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Abstract

The scope if this article is to develop a comprehensive study of departure time choices for Paris,
Ile-de-France. For this purpose, we have proposed a computer-assisted questionnaire to generate
(random) personalized tradeoffs on departure times and travel time. The data allowed us to es-
timate the dynamic schedule delay parameters for various groups of users and various trip pur-
poses. We have proposed the following improvements over the standard analysis: flexible
schedule delay cost functions, discrimination between free flow and congested travel time and
cost for an earlier departure time (constraints at the origin).

We have shown that trips to work and for shopping or trips by car and by public transportation
are described by very different cost functions and that different explanatory variables interact in
the departure time choice processes. We have also demonstrated that the distribution of the dy-
namic parameters are better estimated with a mixed logit model and lognormal distributions.
Our empirical results and our simulation results using METROPOLIS suggest for the Paris area
that the schedule delay cost represents a third of the generalized cost (and half of the variable
cost).
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1. Introduction

Numerous time of the day dependent policies such as flexible or staggered hours, variable
traffic restraints or modular road or parking pricing have been proposed to relieve congestion
in private or public transportation. The impact of these policies depends on the values of the
behavioral parameters to be estimated as well as on their distribution. The standard parameter
to be estimated is the value of time (VOT), but other parameters also play a key role, in par-
ticular to explain the peak shift. The reason is that users change mode, but also departure time
when time of the day dependant policies are implemented. In the dynamic model considered
here, the user choice is based on a generalized cost function. The generalized cost, originally
introduced by William Vickrey (1969) is the sum of travel time cost and schedule delay cost
(corresponding to the penalties for early or late arrivals at destination). It is the scope of this
paper to estimate the functional form and the parameters of the generalized cost function and
to identify the other factors affecting the departure time decisions.

Numerous surveys and empirical studies have been conducted during the past 25 years in or-
der to estimate departure time choice models. Those studies were mainly concerned with
commuters and private transportation. Today, dynamic policy evaluation needs more compre-
hensive analysis of departure time, in particular for various groups of users and for different

trip purposes.

To acquire a better knowledge of the trip time decisions, we conducted a survey in Ile-de-
France. We developed a methodology based on customized scenarii in order to generate per-
sonalized and randomized tradeoffs on departure time choices. The answers to the tradeoffs
proposed in the survey allow to estimate various functional forms for the schedule delay costs
for various groups of users: private and public transportation users, trips to work, shopping,
school; by gender, income, age, etc. Our analysis is based on binary Logit and mixed Logit
choice models (for an overview of discrete choice models, see McFadden, 2000).

The study concerned Paris and its suburb. We realized a phone survey during May and June
2000. The phone calls have been processed from 5 to 8 PM by the French company SOFRES
concerning the morning trips for the same day. About 4230 individuals answered the ques-

tionnaire.

The first part of the questionnaire collected all the information essential for the departure time
choice model: information on the selected trip, schedule and constraints at home and destina-

tion, characteristics of the modes used (travel time, cost, time constraints, etc.), network
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knowledge and use of information on trip conditions. If the constraints at home are rigid, they

are taken into account in the customized scenarii.

The second part of the questionnaire was concerned with the tradeoffs between two choices

involving different departure times and different travel times (and thus different arrival times).

The third part is related to scenarii on modes and information (not used in this study). The
fourth part concerns the characteristics of the individuals and their household.

The standard departure time model is introduced and discussed in Section 2, together with the
trade-off between travel time and schedule delays. The generalized cost function is extended
in Section 3 to take into account constraints at the origin and the difference between free flow
and congestion travel time in the evaluation of the value of time. In this section, we also pre-
sent the estimation results for different cost functions for different trip purposes and different
modes. In order to take into account two sources of heterogeneity, we estimate the distribution
of the dynamic parameters as well as the impact of individual characteristics on departure
time choice. Section 4 concludes. In this section, we also discuss aggregate results based on
our estimates. We evaluate the impact of schedule delay cost for the Paris area, and show that

they account for about 50% of the variable user cost.

2. The departure time choice model

2.1 The standard model

The choice of departure time involves the tradeoff between travel time and schedule delay.
For most trip purposes, the traveler has a preferred arrival time at destination, but usually ar-
rives at destination either too early (and incurs an early schedule delay cost) or too late (and
incurs a late schedule delay cost). Usually, the travel time is the largest when the arrival time
at destination is the preferred arrival time, since congestion is then maximum. The analysis of
departure time choice is based on the idea that there is a tradeoff between travel time cost and
schedule delay cost. This idea was initially introduced by Vickrey (1969) and it is currently at
the basis of many studies of dynamic travel behavior.

The standard model analyzes the choice of arrival time at work. Let ¢; denote the departure
time, ¢ denote the preferred arrival time or the official work start time' and let #£(¢;) be the

! See below for a detailed definition of t*.
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travel time. The generalized cost function C(#;) depends on the travel time ##(¢;), the early
schedule delay [¢"—t, —1t(t,)]" and the late schedule delay [z, +(t,)—¢']", where [x]" de-
notes max(x,()). Three dynamic parameters reflect the marginal costs : & denotes the value of
time, £ the cost of being one additional minute early at destination and y the cost of being

one additional minute late at destination. With a linear specification, the cost function C(z,) is:
C(t,))=att(t,)+ Pt —t, —tt(t,)] +y[t, +1(t,) -t 1. (1)

The econometric approach envisaged in Section 3 is based on non-normalized costs C(z,) de-
scribed by equation (1) and involves the normalization of the variance of the residuals. An-
other normalization is used in Section 2 since the formulation envisaged in this section in-
volves the comparison of cost functions and does not include random terms. In this case, the

cost function is normalized by the value of time, & and is denoted by Cy(#,), with

C,(t) = tt(td)+g[t* —t, —tt(t,)]" +§[td +u(t,)—t]". (2)
Alternative specifications for C(z;) have been proposed by various authors and will be envis-
aged in Section 3. For example, a discontinuous piecewise linear cost function was introduced
by Small (1982). Hendrickson and Plank (1984) tested a quadratic form. Noland et al. (1998)

introduced a planning cost defined as a function of the standard error of travel time.

Vickrey’s model has been widely used for car trips from home to work and has recently been
extended to transit trips from home to school (Nuzzolo and Russo, 1998). In this paper, we
extend Vickrey’s model to other trip purposes. Since there is congestion in private and public
transportation during the morning peak hours, trip timing for other purposes than commuting
is also determined by a tradeoff between travel time and schedule delay. We show that the
numerical values of dynamic parameters depend on the purpose of the trip. For example, con-
sider a trip to work with an important meeting at the arrival time. For this trip, the late sched-
ule delay cost is intuitively higher than the early schedule delay cost. If we consider another
trip between the same origin and the same destination, but for a shopping purpose, there is no
reason for the late schedule delay cost to be higher than the early schedule delay cost. In this
last example, the early schedule delay cost could be higher than the late schedule delay cost,

because an early arrival induces a waiting time if the shop is closed.

A schedule delay appears when the arrival time does not coincide with the “individual refer-
ence time”, usually referred to as the preferred arrival time. These concepts are defined in the

next section.
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2.2 The preferred arrival time

The schedule delay is defined as the difference between the actual and the preferred arrival
times. Various definitions have been proposed for this time difference. The first application
(Cosslett, 1977) used “latest arrival time without penalty”, but the word penalty is not clearly
defined. The “official work start time” proposed by Abkowitz (1980) and Small (1982) entails
different flaws. First, this definition is limited to work related trips with fixed hours. Second,
this definition does not include the preferences to arrive before the official work start time (for
example to drink a coffee, read a newspaper, etc.). It therefore induces a bias in the computa-

tion of the delay.

Mannering (1989) and Noland and Small (1995) used the “usual arrival time”. However, in
numerous cases the usual arrival time does not correspond to the individual preferences. For
example, transit users cannot choose exactly their arrival time, so their usual arrival time does
not correspond to the arrival time they would prefer. Wang (1996) used “planned hours” and
arrival time which are fixed in a schedule activity pattern defined at the beginning of the day.
However, the planned arrival time is not more representative of the preferences of transit us-
ers than is the usual arrival time. Other studies (Hendrickson and Plank 1984, Mahmassani
and Chang 1986, Abu-Eisheh and Mannering 1988, Cascetta et al. 1992, de Palma and Rochat
1996, de Palma et al. 1997), defined the schedule delay as the difference between the real ar-
rival time and the “preferred” or the “desired” arrival time.

The two latter variables are sometimes used without distinction. Ben-Akiva (1999) notes that
the desired arrival time is the outcome of a choice (depending on travel time variability and
on the penalties for late or early arrivals) and does not necessarily correspond to the preferred
arrival time. For this reason we use the “preferred” arrival time terminology. The preferred ar-
rival time should be included in the “tolerable” arrival time window. For example, consider a

worker traveling from home to work with the following two characteristics:

* He cannot arrive before 8 AM (the opening hour of the building he works in)

* He cannot arrive after 9 AM (a very important meeting starts at 9 AM)

To the question : What is your preferred arrival time ?, the respondent could reply 10 AM be-
cause she/he does not consider her/his constraints at destination. Therefore, if we use the “pre-
ferred” terminology, we have to limit the time interval to the constrained context: Between 8
AM and 9 AM, what is your preferred arrival time ? Note that the preferred arrival time could
be an interval, A, in which the individual could arrive without supporting any penalty. If it is
the case, we keep the information on A. In the following section, we discuss the methodology

used to generate personalized tradeoffs.
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2.3 The tradeoff principle

As the time variable is continuous, each user faces a continuum of departure time alternatives
included in an interval of acceptable departure/arrival times”. Following Vickrey’s model, the
simplest departure time choice is binary. In the survey, each respondent was proposed pairs of

departure times associated with pairs of travel times (i.e. pairs of arrival times).

A question involves the following two options:
* Option 1. The same trip as the one observed (with the "R"” index corresponding to
Reported), characterized by the reported departure time, ¢ , the reported travel time,

%, and the reported arrival time, tf )

* Option 2. An hypothetical (randomly generated) trip (with the "S” index correspond-
ing to Simulated), characterized by the departure time, tj , the travel time, ##°, and the

arrival time, ¢ .
Three tradeoffs were proposed to each respondent (see Figure 1). The simulated options are
respectively characterized by the following schedule delays:

* A delay of the same nature than the reported trip (early or late) but increased,
* A delay of the same nature than the reported trip (early or late) but decreased,

* A delay with a nature opposed to the one of the reported trip.

Figure 1  Binary tradeoffs

defﬁ: T?deoff\N:2 Tradeoff N°3
Trip as | | Remain early Trip as | | Remain early Trip as Change to
reported or late but reported or late but reported early or late
Increased Decreased
Opntion 1  Option 2 Option 1~ Ontion 2 Opntion1  Option 2

% See below for a definition of "acceptable".
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In the case the arrival time of the reported trip is on time, a late scenario and an early scenario

are proposed.

For each tradeoff, option 2 is based on the utility equivalence between reported and simulated
options (see Figure 1). The procedure used to generate option 2, entails four steps that are de-

tailed now.

STEP 1. Random draws of the dynamic parameters

The distribution of the dynamic randomly simulated parameters is based on uniform distribu-

tions. The means are chosen consistently with previous empirical studies on work trips: 0.5

s

for £ and 2.5 for £ (see Small, 1982). The interval bounds of the distributions were chosen
a a

to be consistent with our a priori for all trip purposes. The tails of the distributions have been
modified to take into account behaviours that would not be consistent with the theoretical
model (that is f/a> 1 and ya <1, see Arnott et al., 1993). We set to 1% the probability of the

following events: 1< f/a<1.2, 0.5 <y /a< 1. The two resulting distributions (including tails

on the other side) are presented in Figure 2.

Figure 2  Distributions of the simulated schedule delay costs parameters

A
Y«

e A (7 a)

/I I\{ | ] < /a f —p
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I
Random draws of the dynamic parameters, denoted by s and 1, are used to compute the

a a

level of the schedule delay cost é‘(tf) corresponding to the reported travel time:

A

C(ety=u* +£[t* A P
(04 (04
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The variables #" and ¢¥ are observed, so C* can be computed.

STEP 2 . Computation of intervals for arrival times subject to the following restrictions

A
A

» 2.1 The values of the dynamic parameters s and ~ are the same in the reported and
a a

the simulated case.

» 2.2 The level of the schedule delay cost is the same in the reported and the simulated
option : C(t%)=C(t5).

» 2.3 Two constraints on departure time, travel time and arrival time are imposed:

- Tolerance on departure time: the time constraints at home reported by the respon-
dent have to be respected.

- Exclusion of arrival times close to the reported arrival time (plus or minus 5 min-
utes) to ensure a minimum difference between the two options.

The result of this step is an interval of arrival times (i.e. a set of possible arrival times for the
simulated option). If this interval is empty (for example because the time constraints are too

tight) other dynamic parameters are drawn’.

STEP 3. Simulated arrival time t’

The simulated arrival time ¢° is drawn in the feasible interval computed in STEP 2 using a

uniform distribution.

STEP 4 . Simulated travel times tt°

A

We use the simulated values s and 2 of the dynamic parameters and ¢° to compute the
a a

simulated travel times #°. Using the equivalence principle (STEP 2.2), we compute #° as the

unique solution to:

A

1" +£[t* —tf—* +1[t§ +1tf T =1+
(04 (04

[ =6t + 5[+’ 1]

R ™

R >

Figure 3 describes the four steps.

3 Since the redraws and the computations during STEP 2 are time consuming, we set to 10 the maximal number

of redraws.
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Figure 3  Procedure used to compute option 2

| STEP 2

I STEP1 . | Used == = = = = - "=—=".

omputation  ~. | for — . .
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| B/oand y/au | . .
I | Computation '

S —

| r | |
I | < | Random Interval of possi- ' |
| | I draws ble arrival times Col
| I L S S S S S S
B | STEP 3

The previous procedure generates a simulated option defined by #° and ¢° (and 5 =5 —#t°).

The respondent is required to choose between the simulated option and the reported option.
The answers to this binary choices are used in Section 3 to estimate the dynamic parameters
for different groups of users.

Each of the three binary tradeoffs studied in Figure 1 is between the revealed arrival time £
and travel time #", and a simulated arrival time #° that may be either earlier or later and travel

time #£°. Min(¢",¢5) is denoted ¢, and Max(¢*, ¢ )is denoted ¢, . The different cases are:

e Tradeoff 1 or 2 with ¢* < ¢ : arrive very early (¢,/) or early (£,2)

| | |
| | | >

*

tal a2 t

» Tradeoff 3: arrive early (#,,) or late (#,2)

| | |
>
| | |

*

tal t a2
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* Tradeoff 1 or 2 with ¢* > ¢": arrive late (¢,;) or very late (,2)

| | |
| | | >

*

t tal la

We use the sub-sample of individuals that revealed their preferred arrival time. In this sub-
sample, some users only answered one or two scenarii because they lack flexibility at the ori-
gin or at the destination (see Section 2.2). The answers to the tradeoffs (3195) are pooled to

estimate binary departure time choice models.

In the estimated models, the utility function, U(¢), has two components : the schedule delay

cost function, C(?), and a vector of individual characteristics, X :
U@) = -C@t) + X, t=t,,t,. 3)

This binary choice model explains the utility difference Ut,;) - U(t,2). Individual characteris-
tics have the same value in the two alternatives, so they do not affect the choice except if they
are valued differently in the two alternatives: in this case, the vector of parameters 6(?) associ-

ated to characteristics X is alternative dependent. The estimated parameter corresponds to
Q(tal) - e(l‘ag).

3. Estimation of the dynamic parameters

3.1 Additional components of the cost function

We decompose the travel time variable in two components: the free flow and the congested
travel time (for both public and private transportation). For private modes, the difference be-
tween the two components is due to congestion, and for public modes it is due to waiting time
(and delays). Each individual reveals his free flow travel time. This information may be bi-
ased, but was validated with aggregate data. The simulated travel time can be larger or lower
than the revealed free flow travel time. The simulated free flow travel time then corresponds
to minimum of the revealed free flow travel time and the simulated travel time. In our ex-

periment, in 30% of cases, the simulated travel time is lower than the revealed free flow travel

10
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time. To the best of our knowledge, this analysis is the first one to estimate separately the
value of time for free flow and congested regimes.”.

We also improved the standard model by introducing constraints at origin. In particular, we
introduce the cost of leaving home earlier (since early departure implies less time for sleeping

or getting prepared, stress, etc.).

3.2 Estimates for work purposes with equal dynamic parameters

Following Hendrickson and Plank (1985) who envisaged quadratic cost functions, we further
explore non-linear cost functions and test different functional forms. The basic objective is to

determine the best fitting functional form.

The best estimates combine a concave cost function for the early schedule delay and a piece-
wise linear function for late schedule delay (with two regimes: one from 5 to 30 minutes and
one from 30 to 60 minutes. It is possible to interpret the kinks in the piecewise linear function
as psychological levels (tolerance to delay). For all functional forms tested, it was found that
the cost for less than five 5 minutes late delay is negligible (five minutes indifference bands).
A similar kind of indifference region is also observed for the early schedule delay since the

marginal cost is zero at the origin with a quadratic cost.

The best estimates are described below. Let ay, a., S, [>, 7; and y» denote the dynamic pa-
rameters for, respectively, free flow travel time #;.., congested travel time #congesed, €arly de-
parture delay ff..4p, early arrival schedule delay (in quadratic form) (#...s)? late arrival
schedule delay ##,.s when .5 is less than A and late schedule delay when ##,..5 is more than

A, where A denotes the breaking level (fixed to A4=30). The cost function is now written as:

C(t): aO tt free + ac ttcongested + 5 tt earlyD +ﬂ2 (ttearlyS )2+ 7/1 ttlateSI(ttlateSSl )+ 7/2 tt lateSI(tt lateS>4 )’ (4)

where /(condition) is a dummy variable equal to / when condition is met and 0 else. The re-
sults presented in Table (1) correspond to the parameters of the utility function in equation (3)

* Hendrickson and Plank (1985) use a different component, as it is include in the mode choice model jointly es-

timated with a departure time choice model.

11
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Table 1 = Work purpose - Logit model

Parameter Estimate Standard error
ol 0.0325™" 0.013
oL 0.0459™" 0.010
8 0.04727" 0.006
B2 (5-60 min) 0.00042" 0.0001
Mean cost (1 hour) 0.0252

v7(5-30 min) 0.0786"" 0.016
v2(30-60 min) 0.0997"" 0.027
Constant -0.1986" 0.107
I(constraint at home) 0.7145™ 0.157
I(official arrival time) 051217 0.099
Observations 1988
Pseudo R? 0.112
Log Likelihood -1207

* 1 10% singif., ** : 5% singif. *** : 1% singif.

In order to make the coefficient 3, directly comparable to the other VOT coefficients, we
evaluated the mean cost of early schedule delay for the maximum delay considered, that is 1
hour. It simply corresponds to [3,*60%/60=3,*60=0.0252. Evaluated at the sample average de-
lay early (24 minutes), the mean cost of early schedule delay would be (3,*24=0.0101.

As expected, the VOT associated to the congested travel time is larger than the VOT for the
free flow travel time and both values of travel time are larger than the VOT for early schedule
delay, and lower than the VOT for late schedule delay (f<a<p). The cost of earlier departure
is highly significant. We also estimated the model without this component and observed that
the introduction of an early departure cost implies a significant decrease of the estimated early
schedule delay cost (at destination). This suggests that the usual estimates in the literature mix

two different components that we were able to discriminate.

The results of separate estimates by mode used (private/public) are reported in Annex Table

Al and represented on Figure 3.

12
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Figure 2 The cost function by mode — Work purpose — Logit model
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3.3 Estimates for work purposes - random dynamic parameters

We used the procedure proposed by Mc Fadden and Train (2000) to test the Logit model

against the Mixed Logit model. This test was applied to the simple standard cost model and to

the proposed specification of cost. In both models, the Logit was rejected at the 1% level.

Different distributions for the dynamic parameters of the mixed logit model were tested® (see

Hensher and Green (2002) for a discussion on the number of draws for the mixed Logit) and

presented in Table 2. We tested the different methods they propose, and obtained the same

econometric results. Our model was estimated with 10 000 draws.

We initially tried to estimate a lognormal distribution for the three dynamic parameters, but as

it is common in studies using mixed logit (Johansson 2000, Egert et Tveteras 2001, Chung et

Alcacer 2002), the standard deviations were hardly significantly different from zero. Accord-

5 We used the SAS 8.2 Proc MDC.

13
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ing to Hensher and Greene (2002), this problem comes from a lack of variability in the sce-
narii. In our case, variability is limited by the constraints imposed on step 2. Fontan (2003)
showed how important these limitations are. Another explanation to this lack of significance
is linked to the normalization. Considering a distribution for o is equivalent to assuming het-
eroskedasticity when cost is normalized as in equation (2) (the estimation procedure assumes
that residuals are homoskedastic with the non normalized cost of equation (1)). After testing
many distributions, we found that the best fitting model is obtained with deterministic VOT
for travel time (o) and lognormal distributions for early and late schedule delay ( and y). Our
results can therefore be interpreted as an indication that residuals are still homoskedastic in

the normalized cost formulation.

Table2 ~ Work purpose — Mixed Logit with Log normal distributions
Parameter Estimate Standard error”
a 0.0921" 0.017

a 0.1313" 0.019

B Lognormal -2.4369™" 0.133

o 0.3047 " 0.206

E(B) and std(B) 0.0915 0.0285

$ Lognormal 24127 0.246

Oy 0.8626"" 0.203

E(y)and std(y) 0.1299 0.1365

Constant -0.4870"" 0.146

I(constraint at home) 0,7079*** 0.172

I(official arrival time) -0,5484°" 0.111

Observations 1941
Pseudo R*? 0.14
Log Likelihood -1178

“ Standard deviation for the random dynamic parameters 3 and y

b« " » : significant at the 14% level

14
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The marginal distributions of the parameters are displayed in Figure 2. The distribution of the
parameters plays an important role both for theoretical work and for simulation results (briefly

presented in Section 4).

Figure 3 Lognormal distributions of the two key parameters 3 and y
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Using the expectation and the standard deviation of a lognormal distribution, the mean values

of the VOT for early and late schedule delay are E(,B):exp(,%+0'ﬁ2/2)=0.0915 and

E (7/) = exp(f% + 0'72 / 2) =0.1299, respectively. The inequalities (f<a<p) are respected for the
average values (0.0915<0.0921<0.1299), at least for free flow travel time. Although the point

estimate for the value of congested travel time (a=0.1313) is larger than the mean value of
time for late delay, the difference is not significant and the null hypothesis that y>o cannot be

rejected at the 5% level. Standard deviations for early and late schedule delay are
std ()= \/exp(2ﬁ + o-ﬁz)[exp(o-;) - 1] and  std(y)= \/exp(zyﬂ + 0'72)[6Xp(0'y2) ~ 1] .

Note that the standard deviation of'y is highly significant, whereas the standard deviation of

is significant only at the 14% level.

3.4 Estimates for other purposes

For purposes other than work, the largest data set concerns shopping (227 scenarii), followed

by schooling (171 scenarii). Because of the small sample sizes, the other purposes (leisure,

15
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medical care, administrative task, etc.) had to be grouped in the "other purpose" category.
(328 scenarii).

Since the complete forms would require a large number of observations, we only proposed
simple models for each of these three trip purposes. Intuition suggests a different functional
form for each purpose, which was confirmed by the lack of significance of additional coeffi-
cients in more comprehensive specifications. See Fontan (2003) for exhaustive results, not re-

ported here.

Note that the numerical values of VOT are not directly comparable between the three pur-
poses because of the normalization of the variance of the residuals. Assume that the VOT are
the same for the three models with the normalized cost of equation (2) but the variances of the
residuals differ for the three trip purposes. Then the coefficients estimated with the non nor-

malized cost of equation (1) would differ.

Children are an incentive for an earlier departure in the context of shopping, maybe because

parents have a constraint to be back on time in order to take care of their children.

Concerning the VOT for delay at destination, only the early delay should matter for shopping
(an early arrival delay may imply time spent waiting for the opening of the shop and/or a cost
of early departure), whereas only late delay should matter for schooling (a natural official ar-
rival time corresponding to the preferred arrival time implies that students should have a sig-

nificant schedule delay cost).

The early schedule delay cost is very significant and relatively high in the context of shopping
(1 hour of early delay is 10% more expensive than 1 hour spent in congestion)®. It is also
highly significant for the "other" trip category, but three times less expensive than congested
time. This low value is not surprising since a majority of individuals in the third sample do
not work, so waiting time should be less expensive for them. The early schedule delay cost is
not significant for schooling trips. Note that 80% of the scenarii have an early delay, so this
result does not come from a data problem. A careful reading of the answers to the open ques-
tion on the preferred arrival time reveals that the students wish to arrive early in order to chat
with their friends. So is not surprisingly that the VOT for early arrival is not significant (it

may even be negative since those users seem to enjoy early arrival).

% With the quadratic form, 1 hour too early costs 0.00106%60>=3.816, whereas 1 hour congested time costs
0.0569%60=3.414.
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Table 3 ~ Estimation results for the three other purposes

Parameter Shopping Schooling Other

Estimate  Std error  Estimate Std Estimate Std

error error

Ol 0.0569" 0.024  0.0694" 0.029  0.1123™  0.028
B (5-60 min) 0.0251 0.019  0.04697°  0.015
B2 (5-60 min) 0.00106  0.0003
VOT(1 hour)/60 0.0636
v (5-60 min) 0.0580 0.046  0.164 0.062  0.1094  0.042
Constant 1.1833" 0.500  -0.839™" 0320 0.1011 0.283
Number of children  0.3346 0.141
Age -0.3954™  0.183
I(constraint at home) 0.9056" 0.408

I(no correction on -0.678 0.257

arrival time)

Error on arrival time 0.1401°" 0.044

Observations 227 171 328
Pseudo-R? 0.10 0.105 0.104
Log Likelihood -139 -100 -197

The coefficient of late schedule delay is very high (2.35 times more expensive than conges-
tion time) and highly significant for students, in spite of the small sample size (173 obs). It is
very high and significant for "other" trip purposes, which is not surprising in the context of a

medical appointment, for example. As expected, it is low and not significant for shopping.

The value of congested time is not very significant in the shopping sample. This may mean

that travelers are not stressed by the time spent in the mode when they go shopping.

In the third sample, the late schedule delay cost is not significantly different from the cost of
time spent in congestion. However, the grouping of relatively different trip purposes gives av-

eraged results that are difficult to interpret.

These results appear clearly on Figure 4.
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Figure 4  Title
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The estimated parameters can now be used to evaluate aggregate costs and can be introduced
as inputs in the simulation model METROPOLIS.

4. Concluding comments

The scope if this article was to develop a comprehensive study of departure time choices for
Paris, Ile-de-France. For this purpose, we have proposed a computer-assisted questionnaire to
generate (random) personalized tradeoffs on departure times and travel time. The data allowed
us to estimate the cost function, including dynamic schedule delay parameters for various
groups of users and various trip purposes. We have proposed the following improvements
over the standard analysis: flexible schedule delay cost functions, discrimination between free
flow and congested travel time and cost for an earlier departure time (constraints at the ori-
gin). The new parameters we introduced proved to play a significant role in the estimated cost

functions and to affect significantly the aggregate results.

We have shown that trips to work and for shopping or trips by car and by public transporta-
tion are described by very different cost functions and that different explanatory variables in-

teract in the departure time choice processes. We have also demonstrated that the distribution
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of the dynamic parameters are better estimated with a mixed logit model and lognormal dis-

tributions.

Our parameters were estimated up to a multiplicative constant (normalization of the vari-
ances). In order to recover the true values of the parameters, we used values of time previ-
ously estimated (and currently used in the cost benefit analysis in France), together with the
distribution of trip purposes and delays. The values of travel time we use are 21.03€/h for pri-
vate mode and 13.24€/h for public mode. Using the estimated ratios for g and g (see An-
nex Table Al), we obtained the following VOT for private mode commuters: 7.91€/h for
early schedule delay, 30.21€/h for late schedule delay less than half an hour and 36.02€/h for
late schedule delay more than half an hour. Similarly, for public mode commuters, we obtain
13.20€ for one hour early schedule delay and 21.45€/h for late schedule delay. For all the
other trip purposes, we chose a value of travel time of 7.17€:h, representing 55% of the value
of travel time for public mode commuters. This gives 8.01€/h for early schedule delay when
shopping, 16.90€/h for late schedule delay for schooling, 2.99€/h for early schedule delay and
6.98€/h for late schedule delay for other purposes.

The resulting aggregate cost is provided in Table 4.

Table4  Aggregate costs

Late schedule  Early schedule Total schedule  pgo ~ Traveltime  share of

delay delay cost Cost schedule
Trip %users Avg. %users Avg. Cost/  Nb. (1000€) Avg  Avg. delagl
purpose/  late  delay  early  delay user  users travel travel ~C€OSt (%0)
mode (1000) time cost

Work / 21.10 2257 47.68 22.05 592 799 4728 35 12.27 48.3
private

Work / 23.89 2566 43.66 20.83 4.60 603 2772 51 11.25 40.9
public

Shopping 27.09 17.56  40.89 17.15 1.98 804 542 43 5.14 38.4
Schooling 13.89 2220  52.78  48.52  0.41] 48 601 30 3.59 11.5
Other 2095 2473 4348 2154 135 151 370 38 4.54 29.7
Total 2404 9013

The average schedule delay cost per user early (resp. late) is the product of the above values

for early schedule delay early (resp. late) by the average delay early (resp. late). The average
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schedule delay cost is then computed as the sum of the average schedule delay cost early or
late, weighted by the fraction of users early or late (users on time, that is less than 5 minutes
early or late, have a zero schedule delay cost). The average travel cost is simply the product of

the chosen values of time by the average travel time.

Trips to work represent the largest part of the aggregate schedule delay cost (more than 80%).
The total schedule delay cost for Paris area is equal to 9,013 Millions € per day, so for 5 days
(Monday to Friday) the cost goes up to 2,343 Millions € per year. Since the Paris GIP (global
intern product) in 1998 was 364,369 Millions €, the schedule delay cost represents 6,4 % of
the regional GIP.

Based on the answers to open questions (see Fontan 2003), we found that 37,8% of the delays
were volunteer and for involuntary delays, half were due to network under-functioning. So
this network weakness is evaluated here to 2,8 Millions € per day and 728 Millions € per year.

These figures reveal the importance of schedule delay costs but, since they are based on aver-
age results, they only give an approximation of the real regional costs. We now turn to a more
accurate evaluation for the dynamic simulations results. The estimated distribution of the pa-
rameters is introduced in the simulation model METROPOLIS. This model is based on a net-
work with 20,000 links and an origin-destination matrix. The results based on the lognormal
distribution of the parameters o, B and y are as follows. The free flow travel time is 5.93 €, the
waiting time cost is 2.05 € and the average schedule delay cost is 2.20€. The total cost is then
10.18 € and the variable cost (schedule delay cost plus congestion cost) is 4.25€. Therefore,
the schedule delay cost represents 51.8 % of the variable cost. It should be mentioned that

these figures fluctuate according to the trip purpose.

Our empirical results and our simulation results using METROPOLIS suggest for the Paris
area that the schedule delay cost represents one third of the generalized cost (and half of the

variable cost).

We have proposed the first monetary evaluation of the schedule delay costs. We observed that
the total area cost of the delays is large (6,4% of the regional PIB) so the delay costs should
not be neglected when evaluating policies that may impact the schedules or the travel times.
We have also proved that the use of specific estimates of the dynamic parameters for the Paris

area was important for dynamic simulation results.

20



10" International Conference on Travel Behaviour Research
August 10-15, 2003

Acknowledgments

We would like to thank Richard Arnott, Moshe Ben-Akiva, Jean Delons, Assad Khattak and
Jean-Louis Madre for several extremely useful suggestions. In particular, we discussed many
times with Moshe Ben-Akiva on experimental design issues. SOFRES administered the ques-
tionnaire with CATI. Finally, we benefited from several financial support: SNCF, TAURIF,
and PREDIT.

21



10" International Conference on Travel Behaviour Research
August 10-15, 2003

5. References

Abkowitz, M.D. (1980). The impact of service reliability on work travel behavior. PhD dis-
sertation, Civil Engineering Department, MIT.

Abu-Eisheh, S. and A., Mannering, F. L. (1988). A discrete/continuous analysis of commut-
ers’ route and departure time choice. Transportation Research Record, 1338.

Arnott, R., de Palma, A. and Lindsey, R. (1993). A structural Model of Peak Period Conges-
tion: A Traffic Bottleneck with Elastic Demand. American Economic Review, 83, 168-
179.

Ben-Akiva, M. (1999). Departure Time Choice Models. Mimeo, Civil Engineering Depart-
ment, MIT.

Cascetta, E., Nuzzolo, A. and Biggiero, L. (1992). Analysis and Modelling of Commuters’
Departure Time and Route choice in Urban Networks. Communication presented at 2°
séminaire sur les réseaux de trafic urbain CAPRI.

CGP (2001). Transports : Choix des Investissements and colt des nuissances, Rapport du
Commissariat General du Plan, Présidé par Marcel Boiteux, Rapporté par Luc Bauns-
tark, Juin.

Chung W. and Alcacer J. (2002). Knowledge seeking and location choice of foreign direct in-
vestment in the United States. New York University Multinational Conference, Avril. A
paraitre dans Management Science.

Cosslett, S. (1977).The trip timing decision for travel to work by automobile. /TS report Uni-
versity of California, Berkeley.

de Palma, A. and Fontan, C. (2000). Enquéte MADDIF : Multimotif Adaptée a la Dynamique
des comportements de Déplacement en Ile-de-France. Final report DRAST/ PREDIT
N°9SMT20.

de Palma A. and Fontan C. (2001-a). Departure time choice and heterogeneity of commuters .
WCTR Conference, Seoul, Seminar D1, Paper 4149.

de Palma A. and Fontan C. (2001-b). Choix Modal and Valeur du temps en Ile-de-France.
RTS, 71.

de Plama A. and Fontan C. (2001-c). Stationarity Tests for Dynamic Traffic Simulations.
PTRC Conference, Cambridge, Session MI 01i.

de Plama A., Fontan C. and Mekkaoui O. (2002). Trip Timing for Public Transportation: An
Empirical Application Présenté a la 9™ Conférence IATBR, 2-7 juillet 2000, Gold
Coast, Queensland, Australia, and dans The Leading Edge in Travel Behaviour Re-
search, ed. Hensher D.A., Pergamon, Oxford, 2001.

de Palma, A., Khattak, A. J., and Gupta, D. (1997). Commuters’ Departure Time Decisions in
Brussels. Transportation Research Record, 1607, 139-146.

de Palma A. and Marchal F. (2001). Dynamic Traffic Analysis with Static Data : Some Gui-
delines from an Application to Paris. Transportation Research Record, 1752, 76-83.

22



10" International Conference on Travel Behaviour Research
August 10-15, 2003

de Palma, A. and Rochat, D. (1996). Urban Congestion and Commuters’ Behavior : the De-
parture Time Context. Revue d’Economie Régionale and Urbaine, 3, 467-488.

Eggert H. and Tveteras R. (2001). Stochastic Production and Heterogeneous Risk Prefer-
ences : Commercial Fishers’Gear Choices. Working Paper in Economics N°54, Sep-
tember, Departments of Economics, Goteborg University.

Fontan, C. (2003) Choix de I'heure de départ and cotts des délais, Enquéte and estimations en
Ile-de-France. PhD dissertation, Cergy-Pontoise University, Thema.

Hendrickson, C. and Plank, E. (1984). The Flexibility of Departure Times for Work Trips.
Transportation Research A, 18, 1, 25-36.

Hensher D. and Greene W.H. (2002). The Mixed Logit Model: The State of Practice and
Warnings for the Unwary. Working Paper N°ITS-WP-0201, Institute of Transportation
Studies.

Johansson, M. V. (2000). Using modal Perception to Determine Work Trip travel Mode, Wor-
king paper Department of Economics, Umea University, Sweden.

Mahamassani, H. S. and Chang, G. L. (1986). Specification and Estimation of a Dynamic De-
parture Time Acceptability Model in Urban Commuting. 76" Annual Meeting of the
Transportation Research Board, Washington, January.

Mannering, F. L. (1989). Poisson Analysis of Commuter Flexibility in Changing Routes and
Departure Times. Transportation Research B, 23(1), 53-60.

McFadden D. and Train K. (2000). Mixed MNL models for discrete response. Journal of Ap-
plied Econometrics, 15, 5, 447-470.

McFadden D. (2000). Economic choices. American Economic Review, 91, 3, 351-378.

Noland, R. B. and Small, K. A. (1995). Travel Time Uncertainty, Departure Time Choice, and
the Cost of Morning Commutes. Transportation Research Record, 1493, 150-158.

Noland, R. B., Small, K. A., Koskenoja, P. M. and Chu, X. (1998). Simulating Travel Reli-
ability. Regional Science and Urban Economics, 28, 535-564.

Nuzzolo A. and Russo F. (1998). Departure Time and Path Choice Models for Intercity Tran-
sit Assignment. Dans Travel Behavior Research: Updating The State of Play. Ortuzar,
Hensher and Jara-Diaz (eds), Elsevier.

Small, K. (1982). The scheduling of Consumer Activities. American Economic Review, 72,
467-479.

TTR (1999-2002). Outils dynamiques de simulation pour la gestion des déplacements dans la
région parisienne. Application a I'Tle-de-France. Rapport Predit 98MT30 99MT3S.

Vickrey, W.S. (1969). Congestion Theory and Transport Investment. American Economic Re-
view, 59, 251-261.

Wang, J.J. (1996).Timing utility of daily activities and its impact on travel. Transportation
Research A, 30(3), 189-206.

23



10" International Conference on Travel Behaviour Research
August 10-15, 2003

Appendix A: Tables

A 1:Work Trips for private and public transportation, Logit models

Private Public

Parameters Estimates | Std | Estimates | Std
% 0.0749™ 0.017| 0.0427° [0.016
a 0.0388™ [0.018
B (5-60 mn) 0,0282° 0.015

B (5-60 mn) 0.0007"" p.0002
71 (5-30 mn) 0.1076"" .026

7 (30-60 mn) 0.1283"" .042

¥ (5-60 mn) 0.0692"" 10.023
) 0.0365" 0.012| 0.0445™ [0.011
C 0.2183  D.168| 0.3558" [0.175
f(constraint at home) | 6463 1.206| 0,6126™ [0.258
Il(official arrival time) | -0,4049"" 0.140| -0,6709"" |0.157
Observations 987 835
Percent concordant 71,6 74,4
Pseudo R? 0,11 0,13
Log Likelihood -603 -477
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A 2:Work Trips for private and public transportation, Mixed Logit

Private Public

Parameters Estimates | Std | Estimates | Std
Qe 0.1629™" 0.042
a Lognormal -2,2853*** 0.174
o, Lognormal 0,5386** 0.279
P Lognormal -2,24937" 0.287
op Lognormal 0,6929*** 0.274
Jiz 0,0018™ .0002
y Lognormal -2.06617"|0.284
o, Lognormal 0.6859" 0.395
y1 (5-30 mn) Lognormal 2.222170.393
oy (5-30 mn) Lognormal 0.6813" 0.329
7 (30-60 mn) 0.1455"" 0.055
C 0.5754" 0.297| 0.1560 |0.174
Kconstraint at home) 0,8189™" 0.299| 0,7314™ [0.274
Kofficial arrival time) -0,4222" 0.174| -0,6782""10.169
Observations 987 835
Pseudo R? 0,14 0,15
Log Likelihood -615 -540

Parameters means and standard errors
Average = Exp(ato,%/2) 0,1176
Std = V( ExpQato.?) [Exp(c.2)-1]) 0,0682
Average = Exp(ft+o4/2) 0,1340
Std = \( Exp(23+o) [Exp(o)-1]) 0,1052
Average = Exp(y+0,7/2) 0,1366 0,1602
Std = \( Exp(2y+02) [Exp(a?)-1]) 0,1050 0,1242
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