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Abstract

We present an integrated activity based discrete choice model system of an individual's
daily activity and travel schedule, intended for use in forecasting urban passenger travel
demand. The system is demonstrated using a 1991 travel survey and transportation
system level of service datafor the Boston metropolitan area.

The model system isimplemented as a set of choice models, integrated as a sequentially
estimated nested logit model system. Three types of models comprise the system: (1)
daily activity pattern, (2) primary tour and (3) secondary tour. The daily activity pattern
decision includes the decision of whether to travel, the choice of the day’s primary
activity, the complexity of the primary tour and the number and purpose of additional
tours. The primary and secondary tour models include the choice of time, destination and
mode of travel. The tour models are conditioned by the choice of a daily activity pattern,
and the choice of adaily activity pattern is influenced by the expected maximum utility
derived from the available tour alternatives. The expected maximum utility derived from
the tour aternatives varies for different daily activity patterns, as does the change in
expected maximum utility when environmental and socioeconomic changes occur. Thus,
for example, increases in fuel prices would reduce the utility of high mileage daily activity
patterns more than that of low mileage patterns. Thiswould cause a predicted shift
toward the lower mileage patterns, such as those which chain activities in fewer tours or
substitute in-home activities for those which require travel.

The daily activity schedule model system can be used for forecasting travel demand by
generating origin destination trip tables by time of day, using the method of sample
enumeration, also known as microsimulation. The expected benefit of the daily activity
schedule model system isimproved travel demand forecasts, in comparison to trip and
tour based models in use today, for policy aternatives such as 1) roadway expansion 2)
employer provided carpooling incentives, and 3) increased fuel prices. It should aso yield
improved emissions estimates under all policy scenarios.
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1
The Urban Travel Forecasting Problem

1.1 Introduction

In recent years urban policymakers, faced with the growing and complex problems of air
pollution and congestion, brought on at least in part by the increase in highway travel,
have begun to ask for more sophisticated decisionmaking tools, including models to
forecast travel demand and its effects under various circumstances. The basic methods of
disaggregate choice modeling, and their application to travel demand, have been well
documented and demonstrated (Ben-Akiva and Lerman, 1985), making them available for
this purpose. Furthermore, the choice processes on which the disaggregate models must
be based have become better understood through research on the nature of individual
activity and travel decisionmaking, known as activity based travel analysis. However,
most activity based travel analysis has not yet resulted in the design and implementation
of significantly improved travel demand forecasting models. The best activity based
designs which have been developed fully enough to be implemented as operational
systems are tour based models, which model the interrelated decisions a person makes
regarding the travel from home to one or more activity locations and back home again.
These models begin to address complexities, such as trip chaining, but ignore the
interactive effect of decisions people make about multiple potential tours away from
home. What had not been done until now, and what this thesis does, is to demonstrate a
forecasting model system, designed to be implemented as a forecasting tool, which
explicitly models an individual’s choice of adaily activity schedule, including its
component tours and their interrel ationships.
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This model system is an integrated, disaggregate, discrete choice, activity based model
system. Equationsin the model incorporate the effect of transportation system and other
environmental attributes, as well as decision-maker characteristics. Coefficients of the
model system can be estimated from data commonly available to metropolitan planners;
those of the demonstration system were estimated using diary survey and transportation
system performance data from the Boston metropolitan area.

Three types of models comprise the system: (1) daily activity pattern, (2) primary tour and
(3) secondary tour. The daily activity pattern decision includes the decision of whether to
travel, the choice of the day’ s primary activity, the complexity of the primary tour, and the
number and purpose of additional or secondary tours. The primary and secondary tour

models include the choice of time, destination and mode of travel.

The tour models are conditioned by the choice of adaily activity pattern. Conversely, the
choice of adaily activity pattern is influenced by the expected maximum utility derived
from the available tour aternatives. The expected maximum utility derived from the tour
aternatives varies for different daily activity patterns, as does the change in expected
maximum utility when environmental and socioeconomic changes occur. Thus, for
example, increases in fuel prices would reduce the utility of high mileage daily activity
patterns more than that of low mileage patterns, causing a predicted shift toward low
mileage patterns. The model incorporates the inter-tour trade-offs a person would make in
responding to the new prices. They might choose to reduce the number of toursin the
pattern. On the other hand, they might choose to reduce the length of their primary tour.
The model’ s forecast depends on the values of the estimated coefficients and (among

other variables) the new fuel costs.

The remainder of Chapter 1 places the development of the activity based model system in
the context of the evolving needs of planners, and the theory of activity and travel
decisionmaking. Chapter 2 examines research and development efforts of the last 20
years which have aimed directly at incorporating new theory and methods in models
which can be used for forecasting travel demand. Against this backdrop, Chapter 3
presents the conceptual design of the daily activity schedule. Chapter 4 reports the
development of the demonstration system itself, including the details of the estimated
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models. The conclusions drawn from the research are reported in Chapter 5, along with
an agenda for further research and development.

1.2 TheNeed for Urban Travel Forecasting Models

Urban travel forecasting models were first put to extensive use during the 1950's and
1960's to support major road infrastructure investment decisions. Since then, in many
parts of the developed world, new construction subsided as the number of urban highways
approached practical space and financia limits. Policymakers began turning their
attention to the problems of air pollution, congestion and suburban sprawl, brought on at
least in part by the increase in highway travel. They introduced a new array of policy
alternatives to deal with these problems, such as the promotion of transit, non-motorized
travel, intermodal connections, clean-fuel vehicles, travel demand management and land
use management. The desire to inform these policy decisions has replaced infrastructure
investment as the primary motivation for the use of travel forecasting models.

The early travel demand models were simplistic models with few parameters, and were
estimated with aggregate data. As the policy decisions began to change, planners began to
recognize the need for more sophisticated models. This led to the development of the
disaggregate modeling approach. Disaggregate models are estimated on individual or
household data, and can explicitly account for the choice processes the individual or
household uses in making travel decisions. By the late 1970's the basic ideas of
disaggregate modeling that were developed in aresearch environment had been translated
into operational model systems. Methodological improvements were made during the
1980's and experience was gained from practical applications of these models. A textbook
documenting these methodol ogies was published in 1985 (Ben-Akiva and Lerman, 1985).

At the same time that the disaggregate modeling approaches were under development,
researchers also turned their attention to understanding better the nature of the individual
and household decisions concerning activities and travel. Through this research, which
became known as activity based travel analysis, it became more widely understood that

the demand for most travel is derived from the demand for activities, that humans face
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temporal-spatial constraints, that households and lifecycle conditions affect individual
decisions, and that travel decisions interact dynamically under changing conditions
(Hagerstrand, 1970; Chapin, 1974; Jones, et al, 1983; Goodwin et al, 1990).

Notable examples of early disaggregate travel demand model systems that capture some
important aspects of traveler decision behavior are: (1) in the United States, the
Metropolitan Transportation Commission (MTC) model system developed for the San
Francisco Bay area (see Ruiter and Ben-Akiva, 1978); and (2) in Europe, the National
Model System for Traffic and Transport of the Netherlands (Hague Consulting Group,
1992). Model systems currently under development in Stockholm, Sweden, (Algers, Daly
and Widlert, 1991) and Italy (Cascetta, Nuzzolo and Velardi, 1993) provide more
advanced representations of traveler decisions, taking into account more of the
understandings of activity based travel analysis.

However, most activity based travel analysis has not yet resulted in the design and
implementation of significantly improved travel demand forecasting models.
Furthermore, simple aggregate models continue to be used extensively for forecasting
urban travel. Thisis especially true in the United States, where there was very little
funding for the improvement of demand models throughout the 1980's. Most travel
demand model systems used in the US are limited in their usefulness because they fail to
incorporate an adequate representation of decision behavior, and are not sensitive to
important policy alternatives.

On the other hand, in the United States the attention on travel forecasting has surged with
the passage of the Clean Air Act Amendments of 1990 (CAAA) and the Intermodal
Surface Transportation Efficiency Act of 1991(ISTEA). The CAAA introduced strict air
quality requirements and requires metropolitan areas to defend their air quality attainment
programs with model-based travel forecasts. ISTEA introduced new planning
requirements with a multimodal emphasis aimed especially at the problem of congestion.
States and Metropolitan Planning Organizations (MPOs) have been forced to take both the
CAAA and the ISTEA serioudly because failure to comply can cause the loss of federal
transportation dollars, and increases the risk of lawsuits. The need for improved
disaggregate, activity based travel demand model systemsis acute.
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1.3 TheFramework of Urban Travel Decisions

Figure 1.1 shows the overall framework of the decisions relevant to urban travel demand,
depicting the important decision categories and their interactions (Ben-Akivaand Lerman,
1985; Ben-Akiva, Bowman and Gopinath, 1995). It focuses on the household and
individual decisions that lead to a demand for travel, including mobility and lifestyle,
activity and travel scheduling, and rescheduling. The framework aso includes the urban
development process which affects individual decisions, and the interaction of all
decisions with the performance of the transportation system. The aim of disaggregate
travel demand model systemsisto explicitly and accurately represent the important
decisions and interactions of this framework.

Each of the three categories of individual and household choices, (1) mobility and
lifestyle, (2) activity and travel scheduling, and (3) rescheduling, fallsinto a distinct
timeframe of decisionmaking. Mobility and lifestyle decisions, such as residential
location, employment and automobile ownership, occur at irregular and infrequent
intervals, in atimeframe of years. Activity and travel scheduling is a planning function
which occurs at more frequent and regular intervals such as days and weeks. It involves
the selection of a particular set of activities, the assignment of the activities to particular
members of the household, the sequencing of the activities, and the selection of activity
locations, times and methods of required travel. Rescheduling occurs on the shortest
timeframe, within the day, as activities are carried out, in response to information which
prompts changes to the planned activity and travel schedule.

Urban development decisions include the decisions of governments, real estate developers
and firms. Government bodies may provide public transportation services, and tax and
regulate the behavior of individuals and firms. Real estate developers provide the
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Figurel.l
Urban travel decision framework

locational opportunities for firm and individual location decisions. Firms determine the

locations of job opportunities.

Urban development directly influences the decisions of individuals and households, and
together the urban development and individual decisions affect the performance of the
transportation system. Thisis manifested in several ways, including travel volumes,
speeds, congestion and environmental impact. These manifestations of transportation
system performance simultaneously affect the urban development and individual

decisions.
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1.4 Activity Based Travel Theory

Activity based travel theory provides additional guidance for modeling the individual and
household decisions of the urban travel decision framework. Hagerstrand (1970) laid the
foundation of activity based travel theory when he articulated the temporal-spatial
constraints with which all humans must live, and described the role of travel as enabling
humans to engage in desired activities. Since then the concepts included in what is now
called activity based travel theory have expanded somewhat, and a substantial amount of
empirical analysis has been done to test specific hypotheses related to the concepts. The
important elements of activity based travel theory can be summarized as four basic ideas.

First, the demand for travel is derived from the demand for the activities which require
travel (Jones, 1977). Infact, travel by itself causes disutility and is only undertaken when
the net utility of the activity and travel exceeds the utility available from activities
involving no travel. This calls for a modeling approach in which the activities pursued
form the basis of the travel demand model.

Second, human behavior is constrained in time and space (Hagerstrand, 1970; Jones,
1977). Humans function in different locations at different points in time by experiencing
the time and cost of movement between the locations. Furthermore, they are generaly
constrained to return daily to a home base for rest and personal maintenance activities.

Third, the household significantly affects individual activity and travel decisions (Chapin,
1974; Jones et al, 1983). Humans generally operate in a household context, frequently
living and sharing resources with other members of the household. Many decisions are
made by or for the household as a unit, and many individual decisions are constrained or
influenced by the other members of the household. The type of household, and the life

stage of its members affect the individual and household choices.

Finally, activity and travel decisions occur dynamically (Goodwin, et al, 1990). Decisions
at one time are influenced by past and anticipated future events. Behavior is often shaped
by habits or inertia, with responses to change exhibiting lags and asymmetry.
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15 Weaknesses of Most Urban Travel Forecasting Models

Although the quality and sophistication of travel demand modelsin use today varies
widely, al of them fall short of their potential in light of the modeling tools available.
They fail to implement the concepts embodied in the travel decision framework and
activity based travel theory. In particular, most are weak in the following categories:

1. Aggregation. Two standard models are the models of trip generation and trip
distribution. These correspond to the individual decisionsto travel and where to
travel. Although the production of trips is often modeled as an individual or
household decision using disaggregate data, the destination choice is nearly always
modeled as an aggregate phenomenon of geographic areas, vialinear regression
trip attraction models and gravity trip distribution models (JHK & Associates,
1992).

2. Long term decisions. The long term individual decisions of mobility and lifestyle
are to agreat extent missing, as are the urban development decisions. To the
extent that they are modeled, they are generally aggregate models, such as the
employment and population models which are gaining wider use today
(Cambridge Systematics and Hague Consulting Group, 1991).

3. Integration. Frequently the models of trip generation, distribution, mode choice
and traffic assignment are developed and applied separately, with inconsistent
assumptions and results. This represents the failure to incorporate the simultaneity
and interdependence of decisions reflected in the decision framework (JHK &
Associates, 1992).

4. Activity based travel demand. Although the modelsin use usually distinguish
major categories of trip purposes, they fail to represent the possibility of
accomplishing activities without travel. This weakness is becoming more and
more important as the advance of information technology introduces more non-
travel alternatives such as telecommuting.

5. Time and space constraints. Nearly all modelsin use today represent decisions
related to single, one-way trips. They ignore the interdependency of travel
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decisions across multiple trips in the face of temporal and spatial constraints. For
example, they ignore the fact that travelers are frequently constrained to use the
same mode for the trip away from home and the return trip, and that the decision to
chain together several stops on atour away from home has distinctly different
effects on the transportation system than the decision to take severa different
home-based trips. Another facet of this problem is the lack of arepresentation of
time of day in travel decisions. Most models are based on aggregate 24-hour trip
data, and predict travel for a single time period, usually a morning or evening peak
period, not considering the factors which cause people to vary their travel behavior
temporally during the day.

6. Explanatory variables. Most models incorporate the important influence of travel
time and cost on travel behavior. However, the importance of household and life
cycle characteristics, as well as the decisions of employers and government

policymakers, are frequently ignored.

The next chapter will take a brief look at some of the most important research and
development efforts of the last 20 years which have attempted to incorporate the decision
framework or activity based travel theory into forecasting models of urban travel demand.
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2
Resear ch and Development in Urban

Travel Forecasting

2.1 Introduction

The basic ideas of activity based travel theory are distilled from an extensive amount of
theoretical and descriptive empirical research on the relation of human activity and travel
behavior. This body of research provides insights into the nature and complexity of
activity and travel decisions, and can be used to inform the decisions of model structure
and explanatory variables in forecasting model systems. For more extensive summaries of
the results, and access to reading lists, the interested reader can examine one or more of
the published reviews of this literature. Damm (1983), compiles alist of empirical
research, categorizes the hypotheses tested, lists the explanatory variables associated with
each class of hypothesis, and presents the statistical results of parameter estimates. Golob
and Golob (1983), examine the literature by categorizing 361 works by primary and
secondary focus, with the five focus categories being activities, attitudes, segmentations,
experiments, and choices. Kitamura (1988) updates the review, categorizing works by the
topics of activity participation and scheduling, constraints, interaction in travel decisions,
household structure and roles, dynamic aspects, policy applications, activity models and
methodological developments.

Since the primary objective of this thesisis the incorporation of activity based theory in
travel forecasting systems, this chapter provides areview of prototypes and operational
model systems intended for use in travel forecasting. The operational systems are
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representative of the best current practice worldwide, while the prototypes demonstrate

various aspects of the current frontier in model development. Each model system in the

review incorporates the decision framework, or one or more of the basic ideas of activity
based travel theory presented in Chapter 1.

2.2 Incorporating the Decision Framework in a Discrete Choice Model
System

The MTC Model System was developed for the San Francisco Bay Area (Ruiter and Ben-
Akiva, 1978; Ben-Akiva, Sherman and Kullman, 1978). It is the most notable early
example in the United States of an integrated system of disaggregate discrete choice
models. It has been used, with ongoing enhancements, for the last 15 years. Here we
emphasize the model structure and the manner in which trip purpose linkages are

incorporated in the system.

Model System Structure

The overall model system structure is based on the travel choice framework described in
Chapter 1. The decisions modeled at each level of the decision framework are shown in
Figure 2.1, with the models of interest for this review being the mobility and travel
decision models. A key distinction is made between choices related to the work-trip and
the choices of non-work travel patterns, wherein work-place and mode are treated as
longer term mobility decisions and the corresponding non-work decisions are treated as
shorter term travel decisions. Thisis reflected in the sequentia structure of the model
systems, in which models of home-based non-work trips (HBO) and non-home-based trips
(NHB) are estimated and exercised conditiona on the outcome of work trip models. The
travel choices incorporated as disaggregate models in the model system include
frequency, destination and mode.
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Urban Development Decisions

Location of jobs
Location of housing types

A4

Mobility Decisions

Number of workers
Workplace
Residential location
Housing type

Auto ownership
Mode to work

h 4

Travel Decisions

Frequency
Destination
Mode

Route

Time of day

Figure2.1
MTC travel choice hierarchy

Source: Ruiter and Ben-Akiva (1978)

Trip Purpose and Linkages

Thetripsin an individua's or a household's daily travel pattern are clearly interdependent.
Modeling atravel pattern consisting of tours which are a sequence of two or more trips
starting and ending at a fixed location is complex. Therefore, the classification of trips
into Home-Based Work (HBW), Home-Based Other (HBO), and Non-Home Based
(NHB) is used as the basis of the model system. Using this representation, each trip typeis
modeled separately, with tours indirectly predicted only as aresult of combining the
separate trips.
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HBO and NHB trips encompass a broad range of travel purposes. A single NHB trip
purpose is modeled explicitly and plays an important role in determining the directionality
of HBW and HBO trips as well as predicting NHB frequency and distribution. The unique
features of the linkages between home based and non-home based trips are:

Conditionality or sequence -- the output of one model influences the travel prediction.

For example, the primary worker mode choice decision directly affects the car
availability measure for secondary worker and the car availability in the HBO models,
and the non-home ends of home based trips serve as potential origins and destinations
for non-home based trips.

Accessibility or expected maximum utility -- linkages between different travel purpose
models. For example, accessibility to transit for HBO trips can influence the work

mode choice decision.

These features are important strengths of this model system, which make it the first
operational model system to address the activity based features of time and space
constraints and household interactions. Weaknesses of the model system include the
separation of the modeling of decisions which jointly comprise the choice of activity
schedule, thereby ignoring some natural time-space constraints, and the exclusion of
duration and time of day modeling in the disaggregate model structure.

2.3 Tour Based Models

The tour approach is potentially a powerful tool for explaining travel behavior, asa
number of shorter trips may be explained as links in one longer tour. The development of
tour based models has taken place in the Netherlands, resulting in practical tour based
model systems operational in, among other places, the Zuidvleugel region of the
Netherlands (Daly, van Zwam and van der Valk, 1983) and the Dutch National Model
(Gunn, van der Hoorn and Daly, 1987).

The groupings of tripsinto toursis based on the fact that al travel can be viewed in terms
of round-trip journeys based at the home. Each of these tours visits a number of stops or
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destinations. Within these destinations it is natural to assume some ranking of importance.
The first step in setting up such aranking is to identify one of the destinations as the most
important, the "primary" destination. From this point, the other destinations (*"secondary”,
"tertiary,” etc.) are visited conditionally on the primary destination. The behavioral
hypothesisis that travelers make choices about less important activities in atour
conditional on decisions about more important activities in the tour. Thus the primary
destination approach is a constructive approach for modeling complicated tours. It
implicitly captures the fact that multiple-stop journeys usually have a primary activity and
destination that is the major motivation for the journey, and other secondary destinations
that are of lesser importance as determinants of the frequency, mode, time of day, and

even route of the journey.

Table21
Typesof tours

Number of  Percent

Tour Base Tour Destination(s) tours of total
home workplace only 1760 15.1
home workplace and intermediate destination(s) 315 2.7
home one non-work destination 7790 66.7
home multiple non-work destinations 1605 13.7
work one non-home destination 173 15
work multiple non-home destinations 31 0.3
Tota 11,674 100.0

Source: Weisbrod and Daly (1979)

Defining Primary Destinations

Weisbrod and Daly (1979), and Antonisse, Daly and Gunn (1986), examine the difference
between the tour approach and the common trip approach to travel demand modeling
using empirical datafrom atravel survey in the Netherlands. The primary destination
approach is based on the assumption that it is possible to identify one activity and
destination that is the most important motivator for the tour generation and destination,
and represents the principal constraint on the starting and ending times of the tour. In the
Dutch survey, as shown in Table 2.1, most tours (83%) involved a single destination. For
the 17% of the tours for which there were multiple destinations, however, the primary
destination approach requires that a primary destination be identified. Three alternative
definitions of the primary destination were considered: (1) the destination that is the
farthest from the (home or work) base, (2) the destination whose purpose is highest on a
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ranking list of importance, (3) the destination at which the longest amount of time was
spent. The approach selected for the Dutch model system is based on a combination of the
last two definitions.

Recognizing a priori the dominance of working as an activity, the primary destination is
the destination highest on the following ranking:

1. usua (fixed) workplace;
2. other work-related destination; and
3. the non-work destination with the longest activity time.

Implications of the activity time criterion for ranking destinations are shown in Table 2.2,
which presents the average activity time and distance from home for each type of primary
destination chosen. The average activity time spent and the average distance from home
were far higher at work-related destinations than at any other type of destination,
suggesting that the primary destination definition based on workplace precedence would
seldom yield a primary destination different from that identified by either activity time or
distance criteria. On intuitive grounds, it appears that the activity time criterion yields a
ranking of destinations that is more reasonable than that of distance from the home.

Table22
M ean activity timesand round trip distances for home-based tours
Primary Destination Type Average Activity Time Average Round-Trip % of Total
(hrs:min) Distance (km) Hours
Usua Work Place 6:32 12.9 18.1
Other Work Destination 4:23 35.8 31
Shopping 0:40 34 17.9
Education 334 3.9 24.4
Social Visiting 2:15 8.6 11.0
Recreation 1:26 4.7 9.3
Personal Business 0:50 5.7 33
Serve Passenger 0:16 35 47
Other 1:13 6.9 8.2
All Home-Based Tours 2:50 7.2 100.0

Source: Weisbrod and Daly (1979)

Modeling Tour Type, Household Interactions and Time of Day

The ideas developed for the Netherlands have been taken and developed further in other
locations. The Stockholm Model System (Algers, Daly and Widlert, 1991) has
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implemented the primary destination tour approach, incorporating the modeling of tour
type and dealing extensively with household interactions. A system under development
for Italy (Cascetta, Nuzzolo, and Velardi, 1993) also models tour type, and is
incorporating the time of day decision. Although the way in which these features are
included in the models differs between the two model systems, and also across travel
purposes within each model system, the additional decisions are generally incorporated as
additional tiersin a nested logit model structure.

Destination #1 > Destination #2 Destination #3

Home

Figure2.2
A non-home based tour within a home-based tour

Tour Type. While all travel can be defined in terms of home-based tours, it is also
possible to identify non-home-based tours within home-based tours. Figure 2.2, for
example, can be interpreted in two ways. First, it can be viewed as one home-based tour to
destinations #1, #2 and #3. The same journey could be alternatively viewed as one home-
based tour to destinations # and #2, within which there is a separate tour based at
destination #2 to destination #3. Such non-home based tours can be modeled separately to
the extent that they are based on locations which are reasonably fixed for the household or
individual, and are regularly used as origin for travel. Home locations clearly meet these
requirements, but workplace and education locations could also be included in this
category. The group that clearly fails the criteria are shopping, and recreation destinations,
the locations of which are generally far less fixed and less constantly used.
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The Stockholm model system includes atour type choice set similar to that shown in

Figure 2.3 for some of its models.

P 2 2/ 2 P\i 2(33 P \2
ol A g O )

H H H H
No secondary Secondary Secondary Work-based Work-based
destination destination  destination after tour, non-home tour, home
before primary primary destination destination
destination destination

H = home, P = primary destination, S = secondary destination
1, 2, 3, 4 refer to order of trips

Figure2.3
Stockholm model tour types

Household Interactions. Two approaches can be used to represent household
interactions in travel decisions. The first isto explicitly model decisions as joint decisions
of multiple household members, while the second is to use household characteristics to
help explain individual decisions. The trip based MTC system, reviewed earlier, models
household decisions. The tour based Stockholm model system also makes extensive use
of the joint household decision. In this model, individuals jointly choose car ownership,
workplaces, tour frequency, allocation of trips among family members and travel mode.
The model therefore explicitly represents, for example, the possibility of two workersin
the same household coordinating work locations and schedules so they can share a car for

the work trip.

Time of Day. The tour based model system under development in Italy (Cascetta,
Nuzzolo and Velardi, 1993) explicitly includes the modeling of time of day for activities
in the tour. The time of day is modeled for the primary activity of the tour, conditional on
the activity purpose. The timing of the secondary activity is modeled conditional on the
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purpose and timing of the primary activity, and the tour type. The time of the return home
is conditioned by the same factors, as well as by the time of the secondary activity. Mode
choice for the tour is modeled conditional on all other tour decisions, including the timing
decisions. Thisincorporation of time of day decisions is an important enhancement to a
tour based model system. Trips which are linked sequentially in atour clearly do not
create simultaneous demand on the transportation network. The trip timing models aid in
the assignment of trips to the network at times which are consistent with traveler behavior.
This should improve the model's forecasting accuracy and policy sensitivity substantially
over approaches which assign trips to time of day based only on fixed proportions. This
argument can be extended to the sequential nature of multiple tours in the same day, and
points out a weakness of tour based model systems: they only partially address the
sequential time constraint of human activity. The full benefit of incorporating activity
based features such as secondary activities and time sequencing within toursislost
because the same features are ignored in the links between same-day tours, where their

application is just as important.

Strengths and Weaknesses of the Tour Approach

The disaggregate choice models for tour based destination, mode, and time of day model
systems are very similar to those of trip-based systems. They are able to achieve an
improved behavioral representation, making more accurate predictions of future behavior,
without requiring extensive development of new techniques. The improvements can be

summarized as follows.

Frequency. The definition of tours with primary destinations facilitates the modeling of
trip generation. Modeling secondary destination for a given purpose conditional on
primary destination and purpose is much more satisfactory than modeling non-home-
based trips.

Time of Day. Time of day modeling with the tour based approach offers a great
advantage over the trip approach in that it can model simultaneoudly the trip from home
and the return trip. Linking activitiesin atour viathe tour type also explicitly handles the

time constraints across activities.
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Destination. A tour model improves the representation of the primary destination choice
because it gives consideration to both outward and return trips. Further, and more
importantly, secondary destination choices can be modeled conditional on primary
destination, considering the incremental travel costs associated with travel to a secondary

location.

Travel Mode. In the Dutch study 96.5 percent of the tours used the same mode in both
directions, and the modes used to secondary destinations were the same as those used to
the primary destinations in more than 82 percent of the cases. By modeling all tour-
related travel jointly, and including only one mode choice per tour, the model systems
reviewed are able to impose a reasonably realistic restriction on mode choice which is not
possible in trip models. However, the tour approach allows for a more sophisticated
treatment of the mode decision. It would be possible to associate particular modes with
each leg of amultiple stop tour, allowing for alarger, but still restricted set of mode

combinations within the tour.

In addition to the strengths described above, the tour modeling approach has one
important weakness. There is no connection of multiple tours for the same person in the
same day. Tour frequency is modeled, but it is modeled separately for each activity
purpose and, if multiple tours are modeled, the decisions of each tour are modeled
separately, without taking into consideration the decisions of the other tours. Although
this allows multiple tours of various purposes to be modeled for the same person, which is
important in light of the frequency of complex travel patterns, it allows forecasts which
violate the constraints of a single time-space path for agiven individual. Thusit failsto
capture trade-offs people consider in light of these constraints, such as the decision to
combine several activitiesin asingle tour versus conducting separate tours to accomplish
the same purposes. Time of day modeling is limited in its effectiveness, because the
temporal relation among multiple tours in the same day is not captured. The weakness

also limits the forecasting capabilities of the mode and destination choice models.
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2.4 Daily Activity Budgets, Schedules and Travel Patterns

Ben-Akivaet al. (1980) develop two interrelated models to capture a behaviorally
consistent representation of individuals daily activity/travel patterns. The first group of
models focus on what is termed as "activity duration” or "time budgeting”, representing
the allocation of time in aday by two adult household members to the activity categories
of shopping, social and recreational activities, and other non-work purposes. The second
group of activity models represent "activity scheduling”, reflecting the daily pattern of
activities of adult workers over five periods defined with respect to home and work. Each
group of models treats the participation and duration decisions jointly, using ajoint
discrete/continuous choice model. Both groups of models incorporate an accessibility
variable from a conditional mode and destination choice model. This measure of the
availability and ease of transportation to the modeled activity is specific to the worker’s
home and work locations, as well as the activity purpose.

The strengths of this modeling approach are its ability to allocate activity participation and
duration among household members, and its incorporation of activity duration and an
accessibility measure. A weakness of the model system isits limited scope; it models
only non-work activities of workers on awork day. Another weaknessis the model fails
to associate activity purposes in the time budget with particular activity periodsin the
activity schedule. Therefore it is unable to condition travel decisions of mode and
destination on both activity purpose and activity schedule. For the same reason, the
accessi bility measures supplied by the mode and destination models cannot be made
specific to both activity purpose and schedule.

Adler and Ben-Akiva (1979) develop amodel of daily non-work travel patterns. In this
model, the choice of travel pattern is modeled as a single complex decision, in which
many component decisions together define a day's travel. The model isimplemented as a
multinomial logit model. Each aternative in the model is defined as a specific
combination of 1) number of tours, 2) number of destinations, 3) location for each
destination, and 4) the travel mode for each tour. Here atour is defined as a set of trips

which together form a round trip, beginning and ending at home. The universal choice set
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istaken as the full set of patterns observed in the sample data. Because of the large
number of aternatives, alternative sampling is used in model estimation.

The strength of this modeling approach is its treatment of the daily travel pattern as a
single complex decision encompassing the entire days itinerary. This fully incorporates
time and space constraints among the tripsin afull day's trip chain. The major
weaknesses of the approach are the very large choice set and the exclusion of activity

duration and timing from the travel pattern decision.

Recker, McNally and Root (1986a and 1986b) develop amodel, called STARCHILD, of
an individual’s choice of adaily activity pattern. The model involves four stages,
including the generation of individual activity programs from an externally supplied
household activity program, the enumeration of feasible daily activity patterns, the
reduction of the number of feasible patterns to a small choice set, and the selection of a
daily activity pattern via a random utility choice model. The household activity program
consists of alist of planned activities, with attributes such as location, duration,
importance, participants and time constraints. Individual activity program generation
involves assigning activities, in descending order of importance, to particular individuals,
taking into consideration and updating scheduling constraints in the process. Activity
patterns consist of the activity program, with additional attributes including the sequence
of activities, mode used for each tour and optional intermediate home stops. These are
enumerated, taking into consideration time and space constraints such as activity
sequence, duration and travel times. The reduction of the feasible activity patternsto a
choice set is accomplished by a statistical classification method, in which a particular set
of similarity measures is used to evaluate the similarity of each feasible activity pattern to
a set of representative patterns, and the representative set is selected which optimizes the
similarity of patterns to their representative. The elimination of activity patterns which
are inferior to some other pattern in all dimensions of a particular vector of objectives
(such astravel time) is proposed as an alternative or supplemental method of choice set
reduction. The choice of daily activity pattern is modeled as a multinomial logit model.
Initial testing of the STARCHILD Model System focused on the sequential application of
each of the four stagesto a small sample data set, and served to illustrate model operation.
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The greatest strength of STARCHILD is that the attribute set of its daily activity patternis
complete enough to provide demand information to traffic assignment algorithms,
including activity sequence, location and duration, as well as travel mode and timing.
Additionally, it incorporates time-space, household and transportation system constraints
in the enumeration of feasible daily activity patterns, and incorporates activity pattern
attributes such as available free time, risk of missing important activities and availability
of family time in the activity pattern choice model. The biggest weakness of
STARCHILD isthat its design assumes an externally supplied detailed household activity
program, making no provision for the modeling of activity location or duration. Another
weakness is that the proposed choice set generation methods use ad hoc measures of
similarity and inferiority, and ignore important influence of awareness, habit and long
term decisions on the choice set.

2.5 Event Microsimulation and Dynamic M odels

Hirsh, Prashker and Ben-Akiva (1986) present a dynamic model of an individual’s weekly
pattern of shopping activity, based on the theory that individuals plan their activity
participation on aweekly basis, and update these plans daily throughout the week. The
model can be implemented as a nested logit system under the simplifying assumption that
the utility of aday’s activity alternatives, when considered in advance, is a scalar multiple
of the utility when considered on the day of the activity. In the nested hierarchy, each
successive day is modeled conditional on the preceeding days' activity choices and
incorporates the expected utility of subsequent days’ activities. Within each day the
alternatives modeled include (1) not shopping, (2) shopping in the morning, and (3)
shopping in the afternoon.

The strength of this modeling approach is its explicit identification of a model form and
choice parameters which capture (1) systematic differences in activity behavior by day of
the week, and (2) the interdependence of decisions across days. One weakness of the
approach is it requires each survey respondent to report activity information from multiple

days. Another weaknessis the limited scope of the model system, which examines only
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shopping activities, and ignores the important decisions of destination, trip chaining and
travel mode.

Goulias and Kitamura (1992) develop a demand forecasting system, based on the
simulation of demographic changes in the population, incorporating dynamic choice
models for mobility decisions. The dynamic choice models include the household choices
of car ownership, and weekly levels of motorized-trip generation, modal split, car trip
distance and transit trip distance. They incorporate temporal effects by including variables
from five different time periods.

The ssmulator, which they call a microanalytic simulator, mimics through yearly updates
the development and evolution of households and their characteristics, such as household
type, members ages, education levels, employment and children. For each yearly update,
the dynamic choice models described above are used to simulate the mobility choices,
using socioeconomic and simulated demographic data as inputs.

The estimation of the demographic and mobility models requires the use of panel data.
Goulias and Kitamura use five annual waves of the Dutch National Mobility Panel data,
spanning the period April 1984 through April 1988.

The primary strength of this approach isits consideration of the impacts of time (such as
lagged effects, and seria correlation effects) on an individual's mobility decisions. This
occurs in the dynamic choice models, as well asin the time-based ssmulator. The
weaknesses of this modeling approach include the computational complexity of the
method, the sophisticated model estimation required, and the need for large panel surveys.
Furthermore, the mobility choices modeled in the dynamic choice models are trip-based
instead of activity based and, thus, ignore the interdependence among activities and
factors such as time of day.

Axhausen et al. (1991) propose a dynamic, activity-oriented and information sensitive
microscopic ssimulation model. A sample of simulated households is used to model the
evolution of travel behavior in daily, medium-term and longer-term time frames.
Decision-making is handled at distinct pointsin time, called "events', alowing for
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temporal effects such as diffusion, delay, memory, search and full or partia information.
Probabilistic choice models are employed at many of these decision points.

Long term lifestyle decisions and life cycle development, such as births, marriage,
residential location and employment, are ssmulated on an infrequent cycle, such as
annually. Constrained by these long term events, household scheduling and daily
scheduling occur more frequently, with the daily schedule being laid out for a one or two
week period. Individuals carry out and revise their activity schedules viawithin-trip
rerouting and within-day rescheduling decisions in response to transportation system
performance and activity performance.

This model architecture is the most complicated representation of urban activity and travel
behavior which has yet been attempted, and it extensively incorporates all the defining
characteristics of activity based model systems. A notable feature is the inclusion within
an integrated model system of decisions which range in time frame from several yearsto a

few minutes.

The complexity of the model architecture is aso the source of its weakness. This,
combined with the use of separately estimated model elements using separate and
inconsistent data sources, and the large data and computational requirements, may
undermine its forecasting accuracy, render it inflexible under changing needs, or even
prevent its implementation. Unlike the other models reviewed above, this model system
has not been implemented as a prototype.

2.6 Evaluation

This chapter concludes with a summary evaluation of the strengths and weaknesses of the

reviewed model systems.

MTC Trip-based Model System

This model system is based on the decision framework described in Chapter 1, and is
estimated as an integrated disaggregate choice model system using statistically sound



econometric modeling methods, and data which is available from cross-sectional daily
activity and travel diary surveys. The linkages across models introduce a partial
representation of time and space constraints and household interactions. However, the
system still ignores some natural time and space constraints by modeling trip decisions
separately, and excluding the modeling of duration and time of day.

Tour Based Models

The tour based models are also based on the decision framework and provide an
integrated model system. The modeling of tour decisions provides an incremental
improvement over the trip based model systems, incorporating an explicit representation
of temporal-spatia constraints among activity stops within atour. In addition to these
strengths, a remaining weakness of the tour based approach is the lack of a connection
among multiple tours for the same person in the same day. It thereby fails to capture
trade-offs people consider in light of intertour temporal-spatial constraints, and its ability

to model the time of day decision is weakened.

Daily Travel Models

The strength of the daily travel modelsis their consideration of activity budgets or
schedules across an entire day, enabling them to capture some of the interactions that
occur in decisionmaking across tours. However, their weakness, as implemented, was the
incompl ete representation of the daily decision, either separating the modeling of different
activity purposes, or leaving out key dimensions of the daily decision, such as activity
duration, sequence, timing, destination or mode choice. Thus the architectures aren’t
complete enough to use for a comprehensive forecast of urban travel demand and network

performance.

Event Simulators and Dynamic M odels

These models incorporate time and space constraints, intrahousehold interactions and time
dynamics. However, they require panel data which are not widely available, are
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extremely complex and expensive, and present a difficult migration path from the models
widely in use today. Furthermore, the event simulators suffer from the more fundamental
problem of potential internal inconsistencies arising from their reliance on separately
estimated model parameters and inconsistent assumptions about the decision environment,
and they lack statistically sound methods of overcoming the resulting inconsistencies.
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3
A Model System with Daily Activity
Schedules

This chapter presents the architecture of an urban travel forecasting model system based
on adaily activity schedule. It first lays out a set of design objectivesin light of the urban
travel forecasting problem described in Chapter 1 and the review in Chapter 2 of other
recent attempts. Thisisfollowed by the presentation of the architecture itself, and then by
an example illustrating how the architecture represents one individual’ s hypothetical daily
activity and travel itinerary.

3.1 Design Objectives

Three basic objectives guide the design of the new model system architecture. First, it
must be based on the ideas of activity based travel demand laid out in Chapter 1; in
particular, it must include a representation of activity and travel decisions which captures
the interactions among an individual's decisions throughout a 24 hour day. Second, it
must be an integrated model system, based on the decision framework of Chapter 1, with
components which are consistent with each other and subject to statistical validation.
Third, it must be a practical architecture, in the sense that it can lead directly to a system
which can be implemented and used in a metropolitan area for regional travel forecasting

and policy analysis.
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Activity Based Representation of a Daily Travel Decision

We start with the premise that an improved representation of human activity and travel
decisonmaking is an essentia ingredient in developing model systems which can dedl
effectively with issues such as air quality and congestion, with sensitivity to emerging
policy alternatives such as demand management and intermodal resource allocation.
Accordingly, we need a representation of activity and travel decisions which captures the
interactions among an individual’ s decisions throughout a 24 hour day. Thisincludes two
important new components: arepresentation of tours and their interrelationshipsin a
pattern of the day’s activity, as well as the explicit representation of the activity and travel
times of day.

The objective includes a daily decision timeframe for severa reasons. First, by extending
the temporal scope of decisionmaking beyond atrip or atour, adaily representation can
capture very important interactions which affect the choices of time of day, location and

mode. This can make the models respond more accurately to policy alternatives.

Second, in extending the temporal scope of the activity and travel decisions, there are
good reasons to choose the daily timeframe. It is auniversal human experience to operate
on adaily cycle with adaily return to a home place for an extended period of rest.
Associated with this daily cycle of rest and activity, activities are often planned on adaily
basis. Also, many activities, most notably the work activity, occur in adaily routine.

Some activity based analysis has pointed to the importance of activity and travel planning
on alonger time horizon, such aweek or month (for example, Hirsh, Prashker and Ben-
Akiva, 1986). Activities which occur less frequently than daily, but on a periodic basis,
may be planned less frequently, in light of factors which can’t be captured by a daily
representation. However, this does not negate the value of a daily representation, which
may capture more important trade-offs, from a policy perspective, than those which occur
on aweekly or monthly basis. Furthermore, the implementation of a daily representation
does not preclude the implementation of separate models for different days of the week or

subsequent enhancement of the architecture to include decisions on alonger timeframe.
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Integrated, Consistent and Validatable Model System

Practical model systems must separate decisions which in reality are not always separated.
However, the most important relations among decisions, as reflected in the decision
framework, must be preserved. Further, the objective isto integrate all the decisions
which occur within the activity and travel scheduling model system, preserving the most
important links among these decisions. The nested logit model enables the modeling of
discrete choices, integrated in a conditional hierarchy, using statistically testable
econometric model estimation. Although it imposes restrictions on the representation of
the choice process, it holds potential for meeting the objectives of integration, consistency

and validatability in the context of a complex decision process.

Practical Design

Much activity based analysis has occurred over the last 20 years, but little has made its
way to travel demand forecasting. The aim at the outset is a result which can be
implemented in practice for forecasting, in light of the prevailing modeling environment
in metropolitan planning organizations, including the aspects of budget, technology, data
and investment in existing forecasting systems. This calls for using and extending the best
aspects of existing demand models, which are disaggregate discrete choice models, most
often implemented for the mode choice, but also in use for other mobility and travel
decisions. More importantly, it requires designing the new architecture to work with other
existing components of forecasting model systems, including land use, mobility and

network performance models.

3.2 System Architecture

The Daily Activity Schedule

The distinguishing feature of the proposed model system architecture is the daily activity
schedule. Theindividual's daily demand for activity and travel can be viewed as one
multidimensional choice. The daily activity schedule is a representation of this choice,
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encompassing, through a categorical decomposition, all the possible combinations of
activity and travel an individual might choose through the course of aday. Figure 3.1
depicts the particular categorical decomposition of the daily activity schedule which we
have used. The schedule is decomposed into a set of tours which are organized and tied

together by an overarching daily activity pattern.

Daily Activity Pattern

--Primary activity

--Primary tour type

--Secondary tours
--number
--purpose

Primary Tour

--times of day
--destinations
--modes

Secondary Tours

--times of day
--destinations
--modes

Figure3.1
The Daily Activity Schedule

An individua’s multidimensional choice of aday’s activities and travel consists of toursinterrelated
inadaily activity pattern.
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The daily activity pattern further decomposes the daily choice into (1) the choice of a
primary activity, with one aternative being to remain at home for al the day's activities,
(2) the type of tour for the day’ s primary activity, including the number, purpose and
sequence of activity stops; and (3) the number and purpose of secondary tours. For each
tour in the daily activity pattern the tour schedule includes the choices of destinations for
activities in the tour, as well as the mode and timing of the associated travel.

The daily activity schedule is a natural extension of the tour based modeling approach
which considers simultaneously the timing, destinations and travel modes of all tripsin a
tour. By aso including adaily activity pattern, the daily activity schedule extends the
linkage to include al the tours which occur in asingle day, thereby explicitly representing
the ability of individuals to make inter-tour trade-offs. For example, with the daily
activity schedule, the model can capture the choice between combining activities into a
single tour and spreading them among multiple tours, incorporating the factors which
influence this type of decision.

We hypothesize that when an individual is planning a daily activity schedule, the
decisions are conditioned by the relative priority of the day's activities. Decisions related
to lower priority activities are conditioned by the decisions related to higher priority
activities. Likewise, decisions of lower priority tours are conditioned by the decisions of
higher priority tours. Thus, for example, the destination chosen for a secondary stop on a
tour depends on the destination chosen for the primary stop. Furthermore, the factors
considered for alower priority activity, including travel time and cost, are the incremental
costs over the cost of a schedule which excludes the lower priority activity. Thus, the cost
of stopping to make a purchase on the way home from work at alocation adjoining the
workplace is less than the cost of going home and returning later to make the purchase.
This conditionality is represented in Figure 3.1 by the relative position of boxes and the
downward pointing arrows which connect them. Lower level decisions with incoming
arrows are conditioned by higher level decisions from which the arrows come. This
conditionality is modeled through the use of conditional choice models.

The utility of a particular aternative in a higher priority decision is also directly
influenced by the utility of the lower level alternatives comprising it. This influence of
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lower level decision alternatives on upper level decisionsis represented in Figure 3.1 by
the upward flowing arrows. It is modeled through the use of an inclusive value variable in
the higher level decision model, consisting of a composite measure of the utilities of the
lower level dternatives as modeled in the lower level model. The measure is derived as
the expected maximum utility of the lower level alternatives (Ben-Akiva and Lerman,
1985).

Urban development models |[¢——m

v 1

Mobility and lifestyle models [€¢——

v t

Daily activity schedule modelsj¢———

v 1

Network traffic assignment
models

Figure3.2
The Daily Activity Schedule in the context of a comprehensive forecasting model system

Although the focus of the research is limited to the daily activity and travel decisions, the
design objectives require them to be modeled so they can tie into other elements of the
framework. The models must be conditioned by urban development and mobility models,
and can supply them with expected maximum utility. The timeframe of rescheduling
decisions is shorter than that required for much regional travel forecasting, and is left out
of the model. The network performance can be represented using existing traffic
assignment methods, as long as the daily travel model can supply it with origin-
destination trip matrices by time of day, and an equilibration procedure is used to assure

consistency of network levels of service between the models. Thus, the decision
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framework of Chapter 1 can be recast asin Figure 3.2 to represent a practical model
system architecture for metropolitan travel forecasting and policy analysis.

Example

Figure 3.3 illustrates the model architecture using a hypothetical observation of one
individual’stravel diary. Theitinerary shows that this person departed for work at 7:30
A.M., traveling by transit from home in traffic zone A to work in traffic zone B. At noon
they walked out for lunch and personal business, returning to work for the afternoon. At
4:40 P. M. they returned home from work, again by transit. That evening at 7:00 PM they
drove to the mall in traffic zone C for shopping, and drove home later that evening.

Figure 3.3 also depicts how the proposed model architecture categorically decomposes
this choice of adaily activity schedule, representing it as a set of related subdecisions,
including the daily activity pattern decisions, as well as the tour scheduling decisions. In
the daily activity pattern, the primary activity is work; the primary tour type is the
sequence “home-work-other-work-home”, reflecting the purpose and sequence of the
activity stopsin the tour; and one secondary tour is undertaken, with a purpose of “other”
(“other” represents any purpose other than work or school). In the tour schedule, the work
destination is zone B, the mode of the primary activity is transit, with travel to and from
the activity occurring during the AM and PM peak periods; the destination, mode and
timing of the secondary activity of the primary tour are zone B, walk, and midday; and
finaly, the destination, mode and timing of the secondary tour are zone C, auto, and

evening.

The example illustrates two important features of the model system architecture. First, the
model includes timing decisions as the choice of departure times to and from the activity,
providing asimple and useful categorization of travel timing. Thisaso implicitly
incorporates a simple representation of activity duration in the model.
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Itinerary

7:30 AM Travel by transit from home in zone A to work in zone B.
noon Walk for lunch and personal business, returning to work
4:40 PM Return home by transit.

7:00 PM Drive to mall in zone C for shopping, returning home

Daily Activity Schedule

Daily Activity Pattern

Primary activity work
Primary tour type home-work-other-work-home
Number and purpose of secondary tours 1 tour, purpose ‘ other’

Primary Tour

Primary destination zone B
mode transit
timing AM peak

PM peak

Secondary destination zone B
mode walk
timing midday

midday

Secondary Tour

Primary destination zoneC
mode auto
timing evening

evening
Figure3.3

Hypothetical travel diary example

A 24 hour itinerary and the corresponding Daily Activity Schedule

Second, the temporal-spatial constraints which people face in scheduling their activities
are captured in the model by the restriction of choice sets. In this example, the auto mode
was excluded from the choice set for the lunch trip because the traveler chose to leave the
auto at home for the higher priority work trip. Likewise, the secondary activity could not
occur in the early morning or late evening, because the traveler chose to pursue this
activity as a side trip during the daytime work activity. For the secondary tour, the auto
mode was again available to the traveler, but the timing alternatives were limited to the
PM peak and evening time periods.



The example necessarily defined categories for the subchoices of the daily activity
schedule, as must any particular implementation of the model system architecture. The
architecture itself, on the other hand, accommodates a variety of categorizations. The
particular definition of categories chosen for implementation can significantly affect the
complexity of the model system, aswell asits ability to provide usable, policy-sensitive
forecasts. The definitions reflected in the example are about the simplest which would
provide meaningful forecasts of travel demand by time of day. Thisissueis addressed
further as amodel specification issue in Chapter 4.

Summary

The design which has just been presented addresses the objectives laid out at the
beginning of the chapter. The daily activity schedule, which decomposes the daily
activity and travel decision into a set of tours which are related in adaily activity pattern,
achieves the first objective of capturing the interaction among an individual’s decisionin a
24 hour day. The design can be implemented as afully integrated set of conditional
disaggregate discrete choice models, and can be linked with the other choice models and
network performance models in the decision framework via conditionality and
equilibration procedures; in these ways the architecture achieves the second objective of
integration, consistency and statistical validation. The same features also contribute
toward the satisfaction of the third objective, apractical model architecture which can be
implemented in light of the prevailing modeling environment in metropolitan planning
organizations, including the aspects of budget, technology, data and installed capital and
human investment in existing forecasting systems. In terms of the traditional “four step”
model system of trip generation, distribution, mode split and traffic assignment, this
model architecture essentially extends the mode split step backwards to encompass trip
generation and distribution, and provides a traditional interface to the traffic assignment
model. As the following chapters indicate, however, the achievement of the first two
objectives requires incremental advances in many dimensions of the prevailing modeling
environment, including budget, technology, data and human skills.
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4
Model System Estimation

4.1 Introduction

Chapter 4 demonstrates the daily activity schedule model system, which was described
conceptually in Chapter 3, using atravel diary survey and transportation system
performance data from the Boston metropolitan area. Section 4.2 describes the Boston
data set supplied by the Central Transportation Planning Staff (CTPS) of the Boston
Metropolitan Planning Organization. Section 4.3 explains the overall design of the nested
logit demonstration system, including its subdivision into a hierarchy of 5 tiers. Section
4.4 provides a detailed model specification and estimation results for the modelsin each
tier of the system. Section 4.5 concludes the chapter with a summary of the model system
specification and a recap of the daily activity schedule choice set.

4.2 TheBoston Household Diary Survey and Transportation System
Performance Data

The primary data for the demonstration model system consists of a household travel diary
survey collected in 1991 and transportation system performance data for the same time
period, both from the Boston metropolitan area. In the diary survey, a stratified sample of
households reported their basic household socioeconomic data and, for each household
member, a 24 hour weekday diary of activities and corresponding travel. All activities
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requiring travel were reported, along with their purpose, location, timing, the cost and
means of travel to each activity, including all mode changes.

The transportation system performance data supplied by CTPS is based on a 787 zone
partitioning of the Boston metropolitan area. The data includes geographic, population
and employment attributes for each zone. For each pair of zones it includes travel
distances, times and costs by auto and by transit, including either auto or walk access to
transit, depending on the proximity of the zone to transit service. Performance datafor the
auto mode were provided for three time periods, including AM peak, PM peak and off-
peak periods, but only AM peak period data were available for transit. Travel times were
generated partially by hand, and partially by skimming performance data from the traffic

assignment models.

Certain households were removed from the data set for the purposes of the demonstration
system. These included households which made trips outside the 787 zone area, and those
for which the reported data were inconsistent. Individuals with birth year after 1974 were
also excluded from the analysis. Thisleft adata set consisting of 6,477 individuals.
Subsequently, during model estimation, additional observations were removed
representing individuals for whom important data were missing, or who used modes
which were excluded from the analysis.

4.3 The Structure of the Demonstration System

The design of the demonstration system involves a somewhat simpler structure than the
conceptual design of the previous chapter. The structure was simplified by removing
secondary destinations from the tour schedules. The aim was to preserve the essential
features needed to demonstrate the architecture, while at the same time keeping within the
resources available for the research. An operational implementation of the model system
would benefit by explicitly modeling at |east one secondary stop on the primary tour.

The pre-estimation design specified some aspects of the decision hierarchy, grouping the
elemental decisionsinto fivetiers: 1) daily activity pattern, 2) primary tour time of day, 3)
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primary destination and mode, 4) secondary tour time of day, and 5) secondary tour.
Figure 4.1 depicts these five tiers.

Daily Activity
Pattern

Primary Tour
Time of Day

Primary
Destination and
Mode

Secondary Tour
Time of Day

Secondary Tour
Destination and
Mode

Figure4.l
Daily Activity Schedule hierarchy as designed

The significance of the tier structure is that the decisions within each tier were to be
estimated simultaneously as nested logit models using full information maximum
likelihood estimation, with the models of adjacent tiers connected by the use of sequential
nested logit estimation (Ben-Akivaand Lerman, 1985). Using this method, the
conditional model of the lowest tier in the hierarchy is estimated first. Its results are used
to calculate, for each alternative in the next higher tier, the expected maximum utility
among all the lower level alternatives comprising the higher level alternative. This
expected maximum utility is the natural logarithm of the sum (logsum) of the
exponentiated utility values calculated from the application of the lower tier model. Itis
therefore the natural logarithm of the denominator of the logit choice probability. If the
lower tier model isitself a nested logit model, this expected maximum utility is calculated
only from the utility values of the highest level of the lower tier model. The expected
maximum utility of the lower tier alternatives is used as an explanatory variable in the
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estimation of the parameters of the higher tier model. Estimation thus proceeds from the
lowest tier of decisions to the highest tier, with the calculation of the expected maximum
utility occurring after estimation of each of the first four tiers, prior to the estimation of
the next higher tier. In summary, the decision hierarchy has five mgjor tiers, with each
tier being a simultaneously estimated nested logit model, and the five tiers connected via
sequential nested logit estimation using the expected maximum utility variable.

|deally the design would provide for the simultaneous estimation of all the parametersin
the entire nested model system. However, the identification of tiers for the use of
sequential estimation was necessary in this case because of the complexity of the model
system and the capacity limits of the available software for simultaneous nested logit
estimation.

The demonstration system was implemented as designed with one exception. The models
of time of day were included in the conditional hierarchy but were not connected to the
other models via the logsum expected maximum utility variables. The models of time of
day did not include logsum variables, and the calculation of logsum variables for higher
level models bypassed the time of day. The downward flowing arrows in Figure 4.2 show
the time of day models included in the conditionality structure. The upward flowing
arrows show how they are bypassed in the expected maximum utility connection. This

change arose from estimation and testing of the system, which is discussed in Section 4.4.

In addition to this change in the design, the daily activity pattern model and the primary
tour destination and mode choice model were each subdivided into two models. Each of
the two daily activity pattern models represents the choice of adaily activity pattern, but
one applies to employed persons (workers) and the other applies to persons who are not
employed (nonworkers). This essentially resultsin two separate model systems of daily
activity schedule, each applied to a separate case. Likewise, the two models of primary
tour destination and mode choice apply to two separate cases: work tours and tours of
other purposes. These two models therefore apply to separate major branches of the
hierarchy. The purpose of the subdivisions was to overcome model size limits imposed by
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Daily Activity Pattern —

v

Primary Tour
Time of Day

v

Primary Tour
Destination and Mode

v

Secondary Tour(s)
Time of Day

v

Secondary Tour(s)
Destination and Mode

Figure4.2
Daily Activity Schedule hierarchy asimplemented

Lower tier models are conditioned by decisionsin higher tiers. Upward flowing arrows indicate
expected maximum utility from lower tier isused in higher tier model. Time of day models are
included in the conditional hierarchy but bypassed in the expected maximum utility connections.

the estimation software, and they do not constitute a material change in the model system.
The subdivisions of the model system, shown in Figure 4.3, are reflected in the
presentation of estimation resultsin Section 4.4 .

The model system includes only one model of secondary tour choices, even though some
of the alternatives in the daily activity schedule have two or more secondary tours. The
choice of adaily activity pattern determines the number of secondary tours in the daily
activity schedule. The model system conditions the choice of secondary tour time,
destination and mode upon the choice of adaily activity pattern. For daily activity

patterns with 2 or more secondary tours, the choice probabilities for the time, destination
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Worker Non-worker ~ Daily Activity

/ \ \ Pattern

Primary Tour
Time

Primary Tour

Destination and
Mode

Secondary Tour
Time

Secondary Tour

Destination and
Mode

Figure4.3
Seven subdivisions of the model system

and mode of each of the secondary tours are calculated independently of the
corresponding choice probabilities for the other secondary tour(s). The probabilities for
all secondary tours are calculated using the same secondary tour models. An alternative
approach would substantially increase the complexity of the model, by requiring the
representation of one or more tiers of tertiary tour decisions. It would aso increase the
sample size requirement, since only 11% of the daily activity patternsinvolve 2 or more
secondary tours. Finaly, it would require the accurate evaluation of the relative priority
of the various secondary tours in the estimation data set. For these reasons, a model

structure with a single representation of secondary tour choices was selected.

4.4  Specification and Estimation of the Model System

The model system structure described in Section 4.3 provides the structure for the
presentation of the model specification and estimation results. This section takes the tiers
of the model system, starting at the bottom with the secondary tour destination and mode
choice, and presents the specifation and the estimation results. The chapter then ends with
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asummary of the daily activity schedule choice set, an important element of the system
design. The daily activity schedule choice set consists of the cartesian product of the

choice sets for each tier of the model system described separately below.

Secondary Tour Destination and Mode Choice M odel

Specification. The secondary tour destination and mode choice model was estimated as a
multinomial (MNL) choice model with aternative sampling. A choice set of up to 48
alternatives was constructed for each secondary tour in the data set, using stratified
importance sampling (Ben-Akiva and Lerman, 1985, page 266), as follows.

Intrazonal tours were first removed from the data set and not considered in the analysis.
This was done to simplify the modeling effort for the demonstration system. An
operational implementation should include intrazonal tours, especially if non-motorized
modes are included in the model. However, this requires the provision of accurate
transportation system level of service data, which is difficult for very short tours.

For each tour in the data set a sample of 8 destination zones was drawn from the 786
remaining possible zones. Four of the 8 were drawn randomly from the 20 zones nearest
the tour's home zone, and 4 were drawn randomly from the remaining zones. The
destination actually chosen for the tour replaced one of the randomly drawn alternativesin
the choice set.

Each of the 8 sampled destinations was combined with up to 6 available mode
aternatives, bringing the maximum tour choice set sample to 48 adternatives. Alternative
sampling required the addition, during parameter estimation, of a correction factor in each
of the 48 utility functions. A description of the 6 modes and the decision rule used to
determine their availability for each tour is provided below.

In addition to alternative sampling, several important model specification decisions were
required which related directly to the preparation of data for the destination and mode
choice models. These include the definition of tour and activity priorities within adaily
activity pattern, and the definition of mode choice alternatives. Based on the research of
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Weisbrod and Daly (1979), al the activities within a tour were assigned to a category,
with work being the highest priority category, followed in order by work related, school,
and all other purposes. Ties were broken within a category by assigning higher priority to
activities of longer duration. Within an individual’ s daily activity pattern the tours were
assigned relative priorities by giving highest priority to the tour containing the highest
priority activity, and so on until all tours were assigned a priority. The definition of tour
priorities provided the necessary information to separate the data set into two subsets, one
of primary tours and one of secondary tours.

The destination and mode choice model in the demonstration system involves the choice
of amode for the tour instead of the usual choice of mode for atrip. Thisintroduced a
problem because the Boston survey respondents did not report their travel mode on a tour
basis. Instead, they reported every mode used, in sequence, sometimes reporting several
modes for asingle trip, with different sets of modes used for different trips in the same
tour. Thus, the modeling of atour mode choice required adecision rule for trandlating a
huge set of potentially complex sequences of reported modes into arelatively small choice
set of mode alternatives. Six important mode alternatives were selected based on
experience, preliminary data analysis and an awareness of important intermodal policy
issues. These alternatives include auto drive alone, shared ride, transit with auto, transit
with walk, walk, and bicycle. An intuitive decision rule was established for tranglating
reported mode combinations into these six alternatives. The rule involved dividing the
tour into two half tours, one leading to the primary activity location, and the other leading
back home. A mode was assigned to each half tour, giving priority to transit with auto,
transit with walk, drive alone, shared ride, bicycle, walk and all other modes, in that order.
The two half tour modes were then considered, and one was selected as the tour mode,
giving priority to drive alone, bicycle, walk, transit with auto, transit with walk, shared
ride and other modes. The rule assigned one of the 6 modes to over 98% of the sample.
The remaining observations, including tours which were made entirely by schoolbus, taxi
or paratransit, and those which the rule could not interpret, were removed from the
estimation data set. In an operational implementation, these tours could be individually
analyzed to assign atour mode. The decision rule was tested by applying it to several

hypothetical and many actual reported tours, and comparing the result to intuitive



assignments. It also yielded models with reasonable coefficients and arelatively high
degree of fit, as reported below, in contrast to a simpler decision rule which was tried first.
Table 4.1 shows the shares of the 6 mode aternatives in the estimation data set for
primary and secondary tours.

Table4.1
M odes chosen for toursin the estimation data set

Primary Tours Secondary Tours

Drive aone (da) 56% 41%
Shared ride (sr) 15 30
Walk (wa) 13 26
Transit with walk access (tw) 10 2
Transit and auto (ta) 4 <<1
Bicycle (bi) 1 1
Tota 100% 100%

Deterministic decision rules were used to judge which of the 6 mode aternatives were
available to each person in the estimation data set. Drive aone was considered available
if at least 1 vehicle was available in the household and the individual was a licensed
driver. Shared ride was aways considered available. The availability of the transit
alternatives was determined by evaluating transit system connectivity for each zone pair.

Bicycle and walk were always considered available.

Estimation of the destination and mode choice model required the definition of
transportation system performance variables and preparation of transportation system
performance data for al of the mode aternatives by the four time of day categories used
in the time of day choice models. Transportation performance data was supplied by
CTPS, from which the estimation data set was prepared.

All performance data were defined on the basis of a direct round trip from home to the
primary activity location and back home again. The hypothesisis that persons consider
the direct round trip travel in making the decisions about the highest priority activity in a
tour. Additional travel required by side trips to secondary destinations is considered in
making the choices about the secondary activities. Under this hypothesis, the secondary
activity models, which were excluded from the demonstration system, would have used
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incremental round trip distances, costs and times (incremental over the times described
here for the primary activity) in the estimation of transportation system performance

parameters.

Distance was chosen as the best measure of transportation system performance for walk
and bicycle modes, since the data set provided no good level-of-service attributes for
them, such as travel times, bikeway availability or sidewalk connectivity. Distance was
defined as the interzonal roadway distance, and taken directly from the CTPS data. Costs
were defined as out-of -pocket costs per person, including tolls, fares, and parking. In-
vehicle times were defined as time spent traveling in the auto and/or transit vehicle. Out-
of-vehicle times included walk and wait time for transit journeys, and destination walk
time for auto journeys. For transit journeys, walk and wait times for the PM period were
assumed to equal the AM peak times in the reverse direction, off-peak wait times were
assumed to equal twice the peak time wait times, and off-peak in-vehicle times were
assumed to equal peak period times in the non-peak direction. In-vehicle and out-of-
vehicle times for shared ride were derived from drive alone times, using a regression
model supplied by CTPS.

Estimation Results. Table 4.2 shows the estimation results of the secondary tour
destination and mode choice model. (The numbering of variablesin this table has been
coordinated with that of subsequent tables of similar models for primary tours, so some
variable numbers are skipped in the numbering sequence.) Coefficients 1 through 5 are
the aternative specific constants for five of the six mode alternatives, with drive alone
serving as the base case. The transportation system level of service variables of
cost/income, in-vehicle time and out-of-vehicle time all bear the expected signs for the
motorized modes. A comparison of the magnitude of these coefficients reveals a value of
in-vehicle time of $114 per hour for auto use and $77 for transit use, using the estimated
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Table4.2
Secondary tour destination and mode choice model

Asymptatic
Variable Coefficient ~ standard t
number Variable name estimate error statistic
1 shared ride constant 1.164 211 55
2 transit w/auto constant -4.063 732 -5.6
3 transit w/walk constant -1.084 .509 21
4 walk constant -.3371 .330 -1.0
5 bicycle constant -4.672 .964 -4.8
10 cost/income ($/$10,000), motorized modes -.2757 .0654 -4.2
11 in-vehicle time (min), auto -.09761 .00201 -48.6
12 in-vehicle time (min), transit -.06533 .00938 -7.0
13 out-of-vehicle time (min), auto -.1153 .0148 -7.8
14 out-of-vehicle time (min), transit -.02607 .00960 -2.7
15 distance squared (mi?), walk -4163 0311 -13.4
16 distance (mi), bicycle -.8454 191 -4.4
17 autos per driver, shared ride -.4419 .210 -21
18 autos per driver, transit w/auto -2.118 .845 -25
19 autos per driver, transit w/iwalk -2.839 491 -5.8
20 autos per driver, walk -1.517 .295 -5.1
21 autos per driver, bicycle 4832 .894 5
22 household income ($10,000), transit w/walk -.1318 .0688 -1.9
23 household income ($10,000), walk -.05412 .0330 -1.6
24 household income ($10,000), bicycle -.2299 .139 -1.7
25 Dummy: mode matches primary tour mode, drive alone .3295 .108 31
26 Dummy: mode matches primary tour mode, shared ride .5064 137 3.7
27 Dummy: mode matches primary tour mode, bicycle 5.477 732 75
28 Dummy: work tour, destination matches primary tour 1.113 274 4.1
destination
32 natural logarithm of employment (100,000), CBD zones .8218 .100 8.2
33 natural logarithm of employment (100,000), non-CBD .6550 .0294 223
zones

Summary statistics
Number of observations = 2068

L(0) = -11163
L(C) =-10001 T%=.104 (restricted model: variables 1 through 5 only)
L (b) = -4773 72 =570

sample mean household income of $54,000. Two factors might partialy explain the

larger than expected magnitude of these figures. First, the estimates of costs for the auto

mode may be higher than the actual perceived costs. Second, we expect the disutility of

travel time to be greater for secondary tours, whereas the disutility of travel cost might not
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increase correspondingly. The value of out-of-vehicle time relative to in-vehicletimeis
1.2 for auto use and .4 for transit use. We expected these ratios to be equal or greater than
2. One possible explanation for the low values is an upward bias in the in-vehicle-time
coefficient associated with the fact that people are less familiar with destinations further
from home. This problem would have probably been reduced by including destination
specific constants in the model. The data set provided no good level-of-service attributes
for bicycle and walk modes, such astravel times, bikeway availability or sidewalk
connectivity; the best available measure was roadway distance, which yielded coefficients
with the expected signs.

The socioeconomic variable of autos per driver yielded the expected signsin all but one
case, with increasing auto availability decreasing the attractiveness (relative to drive
alone) of transit with walk, transit with auto, walk, and shared ride in that order, while the
coefficient for the bicycle mode was not statistically significantly different from zero.
The socioeconomic variable of income aso yielded the expected signs, with somewhat
lower statistical significance; increasing income decreases the attractiveness (relative to
drive alone, shared ride and transit with auto) of bicycle, transit with walk, and walk.
Since the secondary tour destination and mode choice model is conditioned by the choice
of destination and mode for the primary tour, the actual choices of mode and destination
in the primary tour were used to explain choices in the secondary tour. Coefficients 25
through 27 indicate a tendency for people who choose drive alone, shared ride or bicycle
in their primary tour to choose the same mode again for their secondary tours, with the
effect being dramatically strong for the bicycle mode, as evidenced by the large
coefficient estimate of nearly 5.5. Coefficient 28 indicates asimilar effect in destination
choice for work tours, with persons tending to choose the same destination zone for
secondary work tours as they chose for their primary (work) tour. The last two variables,
logarithm of employment for CBD destinations and non-CBD destinations, respectively,
are required because the zonal destination alternatives represent aggregations of elemental
destination alternatives (Ben-Akiva and Lerman, 1985, pages 253-261). They reflect an
assumption that employment is a reasonable measure of the relative size of the aggregate
aternatives. Their coefficients are in the acceptable range between zero and 1, and are
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statistically significantly different from 1, indicating that the parameter estimates of the
model are dependent on the zonal aggregation scheme.

Primary Tour Destination and Mode Choice M odel

Specification. The primary tour destination and mode choice model was estimated as an
MNL model with aternative sampling, in the same way as the secondary tour destination
and mode choice model described above, with two differences. First, the model was
estimated separately for work tours and non-work tours, because of the expected
difference in choice behavior in the two cases. Second, and more importantly, the model
includes the expected maximum utility variable computed from the secondary tour model,
the link which turns the primary and secondary tour destination and mode choice models
together into a sequentially estimated nested logit model system.

The calculation of the expected maximum utility variable for this model required a special
application of the theory of the nested logit model to capture the expected maximum
utility from a multiple number of secondary tours. Under the assumption that the utility
among multiple secondary toursin adaily activity pattern is additive, the expected
maximum utility of all secondary toursis equal to the sum of the expected maximum
utility of each of the tours. Thisis simply an application of the additivity of mathematical
expectation. Since the expected maximum utility of asingletour is equal to the logarithm
of the sum of the exponentiated systematic utilities of all available tour alternatives
(logsum), the expected maximum utility among multiple toursis simply the sum of the
logsums across all secondary toursin the pattern. This can be shown notationally as

follows:
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where
E( denotes mathematical expectation

maxU , is the maximum utility derived from secondary tours
in daily activity pattern n
max U, is the maximum utility derived from secondary tour |
in daily activity pattern n
L, isthe number of secondary toursin daily activity pattern n
In isthe natural logarithm operator
exp is the exponentiation operator
Vi, is the systematic portion of the utility of alternativei
for secondary tour | in daily activity pattern n
C. isthe choice set for secondary tour | in daily activity pattern n

The calculation of the logsum variable thus involves using the secondary destination and
mode choice model parameters to calculate the denominator of the logit model for each
secondary tour in the daily activity pattern, taking the logarithm of each denominator
separately, and summing the results. However, thisis computationally intensive since it
involves summing the utility of as many as 4716 (786 destinations times 6 modes)
aternatives for each secondary tour in each daily activity pattern. Therefore, we
calculated a consistent estimate of the variable using the same sample of 8 destinations
used to estimate the secondary destination and mode choice parameters. Although this
was hecessary in light of the computational power and time available to the research, it
should not be done in the implementation of an operational system. The reason is that
using a sample based estimate compromises the results by unnecessarily introducing
measurement error in an explanatory variable of the primary destination and mode choice
model.

Estimation Results. Table 4.3 and Table 4.4 show the estimation results of the primary
tour destination and mode choice model for work and non-work tours, respectively. The
transportation system level of service variables of cost, cost/income, in-vehicle time and
out-of-vehicle time all bear the expected signs for the motorized modes. A comparison of

60



Table 4.3

Primary tour destination and mode choice model: work tours
Asymptatic
Variable Coefficient ~ standard t
number Variable name estimate error statistic
1 shared ride constant -.1129 .324 -3
2 transit w/auto constant -1.064 428 -25
3 transit w/walk constant 1.086 .365 3.0
4 walk constant 7419 .352 21
5 bicycle constant -1.463 .538 -2.7
6 cost ($), motorized modes -.05051 .0241 2.1
7 cost ($) for persons with employer drive-alone incentives, .1919 .0286 6.7
drive alone
8 cost ($) for persons with employer transit incentives, 4822 .0820 5.9
transit w/auto
9 cost ($) for persons with employer transit incentives, .3821 .0797 4.8
transit w/iwalk
10 cost/inc ($/$10,000), motorized modes -.2316 .0638 -3.6
11 in-vehicle time (min), auto -.04160 .00162 -25.7
12 in-vehicle time (min), transit -.01922 .00278 -6.9
13 out-of-vehicle time (min), auto -.06555 .0152 -4.3
14 out-of-vehicle time (min), transit -.02831 .00459 -6.2
15 distance squared (mi?), walk -.1895 .0220 -8.6
16 distance (mi), bicycle -.4430 .0855 -5.2
17 autos per driver, shared ride -1.943 352 -55
18 autos per driver, transit w/auto -1.291 406 -3.2
19 autos per driver, transit w/walk -3.731 323 -11.5
20 autos per driver, walk -3.162 378 -84
21 autos per driver, bicycle -3.019 .625 -4.8
29 dummy: age under 20, bicycle 2.461 1.10 22
30 dummy: simple tour, transit w/walk .3557 165 22
32 size variable: employment (100,000), CBD zones .8061 .0737 109
33 size variable: employment (100,000), non-CBD zones .9990 .0328 30.5
34 logsum: expected maximum utility from secondary tours .5556 229 24
Summary statistics
Number of observations = 1901
L(0) = -7740
L(C) =-6355 T2=.178 (restricted model: variables 1 through 5 only)

L (b) =-3733 72 =514

the magnitude of these coefficients for work tours reveals a value of in-vehicle time of

$33 per hour for auto use and $16 per hour for transit use, again assuming the mean

household
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Table4.4
Primary tour destination and mode choice model: nonwork tours

Asymptatic
Variable Coefficient ~ standard t
number Variable name estimate error statistic
1 shared ride constant .8928 241 3.7
2 transit w/auto constant -1.862 .516 -3.6
3 transit w/walk constant .8493 .363 23
4 walk constant 1.261 .324 3.9
5 bicycle constant -1.661 537 -3.1
7 cost ($) for persons with employer drive-alone incentives, .2637 .0384 6.9
drive alone

10 cost/inc ($/$10,000), motorized modes -.4397 .0561 -7.8
11 in-vehicle time (min), auto -.05963 .00150 -39.6
12 in-vehicle time (min), transit -.02774 .00341 -8.1
13 out-of-vehicle time (min), auto -.08635 .0142 -6.1
14 out-of-vehicle time (min), transit -.02786 .00498 -5.6
15 distance squared (mi?), walk -4161 .0341 -12.2
16 distance (mi), bicycle -.5369 .106 -5.1
17 autos per driver, shared ride -1.030 .245 -4.2
18 autos per driver, transit w/auto -.9127 .509 -1.8
19 autos per driver, transit w/walk -4.013 .345 -11.6
20 autos per driver, walk -2.709 334 -8.1
21 autos per driver, bicycle -3.566 .645 -55
29 dummy: age under 20, bicycle 1.220 .780 16
31 dummy: simple tour, transit w/auto -1.060 .360 -2.9
32 size variable: employment (100,000), CBD zones .9052 .0837 10.8
33 size variable: employment (100,000), non-CBD zones .8700 .0306 284
34 logsum: expected maximum utility from secondary tours .5146 .260 20

Summary statistics

Number of observations = 1929

L(0) =-9126

L(C) =-8196 T%=.101 (restricted model: variables 1 through 5 only)
L (b) = -4641 T2 =.489

income of $54,000, and a value of out-of-vehicle time relative to in-vehicle time of 1.6 for
auto use and 1.5 for transit use. For non-work tours the values of in-vehicle time are $44
per hour for auto use and $20 per hour for transit use, and a value of out-of-vehicle time
relative to in-vehicle time of 1.4 for auto use and 1.0 for transit use. Coefficient 7 in both
work and non-work models indicates that the presence of any or al of the employer
incentives of mileage alowance, subsidized parking or company car tends to offset the
disutility of the cost of driving alone. Coefficients 8 and 9 yield similar, but even stronger
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effects on the disutility of transit costsin the presence of employer subsidized transit
passes, but this effect occurs only for work tours. Although coefficients 7 through 9 are
important coefficients, it would have been better to associate them with the same cost
variable (cost per income) as the primary cost coefficient (10). As specified, the net effect
of cost of the drive alone mode could be positive for high income individuals. For walk
and bicycle modes, roadway distance yielded coefficients with the expected signs in both
models. The socioeconomic variable of autos per driver yielded the expected signsin all
cases, with strong negative effects on the attractiveness of non-auto aternatives.
Coefficient 29 reveals the significant positive influence of youth on the attractiveness of
bicycling to work, with asimilar but less sizable positive influence for non-work tours.
(A similar, but statistically insignificant, effect was encountered for ages in the 20's and
30’'s, and was left out of the model). Coefficient 30 reveals that, in work tours, the
attractiveness of transit with walk is increased when the work tour is simple, involving
only the trips to and from work. Coefficient 31 reveals a negative effect of simple tours
on the attractiveness of transit with auto for non-work tours. Finaly, the secondary tours
expected maximum utility coefficient, which isin the acceptable range for nested logit
models, reveals a strong influence of secondary tour utility on the choice of alternatives at
thislevel of the model system. Daily activity patterns with more secondary tour travel,
due either to more or longer tours, generally have smaller values (less positive or more
negative) of the logsum variable. Thus, the positive sign of this coefficient means that
primary tour alternatives which are linked in a daily activity pattern with a substantial
amount of secondary tour travel will have lower utility than those with little or no

secondary tour travel, all other things being equal.

Table 4.5 provides a side by side comparison of the coefficient estimates from the
secondary tour model and both primary tour models, revealing the following significant
differences. The presence of a cost coefficient (6) in the primary work tour model,
accompanied by smaller absolute value of the cost/income coefficient (10), indicates that
low income does not increase cost sensitivity as much for primary work tours as it does

for non-work and secondary tours. The effect of employer incentives for mode choice
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Table4.5
Coefficient comparisons of destination and mode choice models

Coefficient estimate

primary primary

Variable Secondary  work nonwor k
number Variable name tours tours tours
1 shared ride constant 1.164 -.1129 .8928
2 transit w/auto constant -4.063 -1.064 -1.862
3 transit w/walk constant -1.084 1.086 .8493
4 walk constant -.3371 7419 1.261
5 bicycle constant -4.672 -1.463 -1.661
6 cost ($), motorized modes -.05051
7 cost ($) for persons with employer drive-alone incentives, .1919 .2637

drive alone
8 cost ($) for persons with employer transit incentives, 4822

transit w/auto
9 cost ($) for persons with employer transit incentives, .3821

transit w/iwalk
10 cost/inc ($/$10,000), motorized modes -.2757 -.2316 -.4397
11 in-vehicle time (min), auto -.09761 -.04160 -.05963
12 in-vehicle time (min), transit -.06533 -.01922 -.02774
13 out-of-vehicle time (min), auto -.1153 -.06555 -.08635
14 out-of-vehicle time (min), transit -.02607 -.02831 -.02786
15 distance squared (mi?), walk -4163 -.1895 -4161
16 distance (mi), bicycle -.8454 -.4430 -.5369
17 autos per driver, shared ride -.4419 -1.943 -1.030
18 autos per driver, transit w/auto -2.118 -1.291 -.9127
19 autos per driver, transit w/iwalk -2.839 -3.731 -4.013
20 autos per driver, walk -1.517 -3.162 -2.709
21 autos per driver, bicycle 4832 -3.019 -3.566
22 household income ($10,000), transit w/walk -.1318
23 household income ($10,000), walk -.05412
24 household income ($10,000), bicycle -.2299
25 dummy: mode matches primary tour mode, drive aone .3295
26 dummy: mode matches primary tour mode, shared ride .5064
27 dummy: mode matches primary tour mode, bicycle 5.477
28 dummy: work tour, destination matches primary tour 1.113

destination
29 dummy: age under 20, bicycle 2.461 1.220
30 dummy: simple tour, transit w/walk .3557
31 dummy: simple tour, transit w/auto -1.060
32 size variable: employment (100,000), CBD zones .8218 .8061 .9052
33 size variable: employment (100,000), non-CBD zones .6550 .9990 .8700
34 logsum: expected maximum utility from secondary tours .5556 .5146

(coefficients 7-9) is limited primarily to mode choice for the primary work tour. The
value of timeis generally higher for secondary tours than for primary tours. Auto
availability (coefficients 17-21) affects mode choice differently for secondary tours than
for primary tours, with a stronger negative impact on transit with auto in secondary tours
(18), and a stronger negative impact on transit with walk, walk and especially bicyclein
primary tours (19-21). Income (22-24) has a more noticeable impact on mode choice for



secondary tours than for primary tours, with higher income reducing the use of non-

motorized modes.

Tour Time of Day Choice M odels

Specification. Two similar MNL models of the choice of tour time of day were
estimated, one each for secondary and primary tours. Each of the 16 alternatives was
comprised of 1 of 4 time periods for departure from home to the primary destination and 1
of 4 time periods for departure from the primary destination returning home. These 4 time
periods include AM peak, midday, PM peak, and Other. All time periods were considered
available to all persons for primary tours. For secondary tours, times which overlapped
with the chosen primary tour time were removed from the choice set.

The models were estimated with the expected maximum utility variable from the
corresponding destination and mode choice model. However, these parameter estimates
did not fit in the theoretically acceptable range of 0 to 1 and also had very high standard
errors, so we re-estimated the models without them. A likely reason for the difficulties
encountered include the inadequacy of the transportation system performance data by time
of day, and the coarse granularity of the time of day choice categories. In the face of
project time constraints, further work on the time of day models was dropped for both the
secondary tours and the primary tour. The nested logit model system therefore excludes
the time of day models from the logsum linkages, athough the destination and mode
choice models are still conditioned by their respective time of day choices. The model
system can be implemented as an operational model system with separately estimated
time of day models, and the full incorporation of the choice of time of day into the nested
model structure remains an open research topic.

Estimation Results. Table 4.6 and Table 4.7 show the estimation results of the time of
time of day choice models for secondary tours and primary tours, respectively. Inthe
secondary tour model, coefficients 1 through 8 are alternative specific constants, with a
base case of travel to and from the primary destination occurring after the PM peak.
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Table4.6
Secondary tour time of day model

Asymptatic

Variable Coefficient ~ standard t

number Variable name estimate error statistic

1 before AM peak to AM peak constant (base case is after -1.702 .604 -2.8
PM peak to after PM peak)

2 AM peak to AM peak constant -.2498 .568 -4

3 AM peak to midday constant -.4120 .566 -7

4 midday to midday constant -1.384 143 -9.7

5 midday to PM peak constant -.5157 .566 -9

6 PM peak to PM peak constant .9019 .560 16

7 PM peak to after PM peak constant 1.823 .553 3.3

8 constant for other aternatives other than after PM peak to -4.572 .335 -13.7
after PM peak

9 Dummy: aternatives with travel during at least 1 peak -2.355 .545 -4.3
period

10 Dummy: primary activity of daily activity pattern (DAP) .6265 115 55
iswork, aternatives with travel during at least 1 peak
period

11 Dummy: primary activity of DAP iswork, aternative is 4454 154 29
after PM peak to after PM peak

12 Dummy: primary tour typeis HPH, alternativesin which .5990 151 4.0
activity ends during AM peak

13 Dummy: primary tour typeis HPH, aternative is PM peak .3701 120 31
to PM peak

14 Dummy: primary tour typeis HPH, alternatives other than .8453 .0987 8.6
those ending in AM pesak, or starting and ending during or
after PM peak

15 Dummy: primary activity of DAP is other than work or 2.140 129 16.6
school, alternative is before PM peak to before or during
PM peak,

16 Dummy: primary activity of DAP is other than work or 1.286 152 8.4
school, alternative is PM peak to PM peak

17 Dummy: DAP has 2 or more secondary tours, aternatives .7851 .0880 8.9
in which activity ends before or during PM peak

18 Dummy: DAP has 2 or more secondary tours, aternatives -2.033 1.03 -2.0

with along tour (ie, fully spanning atime period)

Summary statistics
Number of observations = 2873

L(0) = -7966
L(C) =-5404 T2=.321 (restricted model: variables 1 through 8 only)
L (b) = -4943 T2 =377

Coefficients 9 and 10 indicate a preference of avoiding travel during the peak periods,
which is partialy offset if the primary activity of the day iswork. Coefficient 11 indicates
atendency for persons whose primary activity of the day iswork to make their secondary
toursin the evening after the peak period. Coefficients 12 through 17 indicate the
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Table4.7
Primary tour time of day model

Asymptatic
Variable Coefficient ~ standard t
number Variable name estimate error statistic
1 before AM peak to AM peak constant (base case is midday -5.889 .710 -8.3
to midday)
2 before AM peak to midday -3.196 153 -20.9
3 before AM peak to PM peak -5.549 734 -7.6
4 AM peak to AM peak constant -6.024 .740 -8.1
5 AM peak to midday constant -3.347 .730 -4.6
6 AM peak to PM pesk -5.448 740 74
7 AM peak to after PM peak -5.428 733 -74
8 midday to PM peak constant -4.433 731 -6.1
9 midday to after PM peak constant -3.201 165 -19.4
10 PM peak to PM peak constant -5.298 743 -7.1
11 PM peak to after PM peak constant -3.953 733 -54
12 after PM peak to after PM peak constant -1.061 128 -8.3
13 Dummy: aternatives with travel during at least 1 peak 2.920 727 4.0
period
14 Dummy: work purpose, aternatives with travel during at 2.426 133 18.3
least 1 peak period
15 Dummy: work purpose, dternativeis AM peak to PM 2.580 129 20.0
peak
16 Dummy: work purpose, dternative is before AM peak to 4.324 190 22.8
before PM peak, or after AM peak to after PM peak
purpose
17 Dummy: work purpose, dternative is after PM peak to .5969 .301 20
after PM peak
18 Dummy: complex primary tour, aternative is before AM -.5542 125 -4.4
peak to midday or midday to after PM peak
19 Dummy: complex primary tour, aternative isin the -1.212 129 -9.4
evening (ie, from during or after PM peak to before or
during AM peak)
20 Dummy: dternative is AM peak to midday or PM peak .3071 .0790 39
21 Dummy: no secondary tours, aternative involves travel -1.116 144 -7.8
during or after PM peak
22 Dummy: no secondary tours, aternative is daytime with -.2268 .0854 -2.7
peak period travel
23 Dummy: no secondary tours, alternatives which fully span .5985 .0882 6.8
midday

Summary statistics
Number of observations = 4546

L(0) =-12604
L(C) =-9214 T%=.268 (restricted model: variables 1 through 12 only)
L (b) = -7921 72 =370

preference of several types of people to conduct secondary tour(s) before the evening.
Coefficients 12 through 14 indicate this preference among people whose primary tour

involves a single activity, coefficients 15 and 16 are for people whose primary activity of
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the day is other than school or work, and 17 is for people who conduct 2 or more
secondary tours. Coefficient 18 indicates a tendency for secondary tours of short duration

if there are 2 or more in the daily activity pattern.

In the primary tour time of day model, shown in Table 4.7, coefficients 1 through 12 are
the alternative specific constants, with a base case of travel to and from the primary
destination during the midday time period. Coefficients 13 through 15 indicate a general
tendency to travel during peak periods, with work purpose greatly increasing this
tendency. Coefficient 16 captures a strong tendency to shift the work tour schedule so
travel occurs before or after the AM and PM peak periods, and coefficient 17 captures a
dlight tendency for the work tour to occur during the night. Coefficients 18 through 20
reveal preferences when the primary tour involves more than one activity stop: thereisa
tendency to avoid tours which span a peak period or occur in the evening, and a slight
tendency to start the tour during the AM peak. Coefficients 21 through 23 indicate timing
preferences when there are no secondary tours in the pattern, with a tendency to avoid
evening tours and those which require peak period travel, and to choose a schedule which
fully spans the midday period.

Daily Activity Pattern Choice Model

Specification. The model of the choice of daily activity pattern is a nested logit model,
estimated simultaneously by full information maximum likelihood estimation. Asin the
case of the primary tour destination and mode choice, it includes the expected maximum
utility variable from the lower level aternatives, completing the links which make the
entire daily activity schedule a sequentially estimated nested logit model system. The
daily activity pattern model represents the choice between traveling and remaining at
home, with the choice of a particular pattern of travel conditioned by the decision to
travel, as depicted in Figure 4.4.

Each daily activity pattern involving travel is comprised of a primary activity, a primary
tour type and the number and purpose of secondary tours. As mentioned aready, this
rather simple categorization of the components of the daily activity pattern was chosen for
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implementation in the demonstration system, and could be expanded for an operational
implementation. Each of the components is described below.

Home Travel

54 patterns involving travel
30 work
12 school
12 other

Figured.4
Nested logit model of the daily activity pattern

The upper level isabinary choice between staying at home all day and a pattern involving travel.
The lowel level, conditioned by the upper level decision, is a choice among 54 aternatives involving
travel.

The modeled primary activities include home, work, school and other. Table 4.8 shows
the relative frequency in the Boston data set of the daily activity pattern primary activity
purpose. The ‘other’ category combines many of the less frequently chosen alternatives,

and could be expanded. The collection in the diary survey of information about activities

Table4.8
Daily Activity Pattern primary activitiesreported in the estimation data set
Per centage
‘other’ modeled

Primary activity of Daily Activity Pattern  subcategories  categories
At home 16.5%
Work 41.2
School 5.7
Other 36.6

banking and personal business 11.1%

pick up or drop off passenger 9.4

shopping 6.5

eat out 30

recreation 26

work related 21

social 18

other 2
Total 36.6% 100%

conducted at home would enable a more detailed categorization of the at-home alternative,
and could lead to arestructuring of the model’ s hierarchy, such as making home an

adternative in the destination choice model.
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The definition of tour type includes the number, purpose and sequence of activity stops on
the tour. Using the purpose classification described above, we counted the number of
occurrences of every possible tour type in the estimation data set, and partitioned the set
into categories of similar patterns. Choosing a categorization scheme requires a
compromise. On the one hand, many detailed categories are desirable to enable the
explicit modeling of travel to particular destinations by time of day for as many activities
in the tour as possible. On the other hand, a small number of categoriesis desirable to
preserve computational feasibility. The demonstration model system partitions the
observed work tour typesinto 5 categories. The three predominant categories are (1) the
simple tour from home to work and back again (hwh), (2) the tour with at least 1
additional stop for another activity (hwh+), and (3) the tour which involves awork based
subtour for another activity aswell as any number (including zero) of additional stops for
other activities (hw+wh). Two additional work tour categories involve a mid-tour return
home, one with no additional activity stops (hwhwh) and another involving any number of
additiona stops (hwhwh+). School and other tours received a simpler categorization
involving only the analogs of the first two work tour types. This scheme worked for the
demonstration, but information about the sequence and purpose of secondary activities
would be desirable for an operational system. Table 4.9 shows the tour types and their
relative frequencies in the Boston data set.

Table 4.9
Primary Tour Typesin the estimation data set
Primary Activity Tour Type Per centage
Work hwh 19.6%
hwh+ 24.9
hw+wh 17.3
hwhwh 11
hwhwh+ 14
School hsh 3.2
hsh+ 3.0
Other hoh 12.3
hoh+ 12.8
Total 100%

The classification of the daily activity pattern decision by number and purpose of
secondary tours distinguishes 2 purposes and 3 frequencies. The first purpose category
includes purposes which usually involve tight schedule constraints, including work, work
related, school, and banking/personal business (constrained), and the second category
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includes al other purposes (unconstrained). The 3 frequenciesare 0, 1 and 2 or more
secondary tours. The feasible combinations of purpose and number yield a set of six
aternatives, including (1) O secondary tours, (2) 1 secondary tour with schedule
constrained purpose, (3) 1 secondary tour with schedule unconstrained purpose, (4) 2 or
more secondary tours with schedule constrained purposes, (5) 2 or more secondary tours
with schedule constrained and unconstrained purposes, and (6) 2 or more secondary tours
with schedule unconstrained purposes. Table 4.10 shows the relative frequencies of these
categories in the Boston data set.

Table4.10
No. and purpose of secondary toursamong daily activity patternsin the
estimation data set

Number Purpose Per centage

0 61.7%

1 schedule constrained 9.2
schedule unconstrained 18.8

2 or more schedule constrained 2.3
constrained and unconstrained 55
schedule unconstrained 2.4

Total 100%

“of the daily activity patterns with 2 or more secondary tours, 85% have
exactly 2 secondary tours and 15% have more than 2 secondary tours

The categorization of the daily activity pattern by purpose, primary tour type and number
and purpose of secondary tours, as described above, yields a choice set of 55 alternatives,
including the home alternative, 30 work tour alternatives, 12 school tour alternatives and
12 other tour alternatives. Table 4.11 shows all 55 daily activity patterns and their relative
frequencies in the Boston data set.

Estimation Results. Because of expected differences in choice behavior between
employed persons (workers) and those who are not employed (non-workers), we divided
the data set and estimated two daily activity pattern models, one for workers and another
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Table4.11
Thedaily activity pattern alternatives and their relative frequency in the estimation data set

Primary Activity Primary Tour Type  Number and Purpose of Secondary Tours Per centage
at home 16.26%
work hwh 0 10.51
1 constrained 2.86
1 unconstrained 4.33
2+ constrained 0.37
2+ constrained and unconstrained 0.99
2+ unconstrained 0.52
hwh+ 0 13.19
1 constrained 1.71
1 unconstrained 412
2+ constrained 0.41
2+ constrained and unconstrained 1.01
2+ unconstrained 0.39
hw+wh 0 9.07
1 constrained 0.97
1 unconstrained 3.79
2+ constrained 0.16
2+ constrained and unconstrained 0.31
2+ unconstrained 0.19
hwhwh 0 0.47
1 constrained 0.08
1 unconstrained 0.27
2+ constrained 0.00
2+ constrained and unconstrained 0.06
2+ unconstrained 0.06
hwhwh+ 0 0.70
1 constrained 0.10
1 unconstrained 0.29
2+ constrained 0.04
2+ constrained and unconstrained 0.00
2+ unconstrained 0.02
school hsh 0 1.20
1 constrained 0.19
1 unconstrained 0.78
2+ constrained 0.10
2+ constrained and unconstrained 0.25
2+ unconstrained 0.21
hsh+ 0 1.55
1 constrained 0.35
1 unconstrained 0.76
2+ constrained 0.10
2+ constrained and unconstrained 0.14
2+ unconstrained 0.14
other hoh 0 3.67
1 constrained 1.48
1 unconstrained 2.31
2+ constrained 0.80
2+ constrained and unconstrained 1.48
2+ unconstrained 0.52
hoh+ 0 511
1 constrained 1.48
1 unconstrained 2.10
2+ constrained 0.33
2+ constrained and unconstrained 1.30
2+ unconstrained 0.39
Total 100%
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for non-workers. The non-worker model includes only the 25 non-work daily activity
pattern aternatives.

Table 4.12 and Table 4.13 show the estimation results of the daily activity pattern choice
models for workers and non-workers, respectively. In the worker model the first 33
coefficients are alternative specific constants, with some of the 54 alternatives combined
because early versions of the model revealed insignificant differences between the
estimated coefficients. Coefficients 34 through 44 are for various socioeconomic
characteristics associated with particular subsets of the population and particular subsets
of the daily activity pattern alternatives. Coefficients 34 through 36 are associated with
the simplest non-home daily activity pattern, involving only a single commute to the
primary activity location, revealing atendency of 1 adult households and students to have
complex patterns, while men with more children tend to have simple patterns.
Coefficients 37 and 38 deal with patterns involving secondary tours, with school aged
children causing more secondary tours, and females with young children making less
secondary tours. Coefficients 39 and 40 show the tendency toward more trip making
among higher income, part-time employees. Coefficients 41 through 44 show
socioeconomic variations in the choice of primary activity, with full-time workers tending
to choose work, parents with young children choosing not to work, homemakers choosing
travel for other purposes and individuals with school-aged children choosing not to stay

home.

Coefficients 45 through 47 are the logsum coefficients which capture the effect of
expected utility from the tour models on the choice of daily activity pattern. The values,
between 0 and 1, fall within the theoretically acceptable range for the nested logit
structure, and the small size indicates arather small influence of travel utility on the
choice of daily activity pattern. Nevertheless, the effect of these variables is one of the
key features of the daily activity schedule model system. Suppose, for example, that this
model were being used to predict the effect of an increase in fuel prices. A fuel price
increase would manifest itself in the secondary and primary tour models as negative
utility. Negative utility in these lower level models would reduce the size of variables 45

73



Table4.12

Daily activity pattern model: workers

Asymptatic
Variable Coefficient ~ standard t
number Variable name estimate error statistic
Alternative specific constants for HWH patterns (HWH with 0 secondary toursis base case)
1 1 secondary tour with constrained purpose -1.362 107 -12.8
2 1 secondary tour with unconstrained purpose -.9497 .0952 -10.0
3 2+ secondary tours with the same (c or u) purpose -2.945 172 -17.1
4 2+ secondary tours with mixed purpose categories -2.405 176 -13.6
Alternative specific constantsfor HWH + patterns
5 0 secondary tours 2224 .0760 29
6 1 secondary tour with constrained purpose -1.626 132 -12.3
7 1 secondary tour with unconstrained purpose -.8107 107 -7.6
8 2+ secondary tours with the same (c or u) purpose -2.874 192 -15.0
9 2+ secondary tours with mixed purpose categories -2.091 182 -115
Alternative specific constantsfor HW+WH patterns
10 0 secondary tours -.08887 .0792 -1.1
11 1 secondary tour with constrained purpose -2.167 162 -13.4
12 1 secondary tour with unconstrained purpose -.8356 .108 -7.7
13 2+ secondary tours with the same (c or u) purpose -3.662 .261 -14.0
14 2+ secondary tours with mixed purpose categories -3.264 .283 -115
Alter native specific constants for HWHWH and HWHWH + patterns
15 HWHWH -3.965 .168 -23.6
16 HWHWH+ -3.349 157 -21.3
Alternative specific constantsfor HSH patterns
17 0 secondary tours 4971 .267 19
18 1 secondary tour with constrained purpose -2.233 .588 -3.8
19 1 secondary tour with unconstrained purpose -.3875 .255 -15
20 2+ secondary tours -1.932 .309 -6.2
Alternative specific constants for HSH+ patterns
21 0 secondary tours 1021 .206 5
22 1 secondary tour with constrained purpose -1.191 .355 -34
23 1 secondary tour with unconstrained purpose -.6154 .279 -2.2
24 2+ secondary tours -2.207 351 -6.3
Alternative specific constantsfor HOH patterns
25 0 secondary tours -1.042 161 -6.5
26 1 secondary tour with constrained purpose -1.853 211 -8.8
27 1 secondary tour with unconstrained purpose -1.853 211 -8.8
28 2+ secondary tours -2.532 197 -12.8
Alter native specific constantsfor HOH+ patterns
29 0 secondary tours - 7726 .148 -5.2
30 1 secondary tour with constrained purpose -1.896 221 -8.6
31 1 secondary tour with unconstrained purpose -1.378 .185 -74
32 2+ secondary tours -2.529 .209 -12.1
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Table 4.12 (continued from previous page)
Daily activity pattern model: workers

Asymptatic
Variable Coefficient ~ standard t
number Variable name estimate error statistic
Other variables
33 home pattern constant -1.736 .302 -5.7
34 dummy: 1-adult households, simple patterns (HWH, HSH -.7299 165 -4.4
or HOH with no secondary tours)
35 dummy: students with simple patterns -.5822 .189 -3.1
36 ratio of children to adults, males with simple patterns 1981 .0867 2.3
37 Number of children age 5-15 in household, patterns with .2567 .0394 6.5
1+ secondary tours
38 dummy: females with children under 5 and no secondary .2642 77 15
tours
39 income ($10,000), part-time workers with 2+ secondary 1238 .0205 6.0
unconstrained tours
40 income ($10,000), part-time workers with extra stops on .07644 .0150 51
primary tour
41 dummy: full-time workers with work patterns 1.673 112 14.9
42 dummy: children under 5 in household, work patterns -.3674 135 -2.7
43 dummy: homemaker with ‘other’ primary tour purpose 4766 .205 2.3
a4 dummy: children age 5-15 in household, home patterns -.6696 135 -5.0
45 logsum: expected maximum utility from primary tour .04868 .0175 2.8
destination and mode alternatives, patterns with smple
primary tours
46 logsum: expected maximum utility from primary tour .09213 .0176 5.2
destination and mode alternatives, patterns with complex
primary tours
47 logsum: expected maximum utility from daily activity .09965 103 1.0
patternsinvolving travel
Summary statistics
Number of observations = 3758
L(0) =-14263
L(C) =-10837 T2=.238 (restricted model: multinomial logit with variables 1 through 33 only)

L(b)=-10585 T2 =.255

47, with the complex daily activity patterns being affected more than the smple activity

patterns, and the stay at home alternative being totally unaffected. Thus, this model

system would predict asimplification in travel patternsin response to an increase in fuel

prices. This simplification might take various forms, depending on the values of the

estimated parameters and the magnitude of the change in fuel prices. For example, it

might predict a shift toward ssimpler primary tours and a reduction in the number of
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Table4.13
Daily activity pattern model: non-workers

Asymptatic
Variable Cosfficient standard t
number Variable name estimate error statistic

Alternative specific constants for HOH patterns (HOH with 0 secondary toursis base case)

1 1 secondary tour with constrained purpose -1.087 179 -6.1
2 1 secondary tour with unconstrained purpose -.5373 158 -34
3 2+ secondary tours -1.589 .238 -6.7
Alter native specific constantsfor HOH+ patterns
4 0 secondary tours .09310 72 5
5 1 secondary tour with constrained purpose -1.169 .242 -4.8
6 1 secondary tour with unconstrained purpose -.9782 .236 -4.1
7 2+ secondary tours -2.146 315 -6.8
Alternative specific constantsfor HSH patterns
8 0 secondary tours 1.689 227 7.4
9 1 secondary tour with constrained purpose -.08377 406 -2
10 1 secondary tour with unconstrained purpose 1.271 .268 4.7
11 2+ secondary tours -.4455 .350 -1.3
Alternative specific constants for HSH+ patterns
12 0 secondary tours 1.832 .256 7.2
13 1 secondary tour with constrained purpose .1809 .392 5
14 1 secondary tour with unconstrained purpose 1.115 313 3.6
15 2+ secondary tours -.7189 412 -1.7
Other variables
16 home pattern constant -.5606 157 -3.6
17 Number of children age 5-15 in household, patterns with .2885 .0755 3.8
1+ secondary tours
18 dummy: children under 5 in household, patterns with 1+ .3087 173 18
secondary tours
19 ratio of children to adults, males with simple patterns .6308 .248 25
20 income ($10,000), patterns with 2+ secondary 1154 .0200 5.8
unconstrained tours
21 income ($10,000), patterns with extra stops on primary .03409 0211 16
tour
22 children 5-15 in household, home patterns -.5896 148 -4.0
23 logsum: expected maximum utility from primary tour .03764 .0390 1.0
destination and mode alternatives, patterns with smple
primary tours
24 logsum: expected maximum utility from primary tour .05467 .0415 13
destination and mode alternatives, patterns with complex
primary tours
25 logsum: expected maximum utility from daily activity 1249 .0794 16

patternsinvolving travel

Summary statistics
Number of observations = 1474

L(0) = -4006
L(C) =-3354 T%=.159 (restricted model: multinomial logit with variables 1 through 16 only)
L (b) =-3274 72 =176
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secondary tours. It might, however, predict a reduction in the number of secondary tours
with a partially offsetting increase in the complexity of primary tours. A closer ook at
this effect in the model system explains the relative size of coefficients 45 and 46. The
larger value of coefficient 46 indicates that , given a particular logsum variable value,
patterns with complex primary tours are affected more than those with ssimple primary
tours. Thisis because the formulation of the tour models used in the demonstration
system does not explicitly capture the differencesin utility between simple and complex
primary tours because secondary stops are not modeled explicitly. The greater effect of a
fuel price increase, for example, on patterns with complex primary tours is captured by the
larger size of coefficient 46, rather than by a larger value of the logsum variable. This
stands in contrast to the effect of afuel price increase on the number of tours, where the
calculation of the logsum variable captures a greater effect among patterns with more

tours.

The non-worker model, shown in Table 4.13, provides results which are similar to the
worker model, but with a smaller number of aternative specific constants, a somewhat
different set of socioeconomic variables, and some differences in the magnitude of
coefficients. The logsum coefficients are somewhat smaller in magnitude than those of
the worker model, which means the predicted response to changes in factors affecting
travel utility would be smaller for non-workers than for workers. The estimates also have
a higher standard error, which can be partially explained by the substantially smaller
estimation sample size.

Summary of the Daily Activity Schedule Model System

The model of the choice of adaily activity pattern completes the daily activity schedule
model system. The system represents an individual’ s choice of one daily activity schedule
from avery large set of aternatives. Dimensions of the decision include the primary
activity, primary tour type, number and purpose of secondary tours; time, destination and
mode of the primary tour; and time, destination and mode of the secondary tours.
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Table4.14
Dimensions of the Daily Activity Schedule decision (continued on next page)

Decision Choice Description
Alternative

Daily Activity Pattern

Primary activity home at home all day
work the daily activity pattern includes at least 1 work activity
school the daily activity pattern includes no work activities and at least 1
school activity
other the daily activity pattern includes no work or school activities
Primary tour type HWH simple tour from home to work and back
HWH+ work tour with at least 1 additional stop for another activity
HW+WH work tour with awork-based subtour, and any number of
additional stops
HWHWH work tour with an intermediate stop at home
HWHWH+ work tour with an intermediate stop at home, plus 1 or more
additional stops
HSH simple tour from home to school and back
HSH+ school tour with at least 1 additional stop for another activity
HOH simple tour with purpose other than work or school
HOH+ tour with purpose other than work or school, with atat least 1

additional stop for another activity

Number and purpose of 0 no secondary tours
secondary tours
1C one secondary tour, with a purpose (ie the primary activity of the
tour) which istime constrained (work, work related, school,
banking/personal business)

LU one secondary tour with a purpose which is not time constrained
(social, recreational, eat out, shopping)

2+,C two or more secondary tours, al time constrained

2+,CU two or more secondary tours, 1 or more time constrained and 1 or
more not time constrained

2+U two or more secondary tours, none time constrained

Table 4.14 lists and describes al dimensions of the decision as it was modeled in the
demonstration system. Asindicated in the sections above, an operational implementation
would be improved by adjusting this categorization somewhat, especially by (1) including
amore detailed categorization of primary tour types which identifies the sequence of all
activities modeled in the primary tour, and (2) explicitly modeling the secondary activity

on primary tours.

The models in the system are ordered in a conditional hierarchy, with primary tour models
conditioned by the choice of adaily activity pattern, and the secondary tour models

conditioned by the primary tour choices. Except for the time of day models, the entire
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Table 4.14 (continued from previous page)

Dimensions of the Daily Activity Schedule decision

Decision Choice
Alternative

Description

Tour Schedule (defined the same for primary and secondary tours)

Departure time fromhome  A.M. peak
to activity

midday
P.M. peak
other
Departure time from A.M. peak
activity to home
midday
P.M. peak
other
Destination
Mode

Auto, drive alone
Auto, shared ride

Transit, with auto

Transit, with walk

Walk

Bicycle

6:30 AM to 9:29 AM

9:30 AM to 3:59 PM
4:00 PM to 6:59 PM
7:00 PM to 6:29 AM

6:30 AM to 9:29 AM

9:30 AM to 3:59 PM
4:00 PM to 6:59 PM
7:00 PM to 6:29 am

zone of the tour's primary activity location

the principal mode used on the tour

Drive aoneisthe principal mode used on the journey to or the
journey from the tour's primary activity location.

Shared rideis the principal mode used for both the journey to and
the journey from the tour's primary activity location.

Transit is the principal mode of the tour, and the journey to or the
journey from the tour's primary activity location includes both
transit and auto.

Transit is the principal mode of the tour, and neither the journey to
nor the journey from the tour's primary activity location includes
drive alone or auto access to transit.

Walk is the exclusive mode used on the journey to or the journey
from the tour's primary activity location, and the other journey
does not include bicycle or drive alone.

Bicycleisthe principa mode on the journey to or the journey
from the tour's primary activity location, and the other journey is
not principally by drive alone.

system of modelsislinked as a nested logit model system, with the lower level

conditional models supplying logsum variables of expected maximum utility, a measure

of accessibility, to the higher level models.
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5

Conclusion

Chapter 5 summarizes important issues related to the specification and estimation of the
daily activity schedule model, explains how to use the model for forecasting, describes
how the model should yield improved forecasts, identifies research and development
needed both to operationalize and extend the model, and closes the thesis with a summary

of the research resultsin light of the original research objectives.

5.1 Mode Specification | ssues

Model System Design Limited by Data Quality and Availability

The Boston data provided the basics of what is needed to demonstrate the model system,
but results could have been improved with better data. The most important weakness
associated directly with the demonstration of the model system architecture is the quality
of the level of service data. Despite major efforts by the Boston MPO to develop high
quality data, especially pertaining to the extensive transit network, what they could supply
fell short in afew ways. First, at aminimum, the model design requires level of service
data for three different time periods, including AM peak, PM peak and off-peak periods.
We constructed level of service datafor these time periods, using reasonable but arbitrary
transformations of the available data. Second, all travel times and distances were based
on zonal centroids, which limits the accuracy by the granularity of the zonal system.
Some level of service attributes, such as transit access times, could be improved through
the use of disaggregate estimates derived from Gl S-based address locations. Other
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attributes, especially those for non-motorized modes, would also require finer granularity
of the zonal system.

Although the model system architecture presented in this thesis can accommodate the
modeling of at-home activities in more detail, the demonstration system does not because
the Boston survey data provides no details of activities performed at home. Including at-
home activities in the model system would provide a clear improvement because it would
capture the trade-offs involved in the substitution of non-travel activity approaches for
travel-based activities. For example, such a model system could capture trade-offs
between travel commuting and telecommuting.

The daily activity schedule model can capture the interrelationship of tours, and secondary
activities on tours, but its effectiveness in doing thisis limited by the availability of
relevant variables which explain the interrelationships. Of particular importance in this
context is the modeling of walking as a secondary mode on tours, and the modeling of
walking and bicycling for short secondary tours. Adeguate level of service attributes for
non-motorized modes, such as sidewalk connectivity and terrain, are not available in
MPOs data sets, even though they could be collected for these modes as they are for auto
and transit. Adequate measures of the urban design characteristics which influence the
selection of non-motorized secondary modes are likewise not available. Thus, the
successful implementation of adaily activity schedule model system calls for the
definition and collection of new transportation and land use data which provides a more
detailed characterization of the transportation environment.

Definition and Generation of Variables Uniqueto Daily Activity Schedule

As reported in Chapter 4, the daily activity schedule requires definitions of decision
variables not encountered in trip based models, which are not directly reported in activity
diaries. These include the definitions of activity priorities, tour types and tour modes.
Transportation level of service data must also be associated with activities using the
principle of “incremental tour costs’. Finally, the possibility of multiple secondary tours
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in amodel system with a single secondary tour model requires the development of a
specia variation of the logsum variable which captures utility from multiple tours.

5.2 Forecasting with the Daily Activity Schedule M odel System

The daily activity schedule model system can be used for forecasting travel demand using
the method of sample enumeration, described in Ben-Akiva and Lerman (1985) and
depicted in Figure 5.1. In the first step, a sample of individuas representing the
population is generated, either by survey or smulation. The daily activity schedule model
is applied to each observation in the sample, resulting in a set of origin-destination trip
tables by time of day, covering the study area. These tables are used by traffic assignment
models to estimate equilibrium conditions on the network. The transportation system
levels of service are then calculated and compared to the level of service assumptions used
in the demand model. If they differ, the assumptions of the demand model are adjusted.
The demand model and traffic assignment model are run reiteratively until the level of
service assumptions of the demand model match the results of the traffic assignment
model.

Generate a representative sample

A 4

Generate origin-destination trip tables
with the daily activity schedule model

A 4

Assign traffic to network

A 4

Calculate level of service

Figure5.1
Forecasting travel demand via sample enumer ation
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Calculate logsums from the bottom up

Y

Calculate choice probabilities from
the top down, and expand

Y

Translate activity schedule into trips

Y

Add trips to obtain OD tables
by time of day

Figure5.2
Generating origin-destination trip tables

Figure 5.2 shows the details of how the daily activity schedule model system is used to
generate the origin-destination trip tables. Because the upper level models of the nested
logit model system include logsum variables which are computed from the utilities of
lower level alternatives, it is necessary to calculate utilities at the lowest level first and use
these to calculate the logsum variable of the second lowest level. The utilities of the
second lowest level can then be calculated and used to calculate the logsum variable of the
third lowest level. This processis repeated until all the utilities are calculated for all
aternatives at al levels. With the utilities available, the choice probabilities of each
alternative can be calculated in the highest level model. The choice probabilities of the
second highest level model alternatives can be calculated next, since they are conditioned
by the highest level probabilities. The choice probability calculations continue down to
the bottom of the conditional structure. The choice probabilities are calculated in this way
for every daily activity schedule alternative of every observation in the sample, and are
expanded by the inverse of the sampling rate so the probabilities represent the
probabilities for the entire population. Each daily activity schedule alternative can be
trandated into a set of trips using the attributes of the aternative taken directly from the
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model. The relevant attributes include the timing, destination and mode from the tour
models, and the tour type from the daily activity pattern. Each trip has the same choice
probability asits daily activity schedule. The trip probabilities are treated as predicted trip
fractions, and are added together to form the set of forecast trip tables.

5.3 Expected Forecasting Results

The expected benefit of the demand model with daily activity schedulesisimproved travel
demand forecasts, in comparison to the trip and tour based modelsin use today. This
section describes briefly how the model is expected to provide improved forecasts under
three relevant policy alternatives, including 1) roadway expansion 2) employer provided
carpooling incentives, and 3) increased fuel prices. It also describes how the model

should yield improved emissions estimates under all policy scenarios.

Roadway Expansion

When road capacity is expanded to alleviate congestion we observe an increase in travel
induced by the improved travel conditions. This induced demand includes people who
previously avoided the congested locations and times, and al so people who previously
stayed at home or carried out a simpler travel pattern because of the congestion. Trip and
tour based models, if they explicitly represent destination and time choices, might capture
the destination and timing effects. However, unlike the model of daily activity schedule,
they will be unable to capture the shift from non-traveling patterns to patterns with travel,

and the shift from simple to more complex travel patterns.

Employer Provided Car pooling I ncentives

In this scenario, employers encourage carpooling by reducing parking subsidies, providing
preferred parking for carpools, and offering subsidies for carpoolers. Under such a policy,
we would expect the mode share of shared ride to increase relative to drive alone for work



trips. We would also expect an increase in the number of nonwork tours as commuters
shift secondary activities away from the work tour. These nonwork tours might occur
during peak periods, at least partially offsetting the desired benefits of the carpool
incentive. Trip and tour based models will predict the mode shift, but will be unable to
accurately predict the associated shift in demand to other trips. In contrast, the model of
daily activity schedules will capture both effects because it explicitly models the effect of

travel costs and incentive programs on the choice of adaily activity pattern.

Increased Fuel Prices

During previous energy crises we observed that people did not simply reduce their
tripmaking, but made significant changes in their travel patterns, such as combining
activities into complex tours, as they tried to achieve their activity objectives with less
travel. Asin the previous examples, the model with daily activity schedules can capture
these complex adjustments in daily travel patterns which the trip and tour models fail to

capture.

Emissions Estimates

Vehicle emissions are much higher when a cold engine starts than after it has reached
regular operating temperatures. Emissions models rely on travel forecasts, but current
travel forecasting models are unable to distinguish high emission cold engine travel from
low emission warm engine travel. Crude aggregate measures are used to allocate the
travel to these two engine operating modes. The model of daily activity schedules,
although it does not explicitly track a particular vehicle’'s movements through a day, offers
the potential of improved estimates of operating modes by using auto availability
information in combination with explicitly modeled daily activity patterns of all members
in a household.

85



5.4 Research and Development Needs

Although the claims of improved forecasts from the daily activity schedule model are
based on the fact that the model system incorporates well founded theories of human
activity and travel behavior, they have not yet been empirically substantiated.
Furthermore, the potential exists for significantly improving the model system which was
demonstrated, and extending it to address additional problems which limit the
effectiveness of today’ s travel demand models. This section lays out an agenda for
subsequent research and development, including some specific design ideas which
emerged during the course of the current research.

Theoretical Validation

The daily activity schedule model is a discrete choice model based on the theory of utility
maximization. An important theoretical question is whether people use utility maximizing
behavior in this choice situation. In particular, it isimpossible for an individual to
rationally consider all of the 300 billion daily activity schedule aternatives which are
explicitly represented in the model. Perhaps it can be argued that people behave as utility
maximizers even though they don’t go through the detailed rational process. Or, as
theorized by Ben-Akiva and Gershenfeld (1993), it may be possible to specify utility
functions which reflect the combination of two processes. (1) the generation of a small
choice set and (2) the selection of one alternative from the small choice set. But perhaps
other theories of human decisionmaking processes in complex decision situations could
lead to an improved model of the daily activity schedule.

Empirical validation

A more practical next step in the research and development is empirical testing of the
model. The model could be used to prepare forecasts, for relevant policy scenarios like
those discussed above, using the Boston survey sample. These forecasts could be

compared to corresponding forecasts prepared using the best existing models available for
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the Boston metropolitan area. 1t might also be possible to prepare backcasts to real
situations from previous years for which actual travel and population datais available and
in thisway have atrue basis for evaluating the accuracy of the model of activity

schedules.

Operational Model System

After the initial empirical tests, an idea step would be to develop and implement a
complete forecasting model system for a metropolitan area, asa pilot case. Within this
context, the model system could be enhanced in some or all of the following ways:

1. Incorporate improved data sources, including better level of service data by time of
day, level of service attributes for non-motorized modes, and stated preferences.

2. Improve the model specification, giving consideration to alternative decision
variable definitions, more powerful and useful explanatory variables, and arefined

model structure.

3. Implement the full model system design, including decisions of secondary

activities on tours.

4. Incorporate at-home activities and information technology options such as

telecommuting and teleshopping

5. Develop dynamic choice models, using panel data or retrospective survey

guestions.

Extended Model System

Thereis awidely recognized need to improve the connection of travel models with
models of longer term lifestyle and mobility decisions, as well as urban development
decisions. Of particular concern is the insensitivity of residential location models to the
performance of the transportation system. The daily activity schedule model has great
potential for improving residential location models, and other lifestyle and mobility
models, in this respect because of its ability to supply them with a sophisticated measure
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of accessibility. For each residential location aternative in a model of residential location
choice, aform of the expected maximum utility variable can be generated from the utility
of all available daily activity schedules. With such avariable in the residential location
model, a transportation system change which made a location more accessible would yield
an increase in the attractiveness of the residential location because of the increased utility
of daily activity schedules available at that residential location. Thisis perhaps the most
exciting and promising new avenue of research opened up by the development of the
model of daily activity schedules.

55 Summary

This thesis has presented the results of research which led to the development of atravel
demand model system with daily activity schedules. Chapter 1 motivated the research by
emphasizing the need for improved travel demand models. It also established a context
for the work by describing the travel decision framework, activity based travel theory and
the weaknesses of current modeling practices. Chapter 2 reviewed significant model
system development efforts of the last 20 years. These served as a springboard for the
objectives and design of the model of daily activity schedules presented in Chapter 3.
Chapter 4 presented the model system itself, estimated as a demonstration system for the
Boston metropolitan area. Finally, this chapter has discussed how the model system could
be used to make improved travel forecasts, and prescribed further research and

development work to test, operationalize and extend the usefulness of the model system.

The most important conclusion of the research presented in thisthesisisthat it is possible
to successfully estimate a model system of an individual’s daily activity schedule which
meets the objectives laid out in Chapter 3. The three objectivesinclude (1) capture the
interactions among an individual’ s decisions throughout a 24 hour day, including explicit
representations of tours and their interrelationships in adaily activity pattern, as well as
activity and travel times of day; (2) represent the daily activity schedule decisionsin an
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integrated, statistically testable econometric choice model system; and (3) estimate a
model system which can be implemented in practice for forecasting. The daily activity
schedule model system, which was estimated as an integrated nested logit model, using an
available diary survey and transportation level of service data, and which can be used to
generate origin to destination trip tables by time of day, achieves al three objectives.
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