route choice scenarios, and some respondents had not finished
the whole form. At the end 348 respondents answered the RP questions,
in which, the number of public transport users and car users are more
or less the same (158 and 157 respectively). There are also about 10%
of the respondents using other travel modes such as motorcycles and
bicycles. The route choice models are based on the car users in the survey
reconstructed by the intermediate locations they passed by. Using GPS
devices to track the activities of the respondents would be a good way to
collect the chosen routes, but due to the budget and labour limitations,
using the paper and pen survey is also a good trade-off.
In the trip travel time tolerance question, respondents were asked if
being 3, 5, 10, or 30 min later than expected is tolerable. The answers are
quite consistent with the answers for the trip purposes. For commuting
or education trips, late arrivals lead to more penalties than leisure or
shopping trips. In the sample, 241 respondents’ tolerance is within 10
minutes, and 243 persons made the trip for commuting and education.
An average of 4.34 trips are being made per week, with a minimum
frequency of once a week and a maximum of 18 times per week. The
high frequency may be caused by misunderstandings of the question. The
common misunderstanding is that the frequency should be counted as
trips (from spot A to B then back to A), not journeys (from spot A to B
only). For the arrival time, about one third of the respondents arrived at
their destinations during the morning peak hour, as most people made the
trip for commuting or education. Only a few trips arrived between 17:30
and 19:30, but when looking at the trip purposes, all provided choices are
non home based trip, so this is reasonable.
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Table 6.1: Information for the trips collected
Variables

Descriptions

Total sample
Valid sample
Travel mode

Time tolerance

Frequency

6.3

357
348
Car
Public transport
Other

158
157
33

<3min (45) >3min and <5min (74)
5min to 10min (122)
10min to 30min (30)
>30min (71)
Missing (6)
Mean (per week)
min
max

4.34
1
18

Trip purpose

Work (203)
Shopping (16)

Education (40)
Leisure (43)

Arrival time

17:30 to 19:30 (7)
9:30 17:30 (22)

7:30 to 9:30 (52)
<7:30 or >19:30 (41)

Route generation

The previous subsection discussed the routes chosen by the respondents.
As the chosen routes are known, the next step is to generate alternative
routes. In the literature review, they are many approaches listed to generate
route alternatives, such as route elimination, link penalty, link labelling,
etc. Among all these approaches, the link penalty approach is chosen for
the following two reasons: firstly, it can be easily implemented into the
shortest path algorithm used in MATSim. Using the default shortest path
algorithm, only one extra class is needed to modify (penalize) the cost
of the link. Secondly, the chosen routes are also constructed by applying
shortest path algorithm between passing-by locations. If the routes with
high percentage of overlapping links are used, it is difficult to identify
which route is really the chosen one of the respondent. By calibrating
the penalty parameters, the path size value of these routes can be easily
controlled. Based on these two reasons, the penalty link approach is used
to generate the alternative routes.
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Figure 6.1: Route generating procedure

For the RP data used here, the routes collected from the respondents
are scattered all over Switzerland and this means that search for alternative
routes is based on the entire national road network. Considering the travel
time distribution parameters of each alternative routes have to be predicted
using the model presented from the last chapter, the PTV-Tomtom network
is used for the search of alternative routes. There is no need to mapmatch the routes on the network for the routes are generated based on the
network. So the network can be simplified to speed up the route searching
process. All the information of the link features is still retained but the
geometry features are ignored and numbers of links are greatly reduced.
The simplified network (without any curves on a link) contains 1,572,383
links while the original network has 3,087,400 links. The simplified
network increases the route search speed without losing any detailed route
information. The network is still large so further optimizations are needed.
Figure 6.1 shows the procedure of the route generator under the MATSim and Java environment. The generator first penalizes costs of the links
used by the chosen routes then searched for alternatives based on the least
travel time (as cost) transformed from free flow travel speed. The penalty
extends the length of the links each time the link is chosen as punishment,
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Figure 6.2: Route generator using link elimination approach

until the desired number of routes is reached. In order to speed up the
route finding procedure for all the respondents, each respondent has his
own route generator and they are loaded into the memory first as an independent thread. When the occupancy of a single thread in the CPU
lowers to a certain threshold, one of the unassigned respondents will be
sent into the CPU to calculate the route alternatives. By checking the
available computing power, the generator fully utilizes the computing
resource. The generator was run on a server, which had two 6-core CPUs
with hyper thread (24 available threads) and it took about 15 hours to
generate all respondent’s routes, each with 30 alternatives. The generator
proves to be efficient; about 97% the CPU was occupied after loading
all the respondents’ route choices into the memory. It took about 47 G
memory in total.
The link elimination approach was also tried but it does not generate
expected candidates. Figure 6.2 shows that the alternative route choices
generated by MATSim using link elimination approach. For the first few
alternatives, the approach is able to find reasonable routes, but as the
links near the OD pairs are deleted, the generator has to find the nearest
links that have the connectivity to each other. In the figure, the generator
is also set to find 30 alternatives. Not only the start and end location
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Figure 6.3: Route generator using link penalty approach with different
penalties
(a) Link penalty 1.2

(b) Link penalty 1.5

of the last few routes are shifted far away from the original locations,
but also the routes selected are scattered all over the network, which are
not reasonable (too long). This is not a failure made by the generator,
rather the limitations of the link elimination approach, as there is a hard
restriction to find the desired number of routes. It can only find a few
reasonable route alternatives, and this is not quite realistic as discussed
before.
Figure 6.3 shows the route alternatives generated using the link penalty
approach. Both figures show 30 alternatives for the same OD pair used
in the link elimination approach. Figure 6.3(a) uses the penalty set to
1.2, while in Fig. 6.3(b), the cost of the link is 1.5 times higher each
time it being repeated. With lower values of the penalty, the routes share
more links as expected. If it is set to 1.0, the generator finds only same
alternatives. As the used link cost increases, there are less and less links
being used repeatedly because repeated links will have higher and higher
costs. If the penalty is large enough, it becomes the link elimination
approach. As mentioned before, the chosen routes are reconstructed using
only intermediate key passing-by points; route alternatives with many
shared links are not ideal for this particular data. In the models presented
later, the penalty in the right figure is chosen to generate all the alternative
routes. More alternatives can be used as well, but as can be seen from the
figure, when the road density is low, there are routes that are too long to be
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realistic. In the urban area, where the road density is relatively high, the
route alternatives may have more options, but the routes collected in the
survey are mostly intercity trips, which means the route choices between
cities are not as many as in the city. Link penalty 1.2 and 1.5 are used.
Not only the latter generates routes that are too long, but also the model
estimate shows worse result. So in the following route choice models, all
route alternatives are generated by setting the penalty to 1.2.

6.4

Model specification and results

Path size Logit models are used here to analyse the route choice models.
As discussed before, PSL is a modification form of MNL model, which
simply adds a path size utility to address the issue of overlapping links
among the route alternatives. The generalized utility function used in this
section takes the following form:
Uin = Vin + β ps ln(PSi ) + ε

(6.5)

Where Uin is the total utility of route alternative i for respondent n;
Vin is the observed utility of route alternative i for respondent n, such as
information of route i for respondent n or characteristics of the respondent
n;
ln(PSin ) is part of the utility that captures correlations for the current
route alternative i with the other routes; here the form takes the original
path size formula, and PSC are also used later;
 is the error term, which captures the unobserved utility.
Under this framework, the probability of route alternative i being
chosen by respondent n can be written in the following detailed form:
P

Pin (Uin |Cn ) =

k

β nik X nik + β ps ln(

e
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(6.6)

i∈Cn

Where i indicates the route alternative i;
n indicates the respondent n;
k is the observed variables either from the route alternative i or characteristics of the respondent n;
j is the link that belongs to route alternative i;
P
k β nik X nik is a set of observed utilities, which takes a variety of forms
and is also the key part explored here.
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Variable
Min
path size origin
0.04
path size correction
-3.30
length(km)
6.43
totalCurves
1.52
Predicted mu
6.49
sigma
0.10
Mean(seconds)
668.20
numOfRamps
0.00
network level 1
0.00
network level 2
0.00
network level 3
0.00
network level 4
0.00
network level 5
0.00
network level 6
8.00
length of network level 1(m)
0.00
length of network level 2
0.00
length of network level 3
0.00
length of network level 4
0.00
length of network level 5
0.00
length of network level 6
793.00
number of lanes (other)
0.00
number of 1 lane link
49.00
number of 2 lane link
0.00
number of 3 lane link
0.00
number of 4 lane link
0.00
number of 5 lane link
0.00
number of 6 lane link
0.00

Non-chosen routes

Max
Mean
Std.
Min
Max
Mean
Std.
0.90
0.58
0.16
0.04
0.97
0.46
0.18
-0.16
-0.80
0.44
-3.34
-0.06
-1.05
0.47
188.62
50.22
38.25
5.02
237.16
45.67
37.22
96.35
24.06
16.99
2.01
176.31
19.65
17.26
9.84
7.88
0.80
6.29
9.99
7.72
0.82
0.25
0.17
0.04
0.10
0.30
0.18
0.04
7198.80
2628.50
1654.10 549.10
9599.10
2570.10
2031.40
61.00
10.03
13.32
0.00
68.00
7.45
9.84
197.00
24.30
40.00
0.00
197.00
22.83
37.56
418.00
9.23
43.13
0.00
418.00
5.67
23.34
158.00
7.00
23.50
0.00
244.00
3.90
16.58
1169.00
240.84
254.69
0.00
2066.00
204.07
206.45
793.00
158.34
143.13
0.00
1012.00
131.10
128.60
372.00
77.60
49.80
0.00
372.00
77.56
49.75
70000.00
7107.30 13757.00
0.00 184617.00
8229.60 17729.00
55292.00
1257.90
5795.60
0.00
78107.00
904.17
4324.40
26012.00
841.90
3232.90
0.00
35203.00
380.32
2067.70
88649.00 19543.10 19455.00
0.00 172448.00 18879.00 20685.00
80690.00 16585.00 15154.00
0.00 108108.00 13266.00 13292.00
43544.00
7890.70
6021.60
0.00
53890.00
4173.90
4649.80
345.00
4.04
8.00
0.00
45.00
1.71
4.40
1981.00
497.10
394.30
17.00
2568.00
403.92
327.70
165.00
7.27
18.10
0.00
166.00
7.14
13.94
123.00
5.44
13.51
0.00
140.00
5.40
11.20
9.00
0.77
1.96
0.00
27.00
0.94
2.80
3.00
0.06
0.39
0.00
7.00
0.10
0.63
1.00
0.01
0.09
0.00
1.00
0.01
0.09

Chosen routes

Table 6.2: Statistics for variables used in the route choice model
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Table 6.3: Comparison between path size attributes

Variables

ρ2 adj. ρ2

Beta

t-test

ln(PS)

5.640

10.100

0.123

0.121

PSC

2.720

9.290

0.119

0.117

RouteLength -0.528
ln(PS)
10.200

-7.390
6.720

0.877

0.872

RouteLength
PSC

-0.536
8.720

-7.400
7.220

0.870

0.865

totalCurves
0.004
routeLength
-0.554
numOfRamps 0.058
ln(PS)
0.772

0.840
3.590
1.890
2.170

0.732

0.731

1.530*
-9.150
1.900
1.880*

0.726

0.716

-0.161 -0.950*
3.790
7.320

0.158

0.154

totalCurves
routeLength
numOfRamps
PSC
male**
ln(Ps)

0.006
0.558
0.058
0.729

male
-0.209 -1.220* 0.121 0.116
PSC
3.060
7.080
* - Statistical test did not pass 95 % confidence interval.
** - Vn = βln(PS) (1 + βmale )ln(PS)

In the following sections, the models are based on this general form
with different combinations of observed variables. The criterion of choosing different combinations of respondents’ characteristics and route attributes is that they would help improving the model fit and in the mean
time, their coefficients show expected signs during model estimation.

6.4.1

Basic path size Logit models

As mentioned before, one of the major issues for route choice models is
the repeatedly used links on the network. The path size model uses the
path size attribute to explain the similarity among route alternatives. There
are at least four different definitions (or modifications) for the path size
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calculation, and detailed formulations have been discussed in the previous
section. The original path size attribute and the path size correlation
are tested with different general route information such as route length,
total curves, number of ramps as well as personal information of the
respondents. The model results are listed in Table 6.3.
The original path size attribute shows better model fits than the path
size correction in all models. So in the following models the original path
size attribute will be used to explain the similarities between the route
alternatives instead of the path size correction. This does not conclude that
the original path size is a better indicator for showing link correlations.
It may due to the way that the chosen routes are selected as well as the
way alternative routes are generated. The purpose for the route choice
model here is to explore how the travel time reliability influences the route
choices, so only the one with better model fit is chosen for further models.
For a detailed comparison about path size formulations, pleases refer to
Frejinger (2008).
And for the other variables in the model: the route length attribute
shows correct signs with higher model fit than other models. Total curves
counts for how many curves on links and it shows incorrect signs. This
may due to the fact that people may not care the curves on the link, rather
the intersections between links. The number of ramps shows positive sign,
indicating people’s preferences to higher level roads. The negative sign
for coefficient of male respondents shows that males are insensitive to the
similarities between route alternatives than female.
All these observed variables could already explain the route choices
well, especially models with route alternative information such as route
length, numbers of ramps along the route. The highest adjusted ρ2 among
these models is 0.872. This already explains the route choices well. The
next step is to use more route specific variables to explore the choices
before the travel time reliability is introduced to the model.
The route specific variables include: the amount of different number
of lanes, the count of different link levels, and the sum of different link
levels each route passes by. From Table 6.4 it can be observed that the
adjusted ρ2 s are more or less the same as only using the route general
variables and the path size attributes. For the models using number of
lanes, both the original path size parameter and the path size correction
are conducted respectively again to compare the influence of the path size
variable. And the results confirm that the original path size attribute suits
the data set better.
For those variables that pass the statistical test, they show that the
higher level of the links, the less negative effect on the choices. The model
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Table 6.4: Route choice model results using route specific variables

Variables

Beta

t-test

ρ2 Adj. ρ2

countOfLanes0
countOfLanes1
countOfLanes2
countOfLanes3
countOfLanes4
countOfLanes5
countOfLanes6
ln(PS)

0.063
3.160
-0.048 -8.680
-0.166 -1.880*
0.124 1.430*
0.830
0.151 0.940*
-1.280 -0.640*
-0.111 -0.020*
5.703
7.970

0.809

countOfLanes0
countOfLanes1
countOfLanes2
countOfLanes3
countOfLanes4
countOfLanes5
countOfLanes6
PSC

0.066
3.360
-0.051 -9.490
-0.153 -1.800*
0.093 1.130*
0.791
0.139 0.880*
-1.570 -0.730*
-0.197 -0.020*
5.820
8.230

0.770

numOfLinkLevel1
numOfLinkLevel2
numOfLinkLevel3
numOfLinkLevel4
numOfLinkLevel5
numOfLinkLevel6
ln(PS)

-0.018 -3.730
-0.048 -1.810*
-0.043 -1.680*
-0.029 -6.340 0.833
-0.048 -6.780
-0.068 -5.810
4.260
9.130

0.815

lengthOfLinkLevel1
lengthOfLinkLevel2
lengthOfLinkLevel3
lengthOfLinkLevel4
lengthOfLinkLevel5
lengthOfLinkLevel6
ln(PS)

0.011
2.170
-0.001 -0.040*
-0.133 -1.480*
-0.090 -6.580 0.833
-0.220 -8.520
-0.271 -5.210
4.990 10.670

0.817
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using length of each link level shows similar coefficient estimates, and
the adjusted ρ2 is almost as good as the one using the count of each link
level. The path size factors in all models pass the t test, which means the
correlations between alternative routes are relevant. All these models are
no better than the one using route length. In the following section, mean
travel time will be added to the model with both route general information
and route specific variables to further compare these variables.

6.4.2

Accounting for predicted travel time in route choice
model

The route choice models with route general and specific attributes give
relative satisfying model fits. This also proves that the methods of generating the chosen routes as well as the alternative are valid and effective. The
next question would be: is travel time taken into account, when travellers
choose their routes? Using last chapter’s models, the travel time distribution for each route, not only the chosen ones but also the alternatives,
can be predicted. All the travel time related measures are calculated then
by the parameters of the distribution. The mean travel time of each route
is added into the utility function with other variables and the results are
shown in the Table 6.5.
The first four models presented in Table 6.5 show that the predicted
travel time have negative effects on the route choice, as people try to make
the trip as short (time) as possible. All models are estimated in BIOGEME
(Bierlaire, 2003, 2009). In the first two models, mean travel time replaces
the route length and the estimate shows better model fit. This explains
the assumptions mentioned earlier: even though some chosen routes are
longer (distance) than the alternatives, but they may contain more higher
level links, on which they can travel faster and this leads to less travel
time. Models with only mean travel time has better model fit than those
with route specific variables. This is consistent with Table 6.4, so in the
following sections route specific variables are not considered.
Two mean-variance models are also built but the coefficients of the
mean travel time in both models show unexpected signs. In the second
mean-variance model, the mean travel time is weighted by the route length
and it has the best model fit so far. But as the mean travel time shows
wrong sign, models with other reliability measures should be explored,
which are shown in the next subsection.
A model with both parameters of the lognormal distribution was
also estimated. Not only this model has the highest adjusted ρ2 , both
coefficients also show expected signs. As mentioned before, both the
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Table 6.5: Route choice model results with travel time measures

Variables

Beta

t-test

ρ2 adj. ρ2

meanTT(min)
ln(PS)

-0.698
10.800

-6.290
0.935
5.770

0.930

meanTT(min)
curve
numOfRamps
ln(PS)

-0.780 -7.090
-0.017 -3.400
0.860
-0.041 -0.780*
4.570
4.550

0.850

meanTT(min)
-0.258E-03 -0.000*
lengthOfLevel1
4.24E-04
8.940
lengthOfLevel2
1.11E-03
4.000
lengthOfLevel3
9.95E-04 1.770*
0.833
lengthOfLevel4
9.49E-04
4.330
lengthOfLevel5 -1.18E-03 -1.260*
lengthOfLevel6
2.67E-0 0.470*
ln(PS)
1.390E-03 0.000*

0.814

meanTT(min)
curve
numOfRamp
lengthOfLevel1
lengthOfLevel2
lengthOfLevel3
lengthOfLevel4
lengthOfLevel5
lengthOfLevel6
ln(PS)

0.893

-3.42E-04
-5.97
0.00E+00 0.010*
0.00E+00 -0.010*
1.10E-01
8.110
1.22E-01
3.950
0.917
1.62E-01 1.760*
-7.50E-02
3.700
3.80E-02 -1.170*
2.30E-02 0.420*
3.81E-05 0.000*

meanTT(min)
stdTT(min)
ln(PS)

9.780
-0.285
10.700

2.660
-2.810 0.940
5.650

0.932

meanTT(min)
lambdaMean
stdTT(min)
lambdaStd
ln(PS)

1.800 0.570*
-0.819 -3.240
-0.067 -0.790* 0.955
-0.582 -3.540
12.000 -4.440

0.943

µ
σ
ln(PS)

-13.300
-30.500
18.600
150

-5.240
-3.230 0.952
5.550

0.945
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scale parameter µ and shape parameter σ cooperate with each other to
decide the mean and variance of the distribution (see Fig. 5.5). These
two together indicate the travel time reliability for the route choice model.
Proceeding the work in the third chapter, we believe that for route choice
models, there are small early and late buffers around the preferred arrival
time, and within these buffers, travellers would consider themselves arrive
on time. The next subsection will further discuss this issue.

6.4.3

Accounting for travel time reliability in route choice
model

The early buffer and late buffer to which the travellers are indifferent have
been discussed in detail in the third chapter. The method is applied here
with a slight modification. As different trips have different travel time,
the same time buffers used in the SP data based route choice model have
lost their sense here. For example, the attitude for a 200 km trip and a 15
km trip towards a 10 min early or late arrival is quite different. Therefore,
instead of using time buffers, the percentages of the mean time buffers
are used. After a series of tests, the combination of the probabilities of
being arriving early, on time and late as travel time reliability measures
along with the mean fits the data quite well. The observed utility function
is shown as follows:
Vin = Bprob Parrival + βmeanTT meanTT + β ps ln(PSi )

(6.7)

Where meanTT is the mean travel time of the travel;
Bprob is the coefficient vector for probabilities Parrival as being on time ,
early and late, and they are calculated as:
PonTime =
Z
Plate =

Z

mean+lateBuffer

Z

f (t)d(t) =
mean−earlyBuffer
Z ∞
∞
f (t)d(t) =

(1+∆l at e )mean
(1−∆ear l y )mean

(1+∆l at e )mean

mean+lateBuffer

e

− [ln(t )−2µ]

2

2σ

d(t)
√
tσ 2π

1
√

e

− [ln(t )−2µ]
2σ

2

d(t)

tσ 2π

Pearl y = 1 − Plate − PonTime
(6.8)
Where ∆earl y and ∆late are percentage values;
σ and µ are parameters of the lognormal distribution.
As sum of these three probabilities equals to one and if they all enter
Eq. (6.7), these three variables would have perfect collinearity so one
of them should be excluded. In order to see all the changing patterns
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with different buffers, one of them is excluded each time the exhaustive
algorithm searches for the optimum combinations.
In the model estimation procedure, the percentage values are estimated
in the 5-percent interval from 5% to 40% for both early and late buffers.
And the proper combinations are listed in Fig. 6.4. The adjusted ρ2 s
are around 0.95 for all these combinations, which are better than models
without reliability variables and the mean-variance model. The filtering
process is the same as the third chapter: coefficients of disutility variables
should be shown as negative signs and coefficients of utility variables are
supposed to be positive. The estimated coefficient for probability of being
on time is positive while that of early and late are negative. Like other
models, the original form of path size is used to explain the similarities
between different routes.The result also shows that the tolerant buffers
locate in a linear strap from 40 percent late and 5 percent early to 5 percent
late and 25 percent early. The optimum combination is the combination of
20 percent being early and 20 percent being late according to the adjusted
ρ2 . Considering the distances of the collected trips range from about 7
km to almost 200 km, distance might have an influence on the decision
making process. The next models are weighted by trip distance for the
mean travel time. This has also been done by Axhausen et al. (2008), and
the utility function for our model is modified to:

Vin = Bprob Parrival + βmeanTT (

λ
dis
) meanTT + β ps ln(PSi ) (6.9)
meanDis

Where dis is the distance between the OD pair;
meanDis is the average length of all the route alternatives;
λ is a coefficient to be estimated.
With the mean travel time being weighted by the trip distance, the model
estimates are shown in Figs. 6.5 to 6.7. There are more buffer combinations pass the constraints and therefore the figures show quite different
surfaces than Fig. 6.4. All three models with one of the probabilities
excluded to avoid multicollinearity show similar estimates with only sight
changes. The coefficients for probability of being early change with
percentage of being early while coefficients for probability of being late
change almost only with late buffers. When looking at the marginal
changes of the probability of being early and late coefficients, they first
decrease till about 10% of the mean travel time and then increase their
values respected to early and late percentage buffers. Coefficient of probability on time tops around the combination of 10% percent early and 15 %
late. The path size coefficient and λ also show same tendencies as that of
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Figure 6.4: Model estimate with probabilities of on time and late as reliability measures
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probability on time while βmeanTT shows relatively complicated changes,
which has several local minimums. And when looking at the model fits
for optimum combinations, the adjusted ρ2 and maximum log-likelihood
also shows same changing patterns.
According to the maximum log-likelihood and adjusted ρ2 , the optimum combination locates at 10% early buffer and 15 % late buffer. The
coefficient for probability of being early is lower than that of being late,
which indicates that people try to avoid early arrivals more than late arrivals. The probabilities indicate how reliable people consider for these
routes. The optimum combination also locates at the lowest coefficient of
mean travel time. This also proves that travellers trade off between mean
travel time and the reliability of the routes.

6.5

Conclusion

In this chapter the RP based route choice models are used to explore travel
time reliability. The chosen routes from the respondents are extracted
from the paper and pen survey. The respondents were asked to recall
their routine trips and then recorded the key passing locations. The
alternative routes are generated using link penalty approach considering
both efficiency and adaptation to the chosen routes. After the generation of
the alternatives, the Path Size Logit model is used to test the route choice
set. Two different types of path size formula are used and the original path
size attribute suits the data better as it generates better model fits in all the
tested models. The Path Size models also use general route information
of the routes as well as route specific variables in the choice set and the
results show that using route specific variables can significantly improve
the model fit.
Using last chapter’s model, the travel time distributions for all the alternatives are predicted, then predicted mean travel time, variance, etc are
used in the route choice model. Models with mean travel time have better
model fits than those using route length. A mean-variance model was
also built aiming to capture influences of travel time reliability (captured
by standard deviation) on travellers but unfortunately the mean travel
time in the model showed unexpected sign. The model with lognormal
parameters showed the best result so far and could be used to explain
travel time reliability in this RP based route choice model.
Then other travel time reliability measures are also added to the utility
function and the probabilities of being early, on time and late along with
mean travel time shows the best results. As the mean travel times for each
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Figure 6.5: Model estimate with probabilities and weighted mean time as reliability measures
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Figure 6.6: Model estimate with probabilities of early and late as reliability measures
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Figure 6.7: Model estimate with probabilities of early and on time as reliability measures
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choice set are different, a universal time buffer does not apply any more.
Instead combinations of different percentages of the mean travel time with
weighted mean travel time with travel distances are used and the model
with 10% (of the mean travel time) early buffer and 15% late buffer has
the best model fit, and the coefficients also show correct signs. The result
shows that the travellers tend to avoid higher possibilities of being early
and late and favour these routes with higher possibilities of being on time
within the tolerant buffers.
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7.1

Conclusion

7.1.1

SP based route choice models

When collecting the SP data, the respondent burden played a main role
for the response rate, and reminding the respondents could also improve
the response rate. But the reminding strategy must be carefully performed.
Regarding the survey had prior recruitment but without incentives, more
than 70% response rate was higher than expected. We also found out that
the timing to send out the questionnaire can also influence the response
rate.
For the mode choice scenario, it is not easy to capture travel time
reliability so only the probability of on time arrival is asked in the question. Even though coefficient of the probability of arriving on time show
statistical significance and the expected sign which means that travellers
do consider this attributes when making their decisions.
How to address travel time reliability in SP route choice models is
very important, and how these measures appeared in the questionnaire are
quite different according to the literature. To what extent these measures
influence the decisions of the respondents is still hard to tell. But they do
influence the value of travel time as well as reliability, as can be observed
from the earliness and lateness buffer combinations. This shows that even
within the same survey, with different time tolerances, the values can
vary greatly. But as the probability of being early and late are defined
by lognormal distribution, we could use different earliness and lateness
buffers to estimate VTTS and VoR. According to the estimation, the value
of travel time savings is 24.9 CHF/h and the reliability of earliness and
lateness are 73.9 CHF/h and 79.7 CHF/h respectively, which are about 3
times higher than the value of travel time savings. This proves again that
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travellers consider travel time reliability more than travel time itself.

7.1.2

FCD based network travel time analysis

FCD data is used to explore three levels of reliability, link, path and
network based respectively. The unreliability of link travel time is defined
to indicate how the speed changes along the link. Assuming links are
independent, path travel time is extracted using Monte Carlo simulation.
The total network travel time is also calculated based on a small network
assuming links are uncorrelated. Monte Carlo simulation uses all day data
to explore the link travel time reliability, when using it to simulate the total
network travel time, also no influences of flow fluctuation on travel time
are considered. But the link travel time normally has correlations between
adjacent links. Due to the restrictions of the data, it is unable to calculate
the correlation between adjacent links. Instead of exploring the statistical
correlation, spatial weight matrix is used to explain the speed and travel
time relations between links. Then a spatial auto regression model is used
to predict the link travel time and its variance according to different time
periods in order to explain the demand effect on travel time. Both the total
travel time distribution of a non-degradable and a degradable network are
calculated using simulation and moment estimation respectively. Both
density function curves show that the total travel time of the network
shares the similarity with a normal distribution. But for a conclusive
result, more data is needed.

7.1.3

RP based route choice models

In order to perform a RP based route choice model with travel time
reliability measures,regression models are used first to predict the travel
time distribution for the route alternatives. Tomtom Stats data is used to
fulfil this task. Micro census data, spatial data and a special digital network
from PTV and Tomtom are used to extract independent variables of the
regression model. As not only the mean, but also the dispersion from the
mean travel time are needed to address the issue of travel time reliability,
instead of exploring the travel time itself, the parameters of the travel
time distribution are predicted. This leads to the selection of the best-fit
travel time distribution. By using the Tomtom Stats data, three goodnessof-fit tests are used to find which distribution fits the travel time better.
Considering both simplicity and consistency, the 2-parameter lognormal
distribution, which is also used in the SP data and other studies, is selected.
In order to improve the model fits, a spatial auto regression model is also
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built to predict travel time and its variance at link level and then integrated
in the regression model as predictors. When selecting the predictors, VIF
is used as a criterion and if necessary, the ridge regression model is used
to deal with multicollinearity among variables. After the prediction of the
parameters, the distribution is reconstructed and commonly used travel
time reliability measures are calculated and compared.
Then the RP based route choice models are created to explore the travel
time reliability. The chosen routes from the respondents are extracted
from the paper and pen survey in which the respondents were asked to
recall their routine trips and then recorded the key passing locations. The
alternative routes are generated using link penalty approach considering
both computing efficiency and adaptation to the chosen routes. After the
generation of the alternatives, a path size Logit model is built. Different
types of path size formula are used and the original path size attribute suits
the choice set better as it generates better model fits in all the tested data.
The path size models also use general route information of the routes as
well as route specific variables in the choice set and the results show that
using route specific variables can significantly improve the model fit.
Using the regression model, the travel time distributions for each route
are predicted. And the mean travel time enters in the route choice model
as one of the explanatory variables. The predicted mean travel time with
other variables such as the curves of the routes, or the number of ramps
on the routes generates better results than the one using route length. And
most importantly, the coefficients show correct signs in the model. This
again proves that the length of the routes is not a good indicator for route
choice models, rather the travel time.
Then travel time reliability measures are added to the model and the
probabilities of being early, on time and late has the best model estimates.
As the travel time distribution for each route is known, the time tolerances
for the respondents can be calculated. Because the mean travel time for
each choice set is different, a universal time buffer does not apply any
more. Instead combinations of different percentages of the mean travel
time are used and the model with 10 percent (of the mean travel time)
early buffer and 15 percent late buffer has the best model fit, and all the
coefficients show correct signs. It indicates that the travellers tend to
avoid higher possibilities of being late and favour these routes with higher
possibilities of being on time within the tolerant buffers.
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7.2

Problems and future work

The biggest problem for travel time reliability analysis is lack of data,
especially RP based data. Travel time reliability explores trips on which
travellers have to repeat for multiple times. This kind of data is difficult
to obtain even for single links. For several paths, Tomtom Stats data is a
really good resource but as it is expensive, it is financially inconvenient to
get information of all the route alternatives. Besides, for certain routes,
even Tomtom States data do not have enough samples to run the reliability
analysis. Because of these restrictions, it is obliged to use regression
models to predict travel time distribution for each alternative routes and
this introduces potential biases to the RP based route choice model.
For the SP based route choice models, the design of the questionnaire
is very important. Parameters of the lognormal were used to generate
the attributes. And the probabilities appeared in the questionnaires were
fixed to 3 and 5 minutes interval. This leads to small differences of the
probability between the alternatives, and therefore increases the difficulties
for the respondents to choose. This potentially lowers the response rate
as well as the data quality. More distinguishable attribute levels between
alternatives would have probably improved the model fit. Besides, limited
by budget and labours, the sample size is relatively small and this also
introduces bias to the model.
For the FCD data, there are two major problems. The data is spatially
unevenly distributed. For some links, there are more than 10,000 observations, but for certain links, especially rural areas, there are no observation
at all. Besides, the lack of social demographics, traffic control and volume
information makes the travel time reliability modelling very difficult. It
would be interesting to apply macroscopic fundamental diagram to the
network travel time analysis but lack of traffic counts makes it impossible.
So it is left to the future when there is enough traffic data. The other
problem is the data query efficiency. As there are billions of observation
with many attributes interacting with a large network, it is impossible to
load all the data into the memory so they have to be stored in a database.
When doing the travel time analysis especially network evaluations, most
of the tasks need to go through the entire database. Even though the
database is optimised, it still takes quite some time to get the results. Lack
of huge data manipulation experience definitely also impedes the query
speed.
For the search of the early and late buffers which travellers are indifferent to, an ergodic algorithm with a discrete time interval (or percentage)
is used. As the sample sizes for both route choice models are relatively
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small, the computing time is still acceptable. A heuristic algorithm was
used but it could only search one buffer (either early or late) at a time, and
considering the ergodic searching time is acceptable, so it is discarded.
For further studies, heuristic algorithms can be applied to search for both
buffer spaces with higher precisions.
The spatial auto regression model used here cannot interpret panel data
so the travel time is predicted separately in each time of day period. The
estimate of coefficients involves the maximum log-likelihood estimation,
which also depends on the spatial weight matrix. The major issue is the
number of the observations must be the same length as the spatial weight
matrix. For the panel data analysis, as it involves time sequences, which
makes the observations multiple times as the length of the weight matrix,
the current estimator cannot solve it. A dedicated spatial auto regression
model, which can handle panel data, will be explored in the future.
Lack of data to assist FCD data for the total network travel time
impedes further analysis. Flow information should be collected in the
future and macro fundamental diagram can be added to assist network
travel time analysis.
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RP survey
The following table is information that you offered earlier about one of your trips, please
check them. If there are any mistakes, please correct them.
Trip purpose:

go to work

Trip frequency:

4 times per week
Hirzenbachstrasse XX, 8051, Zurich

Trip origin:

ETH Honggerberg, WolfgangPauliStrasse 15, 8093, Zurich
Trip destination:

Distance:

about 6.2 km

Arrival time tolerance:

within 10 min

Main travel mode:

tram and bus

Alternative travel mode:

bicycle

Household information
Please specify your occupation

Your education level
◯no

◯obligatory

◯vocational

◯full time vocational

◯highs school

◯advanced vocational

◯technical

◯university

Your household income (FR. per month, after tax)
◯<4000

◯4’001-10’000

◯10’001-12’000

◯12’001-16’000

178

◯16’001-20’000

◯>20’001

	
  

Trip information
◯Yes

Do you have to stop somewhere in the middle of this trip regularly?

◯no

If yes, specify reasons for stopping

⊗Walk

◯Walk

◯Bike
cycling
park

min
min

◯Bike
cycling
park

⊗Walk

◯Walk
min

2 min

min
min

min
◯Bike
cycling
park

◯Walk
min

2 min
◯Bike
cycling
park

min
min

min
min

◯Bike
cycling
park

min
min

◯Bus/tram
No ____
wait
min
in-bus
min

⊗Bus/tram
No 10
wait 4 min
in-bus 10 min

⊗Bus/tram
No _69_
wait 3 min
in-bus 13 min

◯Bus/tram
No ____
wait
min
in-bus
min

◯Bus/tram
No ____
wait
min
in-bus
min

◯Train
wait
min
in train min

◯Train
wait
min
in train min

◯Train
wait
min
in train min

◯Train
wait
min
in train min

◯Train
wait
min
in train min

◯Car
driving
park

◯Car
driving
park

◯Car
driving
park

◯Car
driving
park

◯Car
driving
park

min
min	
  

	
  

min
min	
  

min
min	
  

min
min	
  

min
min	
  

	
  

	
  

Please indicate the key nodes (such as bus stop name for bus, or intersections name) of the route
Start

à

à

ETH/Universitätsspital

à

ETH Hönggerberg

à

à
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Milchbuck

à

Destination
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Please specify your mode chain of this regular below.

◯Walk

◯Walk
min

◯Bike
cycling
park

min
min

◯Walk

◯Walk
min

◯Bike
cycling
park

◯Bike
cycling
park

min
min

◯Walk
min

min
◯Bike
cycling
park

min
min

min
◯Bike
cycling
park

min
min

min
min

◯Bus/tram
No ____
wait
min
in-bus
min

◯Bus/tram
No ____
wait
min
in-bus
min

◯Bus/tram
No ____
wait
min
in-bus
min

◯Bus/tram
No ____
wait
min
in-bus
min

◯Bus/tram
No ____
wait
min
in-bus
min

◯Train
wait
min
in train min

◯Train
wait
min
in train min

◯Train
wait
min
in train min

◯Train
wait
min
in train min

◯Train
wait
min
in train min

◯Car
driving
park

◯Car
driving
park

◯Car
driving
park

◯Car
driving
park

◯Car
driving
park

min
min	
  

min
min	
  

	
  

min
min	
  

min
min	
  

	
  

	
  

min
min	
  

Please indicate the key nodes (such as bus stop name for bus, or intersections name) of the route
Start

à

à

à

à

à

à

à

à

à

à

à

à

Destination

If there is an alternative route for this mode, please specify key nodes of the route.
Start

à

à

à

à

à

à

à

à

à

à

à

à

Destination

If you have more than one mode chain options, please continue filling the table in the next page.
If not, please go to page 6.
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SP survey
Scenario 1
Assume that you have a daily trip with the following three mode options, please make your
decisions according to the specifics of each situation.
Situation 1
Bicycle
walking

Public transport
3 min

cycling time
parking & walking

15 min
2 min

walking and waiting
on-bus/tram time

cost

0.00 Fr.

5 min
29 min

walking

95% being on time

Car

2 min

walking
driving time

1.10 Fr.

your choice ◯

20 min

parking & walking

85% being on time
cost

2 min

3 min

85% being on time
cost

3.00 Fr.

◯

◯

Situation 2
Bicycle
walking
cycling time
parking & walking

Public transport
3 min
13 min
3 min

walking and waiting
on-bus/tram time
walking

95% being on time
cost

your choice ◯

0.00 Fr.

Car
6mn

21 min
2 min

walking
driving time

1.34 Fr.

◯
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17 min

parking & walking

95% being on time
cost

2 min

4 min

95% being on time
cost

2.55 Fr.

◯
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Scenario 2
Assume that you go to work by car, and there are two different routes with different attributes
listed in the table. Please compare only the attributes in the table carefully and mark your
decisions.
Situation 1
route 1
slowing down events

route 2

1

slowing down events

1

8 events
stopping events

2

11 events
stopping events

2

5 events
travel time

6 events
travel time

24 min
you have the following chance of arriving
destinations

22 min
you have the following chance of arriving
destinations

20% more than 10 min early

15% more than 10 min early

13% 5~10 min early

14% 5~10 min early

39% on time

45% on time

9% 5~10 min late

9% 5~10 min late

19% more than 10 min late

15% more than 10 min late

travel cost

travel cost
9.8 Fr.

10.1 Fr.

	
  
◯	
  

your choice	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  ◯	
  
Note:

1. Slowing down events mean junctions where you need to slow down the vehicle
speed.
2. Stopping events mean junctions or zebras where you need to stop your car and let
other cars or pedestrians pass.
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In the second scenario, which of these variables were important to you? Please indicate your
opinions on the variables, 1 being completely indifferent to your choices, 5 being very
important to your decisions.
route variables

1

2

3

4

5

slowing down events

◯

◯

◯

◯

◯

stopping events

◯

◯

◯

◯

◯

travel time

◯

◯

◯

◯

◯

probability of more than 10 min early

◯

◯

◯

◯

◯

probability of 5~10 min early

◯

◯

◯

◯

◯

probability of on time

◯

◯

◯

◯

◯

probability of 5~10 min late

◯

◯

◯

◯

◯

probability of more than 10 min late

◯

◯

◯

◯

◯

travel cost

◯

◯

◯

◯

◯

Thanks very much for your participation of this research. If you have any comments
or advice, we really appreciate if you could write them down.

Again, Thank you for you help!
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