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Abstract

The so-called activity-based approach to analysis of human interaction with the social and physical environments dates
back to the original time–space geography works of Hägerstrand and his colleagues at the Lund School. Despite their obvi-
ous theoretical attractiveness, activity-based approaches to understanding and predicting travel behavior have suffered
from the absence of an analytical framework that unifies the complex interactions among the resource allocation decisions
made by households in conducting their daily affairs outside the home, while preserving the utility-maximizing principles
presumed to guide such decisions. In this paper, we develop a computationally tractable system, based on an extension and
modification of some rather well-known network-based formulations in operations research, to model human dynamics in
uncertain environments. The research builds on the mixed integer linear program formulation of the Household Activity
Pattern Problem (HAPP) by embedding in the household activity schedule decision process a means of capturing uncer-
tainty by introducing the dynamics of rescheduling.
� 2007 Elsevier Ltd. All rights reserved.
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1. Introduction

In introducing time–space geography as a paradigm for understanding human movement, the seminal work
of Hägerstrand (1970) offered the potential to better integrate the spatial and temporal components of human
interaction decisions that underpin the concepts of human movement within the built environment. His con-
cept is a ‘‘constraint-based approach”, given the defining role that spatial and temporal constraints in the for-
mulation; space is typically expressed as a two-dimension plane, while time is depicted via a third, vertical axis.
Within this three-dimensional space, so-called time–space prisms define the limits of what is accessible, or
‘‘reachable” in the urban environment. The line of previous research efforts loosely based on Hägerstrand’s
original concept focus on the following themes: analysis of activity demand, scheduling of activities, investi-
gation of constraints on activity and travel choices, spatial–temporal dynamics of activity–travel decisions and
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how they relate to one’s role in the household, and overall effect of household structure (e.g. lifestyle, lifecycle,
role) on individual activity/travel.

Notable among activity-based models are those that follow the utility maximization (UM) framework orig-
inating from the economic theory of consumer choice, including the works of Becker (1965), Ghez and Becker
(1975), Recker (1995), and Ben-Akiva and Bowman (1995), and those that treat the activity scheduling prob-
lem as a human problem solving process; examples of these latter so-called computational process models
(CPM), include STARCHILD by Recker et al. (1986a,b), SCHEDULER by Gärling et al. (1989), and
SMASH (Ettema et al., 1993). The UM approach is limited in that the decision process of the individuals
(including the decision-making interaction among other household members) generally is overlooked and,
while the CPM generally are capable of overcoming many of the limitations of the UM model, it is difficult
to enumerate the elaborate decision rules that may play an important role in the schedule planning problem.

It is generally recognized that a travel/activity schedule formed before commencement of travel is tentative;
instead of being a static system, the activity scheduling problem involves a dynamic process that incorporates
the degree of uncertainty arising both from factors associated with the physical transportation network, as
well as those relating to the agenda of activities either desired or needed to perform. At any moment in the
day, there may be the need to reschedule those remaining, not-yet-completed, activities due to unexpected
events that happen in real time, including: traffic congestion, the need for more time to accommodate a certain
activity, illness, etc. The occurrence of uncertain events, as well as the uncertainty of the occurrence of such
events, can affect the execution of the individual’s preplanned schedule. This is in contrast to the basic assump-
tions of most of the existing activity-based models which are posed as a static problem, and designed to pro-
duce the optimal travel/activity decisions relative to the prescribed objective of completing its activity agenda
at the outset of the day.

Observed activity schedules are the result of an unobserved decision ‘‘process” involving the planning and
execution of activities over time within a household context (Doherty and Axhausen, 1999; Doherty, 2000).
However, this process has been unspecified in the literature due to its complexity. To our knowledge, few
efforts have been devoted to the adaptation of human behavior as it relates to the rescheduling of activities
in response to uncertain events (Doherty and Axhausen, 1999 and Joh, 2004).

Doherty and Axhausen (1999) proposed to develop a unified modeling framework for the household activ-
ity–travel scheduling process in which the core element is the Weekly Scheduling Process model. The concep-
tual model developed proceeds in a sequential way. It begins by taking an individual’s Household Agenda of
activities, and establishes a set of Routine Activities and a skeleton schedule for the individual for the week via
an optimization model, then feeding the resulting skeleton schedule to the Weekly Schedule Process model to
replicate the dynamic process during activity execution over time. The Weekly Scheduling Process model is
developed to simulate the dynamic process after preplanning, revision, impulsive, and opportunistic decisions
made over the course of the week. The rescheduling decision is made based on activity priority and predefined
decision rules. The ‘‘priority” in their study is derived simply to be the proportion of the activity duration to
any feasible time windows on a schedule. The smaller the value is, the higher the priority should be. Through-
out the simulation, decision rules are applied to make decisions. Despite its appeal, the proposed model has
shortcomings. The ‘‘priority” variable is so simplified as to probably driving the model to arrive at a solution
far from optimal. Moreover, a number of factors affecting rescheduling decisions are overlooked, including
resistance to reschedule the preplanning, mental fatigue due to rescheduling.

The aforementioned SCHEDULER (Gärling et al., 1989), SMASH (Ettema et al., 1993), and ALBA-
TROSS (Arentze and Timmermans, 2000) assume that household members sequentially make activity–travel
decisions considering coordination and compromise among them. In general, the notion of activity priority
acts as a primary determinant in the sequencing of activities. However, many assumptions (most of which
are arbitrary) regarding the decision process and travel behavior have to be exogenously stipulated beforehand
rather than endogenously incorporated in the simulation system.

Joh (2004) formulated an innovative model of short term activity rescheduling called AURORA (Agent for
Utility-driven Rescheduling of Routinized Activities) in which the rescheduling problem is cast within the
objective of maximizing the utility of (rescheduling) decisions, subject to situational and institutional con-
straints. Although the model is driven by utility-maximization principles, it states bounded rationally as a
result of incomplete information and imperfect choice behavior, contrasting it with existing UM models, such
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that the individuals are assumed to use heuristics in looking for alternatives instead of becoming involved in
exhaustive search; it can be categorized into a rule based model driven by (reschedule) utility-maximization
scheme. Various operators are defined, such as, substitution, insertion, sequence change, and so on. It is noted
that the utility function defined in this study is assumed to be context dependent, as determined by activity
duration, travel mode, location, sequence and time-of-day of scheduled activities and (dis)utility of non-sched-
uled activities. Furthermore, uncertainty is taken into account by considering uncertain utility function
parameters due to incomplete information. The amount of uncertainty is defined to be an exponentially
increasing function of time elapsed since the current stage of implementing the rescheduling. Basically, the
later the activity is to be performed in the current scheduling, the greater the uncertainty it is assigned.
Another essential property that should be mentioned is that when calculating the utility increase associated
with schedule adaptation by applying a tentative operator at rescheduling step at t, resistance to change
and mental fatigue arising from schedule changing are taken into account.

Although there have been a few attempts to develop activity scheduling/rescheduling models as mentioned
above, clarity in this area has been elusive. Previous efforts have largely failed to provide the systematic incor-
poration of uncertainty factors or any operational treatment of the dynamics of activity rescheduling/adapta-
tion in response to such uncertainty. The objective of the research reported here is to develop a
computationally tractable system that incorporates these features, based on a rigorous mixed integer linear
program formulation. The resulting framework embeds the associated soft constraints, uncertainties and
the physical constraints in a single, comprehensive system that purportedly captures the reschedule deci-
sion-making process accurately and efficiently.

The remainder of this paper is organized as follows: Section 2 contains the mathematical model formula-
tion of the problem herein. Numerical examples are given to illustrate the proposed model in Section 3. A case
study based on real-world activity data is presented in Section 4. This is followed by a summary and
conclusions.

2. Model formulation

We herein develop a mixed integer linear program model to investigate the human activity scheduling/
rescheduling decision process incorporating both the dynamics and uncertainty factors involved in the deci-
sion process. We use as a theoretical basis the HAPP (Household Activity Pattern Problem) model proposed
by Recker, 1995, which provides a general mixed integer linear program framework for analyzing the complex
interactions among household members in the performance of their daily activities, subject to resource limi-
tations in the temporal and spatial dimensions. More specifically, the formulation can be described as follows:
members of the household share a stable of vehicles; a subset of vehicles may be available for use by any mem-
ber of the household, the remainder may be reserved for use by certain members; a subset of activities may be
performed by any member of the household, while the remainder must be performed by certain members;
some members may perform no activities; and some vehicles may not be used. Using this as a base to generate
a planned (i.e., before commencement of travel) activity schedule, we develop an activity adaptation/resched-
uling model to predict the dynamic evolution of the activity pattern during the process of activity execution.

We presume that an activity schedule formed before commencement of travel (for example, one obtained
from HAPP model) is tentative. Given new institutional and situational constraints at a particular point in
time within a particular day, it is assumed that individuals reevaluate their preplanned schedules and make
decisions as to whether or not revision of the remaining schedule is necessary in order to accommodate
new circumstances brought on by the occurrences of such unexpected events as delays in the completion of
the activity currently being performed, or cancellation of one or more activities among the remaining activities
on the schedule, or even the addition of new activities. We approach this problem through the formulation of
a mixed integer linear program—the household activity rescheduling problem (HARP).

2.1. The preplanned activity schedule

The model begins by forming a preplanned schedule of activities and related travel for a given day through
the HAPP model, as shown in Recker (1995). The formulation of the HAPP model has been cast as a variant
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of a pick up and delivery problem with time window constraints (PDPTW). The equations describing the
problem are contained in Recker (1995) and are not repeated here. However, the general form of the HAPP
mixed integer linear program formulation of the travel/activity decisions for a particular household, say i, dur-
ing some time period is represented by:
Minimize ZðXiÞ ¼ B0i � Xi ð1Þ
subject to AXi 6 0; ð2Þ
where
Xi ¼

X
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H

��
T
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37777775; X ¼ X t
uw ¼

0

1

�� �
; H ¼ H a

uw ¼
0

1

�� �
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and where B0i is the transpose of the vector of coefficients that defines the relative contributions of each of the
decision variables to the overall disutility of the travel regime to the household, and the linear constraint set
AXi 6 0 for this Mixed Integer Linear Programming (MILP) generally capture the physical conditions that
ensure that each member of the household, as well as each vehicle used by the household, have a consistent,
continuous, path through time–space that results in all of the activities on the household’s agenda being suc-
cessfully completed.

The output Xi of the optimization of each household i relative to minimizing the disutility function Z(Xi) is
specified by the following decision variables:

X v
uw: binary decision variable equal to unity if vehicle v travels form activity u to activity w, and zero

otherwise.
H a

uw: binary decision variable equal to unity if household member a travels from activity u to activity w, and
zero otherwise.
Tu: the time at which participation in activity u begins.

The resulting initial schedule represents the ‘‘optimal” travel/activity pattern of the household members,
subject to a certain set of constraints, at the beginning of the day; i.e., an initial strategy within a household
context as to how the planned activities are to be implemented in terms of a start time, by whom, and by which
vehicle.
2.2. The rescheduling model: HARP

We assume that there exists a single known moment t in executing the current tentative activity schedule for
which there may arise the need (or desire) for changing the schedule of remaining not-yet-completed activities,
i.e., those in the tentative plan scheduled for time Pt, resulting from such unexpected events as adding new
activities to the prescribed agenda or canceling certain unimplemented activities, changes in time windows of
activity availability, or delays due to traffic congestion. Undoubtedly, the relevant rescheduling behavior is
complicated and context dependent, which makes its mathematical representation extremely difficult, even
under the simplest of behavioral assumptions. In the most comprehensive model to date, AURORA by
Joh (2004), a certain set of operators that affect a variety of adjustments on the duration, substitution, inser-
tion, deletion, sequencing, location, accompanying person and transport-mode of activities in the initial sche-
dule are defined a priori. The ‘‘best” adjustment alternative is heuristically determined by a step-by-step search
through choice facets; it is reported that promising results are generated through AURORA. In contrast, we
present an optimization-based method that characterizes the adaptation decisions of household members
simultaneously among the available choice set, constrained by the time–space prism, rather than through a



L.P. Gan, W. Recker / Transportation Research Part B 42 (2008) 571–606 575
heuristic search strategy. Specifically, we formulate the household activity rescheduling problem in a MILP
format, with well defined objective function and constraint set.

As with AURORA, our formulation follows a utility-maximizing (more correctly, disutility minimizing)
principle. As mentioned previously, in AURORA the utility increase associated with schedule adaptation is
obtained by applying a tentative operator at each rescheduling step, involving potential adjustments to the
existing schedule in the form of additions, deletions, and substitutions. The impact of these adjustments are
then calculated according to a prescribed utility function whose form includes terms that account for resis-
tance to change and mental fatigue arising from schedule changing—utility is an implicit function of the scope
(i.e., dissimilarity cost) of the changes from the current scheduled required to achieve the utility gains. Here,
we adopt a similar consideration of the desire to maintain maximum utility within the context of minimizing
the effort, as measured by the extent of the changes required to the current schedule, involved in that main-
tenance. However, rather than implicitly incorporating the tradeoff between the intrinsic utility of the revised
schedule and the ‘‘effort” cost of achieving it as a (to-be-determined) parameter of the utility function, we spec-
ify the utility of rescheduling as an explicit function of the rearrangements necessary to effect it, and in terms of
the utility of the preplanned schedule. We reason that the preplanned activity pattern de facto represented the
course of action offering the greatest utility to the household, subject to their estimate of future events—that
utility and pattern ostensibly is defined by the base model, HAPP. Under such circumstances, a reasonable
assumption is that their reschedule decisions are made to satisfy the newly emerging circumstances while try-
ing to keep the existing preplanned schedule as much as possible intact at the same time. This observation
forms the backbone of the reschedule model proposed herein, which can be formally stated as: when rear-
rangement becomes necessary, the individual attempts to adjust his/her travel/activity schedule by maximizing
the similarity between the newly derived schedule and the old, relative to those remaining activities. In this
form, we adopt the principles of AURORA, but in a manner in which the resistance to change is endogenously
formulated as the objective function instead of being an exogenously specified threshold.

2.2.1. Model formulation

In order to facilitate model formulation, in the development of the rescheduling model, a deliberate attempt
has been made to maintain, to the extent possible, both the notation and structure of the HAPP model. As
argued above, the household activity rescheduling model is couched to find that adaptation of remaining
activities at a particular point in time most similar to the preplanned schedule activity pattern.

At a particular time instant t at which rescheduling occurs, all activities that are initiated and completed
prior to t are classified as ‘‘implemented activities”, denoted by set Pt (details of the notation used in this paper
are provided in the Appendix), and therefore are excluded from the rescheduling process.

Subset P t0 denotes those activities that are started before time t but not yet completed when rescheduling
arises; spatial variables (e.g., location, travel mode) for activities in this subset, as well as the activity starting
time, are assumed fixed (i.e., committed), whereas the activity duration may be adjusted during rescheduling.
Specifically, if at time point t the person/vehicle has left the location of the last completed activity u and either
is in transit toward the subsequent activity w or is in the process of completing activity w, u will be contained in
set Pt and w will be contained in subset P t0 . P t00 denotes the subset of activities/locations that the household has
yet to visit at time t (including any new activities that may have been added to the schedule).

Under these conditions, the general form of the HARP mixed integer linear program formulation of the
travel/activity rescheduling decisions for a particular household, say i, during some time period is represented
by:
Minimize bZðXi; bXiÞ ¼ bt � B0i � bX i þ bS � eZðXi; bXiÞ ð4Þ

subject to bA bXi

��
Xi

264
375 6 0 ð5Þ
where Bi and Xi are as defined in Eqs. (1) and (3), respectively; bt and bS are respectively, the relative weights
of travel disutility and dissimilarity in the decision process, and where



576 L.P. Gan, W. Recker / Transportation Research Part B 42 (2008) 571–606
bX i ¼

Xþ

��
X�

��
Hþ

��
H�

��
Tþ

��
DSþ

26666666666666666666664

37777777777777777777775

;

Xþ ¼ X vþ
uw ¼

0

1

�� �
X� ¼ X v�

uw ¼
0

1

�� � ; Hþ ¼ H aþ
uw ¼

0

1

�� �
H� ¼ H a�

uw ¼
0

1

�� � ; Tþ ¼ Tþu P 0
� �

DSþ ¼ DSþu P 0
� � ; ð6Þ
in which the decision variables are defined as follows:

X v;þ
uw : Binary variable; X v;þ

uw ¼ 1 if the trip connecting activity location u to w by vehicle v appears only in the
rescheduled travel/activity agenda, and zero otherwise;
X v;�

uw : Binary variable; X v;�
uw ¼ 1 if the trip connecting activity location u to w by vehicle v appears in the pre-

planned schedule and is cancelled in the rescheduled travel/activity agenda, and zero otherwise;
H a;þ

uw : Binary variable; H a;þ
uw ¼ 1 if household member a travels from activity location u to w only in the

rescheduled travel/activity agenda, and zero otherwise;
H a;�

uw : Binary variable; H a;�
uw ¼ 1 if household member a was assigned to travel from activity location u to w

in the preplanned schedule, but is no longer assigned in the rescheduled travel/activity plan, and zero
otherwise;
Tþu : Nonnegative temporal decision variable denoting the starting time of the remaining, and/or any new
activities, in the rescheduled plan;
DSþu : The reduction (if any) in duration of activity u in the rescheduled plan.

The decision variables defined above can be categorized into two classes: discrete (largely spatial) and con-
tinuous variables (largely temporal). The overall set of the decision variables effectively represent the adapta-
tion decisions made by the household members. For example, X v;þ

uw and X v;�
uw are binary integer decision

variables that indicate the rearrangement made to vehicle flows at time t, i.e. whether to make a new trip
or cancel a preplanned trip to access a particular activity location. Likewise, H a;þ

uw and H a;�
uw correspond to

the household member decision adjustments, such as reassigning the person scheduled to participate in a par-
ticular activity in the preplanned schedule. Overall, these discrete potential adaptation decisions can be quan-
tified mathematically by insertions, deletions, substitutions, or changes in the spatial sequence or vehicle/
person assignments. The remaining decision variables are temporal in nature, designating revisions to the
activity starting time and waiting time of each activity after rescheduling. In addition to the aforementioned
adaptation strategies, we incorporate the possibility of adjusting the duration of yet-to-be-completed activities
in the face of time pressure in the form of the decision variable DSþu . We assume that DSþu is a positive number,
which implicitly restricts our consideration to the case in which there is increased time pressure; a threshold
value can be specified to avoid activity cancellation.

Eq. (5) constitutes the constraint set for the household activity rescheduling model. The constraints can be
categorized into five groups: (1) those constraints related to activity assignment and vehicle movement,
together with those temporal constraints that confine the starting time of an activity; (2) those constraints that
state the relationship between household member decisions and activity implementations; (3) those coupling
constraints that define the interactions between household member decisions and the vehicle flow variables; (4)
those constraints that state that the implemented schedule before time t cannot be undone through the adap-
tation process; and (5) those constraints that specify the non-negativity restrictions on decision variables. The
actual set of relationships describing the constraint set of the HARP problem, Eq. (5), together with a descrip-
tion of their respective roles in the formulation, are contained in the Appendix.
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As outlined above, our rescheduling model is assumed to be both utility-maximization driven as well as
similarity-maximization driven or, more accurately, disutility and dissimilarity minimization; the resulting
objective function, Eq. (4), is a measure of a weighted sum of the travel disutility of the rescheduling decisions
(the first term) and the dissimilarity between the preplanned and rescheduled travel/activity plan with respect
to unperformed activities (the second term). For the travel disutility component, we employ the utility weights
defined (and revealed) by the household’s preplanned activity schedule decisions, as applied to their resched-
uling (if any) decisions for activities not yet completed at time t. Determination of an appropriate dissimilarity
measure is somewhat more complicated, and is currently the subject of ongoing research in the literature.

In activity-based approaches, it is common to define similarity in terms of the attributes associated with the
activity patterns, including activity type, participating person, accompanying person(s), traffic mode, location,
starting time, duration and ending time. In recent years, approaching the similarity problem in activity pattern
scheduling by reducing it to a sequence comparison problem has been an emerging research topic. There are
several similarity/difference measurement schemes in literature, e.g., Multidimensional Sequence Alignment
Method (Joh et al., 2002). However, their application generally has been restricted to cases in which both
the target and source patterns are known beforehand. Moreover, the calculation of standard similarity mea-
sures (e.g., Levenshtein distance) is an involved process of enumerating ‘‘paths” involving sequences of inser-
tion/deletion/substitution operations that does not lend itself easily to its incorporation as an objective
function in a mathematical program.

The difficulties of such multidimensional sequence comparison are largely circumvented in our formulation
by the structure of the model output. Referring to the decision variables previously introduced, we observe
that the optimal solution comprises both discrete decision variables, such as vehicle flow, person flows, and
continuous decision variables, such as activity start times, etc. Any feasible pattern satisfying the time–space
constraints can be uniquely denoted by these decision variables. Furthermore, the potential rearrangement to
the unimplemented activities of the preplanned schedule includes: arranging for another person to participate
in a particular activity; assigning different vehicle to transport a household member to access the location of a
particular activity; postponing or advancing the planned starting time of a particular activity, or adjusting the
time duration spent on a particular activity. The differences among the spatial and temporal variables associ-
ated with these options, collectively identify the similarity/difference relationship between the preplanned
activity pattern and the rescheduled pattern. In terms of the model parameters, we represent these differences
by the following components:
eZ 1 ¼
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v2V

X
u2N

X
w2N
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where 1cv
uw; 2ca

w; 3cu; 4cu; 5cv; 6ca are specified parameters weighting the relative impact of the particular variation
in pattern.

The terms listed above are common in the sense that they all represent weighted sums of aspects, each with
scale k�k 6 1, in the rescheduled plan that differ from those in the preplanned schedule. The first term (7a)
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records the number of scheduled trips (not activities) by specific vehicles in the preplanned schedule that would
be cancelled in the adaptation process; this accounts for variations in the pattern of vehicle flows. Term (7b)
accounts for variations in the pattern of household member decisions relative to their participation, as
planned, in specific activities; i.e., counts the number of person-activity reassignments. Term (7c) represents
the weighted sum of the net variations in start times of the rescheduled activities, and takes on a minimum
value when the net weighted sum is zero. Term (7d) accounts for the overall differences with respect to activity
durations; because of our model restriction that rescheduling is a response to decreased availability of time to
complete the preplanned agenda, individual terms in (7d) are strictly nonnegative. Finally, terms (7e) and (7f)
record the differences between the latest return home for vehicles and household members, respectively, before
and after rescheduling. Adopting this definition of similarity, we are able to derive the rescheduled pattern that
is most similar to the preplanned pattern through minimization of the objective function as represented by the
second term of Eq. (4):
min eZðXi; bXiÞ ¼
X6

k¼1

eZ kðXi; bX iÞ ð8Þ
We note that Eq. (8) is specified in terms of the dissimilarity between the original, preplanned, activity pattern
and any revised pattern relative to the execution features of the original planned activities; it does not, for
example, state any goal for completing unplanned activities other than they be accomplished with minimal
disruption to the preplanned activity pattern. In general, there may be many different arrangements of
yet-to-be completed activities that would satisfy this goal. Ostensibly, we would expect that the utility consid-
erations that drove the initial, preplanned, schedule of activities would also be in play for any additional,
unplanned, activities that arise. This would argue that the rescheduling process is a compromise between keep-
ing intact the activity/travel decisions that had been planned (alternatively, minimizing dissimilarity between
the preplanned activity pattern and the resulting revised pattern as represented by Eq. (8)), while minimizing
the disutility to the household of the total travel/activity package; i.e., as represented by Eq. (4) above in which
the first term, B0i � bX i, is the total disutility of travel/activity decisions involving yet-to-be-completed activities
as defined by Eq. (1) (the disutility function applied in the preplanned decision process), and bt and bs are
respectively, the relative weights of travel disutility and dissimilarity in the decision process. The limiting case
of bt = 0 represents rescheduling processes that consider only trying to minimize disruption of the preplanned
schedule regardless of incurred ‘‘costs”, while that of bs = 0 such processes that are only concerned with min-
imizing disutility of travel ‘‘costs” regardless of any intricacies of adaptation required to accomplish this. In
the next section we present some illustrative examples of HARP.

3. Illustrative numerical examples

In this section, a series of simple numerical examples are provided to illustrate the household activity
rescheduling problem (HARP) model. The CPLEX solver is used to solve the resulting MILP problems.
The numerical experiments are conducted based on a hypothetical base case, which is solved according to
the HAPP model to produce the preplanned travel/activity schedule. The base example we consider is defined
by the variable set shown in Table 1. Additionally, the travel time and cost matrices associated with the loca-
tions of the planned out-of-home activities are as shown in Table 2.

Following Eq. (1), the objective function for the household is assumed as below:
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and is a weighted sum of: (a) the total travel cost, (b) the total travel time, (c) the difference between the time a
particular activity is started and the absolute latest time that it could be started with full completion, a mea-
sure of the risk of being able to complete the activity, (d) the difference between the time of completion of a



Table 1
Base case parameter values

Variable Variable set

Household members g = {1,2}
Available vehicles V = {V1,V2}
Out-of-home activities A = {1,2,3,4}

Activity durations S = [s1, s2, s3, s4] = [1.5,2,0.5,1.0]

Time availability windows ½ai; bi� ¼

13:58 14:00
12:00 14:00
16:00 18:00
14:00 20:00

2664
3775

Return-home windows ½anþi; bnþi� ¼

15:08 15:50
14:00 14:17
16:00 21:00
14:00 21:00

2664
3775

Initial departure windows �aa
0;

�ba
0

� �
¼ 9:40 18:10

8:50 20:00

� �
End-of-day windows �aa

2nþ1;
�ba

2nþ1

� �
¼ 9:40 18:10

8:50 20:00

� �
Person-activity exclusions X1

H ¼ 2;X2
H ¼ 3

Budgets Bc ¼ 8:00;B1
t ¼ 2:00;B2

t ¼ 1:50
Wait time and duration reduction limits MWT = 20, MDS = 0.25
Dissimilarity weighting parameters 1cv

uw; 2ca
w; 3cu; 4cu; 5cv; 6ca ¼ 1; 8v; a; u;w

Disutility weights ktc ¼ 1:0; ktt ¼ 3:0; k3
r ¼ 1:0; k1

r ¼ k2
r ¼ k4

r ¼ 0; ku
rhd ¼ 0;

8u 2 Pþ; kv
e ¼ 0:5; 8v 2 V ; kv

V ¼ 0;
8v 2 V ; kv

g ¼ 0; 8a 2 g
Value of disutility vs. similarity bt = 1.0, bs = 2.5

Table 2
Travel time and travel cost matrices for base case example

t1
uw c1

uw

To 0 1 2 3 4 To 0 1 2 3 4

From From
0 0.00 0.25 0.10 0.50 0.20 0 0.00 0.55 0.50 1.50 0.25
1 0.42 0.00 0.15 0.25 0.05 1 0.30 0.00 0.34 0.50 0.10
2 0.10 0.08 0.00 0.10 0.10 2 0.50 0.34 0.00 0.40 0.45
3 0.50 0.25 0.15 0.00 0.25 3 1.50 0.50 0.40 0.00 0.60
4 0.25 0.05 0.10 0.25 0.00 4 0.25 0.15 0.45 0.60 0.00

t2
uw c2

uw

To 0 1 2 3 4 To 0 1 2 3 4

From From
0 0.00 0.25 0.10 0.50 0.20 0 0.00 1.10 1.00 3.00 0.50
1 0.42 0.00 0.15 0.25 0.05 1 0.60 0.00 0.68 1.00 0.20
2 0.10 0.08 0.00 0.10 0.10 2 1.00 0.68 0.00 0.80 0.90
3 0.50 0.25 0.15 0.00 0.25 3 3.00 1.00 0.80 0.00 1.20
4 0.25 0.05 0.10 0.25 0.00 4 0.50 0.30 0.90 1.20 0.00
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particular activity and the time of the eventual return home from that activity, a measure of any delay incurred
by trip chaining, (e) the difference between the time of the final return home trip and that of the first trip from
home for any particular vehicle, a measure of the total extent of the travel day, (f) the ‘‘cost” incurred by
having a vehicle in use at all, and (g) the ‘‘cost” incurred by any particular person having to leave home at
all. The parameters ktc; ktt; k

u
r ðu 2 P Þ; ku

rhdðu 2 PþÞ; kv
eðv 2 V Þ; and kv

gða 2 gÞ are relative weights assigned to
the respective terms.



Fig. 1. Optimal time–space path for base case.

580 L.P. Gan, W. Recker / Transportation Research Part B 42 (2008) 571–606
The resulting optimal (in the sense of minimizing the presumed objective function) preplanned travel/activ-
ity schedule, as specified by solution of Eqs. (1)–(3) of HAPP is shown in Fig. 1.1 In this initial schedule, per-
son 1 is assigned to perform activity 1 and 3 using vehicle 1 while activity 2 and 4 are completed by person 2 in
vehicle 2.

By assumption, the household members execute the preplanned schedule until, at a particular time, it
becomes necessary to rearrange the initial plan subject to new circumstances. The potential decisions that they
1 For clarity of presentation, in this and all subsequent figures depicting activity patterns, the spatial dimension is omitted, and only the
temporal unfolding of the activity pattern is shown; i.e., differences in the locations associated with the specific activities are not shown on
the abscissa.
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may make in this regard are context dependent. In the subsequent sections, we examine the HARP model
applied to several different scenarios.
3.1. Example Case 1: addition of unexpected activities

In the first scenario considered, two new activities A0 = [5,6], with respective durations S0 ¼ ½s05; s06� ¼
½0:60; 0:80�, are assumed to arise during execution of the preplanned schedule at . The travel time and travel
cost matrices associated with the locations of new activities are displayed in Table 3.

Here, the reschedule/adaptation process arises due to the desire to engage in a set of activities in addition to
those preplanned activities that are yet-to-be-completed at time t = 14.00.

The HARP mixed integer model specified by the above parameters and Eqs. (4)–(6) was solved using
CPLEX Solver in the GAMS software package. We first examine the case in which the household’s goal in
rescheduling is strictly to minimize changes to the preplanned schedule, i.e., MinimizebZðXi; bXiÞ ¼ eZðXi; bX iÞ.

Fig. 2 displays the travel/activity schedule after adaptation. It is reasonable to speculate that the potential
real-time rescheduling response to the emergence of new, unexpected, activities would be to look for oppor-
tunities within the remaining preplanned schedule for trip chaining in order to increase the potential to par-
ticipate in the added activities. In this hypothetical scenario, rescheduling occurs at t = 14:00. At this moment,
household member 2 with vehicle 2 has just completed activity 2, while household member 1 is still in the pro-
cess of performing activity 1. Driven by the similarity-maximization mechanism, intuitively, the least disrup-
tive adaptation would be to assign both activity 5 and 6 to one household member, while keeping the other
household member’s preplanned schedule intact.

As shown in Fig. 2, the rescheduling derived through the HARP model coincides with the intuitive obser-
vation, in which household member 2 heads to the new activities upon the completion of activity 4, and house-
hold member 1 remains the original schedule intact. The results identified by the HARP rescheduling process
reflect the decision interactions within a household context guided by minimizing the changes of preplanned
activities with respect to the uncompleted ones. Specifically, assigning household member 2 to perform activ-
ities 5 and 6 minimally impacts on the preplanned schedule. In addition, yet-to-be-completed activity duration
adjustment may be employed as a strategy to reduce the dissimilarity in such continuous measures as the
extent of the travel day. In this specific example, reductions in durations of activity 5, 6 of 0.15 h and
Table 3
Revised travel time and travel cost matrices for Example Case 1

t1
uw c1

uw

To 0 1 2 3 4 5 6 To 0 1 2 3 4 5 6

From From
0 0.00 0.25 0.10 0.50 0.20 0.25 0.07 0 0.00 0.55 0.50 1.50 0.25 0.50 0.70
1 0.42 0.00 0.15 0.25 0.05 0.12 0.10 1 0.30 0.00 0.34 0.50 0.10 0.20 0.10
2 0.10 0.08 0.00 0.10 0.10 0.30 0.15 2 0.50 0.34 0.00 0.40 0.45 0.30 0.50
3 0.50 0.25 0.15 0.00 0.25 0.10 0.05 3 1.50 0.50 0.40 0.00 0.60 0.10 0.05
4 0.25 0.05 0.10 0.25 0.00 0.15 0.20 4 0.25 0.15 0.45 0.60 0.00 0.50 0.50
5 0.25 0.12 0.30 0.10 0.15 0.00 0.08 5 0.50 0.20 0.30 0.10 0.50 0.00 1.20
6 0.07 0.10 0.15 0.05 0.20 0.08 0.00 6 0.70 0.10 0.50 0.05 0.50 1.20 0.00

t2
uw c2

uw

To 0 1 2 3 4 5 6 To 0 1 2 3 4 5 6

From From
0 0.00 0.25 0.10 0.50 0.20 0.25 0.07 0 0.00 1.10 1.00 3.00 0.50 1.00 1.40
1 0.42 0.00 0.15 0.25 0.05 0.12 0.10 1 0.60 0.00 0.68 1.00 0.20 0.20 0.20
2 0.10 0.08 0.00 0.10 0.10 0.30 0.15 2 1.00 0.68 0.00 0.80 0.90 0.60 1.00
3 0.50 0.25 0.15 0.00 0.25 0.10 0.05 3 3.00 1.00 0.80 0.00 1.20 0.20 0.10
4 0.25 0.05 0.10 0.25 0.00 0.15 0.20 4 0.50 0.30 0.90 1.20 0.00 1.00 1.00
5 0.25 0.12 0.30 0.10 0.15 0.00 0.08 5 1.00 0.40 0.60 0.20 1.00 0.00 2.40
6 0.07 0.10 0.15 0.05 0.20 0.08 0.00 6 1.40 0.20 1.00 0.10 1.00 2.40 0.00



Fig. 2. Optimal time–space path for Example Case I (with bt = 0).
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0.20 h, respectively, are found to be optimal. For this simple case, we conclude that the HARP model gener-
ates reasonable predictions regarding household adaptation behavior.

We next consider the case in which the household has the dual (and perhaps conflicting) goal of minimizing
adaptation effort in combination with minimizing the disutility of travel. We arbitrarily select the following rel-
ative importance of these two considerations: bt = 1.0, bs = 2.5, as displayed in Table 1. The resulting schedule
after adaptation is illustrated in Fig. 3. As expected, the derived travel/activity pattern in this case differs from
that of the previous, which was governed solely on the basis of the dissimilarity minimization principle. In par-
ticular, it is noted that in this case both of the household members participate in the new activities, 5 and 6, and
in addition, the yet-to-be-completed activities of the preplanned activity agenda are rescheduled to achieve the
multi-goals, i.e. similarity and utility-maximization. Specifically, household member 1 is scheduled to perform
activity 6, after temporally returning home from activity 1. Although it would reduce the travel time and travel



Fig. 3. Optimal time–space path for Example Case I (with bt = 1.0, bs = 2.5).
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cost if household member 1 connects activity 6 with activity 1 directly instead of returning home, such is infea-
sible (as specified by the problem statement that household member 1 must return home from activity 1 by no
later than 15.50). Furthermore, the duration of activity 1 and 6 are cut by 0.375 h, 0.045 h, respectively, allow-
ing the final return home time of household member 1 to be 17.00, which is identical with the initial plan (see
Fig. 1). Owing to the adaptation, household member 2 is rescheduled to participate in activity 5 after complet-
ing activity 4; the optimal duration reductions for activities 4 and 5, are 0.25 h and 0.15 h, respectively.

3.2. Example Case 2: traffic congestion

A more complicated scenario is considered in Example Case 2. In addition to the newly emergent activities as
given in Example Case 1, time pressure resulting from traffic congestion is also considered in this scenario.
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Assume that at time instant t = 14.00 and afterwards the travel time between the location of activity 1 and home
has been increased to 0.60 h instead of 0.42 h as initially specified; all other parameters are as in Example Case 1.

We first consider the problem in which household rescheduling behavior is driven only by similarity max-
imization, as in Example Case 1. The resulting solution under the specified circumstances through solution of
the HARP model is summarized in Fig. 4. It is noted that the derived rescheduled activity pattern is almost
identical to that shown in Fig. 2. The only exception is the duration of activity 1 has been cut by 0.18 h to
compensate the increased travel time from activity 1 to home. Newly emergent activities 5 and 6 are chained
together, and are performed by household member 2 using vehicle 2.

Under identical parameter assumptions as in Example Case 1, the adaptation for this case in which resched-
uling behavior is guided by the multi-objective of minimization of dissimilarity and disutility simultaneously,
is shown in Fig. 5. It can be observed that household member 2 keeps the initial schedule as before (refer to
Fig. 4. Optimal time–space path for Example Case II (with bt = 0).



Fig. 5. Optimal time–space path for Example Case II (with bt = 2.5, bs = 1.0).
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Fig. 1), while household member 1 has made a number of adjustments to the preplanned schedule, including
cutting relevant activity durations, and modifying activity sequences. Specifically, activity 3 is inserted between
activity 6 and 5, which effectively reduces the travel time and travel cost. Driven by the dissimilarity minimi-
zation of the combined objective (as well as to guarantee problem feasibility), the durations of the yet-to-be-
completed activities are cut to minimize the variation between the initial and rescheduled final return-home
time; the duration reduction of activities 1 and activity 3 are 0.375 h and 0.125 h, respectively, and those
for activity 5 and 6 are 0.15 h, 0.2 h, respectively.

3.3. Example Case 3: household member and vehicle unavailability

As already noted, some household members either might not be available to pursue certain emergent activ-
ities during the rescheduling process or may not be suited to the activities. Similar conditions of unavailability
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may also apply to the vehicles owned by the household. Taking the same base case, suppose, for example, that
(1) household member 2 is no longer able to complete preplanned activity 4, (2) vehicle 1 is not available for
new activity 5, and (3) vehicle 2 cannot be used for new activity 6.

Under the above restrictions (as well as other model parameters specified as in Example Case 2), the opti-
mal solution to the HARP model with the single objective of minimizing the dissimilarity between the pre-
planned and rescheduled travel/activity plan with respect to the uncompleted activities, is displayed in
Fig. 6. Household member 1 is predicted to complete activities 4, 6 and 3 upon the completion of activity
1, whereas household member 2 is rescheduled to complete activity 5 after returning to home from activity
2. In order to balance the conflicts resulting from increased time pressure, activity durations also are
adjusted—reductions in duration associated with the preplanned activities are 0.375 h for activity 1, 0.005 h́
Fig. 6. Optimal time–space path for Example Case III (with bt = 0).
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for activity 3, and 0.25 for activity 4; time spent at the two new activity locations are also reduced by 0.15 h
and 0.20 h for activities 5 and 6, respectively.

Fig. 7 presents results based upon the solution of the HARP model with combined objective of minimiza-
tion of dissimilarity and utility, using parameters as defined previously. The resulting pattern differs only
slightly from that in which the goal is strictly dissimilarity minimization (see Fig. 6), with the exception that
the sequence in which household member 1 is to perform activities 3, 4 and 6 is modified to achieve the com-
promise between keeping preplanned schedule with regard to yet-to-be-completed activities intact while min-
imizing the total travel/activity disutility to the household. Activity 6 is completed after temporarily returning
to home from activity 1, which is followed by activities 3 and 4; travel time/cost is saved with this pattern com-
pared to the one in the previous case. With regard to activity duration adjustment, activity 3 is cut by 0.125 h,
while the values associated with the rest of the activities are identical to the previous case.
Fig. 7. Optimal time–space path for Example Case III (with bt = 2.5, bs = 1.0).
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4. Real-world case study

In this section, a case study based on real-world activity–travel diary data is conducted to test the model
performance with a large-scale problem. We first apply the HARP model to the data set to derive the predicted
activity/travel schedule of the out-of-home activities; then, a comparison between the predicted pattern and
the observed pattern drawn from the data set is made based on a similarity measure between the predicted
and observed. The CPLEX solver is used to solve the resulting MILP problems.

The data set used to examine the HARP model is drawn from a survey conducted in Irvine, California from
April to June, 2000, that was designed to record the process of activity scheduling throughout the survey week.
The survey instrument used in the data collection was REACT!, an innovative modular software application
that uses Internet and communication data transmission, automating the generation of daily activity/travel
diaries and answers to related, context-sensitive, questions of survey respondents to predict the dynamic activ-
ity/travel decisions of respondents (Lee and McNally, 2001). The software is capable of tracing each step in the
evolution of a respondent’s schedule, including revisions and other schedule adjustments. The sample data
drawn from the survey included 47 households with a total of 1639 out-of-home activities among 6378 activ-
ities entered by 81 adults. During the survey, the total number of scheduling adjustments recorded for the 81
adult respondents was 12,766, including 9210 additions, 818 deletions, and 2738 modifications (Lee and
McNally, 2001). This evidence is consistent with the claim that the observed activity schedules are the outcome
of an invisible decision process involving the planning and execution of activities over time.

For the purpose of model verification, we seek data for the case study that represent complicated schedule/
reschedule behavior. Accordingly, we focused on the travel diaries provided by multi-member, multi-vehicle
households. From this subset, we arbitrarily selected a multi-member household that includes two adult mem-
bers and a child for analysis; the household resided in the vicinity of the UCI campus.

In the subsequent section, we study the case in detail. Section 4.1 provides a brief introduction to the exam-
ple drawn from REACT! data, and Section 4.2 first produces the model inputs to HARP model and then
apply CPLEX solver to solve the resulting MILP program to derive the optimal reschedule decisions with
respect to unexpected events.

4.1. Illustration of selected case

The activity/travel schedule that we consider here is drawn from the weekly diary of Household #104 from
the survey data set. The couple, both of whom were students of UCI and worked in the vicinity, lived with
their daughter in Verano Place on UCI campus. They owned two cars, used mainly for comminuting between
the work places and home; walking also appears in the executed activity/travel schedule. The particular activ-
ity/travel schedule analyzed is that corresponding to the first day of the week (Monday).

The survey data record both the preplanned (as of the preceding Sunday evening) schedule and the final
outcome as actually performed by the family on Monday. The locations of the planned and the executed activ-
ities are displayed in Fig. 8. For those trips that were realized, the associated travel times can be retrieved
directly from the survey data; the travel times for those trips that were not realized (planned activities that
were subsequently eliminated due to rescheduling decisions on the travel day, as well as feasible trip linkages
that were not selected) were estimated using free-speed travel times. Figs. 9 and 10 display the preplanned and
final time–space path of out-of-home activities, respectively, based on the raw data and estimated travel times.

As shown in Fig. 9, as of Sunday evening, household member 1 planned to go to work from 05:00 am to
12:00 p.m., and then head to gym from 12:00 p.m. to 13:00 p.m., and continue to work afterwards from
13:00 p.m. to 20:30 p.m.; household member 2 is scheduled to drop off their daughter at Elementary School
between 07:45 am and 08:15 am, and then leave home at 09:15 am for school until 13:20 p.m., and start work
at 13:30 p.m. after school, finally picking up their daughter at Verano Place Day Care Center at 15:10 p.m.
and returning to home at 15:20 p.m. In total, there are seven preplanned activities at six different locations;
three of them were assigned to household member 1, while the rest were to be conducted by household
member 2.

As argued above, the final outcome of an activity/travel schedule may differ from the preplanned schedule
owing to the occurrence of unanticipated events during the day; such is the case for this particular household,
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Fig. 9. Preplanned time–space path for case study.
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as seen in the executed activity pattern depicted in Fig. 10. From the raw data, we observe that adjustments to
the preplanned schedule have arisen as a result of the cancellation of the originally arranged carpool to per-
form the pick up from the elementary school; as a result, one of the two adult members of the couple has to go
to the Turtle Rock Elementary School to pick up their daughter and then walk her to the Verano Place Day
Care Center. As displayed in Fig. 10, household member 1 departs home at 04:50 am, and begins work at
05:10 am. At 13:00 am, the person arrives at home after a 30-min drive. After taking a nap at home, household
member 1 goes to the elementary school to pick up their daughter at 13:45 p.m., and then returns to home, and
subsequently walks to the after school day care center with their daughter for drop off. After completing the
‘‘drop off” activity, household member 1 returns to home and then heads to work at 14:00 p.m. The work
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activity starts at 14:20 p.m. and ends at 18:30 p.m. Finally, the person arrives at home at 19:00 p.m. Note that
the preplanned exercise at 24-h Fitness Center has been cancelled due to the need to perform the unplanned
pick up activity, and as a consequence, certain adjustments have also been made to the start time of the work
activity which originally had been scheduled to begin at 13:00 p.m., but now has been postponed to 14:00 p.m.
Alternatively, most of the preplanned schedule of household member 2 is retained, with the exception that the
duration of the school activity has been extended to 13:40 p.m. from 13:20 p.m., which results in a delay in the
subsequent activities.

The survey data evidences that, for the case study, the executed activity/travel schedule is a result of
dynamic evolution to the preplanned schedule with respect to the unexpected events. In this particular exam-
ple, complicated reschedule decisions have been made to adjust the initial plan in order to cope with the car-
pool cancellation for picking up their daughter from the elementary school—these include adding a new
activity (pick up activity), canceling a more-or-less flexible activity (exercise for household member 1), and
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start time/duration adjustments to attendant activities. As can be seen, the final pattern of household member
2 (Fig. 10) is almost the same as the initial plan (Fig. 9)—probably because most of the activities in the pre-
planned schedule assigned to this person are compulsory (work, school, etc) and allow only limited possibility
for the individual to make changes to the initial plan. Alternatively, household member 1 has a relatively flex-
ible schedule, particularly from 12:00 p.m. to 13:00 p.m. (originally scheduled for exercise), and thus is in a
better position to assume the responsibility to pick up their daughter and then take her to the day care center.
The above descriptions reveal the reschedule behavior involved during the execution of a preplanned schedule;
the observed adaptations further reinforce the importance of investigating the household activity rescheduling
behavior and the benefit of development of an activity adaptation/rescheduling model.

The question now arises as to whether or not the revealed reschedule/adaptation decisions can be replicated
(predicted) by the mixed integer linear program formulation of the proposed HARP model. In the subsequent
section, we examine the performance of HARP model based on the case just presented.
4.2. HARP model application to case study

By assumption, the household members execute the preplanned until adjustments to the initial plan are
required to cope with the new circumstances at a particular time instant. Based on the above illustrations,
the base (preplanned) case that we consider at the outset of the day is defined in Table 4. Additionally, detailed
information related to the planned activities is shown in Tables 5 and 6, and Fig. 11 displays the descriptions
of planned activities and locations for activity participations as well.

Travel times and costs associated with the locations of the planned out-of-home activities need to be spec-
ified for the HARP formulation. Unfortunately, data regarding travel cost are not available in the survey data
set; therefore, only travel times are used in the case study. Moreover, recall that the HARP formulation is
Table 5
Parameter Set II of case study base ‘‘Preplanned” case

Activity ID Location ID By whom Accompanying person Duration (min) Time-availability window Return-home window

1 1 Person 2 Person 3 6 [14:55,15:30] [15:00,15:45]
2 2 Person 2 245 [09:00,09:15] [13:30,16:00]
3 3 Person 2 90 [13:20,13:45] [15:00,16:00]
4 4 Person 1 420 [05:00,05:30] [12:00,21:30]
5 5 Person 1 60 [11:50,12:30] [18:00,21:30]
6 4 Person 1 450 [13:00,14:30] [18:00,21:30]
7 6 Person 2 Person 3 26 [07:45,08:00] [08:10,08:20]

Table 4
Parameter Set I of real-world case study

Variable Variable set

Household members g = {1,2}
Available vehicles V = {V1,V2}
Out-of-home activities A = {1,2,3,4,5,6,7}

Initial departure windows �aa
0;

�ba
0

� �
¼ 04 : 50 05 : 00

07 : 45 08 : 00

� �
End-of-day windows �aa

2nþ1;
�ba

2nþ1

� �
¼ 18 : 30 21 : 30

14 : 30 16 : 00

� �
Person-activity exclusions X1

H ¼ f2; 3g;X2
H ¼ f4; 5; 6g

Budgets None specified
Wait time and duration reduction limits MWT = 20, MDS = 1.00
Dissimilarity weighting parameters 1cv

uw; 2ca
w; 3cu; 4cu; 5cv; 6ca ¼ 1; 8v; a; u;w

Disutility weights ktt ¼ 3:0; ku
r ¼ 1:0; u 2 Pþ; ku

rhd ¼ 0; 8u 2 Pþ; kv
e ¼ 0:5;

8v 2 V ; kv
V ¼ 0; 8v 2 V ; kv

g ¼ 0; 8a 2 g
Value of disutility vs. similarity bt = 1.5, bs = 2.5



Table 6
Parameter Set III of case study base ‘‘Preplanned” case

Activity ID Activity description Location ID Location description

1 Person 2, pick up 1 Verano Place Day Care Center
2 Person 2, school 2 UCI Campus
3 Person 2, work 3 University Town Center
4 Person 1, work (am) 4 Person 1 Work Place
5 Person 1, exercise 5 24 fitness center
6 Person 1, work (pm) 4 Person 1 Work Place
7 Person 2, drop off 6 Turtle Rock Elementary School
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based on the full travel–time matrix, including O–D pairings that, while feasible, do not actually appear in the
respondent’s executed travel pattern as catalogued in the survey data. The travel times associated with the O–
D pairings of the accomplished activities are provided by the survey data; for the O–D pairings not selected by
the respondents, we first locate the relevant activity locations on the map according to the addresses specified
in the original data, and then estimate the travel times, based on free-flow speeds. In the case where two activ-
ities are at a same location geographically, the travel time for this particular O–D pair is set to zero. Finally, it
is assumed that travel times traveling between activity locations by vehicle 1 or vehicle 2 are equal. Following
these procedures, we construct the vehicle travel time matrices as shown in Table 7. (Travel times by the walk
mode for proximate locations were also calculated; these are introduced in a later section) Fig. 12.

The base case defined above is used to generate the ‘‘optimal” preplanned activity/travel schedule, as spec-
ified in HAPP model by Recker (1995). The objective function defining the travel disutility measurement is
assumed as that specified in Eq. (9) however, the values of the parameters in Eq. (9) were estimated based
on the criterion of matching the stated (revealed) preplanned schedule contained in the survey data (rather
than being assumed, as in the previous examples). Specifically, these parameters of the utility function were
first ‘‘calibrated”, based on an edit-distance similarity measure, to reproduce (as closely as possible) the house-
hold’s preplanned activity pattern. Based on the calibration, the relative weights shown in Table 4 were
assigned to the respective terms of Eq. (9).

The resulting ‘‘optimal” (in the sense of offering the greatest utility, as defined by Eq. (9) to the household)
preplanned activity/travel schedule generated by the HAPP model is shown in Fig. 11. The predicted pre-
planned pattern of the particular household is observed to be in close agreement with that of Fig. 9, which
is recorded by the respondents.

By assumption, the preplanned activity/travel schedule is followed by the household until it is interrupted
by the unexpected events during the day, and the individuals are forced to make adjustments to the initial
plan. In this case, we note that the cancellation of the carpool to pick up the couple’s daughter from the ele-
mentary school has triggered the rearrangement of the preplanned schedule subject to the new circumstances.
Next, the HARP model is applied to predict such reschedule decisions.

Under this setting, the case can be defined as below:

(1) Two new activities arise during execution of the preplanned schedule at t = 11:00 am (although the time
instant that the couple were informed about the cancellation of carpooling was not specified in the raw
data, we set the time instant of notification before the start of the subsequent activity, and thus it is set to
be 11:00 am), which are defined in Table 8. The travel time matrices associated with the locations of new
activities are given in Tables 9 and 10. Note that Table 10 displays the travel times of walking by house-
hold member 1, which will be explained further in a later section.

(2) Extend the duration of preplanned activity 4 from 420 min to 470 min.
(3) Extend the duration of preplanned activity 2 from 24 min to 265 min.

For purposes of demonstration, we set the unobserved parameter values that are required for HARP model
formulation (i.e., MWT and MDS) as shown in Table 4. (Note that setting the value of MDS to 1 implies that
cancellation of a preplanned activity is allowed.)



F
ig

.
11

.
A

ct
iv

it
y

d
es

cr
ip

ti
o

n
o

f
ca

se
st

u
d

y
(b

as
e

ca
se

).

594 L.P. Gan, W. Recker / Transportation Research Part B 42 (2008) 571–606



Table 7
Travel Time matrix of case study base ‘‘Preplanned” case

t1
uw; t

2
uw(min)

To 0 1 2 3 4 5 6 7

From
0 0 1 5 2 20 20 20 2
1 1 0 2 2 20 20 20 2
2 5 2 0 5 15 15 15 2
3 2 2 5 0 15 15 15 2
4 30 30 15 15 0 0 0 15
5 30 30 15 15 0 0 0 15
6 30 30 15 15 0 0 0 15
7 2 2 2 2 15 15 15 0

07: 45

08: 15

13 :20

09: 15

15:10

15:20

School

Work

person 1

person 2

Home Home

Pickup/drop off
kids at day care

Pickup/drop off kids at
Elementary School

04: 50

12:00

13:00
Exercise

12:00

13:00

20:30

Work

Work

05: 10

Vehicle 1

13: 25

14: 55

15: 03

13:30

15:00

15:35

Vehicle 2

09: 10

T
im

e

08 :13

07: 47

14 :57

12: 10

13: 10 13: 10

12: 10

20: 4021: 10

15: 05

Fig. 12. Predicted initial time–space path for base case.
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Table 9
Travel times of Vehicle 1 and Vehicle 2 incorporating new activities

t1
uw; t

2
uw (mins)

To 0 1 2 3 4 5 6 7 8 9

From
0 0 1 5 2 20 20 20 2 2 1
1 1 0 2 2 20 20 20 2 2 0
2 5 2 0 5 15 15 15 2 2 2
3 2 2 5 0 15 15 15 2 2 2
4 30 30 15 15 0 0 0 15 15 30
5 30 30 15 15 0 0 0 15 15 30
6 30 30 15 15 0 0 0 15 15 30
7 2 2 2 2 15 15 15 0 0 2
8 2 2 2 2 15 15 15 0 0 2
9 1 0 2 2 20 20 20 2 2 0

Table 10
Travel times of walk (Vehicle 3) incorporating new activities

t3
uw

To 0 1 2 3 4 5 6 7 8 9

From
0 0 60 60 60 60 60 60 60 60 2
1 60 0 60 60 60 60 60 60 60 60
2 60 60 0 60 60 60 60 60 60 60
3 60 60 60 0 60 60 60 60 60 60
4 60 60 60 60 0 60 60 60 60 60
5 60 60 60 60 60 0 60 60 60 60
6 60 60 60 60 60 60 0 60 60 60
7 60 60 60 60 60 60 60 0 60 60
8 60 60 60 60 60 60 60 60 0 60
9 2 60 60 60 60 60 60 60 60 0

Table 8
Descriptions of new activities in case study

Activity ID Location ID Accompanying person Travel mode Duration (min) Time-availability window Return-home window

8 6 Person 3 Vehicle 1 5 [13:45,13:50] [13:50,13:55]
9 1 Person 3 Walking 2 [13:50,14:00] [13:55,14:00]

Activity ID Activity description Location ID Location description

8 Person 1, pick up 6 Elementary School
9 Person 1, drop off 1 Verano Place Day Care Center
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Recall that, while not apparent in the preplanned schedule, the travel mode ‘‘walking” appears in the exe-
cuted activity/travel pattern (Fig. 10). In the HARP application, we simply represent walking as a ‘‘fictitious”

vehicle denoted by Vehicle 3, but with the reduced travel speeds associated with walking. The travel times of
walking by household member 1 – Vehicle 3 – are shown in Table 10. It is noted that walk travel times are only
available for selected O–D pairs, such as node ‘‘0” (home) to node ‘‘9” (Verano Place Day Care Center); we set
the rest of the ‘‘walk” travel times to fictitiously large numbers. Given the parameter settings, the ‘‘optimal”
reschedule decisions derived through the HARP model are displayed in Fig. 13. It can be observed that the
adjustments to the preplanned schedule have been replicated – examples include inserting two new activities
into the activity/travel chain of household member 1, deleting the exercise activity, and extending duration of
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Fig. 13. Predicted optimal rescheduled time–space path of case study.
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some activities. More specifically, it can be noticed that the prediction shown in Fig. 13 closely matches that of
Fig. 10, exceptions limited to the durations of activity 3 (household member 2, work activity) and activity 6
(household member 1, work (pm) activity). These results of this limited example offer some encouraging posi-
tive indication that the HARP model potentially can be applied to real case data to provide relatively precise
replication of household schedule/reschedule behaviors. We emphasize, however, that this conclusion is extre-
mely tentative, owing to the limitations of existing real-world data.
5. Summary and conclusions

In this paper, we have presented a mixed integer linear program model of household activity rescheduling
behavior that is comprised of such complicated human decisions as activity cancellation, insertion, and
duration adjustment. The problem is formulated as a Mixed Integer Linear Program, called HARP. The
model differs from existing rescheduling models in a number of important aspects. First, it is assumed that
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rescheduling is driven by similarity maximization, i.e., the decision process is guided by maximizing the sim-
ilarity between the preplanned and rescheduled travel/activity with respect to unperformed activities; this con-
trasts with utility-driven models, such as AURORA. Second, the structure of the model output is defined in
terms of a similarity/difference measurement scheme that endogenously incorporates the resistance to change
into the objective function rather than as an exogenous specification. Third, the structure of the model accom-
modates rescheduling processes that are not only strictly driven by the similarity-maximization principle but
also those based on utility maximization – the two goals collectively determine the rescheduled travel/activity
pattern.

The overall model formulation is a robust and operational mixed integer linear program that can be solved
by a generic solver, such as the well-known CPLEX solver, to generate optimal solutions. Numerical exper-
iments carried out under different scenarios demonstrate that different assumptions regarding the goals of the
associated adaptive behavior can produce different rescheduling patterns.

We also conducted a case study based on actual survey data drawn from REACT! to help verify the per-
formance of the HARP model when applied to a large-scale problem,. The results indicate that the formulated
HARP model may offer a promising practical approach to predict rather complex reschedule/adaptation
behaviors. Future research should be focused on applying the HARP model to more real-world examples.
However, it should be noted that the lack of existing data hinders the advancement of the developed model.
It further emphasizes the importance of data collection to the development and operationalization of activity-
based models. Therefore, a potential research direction is to improve current data collection approaches to
advance activity-based models.

The question arises as to how reasonable is the complexity of the demonstration examples considered in this
paper (vs. reality); i.e., will the procedures that specify the model scale properly to real-world applications?
Surprisingly, perhaps, the empirical evidence suggests that actual household daily activity patterns generally
are not very complex. For example, data drawn from the Southwest Washington and Oregon Area 1994 Activ-
ity and Travel Behavior Survey, which included 2232 households and 5125 persons revealed that the median
number of out-of-home activities per person was approximately the same for 2-, 3-, and 4-person households –
slightly less than 3 – and the number of one-way trips per person also relatively the same – about 4. These
numbers are well within the practical application of the MILP specified herein. In fact, the HAPP model
has been successfully applied to this same sample in a previous study of a Hägerstrand-based accessibility mea-
sure (Recker et al., 2001). For the examples presented herein, obtaining the optimal solution took on the order
of 10 s on an AMD Athlon (tm) Processor PC (1.24 GHz, 256 MB of RAM).

This work documented in this paper is viewed as one of a series of efforts springing from the original paper
introducing the HAPP MILP (Recker, 1995) that attempts to move from Hägerstrand’s basic idea to a travel
scheduling and rescheduling method that would provide the foundation for the application of this approach in
preparing travel forecasts for large urban areas. Indeed, it has been demonstrated (Recker, 2001) that conven-
tional trip-based disaggregate travel demand models are encompassed as a special case of the HAPP MILP.
An essential element in the extension of this activity-based approach to the development of forecasting models
akin to conventional trip-based disaggregate travel demand models is the inferring the relative weights asso-
ciated with potential components of the utility function that are determinants to a population’s revealed selec-
tion of the decision variables (in the model estimation phase) with subsequent forecasts made using these
weights in the application of the model. This particular aspect of the modeling process application of the activ-
ity-based research approach has remained a challenge, principally because the HAPP MILP kernel comprises
both continuous variables (such temporal attributes of an activity pattern as the starting times of the associ-
ated activities) as well as discrete variables (e.g., attributes associated with the sequencing of activities, travel
modes used, and persons performing the activities). In the work presented here, we used a simple trial-and-
error ‘‘calibration” of the parameters of the utility function, based on an edit-distance similarity measure,
to reproduce (as closely as possible) the household’s preplanned activity pattern. Clearly, for this particular
modeling approach to advance as a practicable alternative to conventional trip-based forecasting procedures,
a more formalized, consistent, and ‘‘routinized” estimation procedure is needed. In recent work, Recker et al.
(2008) have proposed and implemented an estimation procedure based on a Genetic Algorithm (GA)
approach to estimate the relative importance of factors associated with the spatial and temporal interrelation-
ships among the out-of-home activities that motivate a household’s need or desire to travel. The procedure
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provides both the necessary constraint considerations on the household’s decision alternatives within a utility-
maximizing structure as well as a convenient mechanism for generating the set of feasible alternatives that are
likely to be considered.

Although the development of a scheme for estimation of the HAPP-derived models would move these
activity-based frameworks closer to their practical application as travel forecasting tools, there probably is
no feasible way to apply the models directly to the type of aggregate analysis that has historically informed
decisions related to transportation policy and planning. Rather, it would seem that such applications would
necessarily have a simulation framework as the platform for activity-based reasoning. Indeed, the well-known
TRANSIMS agent-based simulation system, developed at Los Alamos National Laboratory, purportedly is
capable of simulating the second-by-second movements of every person and every vehicle through the trans-
portation network of a large metropolitan area. An activity generator module in TRANSIMS generates a list
of activities for each individual in a synthetic ‘‘representative” household based on demographic surveys and
activity surveys collected from real households in the study area. However, as currently implemented, the
model guarantees neither the optimality of a household’s travel decisions nor that the physical constraints that
restrict the path of any agent through the spatial–temporal plane are satisfied – alternatively, the HAPP-based
formulations do both, and could provide a theoretically consistent activity generator. In this context, the
HAPP-type models could be used to optimize a number of ‘‘representative” activity patterns drawn from
the synthetic households; previous empirical research suggests that the number of computationally distinct
activity patterns in a population is well within the practicality of utilizing such commercially available solvers
as CPLEX for solution (Recker et al., 1985).

Related to the estimation problem, implicit in any stated pre-planned schedule or in the posterior revealed
activity pattern, may be the influence of the uncertainty of unforeseen events that can bias the estimation of
the relative roles of the various components of the specified disutility function; i.e., the decisions that are
observed may, in many ways, be influenced by stochastic events that are never realized. The most common
forms of uncertainty in the activity pattern problem arise as a result of uncertainties concerning activity par-
ticipation, length of travel times and activity duration, but many other forms may be present as well, including
the availability of specific household members or vehicles to accomplish a scheduled activity. That such uncer-
tainty can play a significant, and sometimes dominating, role in travel decisions has been well documented in
the literature (Abdel-Aty et al., 1996; Bell et al., 1999; Chen et al., 2002). The challenges involved in casting the
approach in a stochastic environment are formidable – because there is no direct extension from any existing
deterministic model, taking stochastic information into account dramatically impacts both the problem for-
mulation and the resulting methodology to derive the solution – solving this problem is the subject of a current
research investigation.

There is a promising potential application of the HAPP-derived optimization procedures that neatly
finesses the estimation issue. Although estimation certainly is a prerequisite to descriptive modeling, proscrip-
tive applications of the model system can proceed unhindered by this thorny issue – one example of this is the
subject of Recker and Parimi (1999), in which an upper bound to energy savings was estimated based on the
stipulated (prescribed) objective that households arrange their respective activity patterns in a manner that
would achieve maximum energy savings. In an ongoing, current, research effort the HAPP-based modeling
system is being used as the platform for a cellular real-time ‘‘personal travel assistant” that takes as input
the traveler’s stated objective and activity agenda, and then ‘‘optimizes” travel/scheduling decisions according
to prevailing traffic conditions.

Despite what we believe has been substantial progress in the operationalization of the Hägerstrand para-
digm, many challenges remain to providing such an activity-based approach as an alternative to conventional
forecasting approaches. Chief among these are: (1) determining a consistent error structure that can be used to
obtain parametric statistics regarding the efficacy of estimation, (2) incorporation of ‘‘soft” constraints that
capture observed tendencies both to group as well as to order certain activities, (3) an explicit treatment of
uncertainty in human decision processes, (4) resolution of whether the activity scheduling process is primarily
simultaneous or sequential (or a combination of the two), and (5) incorporation of interaction effects external
to the household. These challenges not withstanding, the Hägerstrand paradigm offers the promise of provid-
ing an explicit representation of travel as the ‘‘derived demand” that transportation economists/planners/engi-
neers hold as the collection of trips that define human spatial activity.



600 L.P. Gan, W. Recker / Transportation Research Part B 42 (2008) 571–606
Acknowledgements

This research was supported, in part, by a grant from the USDOT University Transportation Center of the
University of California, with matching funds provided by the Division of Research and Innovation of the
California Department of Transportation. Their financial support is gratefully acknowledged.
Appendix. Notation and constraint equations

The following notation is used in this paper:

1. Sets and parameters

A = {1,2, . . . ,n} the initial set of out-of-home activities scheduled to be completed by travelers in the house-
hold

A0 = {n + 1,n + 2, . . . ,n0} the set of newly added out-of-home activities, if any, when rescheduling occursbA ¼ fA;A0g the set of all out-of-home activities scheduled to be completed by travelers in the household when
rescheduling occurs

P+ = {1, . . . , i, . . . ,n} the initial set of planned activity locations
P� = {n + 1, . . . ,n + i, . . . , 2n} the set of return home destinations for initial activities
P = {P+,P�} the complete set of nodes consisting of locations of preplanned activities
0 home: initial departing node
2n + 1 home: final destination node
t the time instant at which rescheduling occurs
Pt 2 P the subset of locations at which activities have been completed prior to time t

P t0 2 P the subset of locations at which activities have been initiated, but not yet completed, prior to time t or
traveling to at time t

P t00 2 P the subset of locations that the vehicle/person has yet to visit to at time t

Pþ
0 ¼ f2nþ 2; . . . ; 2nþ 1þ i; . . . ; 2nþ 1þ n0g the set of newly added activity locations

P�
0 ¼ f2nþ 2þ n0; . . . ; 2nþ 2þ n0 þ i; . . . ; 2nþ 2þ 2n0g the set of return home destinations for newly sched-

uled activities
P 0 ¼ Pþ

0
; P�

0	 

the set of nodes comprising completion of the newly added activitiesbP þ ¼ Pþ; Pþ

0	 

the set of all activity locationsbP � ¼ P�; P�

0	 

the set of all return home destinations

N = {P, 0,2n + 1} the set of all nodes associated with the initial activitiesbN ¼ fP ; P 0; 0; 2nþ 1g the set of all nodes associated both with preplanned and the newly added activities
V ¼ f1; 2; . . . ; j V jg; bV ¼ f1̂; 2̂; . . . ; jbV jg the set of vehicles available to travelers in the household to perform

their activities, prior to and after time t, respectively
Vt 2 V the subset of vehicles that have already left home prior to time t

Xv
V 2 A; bXv

V 2 bA the subset of scheduled activities that cannot be completed using vehicle v, prior to and after
time t, respectively

g ¼ f1; 2; . . . ; jgjg; ĝ ¼ f1̂; 2̂; . . . ; jĝjg the set of household members available to perform activities, prior to
and after time t, respectively

gt 2 g the subset of household members that have already left home prior to time t

Xa
H 2 A; bXa

H 2 bA the subset of activities that are excluded from completion by a particular household member
a, prior to and after time t, respectively

tv
uw; t̂

v
uw travel time from the location of activity u to the location of activity w by vehicle v, prior to and after

time t, respectively
cv

uw; ĉ
v
uw travel cost from the location of activity u to the location of activity w by vehicle v, prior to and after

time t, respectively
½au; bu�; ½âu; b̂u� the time window of available start times for activity u, prior to and after time t, respectively
½a0; b0�; ½â0; b̂0� the initial departure window, prior to and after time t, respectively
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½a2nþ1; b2nþ1�; ½â2nþ1; b̂2nþ1� the arrival window by which time all members of the household must complete
their travel, prior to and after time t, respectively

�aa
0;

�ba
0

� �
; �̂aa

0;
�̂ba

0

h i
the time window for household member a to depart from home, prior to and after time t,

respectively

�aa
2nþ1;

�ba
2nþ1

� �
; �̂aa

2nþ1;
�̂ba

2nþ1

h i
the latest return home time window for household member a, prior to and after

time t, respectively

Su; bSu the duration of activity u, prior to and after time t, respectively
Bc; bBc the total travel cost budget, prior to and after time t, respectively
Ba

t ;
bBa

t the total travel time budget of each person a, prior to and after time t, respectively.

2. Decision variables

X v
uw; u;w 2 N ; u 6¼ w: binary variable; X v

uw ¼ 1 if the trip connecting activity location u to w by vehicle v ap-
pears in the household’s preplanned travel/activity agenda, and zero otherwise

X v;þ
uw ; u;w 2 bN ; u 6¼ w: binary variable; X v;þ

uw ¼ 1 if the trip connecting activity location u to w by vehicle v ap-
pears only in the rescheduled travel/activity agenda, and zero otherwise

X v;�
uw ; u;w 2 bN ; u 6¼ w: binary variable; X v;�

uw ¼ 1 if the trip connecting activity location u to w by vehicle v ap-
pears in the preplanned schedule and is cancelled in the rescheduled travel/activity agenda, and zero
otherwise

H a
uw; 8u;w 2 N ; a 2 g : binary variable; H a

uw ¼ 1 if household member a travels from activity location u to
w in the household’s preplanned travel/activity agenda, and zero otherwise

H a;þ
uw ; 8u;w 2 bN ; a 2 ĝ: binary variable; Ha;þ

uw ¼ 1 if household member a travels from activity location u to w

only in the rescheduled travel/activity agenda, and zero otherwise
H a;�

uw ; 8u;w 2 bN ; a 2 ĝ: binary variable; Ha;�
uw ¼ 1 if household member a was assigned to travel from activity

location u to w in the preplanned schedule, but is no longer assigned in the rescheduled travel/activity
plan, and zero otherwise

Tu, "u 2 P the preplanned starting time of a particular activity u

Tþu ; u 2 bN : Nonnegative temporal decision variable denoting the starting time of the remaining, and/or any
new activities, in the rescheduled plan

T v
0; T

v
2nþ1; 8v 2 V the preplanned departure time and the final return home time for a particular vehicle v

T v;þ
0 ; T v;þ

2nþ1; 8v 2 bV : the initial departure time and the final return home time for a particular vehicle v in the
rescheduled plan

T a
0; T

a
2nþ1; 8a 2 g the preplanned departure time and the final return home time for a particular household

member a
T a;þ

0 ; T a;þ
2nþ1; 8a 2 ĝ: the initial departure time and the final return home time for a particular household

member a in the rescheduled plan
WTu, u 2 P the preplanned waiting time associated with participating in activity u

WTþu ; u 2 bP : the waiting time associated with participating in activity u in the rescheduled plan
DSþu ; 8u 2 bP : the reduction in duration of activity u in the rescheduled plan.

The decision variables defined above can be categorized into two classes: discrete (largely spatial) and
continuous variables (largely temporal). The overall set of the decision variables effectively represent the
adaptation decisions made by the household members. For instance, X v;þ

uw and X v;�
uw are binary integer

decision variables, which indicate the rearrangement made to vehicle flows at time t, i.e. whether
make a new trip or cancel an preplanned trip to access a particular activity location. Likewise, H a;þ

uw

and H a;�
uw correspond to the household member decision adjustments, such as reassigning the person

scheduled to participate in a particular activity in the preplanned schedule. Overall, these discrete
potential adaptation decisions can be quantified mathematically by insertions, deletions, substitutions,
or changes in the spatial sequence or vehicle/person assignments. The remaining decision variables are
temporal in nature, designating revisions to the activity starting time and waiting time of each activity
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after rescheduling. In addition to the aforementioned adaptation strategies, we incorporate the possibility
of adjusting the duration of yet-to-be-completed activities in the face of time pressure in the form of the
decision variable DSþu . We assume that DSþu is a positive number, which implicitly restricts our consid-
eration to the case in which there is increased time pressure; a threshold value can be specified to avoid
activity cancellation.

Constraint sets: Defining Y v
uw ¼ X v

uw þ X vþ
uw � X v�

uw

� �
, J a

uw ¼ H a
uw þ ðH aþ

uw � H a�
uw Þ, and given the definitions

shown above, the household activity rescheduling problem is defined subject to the following constraints,
i.e., Eq. (5):

(1) Spatial connectivity and temporal constraints on vehicles
X
w2bXm

V

X
u2bP Y v

uw ¼ 0; 8v 2 bV ðA:1Þ

X
v2bV

X
w2bN Y v

uw ¼ 1; 8u 2 bP þ ðA:2Þ

X
w2bN Y v

uw �
X
w2bN Y v

wu ¼ 0; 8u 2 bP ; v 2 bV ðA:3Þ

X
w2Pþ

Y v
0w 6 1; 8v 2 bV ðA:4ÞX

u2P�
Y v

u;2nþ1 6 1; 8v 2 bV ðA:5ÞX
w2bN Y v

wu �
X
w2bN Y v

w;nþu ¼ 0; 8u 2 bP þ; v 2 bV ðA:6Þ

X v;þ
uw and X v;�

uw ¼ 0 or 1; 8u;w 2 bN ; v 2 bV
Y v

uw þ Y v
wu 6 1; u;w 2 bN ; v 2 bV ðA:7Þ

X v;þ
uu ;X

v;�
uu ;X

v;þ
u0 ;X

v;�
u0 ;X

v;þ
2nþ1;u;X

v;�
2nþ1;u ¼ 0; 8u 2 bN ; v 2 bV ðA:8Þ

X v;þ
0u ;X

v;�
0u ¼ 0; 8u 2 bP �; v 2 bV

X v;þ
u;2nþ1;X

v;�
u;2nþ1;X

v;þ
nþu;u;X

v;�
nþu;u ¼ 0; 8u 2 bP þ; v 2 bV ðA:9Þ

WTþu 6 MWT ; 8u 2 bP =P t ðA:10aÞ
DSþu 6 MDS � bSu; 8u 2 bP =P t ðA:10bÞ

�M 1� Y v
uw

� �
6 Tþu þ bS u � DSþu

� �
þ t̂v

uw � Tþw þ WTþw 6 M 1� Y v
uw

� �
; 8u;w 2 bP ; v 2 bV ðA:11Þ

�M 1� Y v
0u

� �
6 T v;þ

0 þ t̂v
0u � Tþu þ WTþu 6 M 1� Y v

0u

� �
; 8u 2 bP þ=P t; v 2 bV ðA:12Þ

Tþu þ bS u þ t̂v
u;2nþ1 � T v;þ

2nþ1 6M 1� Y v
u;2nþ1

� �
; 8u 2 bP �; v 2 bV ðA:13Þ

Tþu þ bSu � DSþu
� �

þ t̂v
u;nþu 6 Tþnþu; 8u 2 Pþ; v 2 bV ðA:14Þ

âu 6 T þu 6 b̂u; 8u 2 P t00 ðA:15Þ
â0 6 T v;þ

0 6 b̂0; 8v 2 bV ðA:16Þ
â2nþ1 6 T v;þ

2nþ1 6 b̂2nþ1; 8v 2 bV ðA:17ÞX
v2bV

X
u2bN

X
w2bN ĉv

uwY v
uw 6

bBc ðA:18Þ
where M is large positive number; MWT and MDS denote the maximum allowable waiting time, and the max-
imum allowable percentage reduction in activity duration, respectively.
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(2) Constraints on household members
X
w2bXa

H

X
u2bP J a

uw ¼ 0; 8a 2 ĝ ðA:19Þ

X
u2bN

X
w2bN t̂v

uwJ a
uw 6

bBa
t ; a 2 ĝ ðA:20Þ

X
a2ĝ

X
w2bN J a

uw ¼ 1; 8u 2 bP þ ðA:21Þ

X
w2bN J a

uw�
X
w2bN J a

wu ¼ 0; 8u 2 bP ;a 2 ĝ ðA:22Þ

X
w2bP þ J a

0w 6 1; 8a 2 ĝ ðA:23Þ

X
u2P�

J a
u;2nþ1 6 1; 8a 2 ĝ ðA:24ÞX

w2bN J a
wu�

X
w2bN J a

w;nþu ¼ 0; 8u 2 bP þ;a 2 ĝ ðA:25Þ

H a;þ
uw and H a;�

uw ¼ 0 or 1; 8u;w 2 bN ; a 2 ĝ ðA:26Þ
J a

uwþ J a
wu 6 1; u;w 2 bN ;a 2 ĝ ðA:27Þ

H a;þ
uu ;H

a;�
uu ;H

a;þ
u0 ;H

a;�
u0 ;H

a;þ
2nþ1;u;H

a;�
2nþ1;u ¼ 0; 8u 2 bN ;a 2 ĝ

H a;þ
0u ;H

a;�
0u ¼ 0; 8u 2 bP �;a 2 ĝ ðA:28Þ

H a;þ
u;2nþ1;H

a;�
u;2nþ1;H

a;þ
nþu;u;H

a;t�
nþu;u ¼ 0; 8u 2 bP þ;a 2 ĝ

�M 1� J a
uw

� �
6 Tþu þ bSu �DSþu

� �
þ t̂v

uw� Tþw þWTþw 6M 1� J a
uw

� �
; 8u;w 2 bP ;a 2 ĝ; v 2 bV ðA:29Þ

T a;þ
0 þ t̂v

0u� Tþu þWTþ0 6M 1� J a
0u

� �
þM 1�

X
w2P�

Y v
wu

 !
�MY v

0u; 8u 2 bP þ;a 2 ĝ; v 2 bV ðA:30aÞ

T a;þ
0 þ t̂v

0u� Tþu þWTþ0 P�M 1� J a
0u

� �
�M 1�

X
w2P�

Y v
wu

 !
þMY v

0u; 8u 2 bP þ=P t;a 2 ĝ; v 2 bV
ðA:30bÞ

Tþu þ t̂v
u;2nþ1� T a;þ

2nþ1 6M 1� J a
u;2nþ1

� �
þM 1�

X
w2P

Y v
wu

 !
�MY v

u;2nþ1; 8u 2 bP �;a 2 ĝ; v 2 bV
ðA:31Þ

�̂aa
0 6 T a;þ

0 6
�̂ba

0;a 2 ĝ ðA:32Þ

�̂aa
2nþ1 6 T a;þ

2nþ1 6
�̂ba

2nþ1;a 2 ĝ ðA:33Þ
(3) Vehicle and household member coupling constraints
X
a2ĝ

J a
uw �

X
v2bV Y v

uw ¼ 0; 8u 2 bN ;w 2 bN ðA:34Þ

�M 1� J a
0u

� �
þ 1� Y v

0u

� �� �
6 T v;þ

0 � T a;þ
0 6M 1� J a

0u

� �
þ 1� Y v

0u

� �� �
; 8u 2 bP þ; a 2 ĝ; v 2 bV

ðA:35Þ

�M 1� J a
u;2nþ1

� �
þ 1� Y v

u;2nþ1

� �h i
6 T v;þ

2nþ1 � T a;þ
2nþ1 6M 1� J a

u;2nþ1

� �
þ 1� Y v

u;2nþ1

� �h i
;

8u 2 bP �; a 2 ĝ; v 2 bV ðA:36Þ
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(4) Rescheduling consistency constraints
X v;�
uw 6 X v

uw; 8u;w 2 N ; v 2 V ðA:37Þ
t � X v;�

uw 6 Tþw ; 8u;w 2 P ; v 2 V ðA:38Þ
t � X v;�

0u 6 T v;þ
u ; 8u 2 Pþ; v 2 V ðA:39Þ

X v;�
uw and X v;�

wu ¼ 0; 8u 2 bN ;w 2 P 0; v 2 bV ðA:40Þ
H a;�

uw 6 H a
uw; 8u;w 2 N ; a 2 g ðA:41Þ

t � H a;�
uw 6 Tþw ; 8u;w 2 P ; a 2 g ðA:42Þ

t � H a;�
0u 6 T a;þ

u ; 8u 2 Pþ; a 2 g ðA:43Þ
H a;�

uw and H a;�
wu ¼ 0; 8u 2 bN ;w 2 P 0; a 2 ĝ ðA:44Þ

X v;þ
wu þ X v;�

wu ¼ 0; 8w 2 bN ; u 2 P t [ P t0 ; v 2 bV ðA:45Þ
H a;þ

wu þ H a;�
wu ¼ 0; 8w 2 bN ; u 2 P t [ P t0 ; a 2 ĝ ðA:46Þ

Tþu ¼ T u; 8u 2 P t [ P t0 ðA:47Þ
T v;þ

0 ¼ T v
0; v 2 V t ðA:48Þ

T a;þ
0 ¼ T a

0; a 2 gt ðA:49Þ
DSþu ¼ 0; 8u 2 P t ðA:50Þ
(5) Non-negativity constraints on decision variables
X v;þ
uw P 0; u;w 2 bN ; u 6¼ w; X v;�

uw P 0; u;w 2 bN ; u 6¼ w; H a;þ
uw P 0; 8u;w 2 bN ; a 2 ĝ;

H a;�
uw P 0; 8u;w 2 bN ; a 2 ĝ; Tþu P 0; u 2 bN ; T v;þ

0 P 0; T v;þ
2nþ1 P 0; 8v 2 bV ;

T a;þ
0 P 0; T a;þ

2nþ1 P 0; 8a 2 ĝ; WTþu P 0; u 2 bP ; DSþu P 0; 8u 2 bP
ðA:51Þ
Eqs. (A.1)–(A.51) constitute the operative constraint set for the household activity rescheduling program
(HARP). As written, these constraints describe only the case for the ‘‘solo driving” or ‘‘walk” travel modes.
(‘‘Walking” is included in the vehicle set as a fictitious vehicle with appropriate limited speed and range.) An
approximation to ‘‘public transit” modes can be incorporated by including an ‘‘expected waiting time” in the
travel time matrix for such modes; an explicit incorporation of actual transit schedules in the formulation is
prohibitively complicated. Although ‘‘carpooling” can be explicitly incorporated while maintaining the linear
formulation, as in the original HAPP formulation (Recker, 1995), the number of constraints required increases
substantially; rather, carpooling is handled using the heuristic described in Recker and Parimi (1999) – essen-
tially, by making non-exhaustive perturbations to optimal time–space paths identified by the solo driving case.

The above constraints can be categorized into five groups: (1) those constraints related to activity assign-
ment and vehicle movement, together with those temporal constraints that confine the starting time of an
activity (Eqs. (A.1)–(A.18)); (2) those constraints that state the relationship between household member deci-
sions and activity implementations (Eqs. (A.19)–(A.33)); (3) those coupling constraints that define the inter-
actions between household member decisions and the vehicle flow variables (Eqs. (A.34)–(A.36)); (4) those
constraints that state that the implemented schedule before time t cannot be undone through the adaptation
process (Eqs. (A.37)–(A.50)); (5) those constraints that specify the non-negativity restrictions on decision vari-
ables (Eq. (A.51)).

Eq. (A.1) states that activity participation is not interchangeable among certain vehicles if any, given the
restriction that some vehicles are not able to visit some particular activities. Eqs. (A.2) ensures that all activ-
ities should be performed once. Flow conservation is enforced by Eq. (A.3). Eq. (A.4) dictates that the result-
ing activity/travel schedule initially starts from home (denoted by node 0), whereas Eq. (A.5) stipulates that it
is ended by eventually returning home (designated by node 2n + 1). Each activity is completed by taking a
return trip which is enforced by Eq. (A.6). Eq. (A.7) places a binary restriction on X v;þ

uw and X v;�
uw . Subcycles

are eliminated by Eq. (A.8). Eq. (A.9) rules out the illogical flows. The waiting time associated with
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participating in any activity is bounded by a specified threshold (denoted by MWT) in Eq. (A.10a), whereas
the upper bound of the amount of activity duration reduction is equivalent to the multiplication of MDS and
the corresponding activity duration in Eq. (A.10b). Eqs. (A.11)–(A.17) confine the start time of an activity as
well as the initial departure from home/final return to home associated with a vehicle/person. The total travel
cost budget of the household is constrained by Eq. (A.18).

The second group of constraints, i.e., Eqs. (A.19)–(A.33), is similar to the first set, with several notable
exceptions. Eq. (A.20) explicitly states the person-activity exclusion restrictions. The travel time budget asso-
ciated with each household member is confined by Eq. (A.21). Eqs. (A.30a) and (A.30b) collectively are equiv-
alent to the following relationship: if H a

0u þ H a;tþ
0u � H a;t�

0u ¼ 1 and X v
0u þ X v;tþ

0u � X v;t�
0u ¼ 1, which implies that

there is a person a departing from home for the location of activity u and simultaneously vehicle v is initially
leaving home toward u instead of returning from other activities ð

P
w2P� X v

wu þ X v;þ
wu � X v;�

wu

� �
¼ 0Þ, then we

have T a;þ
0 þ t̂v

0u þ WTþ0 ¼ Tþu . Eq. (A.31) can be interpreted in the same way.
The coupling constraints embodied in Eqs. (A.34)–(A.36) impose the coupling between vehicle usage and

household member decisions. Eq. (A.34) guarantees that only one household member is allowed to travel
between activity locations by any particular vehicle after rescheduling. Eq. (A.35) jointly imply that the time
at which the vehicle initially departures from home to a particular activity location should be equivalent to the
time that a particular household member initially leaves home by the same vehicle. The coincidence rule is also
applicable to any person and vehicle returning home, which is imposed by Eq. (A.36).

Finally, the components of the fourth constraint set explicitly ensure that any travel/activity decisions made
before time instant t cannot be undone, such as reassigning a vehicle or person to participate a particular
implemented activity, or modifying the vehicle/person departure time if at time t the vehicle/person has
already left home. More specifically, Eq. (A.37) enforces that a trip to w by vehicle v originating from activity
location u only can be cancelled (based on rescheduling) if the particular vehicle is assigned to transport a per-
son between u and w in the preplanned schedule. Furthermore, Eq. (A.38) states that the particular time
instant t must precede the starting time of any rescheduled activity at location u "u 2 N for those yet-to-
be-completed activities according to the preplanned schedule. More precisely, if vehicle v is reassigned from
travel between activity location u and win the rescheduled plan ðX v;�

uw ¼ 1Þ, then the rescheduled starting time
of the next activity at location w must be after time t, or equivalently Tþw P t. Analogously, Eq. (A.39) imposes
the same restriction to a trip departing home in the rescheduling stage. Eq. (A.40) explicitly states that any trip
originating from or destined to the location of a newly added activity ("u 2 P

0
) in the rescheduling stage is not

characterized as a rescheduling of an existing activity. Eqs. (A.41)–(A.44) are merely the revised versions of
Eqs. (A.37)–(A.40) with respect to household member decisions. Eqs. (A.45)–(A.50) generally lock in the val-
ues of variables related to any implemented activities prior to time t. Finally, the non-negativity requirements
on decision variables are specified by Eq. (A.51).

References

Abdel-Aty, M., Kitamura, R., Jovanis, P., 1996. Investigating effect of travel time variability on route choice using repeated measurement
stated preference data. Transportation Research Record 1493, 39–45.

Arentze, T.A., Timmermans, H.J.P., 2000. ALBATROSS – A Learning-Based Transportation Oriented Simulation System. The European
Institute of Relating and Services Studies, The Netherlands.

Becker, G.S., 1965. A theory of the allocation of time. Economic Journal 75, 493–517.
Bell, M.G.H., Cassir C., Iida, Y., Lam, W.H.K., 1999. A sensitivity based approach to reliability assessment. In: Proceedings of the 14th

International Symposium on Transportation and Traffic Theory, pp. 283–300.
Ben-Akiva, M., Bowman, J.L., 1995. Activity based disaggregate travel demand model system with daily activity schedules. In: Paper

Presented at the International Conference on Activity based Approaches: Activity Scheduling and the Analysis of Activity Patterns,
May 25–28. Eindhoven University of Technology, The Netherlands.

Chen, A., Ji, Z., Recker, W.W., 2002. Travel time reliability with risk-sensitive travelers. Transportation Research Record 1783, 178–187.
Doherty, S.T., 2000. An activity scheduling process approach to understanding travel behavior. In: Paper Presented at the 79th Annual

Meeting of the Transportation Research Board, Washington, DC, January 9–13, 2000.
Doherty, S.T., Axhausen, K.W., 1999. The development of a unified framework for the household activity–travel scheduling process. In:

Brilon, W., Huber, F., Schreckengerg, M., Wallentowitz, H. (Eds.), Traffic and Mobility: Simulation-Economics-Environment.
Springer, Berlin, pp. 35–56.

Ettema, D., Borgers, A., Timmermans, H., 1993. A simulation model of activity scheduling behavior. Transportation Research Record
1413, 1–11.



606 L.P. Gan, W. Recker / Transportation Research Part B 42 (2008) 571–606
Gärling, T., Brännäs, K., Garvill, J., Golledge, R.G., Gopal, S., Holm, E., Lindberg, E., 1989. Household activity scheduling. In: Paper
Presented at the Fifth World Conference on Transport Research, Yokohama, Japan.

Ghez, R.G., Becker, G.S., 1975. The Allocation of Time and Goods over the Life Cycle. Columbia University Press, New York.
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