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Chapter 1. Introduction
1.1 Background

Over the past couple of decades, the emphasis of trangportation planning has shifted from the
condruction of new infragtructure to the effective management of travel demand. This shift has been
brought about by rising socid, environmental, and economic concerns coupled with a redization that
building one's way out of congestion is only atemporary solution to serving the increasingly complex
patterns of travel demand that evolve over time. Federd legidative acts such asthe Clean Air Act
Amendments, 1990 and the Intermodal Surface Transportation Efficiency Act, 1991, serve askey
examples of this shift in trangportation planning emphasis.

In this regard, the decade of the 1980s saw an increased interest in the devel opment and implementation
of Travel Demand Management (TDM) drategies. These strategies were aimed at effectively managing
and ditributing travel demand, both in the spatid and tempord dimensions. For example, flexible work
hours helped shift commute related peak- period tripsto off-peak periods. However, these strategies
aonewere not able to dleviate air qudity, traffic congestion, noise, and safety problems associated with
an ever-rigng travel demand. As aresult, new strategies termed Trangportation Control Measures
(TCMs) have been embraced by the transportation planning community. These measures are
sophigticated and complex in nature, the exact impacts of which are unknown. However, they are not
only intended to effectively manage exigting travel demand, but aso to reduce travel demand through the
suppression and selective dimination of trips. Specifically, these measures tend to target peak-period
commute trips and Sngle-occupant vehicle (SOV) automobile trips, the two types of trips that
contribute mogt to traffic congestion, fud consumption, and emissons.

Asincreasing numbers of urban areas began considering TCMs, it became apparent thet traditional
travel demand forecasting and planning methods, that are primarily derived from trip-based four-step
procedures, are not able to address the complex questions raised by TCM implementation.
Relationships among human travel behavior paiterns and the attitudes, values, and congtraints that
determine these patterns are extremely complex in nature, and traditiond forecasting methods do not
explicitly mode these rdaionshipsin atheoreticaly sound framework.

An dternative gpproach which has the potential of offering effective and practica toolsfor TDM and
TDM andysisisthe activity-based approach. It was conceived in the travel behavior research arenain
1970s. Activity-based gpproaches explicitly recognize that travel demand is derived from the need to
pursue activities that are dispersed in time and space. Moreover, these approaches recognize the inter-
dependence among decisons for aseries of trips made by an individual. They aso recognize the
interactions among various members of the household, that arise when household members alocate
resources (such as household vehicles) to themselves, assign and share tasks, and jointly engagein
activities. As such, it has been argued that activity-based approaches provide a theoretically and
conceptudly stronger framework within which travel demand modding may be performed.



Because activity-based approaches attempt to treat travel behavior in more rigorous and redistic
manners, they tend to focus on details and demand more data. Furthermore, activity-based approaches
have been more of a conceptua framework than specific methods that are accompanied with
quantitative tools. In fact, gpplications of activity-based approaches to travel demand forecasting or
quantitetive policy andyss are practicaly non-existent. Activity-based approaches are by no means a
“proven” concept.

Thisstudy is probably the firg attempt to develop and implement a full-fledged activity-based policy
andysistool for ametropolitan region and thereby examine whether activity-based approaches can be
put to practicd use. In particular, the study attempts to determine whether an operationa activity-based
tool can be developed while utilizing available data, supplemented by a medium-scale survey that can be
conducted with modest mounts of monetary and time resources.

Although results of this study indicate that activity-based gpproaches in fact lead to viable policy tools,
the experimenta nature of this study must be born in mind by the reader of this report. It is also noted
that it is not the intent of the report to assert in any way that activity-based approaches are the only
gpproaches to travel demand forecasting and policy anadysis. To the contrary, it is believed that non
single approach or model system is suited for al study objectives, activity-based approaches are
believed to be effective in the types of andysis contained in this report, while other gpproaches,
induding the trip-based, four step modd systems, will continue to be useful toolsin other types of
andyss.

1.2 Study Objectives

The Metropolitan Washington Council of Governments (MWCOG) as part of the Travel Modd
Improvement Program (TMIP), jointly sponsored by the U.S. Department of Transportation (DOT)
and the U.S. Environmenta Protection Agency (EPA) engaged RDC, Inc. to conduct an applied
research study to determine the feasibility of using activity-based methodologies to evaluate selected
TDM policies To perform this sudy using large-scale regiona data, RDC, Inc., implemented a
prototype of its Activity-Mobility Smulator (AMOS) which is a dynamic micro-smulator that replicates
household responses to TDM measures.

To implement and test AMOS in the Washington, D.C. metropolitan area, RDC' s gpproach conssted
of thefollowing activities

» The TDM measures to be tested within the activity-based framework of AMOS were selected in
collaboration with MWCOG and Federd sponsors. Of the more than 50 identified individua and
combined TDM measures, Sx were sdected for evauation ranging from targeted premium charges
for usng persond vehicles (e.g., congestion pricing) to incentives for usng dternatives to persond
vehicles (e.g., improved pededtrian facilities). Appendix A describes the initia set of TDM
measures identified, and the process used in selecting the TDM measures addressed in the studly.



In collaboration with MWCOG, RDC administered an eaborate survey of over 650 commutersin
the metropolitan area designed to collect stated- preference responses to the selected TDM
measures, reveded by daily time-use (activity) patterns both ingde and outside the home, daily
travel patterns, detailed commute trip attributes, and demographic and socio-economic data. This
AMOS survey was the basis for estimating AMOS modd parameters essentid in evauating TDM
responses in the Washington, D.C. metropolitan area.

The AMOS prototype system was configured to maximize the use of exigting pertinent data
available within the MWCOG jurisdiction. MWCOG's data bases including the MWCOG 1994
Household Travel Survey data (trip diary data) and relevant network data provided baseline travel
patterns for the Washington, D.C. metropolitan area.

The AMOS prototype system was tested and used to assess the selected TCMss in the Washington,
D.C. metropolitan area. MWCOG provided the necessary sample data on nearly 100 households
located in the study area to evaluate the commuter responsveness to the selected TCMs.

1.3 AMOS Features

Over the past two years, the RDC, Inc., research team has developed and implemented the AMOS
prototype intended to serve as a short-term trangportation planning and policy andysstool. AMOSis
an activity-based micro-smulator of daily human activity and travel patterns, which focuses on the
adaptation and learning process that people exhibit when faced with a change in the transportation
environment. AMOS smulates anew activity-travel pattern that a person islikely to adopt in response
toaTDM measure. Thisis accomplished through the implementation of severd AMOS modules,
namdly:

Baseline Activity-Travel Analyzer. The basdine activity-travel andyzer readsindividud trip
records, compares them with the network data for logica consstency and missing information, and
then generates a coherent baseline activity-trave pattern for each individud. All congstent basdine
activity-travel patterns are used by the remaining AMOS system components.

TDM Response Option Generator. This module creates the “basic” response of an individua to
aTDM drategy. Itisaneurd network modd that istrained by using reveded- preference and
stated- preference data obtained from AMOS survey. The basdine travel pattern from the Basdline
Activity-Travel Andlyzer, demographic and socio-economic attributes, and TDM characteristics
under investigation serve as inputs to this module. The outputs of this module are the behaviora
responses. The TDM measures are characterized by their cost changes, travel time changes, mode
attribute changes, and imposition or relaxation of congraints.

Activity-Travel Pattern Modifier: This module condtitutes the activity-trip re-sequencing and re-
scheduling adgorithm. It provides one or more dternative activity-travel patterns based on the
response provided by the TDM Response Option Generator. The inputs of this module include the
basdline activity-travel patterns, network data, land-use data, socio-economic and demographic



characterigtics, and the response options from the TDM Response Option Generator. The output
of thismodule is amodified activity-travel pattern. The feagihility of amodified activity-travel
pattern is checked for consstency and logic againgt a set of rule-based congtraints.

» Evaluation Module and Acceptance Routines: This component evauates the utility associated
with amodified activity-travel pattern generated by the Activity-Travel Pattern Modifier.
Operaiondly, its built-in acceptance routines assess whether a modified activity-travel pattern will
be accepted or regjected on the basis of a human adaptation and learning model incorporating a set
of search termination rules.

» Statistics Accumulator: Thismodule reads dl feasible accepted activity-travel patterns provided
by the Evaluation Module and generates descriptive and frequency statistics on adaily basis. These
descriptive and frequency satistics include vehicle miles traveled, number of trips by mode and by
time of day, number of stops by purpose, trip chains, activity duration by purpose, trave times by
purpose, vehicle occupancy, cold and hot garts, etc. In conjunction with basdline travel peatterns, it
can provide measures of change in travel characteridtics.

As such, AMOS consists of a series of inter-related components that collectively serve asa
comprehensve transportation planning and policy andysstool. AMOS abandons some of the
questionable assumptions in the trip-based four-step procedures, and embraces several new concepts
that are theoretically sound and lead to more robust TCM impact predictions.

1.4 Study Conclusions

This project represents the first implementation of a full-fledged activity-based model system for
transportation planning and policy andyss. Despite the theoretical arguments that warrant their practica
goplications, activity-based approaches remained within the domain of academiafor nearly two
decades. The development of AMOS and its implementation in the Washington, D.C., metropolitan
areq, therefore, represents a sgnificant step forward in trangportation planning and policy analyss. The
development is epecidly significant considering the importance of travel demand management in the
current planning contexts set forth by the Clean Air Act Amendments and Intermoda Surface
Trangportation Efficiency Act.

In the project, amicro-smulation modd system which is capable of producing travel demand forecasts
based on principles of activity-based andysis has been congtructed and implemented in the Washington,
D.C., metropalitan area, and applied to a selection of TDM measures using a sample of trip diaries from
the 1994 MWCOG survey. The achievements of this effort can be summarized as follows.

» Theproject has demonstrated that the activity-based modd system can be implemented in a
metropolitan area usng data available from atypica metropolitan planning organization (M PO),
such astrip diary data, network travel time data, and land- use inventory data (the only additiond
data needed for AMOS implementation are stated- preference survey results from the areawhich



are used to customize a component of AMOS to the arearesdents responsivenessto TDM
measures).

* It has been shown that travel demand forecasts can be developed while tregting the daily travel
paitern in its entirety, without breaking it into individud trips and thereby compromising the
interdependencies and continuities that exist across the series of trips made by atraveler.

» Thisasoimpliesthat practica capabilities have been developed to assess TDM impacts more
cohesively while accounting for secondary and tertiary changesin atraveler’ sdally travel pattern
that are brought about as results of a primary change in response to a TDM measure (for example,
if aSOV (dngle-occupant vehicle) commuter, who stops on the way to and from work to drop off
and pick up achild at day-care, switches to carpooling in response to congestion pricing (primary
change), then new, two round-trip SOV trips may be made between the home and day-care to
drop off and pick up the child).

» The AMOS survey designed in this project has shown that the stated- preference questions
developed in this project have produced credible results (except for the case of a particular synergy
combination of two TDM measures), and that the survey can be gpplied to obtain information vital
for the assessment of potentid effectiveness of dternative TDM measures.

* The AMOS survey data produced rich gtatistical results that have reveded the characteristics of
responses commuters would show when faced with TDM measures; for example, femde
commuters who make stops on the way to or from work tend not to change their travel in response
toa TDM messure.

*  Thenumerica examples using the sample of MWCOG trip diary data have shown the AMOS
prototypeis capable of producing aggregate statistics of travel demand at levels that are comparable
to the conventiond trip-based model systems (except that the current version of AMOS operates
with gtatic zone-to-zone travel time matrices rather than interndly conducting network assgnment).

It isworthy to note that the development of the AMOS prototype incorporates anumber of theoretica
concepts, such as “adaptation behavior” and “time-gpace congraints,” into apracticad mode system
which fully utilizes the data that are maintained by atypicad MPO.

1.5 Outline of Report

This report condsts of eight more sections. Sections 2 and 3 discuss the trip-based four step process,
and the features that can be either augmented or replaced by an activity-based travel demand
methodology such as AMOS. Sections 4 and 5 discuss the basic concepts and andytica techniques
which are the foundation of AMOS, and its applicability in evauating TDM policies. Section 6 defines
the TDM policies selected for evduation in the Washington, D.C. metropolitan area, implementation of
AMOS with the MWCOG network data, and the application of AMOS to MWCOG household



records. Sections 7 and 8 discuss the results of the TDM policy andys's, and implications for future
activity-based travel demand modeling.
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Chapter 2. A Critical Review of the Trip-Based, Four Sep Procedure of Urban
Passenger Demand

Precticaly dl tools currently available for passenger travel demand forecasting and policy andyssare
based on the four-step procedure. The procedure was developed in the 1950s and 1960s during the
post-war expansion period, when:

»  Urban population was rapidly growing,
* Motorization was progressing, and
»  Suburban sprawling was garting.

The emphagisin transportation planning at thet time was infrastructure development. The issue a hand
was where to build a new freeway and how many lanes were needed. Because of such straightforward
planning contexts, coarse forecasting procedures sufficed at that time. In fact, it isnot difficult to see
that when the population of a metropolitan area doubles, the total number of trips will approximeately
double and increases in trips can be relaively easily forecast once one can determine in which parts of
the metropolitan areaincreasesin residentia and work populations will take place.

Planning emphasis has changed subgtantialy since then. In the 1970s Transportation Systems
Management (TSM) was promoted, while in the 1980s Travel Demand Management (TDM) was
proposed. Currently the trangportation planning community embraces a more inclusive concept of
Transportation Control Measures (TCM). The measures being considered are extensive and
increasingly more sophigticated and are fine-tuned to target specific traveler ssgments. The trip-based
four-step procedure, developed to serve the planning needs of decades ago, is not best suited to
address these new transportation measures.

2.1 Advantages

The amplification incorporated into the four-step procedure made urban passenger travel demand
forecadting practicable using standard survey methods, census and other existing data, and
computationa capabilities that had been available. The smplifying assumptions adopted in the
procedure facilitated quantitetive analyss of travel demand, which isaresult of complex (to anayze)
travel behavior. In particular, the development of a standard analysis package, Urban Transportation
Planning System (UTPS), led to the development of PC-based transportation planning packages,
which in turn have made the forecasting procedure affordable to practicaly any MPO.

2.2 Internal Inconsistencies



The procedure, however, contains several well acknowledged internd inconsistencies. For example,
the area-wide totals of zond trip productionsand attractions normaly do not coincide with each other,
requiring some adjustment; zone-to-zone trave times used as input to trip distribution and modd plit
are not necessarily congstent with travel times that are derived from the network assignment; and trips
are assgned to different time periods of the day (e.g., peak vs. off-pesak) prior to network assignment,
usudly using heurigtic procedures. For additiond issuesinvolved in the gpplication of the four-step
procedure, see Table 2.1.

Table2.1: Sample of Recognized | ssues|nvolved in the Application
of the Four-Step Procedure

» Agreement between trip generation and trip production

» Edimation of externd-to-interna and interna-to-externd traffic

» Edimation of directiond traffic flows by time of day (peek vs. off-peak), estimation of peak hour
flows

» Conversion of person tripsto vehicle trips (estimation of vehicle occupancy by time of day, by
purpose)

» Edimation of intra-zond travel times

e Assgnment of intra-zond trips to the network

» Edtimation of accesswak time to public trangit, access time to freeways or mgor arterids

*  Specid trip generators

»  Cregtion of new zones, grouping of existing zones

» Determination of speed-volume rdaionship

* Tempord stability in modd parameters (e.g., K-factors and friction factors; vaue of time)

» Determingtion of inter-zond trave timesin pre-modal-split trip digtribution

» Conggency inthetrave time variables across trip distribution, moda split and network
assgnment (can be resolved by implementing feedback |oops)

2.3 Data Inefficiency

When disaggregate choice moded s were proposed in the 1970s, it was argued that the aggregate four-
step procedure was not data-efficient. Thisis mainly because the procedure was devel oped when
available computationa capabilities were very limited and costly and satistica theory for model
estimation was not well advanced. As aresult, modd calibration procedures adopted inefficient data use
(especidly the aggregation of household survey results into zona averages) led to an inefficient
parameter estimation (e.g., trip digtribution models).

2.4 Lack of Behavioral Foundation

More problematic are the implicit assumptionsin the four-step model components which lack behaviora
foundation. For example, consider trip generation modes. Implicit in typical linear-regression or cross-
classfication modds of trip generation is the assumption that the number of trips generated by a
household is afunction of the number of its members and the number of vehicles available. This



assumption does not reflect the well known behaviord fact that employment status affects travel
behavior. Therefore, the number of workersin the household affects trip generation.

2.5 Reaulting Problemsasa Policy Tool

Suppose parking pricing isimplemented in the downtown area. This event may cause some travelersto
choose suburban destinations. Thisresult, however, is not accounted for by the four-step procedure
because the total number of trips attracted to the downtown areais determined in the trip generation
phase, which typicaly does not incorporate parking cost. The procedure would indicate no change in
the number of trips attracted to the downtown area before and after the implementation of parking
pricing. Likewise, effects of congestion on travel demand cannot be fully accounted for by the four-step
procedure because trip generation models are typicaly insengtive to travel time (this problem cannot be
adleviated by incorporating feedback loops).

Trip-Based: Thefour-step procedure treats each trip as an independent entity for andyss. This
assumption is centrd to the four-step procedure in the sense that its model structure hingesonit. This
dependence, however, leads to a number of serious limitations, especialy when its gpplication to TCMs
iscongdered. The problems stem from the fact thet trips made by an individud are linked to each other
and the decisons underlying the respective trips are dl inter-related.

Example of Travel Mode Choice for Multi-Stop Trip Chains. Consder ahome-based trip chan
(aseries of linked trips that starts and ends at the home base) that contains two or more stops. The
four-step procedure looks at each trip at atime and determines the best mode for it. Let h bethe
home base and i and j be the destination zones visited in atrip chain. There arethreetrips, (h, i), (i, ),
and (j, h). When atrip-based, post-distribution mode choice modd is gpplied while comparing the
dternative modes available between each pair of zones, it isentirely possible thet busis assgned for (h,
i), drive donefor (i, j), and carpool for (j, h). This contains two mgor problems. Firs, the result
violates the moda continuity condition. Mode choice for atrip with nor-home origin is regulated by the
mode selected for the first home-based trip; if one leaves home by bus, it is normdly not possible to
choose the drive-aone mode in subsequent trips. On the other hand, once one leaves home by driving
aone, dl subsequent trips tend to be made by driving alone. Second, the result ignores the behaviord
fact that one will mogt likely plan ahead and choose a mode while considering the entire trip chain, not
just each individud trip. One may decide to take the auto even when good bus serviceis available
between h and i and between j and h, but because no bus service is available betweeni and j.

Treating each individud trip in isolation becomes a problem on many occasions. For example,
commuters who make trips on the way to or from work (e.g., dropping off/picking up children) are less
likely to switch from the drive-aone mode when TDM measures such as congestion pricing are
implemented. What istermed "activity re-sequencing” in this study is another example. Supposea
drive-aone commuter stops by at a grocery store on the way home from work. Faced with congestion
pricing, this commuter may choose to take the bus to commute, and go shopping by auto at a grocery
gtore near home after returning home by bus. The trip-based four-step procedure is not capable of



addressing such secondary and tertiary changes brought about by the primary commute mode change.

Over-Predicted Mode Shift: Because its trip-based structure does not recognize the mode continuity
condition, it islogicaly expected that the procedure over- predicts mode changes. The problemis
multiplied by the fact that the modd split phase tends to be most sensitive to changesin the travel
environment because it often incorporates disaggregate choice modds. As areault, the four-step
procedure may grosdy over-estimate mode shift, when in fact travel mode may be the last thing
travelers wish to change.

No Time Dimension: The fact that the four-step procedure does not incorporate the time-of-day
dimengion is curious when congestion -- which has been the single most important concern of
trangportation planning -- occurs with the concentration of demand in the same area @ the same time.
The absence of the time dimension is behind some of the recognized issueslisted in Table2.1. In
addition, it implies that departure time choice cannot be incorporated into the forecasting procedure
(without introducing ad hoc assumptions). Thisin turn implies that the four-step procedure cannot be
effective in the analyss of pesk spreading in genera and congestion pricing in particular.

Thetimedimensoniscrudd inar qudity andyss. Because ar qudity isafunction of complex
meteorologica relationships, it isimportant to be able to predict when within the day pollutants are
emitted, not just the total amount of emissons. Determining the split between hot and cold gartsin any
congstent manner would aso require the introduction of the time dimension into the andytical scope.
Furthermore, recent interest in Intelligent Trangportation Systems (1 TS) technologies cdls for the ability
to predict traffic dynamicson the network.

Vehicle Ownership: Anareawhere very little effort has been directed at the Metropolitan Planning
Organization (MPO) leve is vehicle ownership modding. This may not be aproblem if the number of
vehicles available to the household is the only concern (which in fact was the case a the time when
motorization was progressing a fast rates). Recent concerns with ar quaity and fud consumption,
however, imply that increased importance is assigned to which types of vehicles are chosen by
households and how much and where each type of vehicle tendsto be used. Thiscalsfor the
implementation of vehicle type choice modds, and development of vehicle allocation models that predict
which vehidle will be used for which trip.

Representing Accessibility and Land-Use: The state-of-the-art has not advanced enough to
incorporate into the forecasting process.

* Impact of new highway and trangt facilities on land- use,

* Impact of travel patterns (materialized demand) on land-use,

» Impact of accessihility (congestion) on trip generation and attraction, and

e Impact of multiple-activity land-use development (e.g., shopping mals) on travel demand.

2.6 Summary



In summary, the following can be listed as the limitations of the four-step procedure in the current policy
contexts:

» Trip-based, sequentid structure,

» Lack of thetime-of-day dimenson,

» Limited sets of explanatory variables,

» Limited behaviora responses,

»  Conseguently unresponsive to most TDM measures,

» Trip generation unresponsve to congestion and pricing,

»  Consequently the trip distribution phase is not fully responsve to systlem change,
» Inability to address vehicle fleet mix evolution, and

» Totaly exogenous land-use, economic and socio-demographic input.

While some of the problems discussed in this section may be resolved for certain Stuations by
introducing new mode eements, the problems semming from its atempord, trip-based structure are
difficult targets for improvement within the framework of the four-step procedure.

Before closing this section, it is emphasized that no single modd system is suited for al study objectives.
Thetrip-based, four-step procedure continues to be an effective demand forecasting procedure for
certain typesof problems. Yet, current policy contexts call for aternative models. The array of
trangportation planning tools available to policy makers needs to be expanded.
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Chapter 3: Why the Activity-Based Approach?

As noted earlier, the activity-based approach explicitly recognizes the fact that the demand for activities
produces the demand for travel. In other words the need or desire to engage in an activity & a different
location generates atrip. Then once we understand how activities are engaged in the course of aday or
aweek, arigorous understanding of travel demand will follow.

The activity-based approach thus aims at the prediction of travel demand based on a thorough
understanding of the decision process underlying travel behavior. In this sense the activity-based
approach is entirely different from the approach taken for the development of the four-step procedure
where statistical associations, rather than behaviora relationships, drove modd development. Another
important digtinction is the following recognition: as the activities engaged in aday are linked to each
other, trips made to pursue them are also linked to each other; they cannot be andyzed separately one
by one.

Although the activity-based approach was conceived in the 1970s by a group of researchers at Oxford
Universty, it largely remained within the domain of academic research. The practitioners community
has paid little attention to it until very recently. Kitamura (19883) attributed this inattention to the fact



that the activity-based approach is not suited for the evauation of capital-intendve large- scale projects,
but better suited for refined, often amdl-scae trangportation policy measures, and that smal-scale
projects can hardly afford elaborate analysis. Thisisno longer the case, a least in the United States.
The importance of refined TDMs are well recognized and efforts are being made to promote their
implementation and to assess their potentid effectiveness.

Asde from this rather drastic change in transportation planning contexts, severa important advances
have taken place:

* Accumulation of activity-based research results,

» Advancesin survey methods (e.g., stated-preference (SP) and time-use survey methodologies) and
detigtical estimation methods, and

» Advancesin computational capabilities and supporting software (database software, GIS, etc.).

All these changes have created an environment where amodel of travel behavior can be developed
while adhering to the principles of the activity-based approach. More specificaly, these changes have
made activity-based micro-smulation of travel behavior apractica tool for transportation planning and

policy andyss.
Activity-based studies of travel behavior have led to the following emphases.

» Condraints which govern activity engagement and travel behavior (eg., store opening hours,
vehidle availability),

» Behaviord changes, or behaviord dynamics which are exhibited when an individud isfaced with
changesin the travel environment (e.g., switching between driving adone and carpooling to work),

» Adaptation as a specid case of behaviord dynamics (e.g., a new baby prompting the acquidtion of
alarge-screen TV st by the parents who gave up evening outings),

» Thetime dimenson which isimplicit in the emphasis of behaviord changes as changes taking place
over time,

» Day-to-day varigbility in behavior and demand, as another special aspect of behaviora dynamics
(e.g., part-time carpooling),

» Scheduling of activities and trips over a pan of time; when to engage in what type of activities, and
inwhat sequence,

» Trip chaining: combining sopsinto atrip chain,

* In-home/out-of-home activity subgtitution (e.g., going out for amovie vs. watching TV a home),
whichisdirectly related to trip generation,

* Inter-persond linkages, which may take on the form of task and resource assgnment (e.g., vehicle
alocation within a household) and resource sharing (e.g., carpooling by family members), joint
activity engagement (a Sunday family outing), and activity generdtion (e.g., a child'sbdlet lesson
generating the parent's activity of chauffeuring the child to balet school), and

* Household life-cycle stage, which is strongly associated with the level of inter- persond interaction.

Studies with these emphases have individudly and collectively contributed to the revelation of the
mechaniam of trip making.



The activity-based gpproach implies an expansion of the andytical scope because its subject is not
limited to the trip. This naturaly leads to increased levels of difficulty in the analys's because activity
engagement isacomplex behavior. Conventiond trip diary datado not offer sufficient information on
activities. Partly because of such data limitations, little effort has been made to explain the behavior over
agpan of time (say, aday or aweek). Difficulties are compounded because modeling time dlocation
into activity categories by itsdf is not sufficient; activity engagement episodes need to be modded for
travel demand analysis. In other words, the link between activity engagement and trip making is yet to
be established.

Despite these difficulties, the activity-based approach is more than worthy to pursue because it offers
advantages that outweigh the cost of increased levels of analytical complexity. Infact some of the
problems raised above have been resolved in this AMOS implementation project where micro-
smulation is deployed as atool for demand anaysis.

The advantages of the activity-based micro-simulation approach adopted in this project include:

* TimeOf Day: predictstravel behavior aong a continuous time axis,

* Not Trip-Based: treatsadally activity-travel pattern as awhole, thus avoiding the shortcomings of
conventiond trip-based methods;

* Realism: incorporates various condraints governing trip making, facilitating redligtic prediction and
scenario anayses,

* TDM Evaluation: iscgpable of redigticaly assessing the impact of TDMs on the entire daily
travel demand,

* Versatile: can address various policy scenarios usng specid- purpose SP surveys,

* Flexible: can be modified for specific study objectives, e.g., to evauate the effects of day-care
fecilities at work, extended trangit service hours, or trangt lines,

* Induced Demand: the activity-based approach is akey to address the issue of induced or
suppressed demand; and

» Accuracy Control: usng synthetic household samples, can produce results with desired levels of
gpoatia and tempora resolutions.

» Comprehensive Evaluation Tool: activity-based gpproach smulates the entire daily activities and
travel. Therefore, the effect of atrangportation policy on the entire daly activity, not just commute
trips, can be evauated, leading to better benefit measures.

The activity-based micro-smulation approach resolves much of the problemsin the trip-based, four-
gep procedure. Thiswill be illustrated usng more specific examplesin later sections of this report.

Go to Table of Contents

Chapter 4. Overview of AMOS



AMOS s an activity-based micro-smulator of daily human activity and travel patterns. In anutshell,
AMOS takes an observed ("basdine") daily travel pattern of an individua; generates an adaptation
option (e.g., change commute travel mode) that may be adopted by the individud when faced with the
TCM under consideration; adjusts the basdline pattern (e.g., re-sequences activities, selects new
degtinations) to produce a modified activity-travel pattern; evauates the utility of the modified pattern;
based on a satisficing rule, accepts one of the modified patterns so far generated and terminates the
search, or continues to search for adternatives.

AMOS congsts of aseries of inter-related components that collectively serve as a comprehensive
transportation policy anaysistool. AMOS departs from the redtrictive assumptions in the trip- based
four-step procedures and adopts new paradigms that are theoreticaly sound and practical.

4.1 Paradigm Shifts

AMOSis fundamentdly different from conventiond forecasting modd sysemsin severd crucid
aspects. In addition, AMOS represents the following paradigm shifts:

o from trip-based analysis to activity-based andysis,

» from datic, cross-sectiond anaysisto dynamic, longitudina andyds,

» from deterministic demand equation to stochastic micro-smulation,

» from optimization to stisficing, and

» from capacity- and leve- of-service-based capital project evauation to time-use-based assessment
of TDM effectiveness as well as capitd project evauation.

The activity-based gpproach as described in detail in Section 3 isthe central principle of the AMOS
development effort. Because of this, the entire daily itinerary, not each individud trip, is the focus of the
andyss. Derived from this focusis the rule-based heurigtics that are embedded in the AMOS
agorithms (see Section 5).

Another critica paradigm shift is from static approach to dynamic approach for both model
development and data collection ("dtatic' andysis assumes that the behaviord relation is atempord and
the time dimengion isirrdevant, while "dynamic" analyss focuses on behaviord changes over time). This
shift is based on critical gpprasas of the following well-accepted and well-practiced, yet not vaidated
assumption: Future behavior can be predicted based on the extragpolation of cross-sectiona
observations of individuas of different characteristics and behaviors, and that future behavior can be
predicted without observing behaviora changes for each individua ("cross-sectiond” observations or
datarefer to aset of observations obtained at one point in time from the respective behaviord units such
asindividuds or households, while "longitudina™ observations comprise repeated observations taken
from the same behaviora units).

Application of amodel estimated on a cross-sectiond data set taken at one point in time represents the
"longitudina extrapolation of cross-sectiond variations' (Kitamura, 1990). In such extrapolations
cross-sectiond dadticities observed across different individuals are applied as if they represent



longitudind dadticities that cagpture the change in behavior that follows a change in a contributing factor
within each behaviord unit. Unfortunately this gpproach is valid only under very redtrictive conditions
(see Goodwin et d., 1990). For example, it requires that behaviord response isimmediate without any
time lag; that the magnitude of response isinvariant regardless of the direction of change; and that
behaviord responseis independent of the past history of behavior.

The assumption of the equivaence between cross-sectiona and longitudinad dadticities has yet to be
validated, while empirica evidence is accumulating that these assumptions do not hold (e.g., Kitamura &
van der Hoorn, 1987; Goodwin, 1992). Thiscritica appraisa of cross-sectiond andyssand
forecasting of travel demand, combined with the emphasis of activity-based analysis on adaptation
behavior, leads to dynamic andysis and modeling being emphasized throughout the construction of
AMOS.

Another important paradigm shift is the trangtion from the extrapol ation based on deterministic demand
equations to forecagting uang stochastic micro-simulation. The motivating factor for the adoption of
micro-samulation as a centra driving force of AMOS is the fact thet activity-travel behavior is aprocess
that is governed by layers of congraints and influenced by numerous factors many of which are
dochadtic. Arranging activities and tripsinto adally itinerary itself is a complex operations research
problem to which individuas have devised routines to find a (not necessarily optimum) solution. Despite
the amplicity of the activity-based approach that arises from its focus on human behavior without
introducing artificid condructs, the behavior under investigation is indeed complex to andyze (for
example, it has been proven that no analytical solutions exist for even smpler "traveling sdesman
problems’ where an optimum sequence is sought to vidt a pre-determined set of locations, a problem
by far smpler than an individud's daily activity-travel decison). Given the complexity and stochastic
elements inherent in trangportation system performance, congtraints and motivating factors for activity-
travel behavior, and in human decison and behavior themselves, micro-amulation isthe only feasble
approach that need not embrace over-amplifying assumptions that, unfortunately, reduce the complexity
and hence, realism of response and adaptation patterns that are being modeled.

It has been customary to view travel behavior as the outcome of an optimization process in which the
most superior travel option isidentified and pursued by the individua (e.g., Recker, 1995; Recker et dl.,
19863, 1986b). Practicaly al discrete choice modes of travel behavior are based on this premise.
Although eegant, the assumption of optimization is unredistic when gpplied to everyday behavior of
activity engagement and travel by individuas and households. For example, the individual must possess
complete information to be able to locate an optimum solution, and must be capable of sorting out an
enormous number of possible options and discriminating among them. It aso assumesthat the individua
can perfectly detect minute differences among options. These assumptions presume super-human
abilitiesin ordinary travelers, and therefore are unrealigtic as behaviora propostions. On the contrary,
the information individuds haveis partid and incomplete; the number of itemsindividuas can

incorporate into their cognitive system is limited; their perceptive ability to discriminate between stimuli is
limited; the outcome of a decisonis usudly highly uncertain; and individuas decisons may not be
internally coherent and consistently rationad. Moreover, thereis evidence that behaviord inertiais



prevaent, and that individuals tend to resst behaviora changes. Our travel behavior ismost probably
not in the state of equilibrium which the paradigm of optimization assumes (Goodwin et d., 1987).

AMOS, on the other hand, emphasizes trid- and-error and learning activities dong with the satisficing
principle which is viewed to govern the adaptation process. The optimization principle may be applied
to observed behavior as an operational (as opposed to behaviora) axiom with the premise that a central
tendency exists and embodies the optimization principle, and that deviations of individua observations
from that central tendency can be accounted for by error components. This premise, however, isvaid
only when deviations from the centra tendency are purely random. The development of AMOS, on the
other hand, reflects the intention to adopt the most redistic modeling framework that best replicates
activity-travel behavior. Instead of assuming the presence of cross-sectiond equilibrium based on
optimization, the behaviora process of adaptation is explicitly modeed in AMOS.

Findly, evauation of transportation projects has traditionaly been based on capacity and leve of
sarvice. Given the codt, an dternative that ddlivers the most cgpacity and highest leve of serviceis
consdered as the best dternative; or given aminimum capacity or level of service, the least cost
dterndtive is conddered asbest. Thisisatrip-based gpproach to project evauation. An activity-based
project evauation and policy analyssis adopted in AMOS. Since activity engagement is Synonymous
astime use, time-use-based policy andysis and project evauation are proposed here. In short, the new
gpproach aims at evauating the impact of a trangportation policy measure or capita project on urban
resdents dally life as represented by time-use patterns, and attempts to derive evauation measures
based on time-use utility. More discussion can be found in Section 5.4 of this report.

4.2 Structure of the Model System

Figure 4.1 is aflowchart showing how the five primary modules relate to one another within the overal
AMOS framework.

Thefirs module isthe Basdline Activity- Travel Andyzer. 1t reads trip records, checks them against
trangportation network data, and assembles coherent basdline activity-travel patterns. The next module,
TDM Response Option Generator, reads these basdline patterns and provides a basic behavioral
response that an individua may exhibit when subjected to a TDM drategy. The third module, Activity-
Travel Pattern Modifier, uses the basic response to determine secondary and tertiary changes that may
occur in the basdine trave itinerary as aresult of the TDM poalicy. It offers multiple dternative activity-
travel patterns that may be consdered by anindividuad. The Evauation and Search Termination module
evauates these dternative patterns and determines the one that is most likely to be adopted by the
individud. Findly, the Statistics Accumulator computes individual and aggregate trave indicators for the
adopted modified activity-travel patterns. Section 5 provides detailed discussions on each of the
modules comprisng AMOS.
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Table 4.1 describes the output information provided by each AMOS module. Most of these output
variables dso condtitute input variables of other AMOS modules as shown in Figure 4.1.

Table4.1: Output Variablesfor AMOS Modules

AMOS Module

Output Variable

Basdine Activity-Travd Andyzer

Coherent and logicdly consstent basdline travel pattern and
activity engagement profile

TDM Response Option Generator

Basic behaviord response of individua to TDM drategy
under investigetion

Activity- Travel Pattern Modifier

Alterndtive activity-travel patterns that may be considered
after introduction of TDM dirategy

Evauation and Search Termination Alternative activity-travel pattern that is most
Module likely to be adopted by individua after introduction of TDM
drategy
Statistics Accumulator Individuad and aggregate travel indicators describing
characterigtics of adopted dternative activity-travel pattern
4.3 Data Needs

The AMOS prototype has been developed to fully utilize data bases that are available from typica
MPOs while minimizing the need for non-existent data. Despite the paradigm shifts discussed in Section
4.1, in particular the focus on activities rather than trips, shift in data requirements has been kept to a

minimum.

Implementing AMOS in aregion requires the following datathat are typicaly available from the area

MPO:

o traffic andysszone (TAZ) sydem,

* TAZ-to-TAZ network travel time by mode and distance,

* land-useinventory by TAZ,

» exiging mode choice models and trip distribution modedls, and
» dandard trip diary data of household members with basic trip information such as origin, destination,
trip purpose, departure and arriva times, and mode.

Based on these regiond data, the AMOS prototype develops regiona forecasts using a pivot method

(see Section 6.5).

In the near future more rigorous regiond forecasting will be made by generating synthetic households for
micro-smulation. For this, will be needed. It isbdieved that these distributions can be obtained from

publicly available census tape.




» thedigributions of household size, vehicle ownership and income by TAZ, and
» thejoint digtribution of household size, vehicle ownership and income for the region,

In addition, if AMOS s being implemented as a policy tool for TDM evalution, it isrequired that those
TDM drategies that are congdered for potential implementation be identified and their characteristics be
determined, namdly,

» thetypesand characteristics of TDM srategies under consderation (policy input).

Finaly it is desirable that study arearesidents responsiveness to the TDM strategies under
consderation be accurately reflected when implementing AMOS to the region. Thiscallsfor

* individuds potentid responsesto TDM drategies, aong with their demographic, socio-economic,
and travel characteridtics.

The last requirement cdls for a survey which involves stated- preference questions to potentiad TDM
drategies. This survey requires only a moderate size of sample (about 500). The results of this survey
will be used to customize the response option generator (see Section 5.2) and other AMOS
components to the region. The survey conducted in the Washington, D.C. areaiis described in Section
6.

In sum, most AMOS data requirements can be satisfied with datathat are maintained by, and available
from, most MPOs. The only exception is TDM response data for which a specid survey isrequired.

Since this project represents the first implementation of an AMOS prototype, the survey described in
Section 6 has been designed to collect information for prototype development. In the future as AMOS
becomes more complete and refined, information required from the survey is expected to decrease.
Exactly how much information needs to be collected in a survey for each ingdlation, and whether a
survey needsto be repeated in every ingdlation, need to be determined in the future.

4.4 Areasof Application

AMOS s being developed as an extremely versatile transportation policy andysistool. It may be
considered a comprehensive activity-based travel demand forecasting system thet istruly behaviord in
nature. Assuch, AMOS s ableto serve ahogt of gpplications including:

» Travel Demand Forecasting: First and foremost, AMOS isthe first operationa activity-based
travel demand forecasting sysem. AMOS is a dynamic micro-smulator of individua activity-travel
patterns and therefore can be used to predict travel demand under various future scenarios.

* Policy Analysis AMOS can be used as a comprehensive policy andysistool. For example,
AMOS can predict changesin trave patterns that may result from the introduction of awide variety
of TDM measures.



» Activity Engagement and Time-Use Modeling: The activity-based approach underlying
AMOS dlows the explicit modeding of individud activity engagement and time-use. The model
system can in turn be used in severa research areas including trangportation, psychology, sociology,
and hedlth sciences.

* Air Quality Analysis The dtatistics accumulator provides information on cold and hot starts, fuel
consumption, and vehicle miles traveled for activity-travel patterns that may be adopted as aresult
of aTDM drategy. These statistics can be used in conjunction with air quality and energy models
to perform emissions andyses and fud consumption anadyses.

AMOSis capable of addressng many of the issues and questionsraised by ISTEA, of 1991 and
CAAA, of 1990 that have set a new stage for trangportation planning and policy andysis. On the other
hand, traditiond four-step procedures are not able to address these issues. In the next few sections of
this report, the components of AMOS are described in detail and itsimplementation in the Washington,
D.C. metropolitan areais discussed.
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Chapter 5. AMOS System Components

AMOS isasystem of integrated computer models designed to predict traveler behavior through a
micro-smulation of trangportation activities and decisons. AMOS will provide, in responseto a TDM
measure, amodified activity and travel pattern that satisfies a person given his or her socio-economic
and demographic characterigtics, and basdine travel pattern. AMOS conssts of five main computer
models (or components) that collectively and systematicaly accomplish this objective. The five main
components that comprise the AMOS system, shown in Figure 5.1, are described as follows:

» Baseline Activity-Travel Analyzer. The basdine activity-travel anayzer readsindividud trip
records, compares them with the network data for logica consstency and missng information, and
then generates a coherent basdline activity-travel pattern for each individud. Basdine activity-travel
patterns (or profiles) of al documented individuals are used by the remaining AMOS system
components.

» TDM Response Option Generator. Thismodule creates the “basic” response of an individua to
aTDM drategy. Itisaneurd network mode that istrained by using reveded-preference and
stated-preference data. The modified basdine travel pattern from the Basdline Activity- Trave
Analyzer, demographic and socio-economic attributes, and TDM characteristics under investigation
serve as inputs to this module. The outputs of this module are the behaviora responses. The TDM
measures are characterized by their cost changes, travel time changes, mode attribute changes, and
imposition or relaxation of condraints.

o Activity-Travel Pattern Modifier: This modue condtitutes the activity-trip re-sequencing and re-
scheduling algorithm. 1t provides one or more modified but feasible dternative activity-travel



patterns based on the responses provided by the TDM Response Option Generator. The inputs of
this module include the basdine activity-travel patterns, network data, land- use data, socio-
economic and demographic characteristics, and the response options from the TDM Response
Option Generator. The output of this module is a modified activity-travel pattern. Thefeashility of
amodified activity-travel pattern is checked for consstency and logic againgt a set of rule-based
congraints.

Evaluation Module and Acceptance Routines: This component evauates the utility associated
with amodified activity-travel pattern generated by the Activity-Travel Pattern Modifier.
Operationdly, its built-in acceptance routines assess whether a modified activity-trave pattern will
be accepted or rgjected on the basis of a human adaptation and learning model incorporating a set
of search termination rules.

Statistics Accumulator: This module reeds dl feasible accepted activity-travel patterns provided
by the Evaluation Module and generates descriptive and frequency dtatistics on adaily basis. These
descriptive and frequency datisticsinclude vehicle miles traveled, number of trips by mode and by
time of day, number of stops by purpose, trip chains, activity duration by purpose, travel times by
purpose, vehicle occupancy, cold and hot garts, etc. In conjunction with basdline travel patterns, it
can provide measures of change in travel characterigtics.



Figure 5.1: Activity-Mobility Simulator (AMOS)
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5.1 Baseline Activity - Travel Analyzer

The Basdine Activity-Travel Andyzer isthe firs module of the AMOS modd system. Its flow structure
isshown in the Figure 5.2. The module reads individud trip records from the MWCOG Household
Trave Diary Survey Data and compares them with network datafor logical consstency on the basis of
certain criteria. These criteriainclude spatia continuity, temporal continuity, and moda continuity.

Spatid continuity states that the origin of atrip should match the destination of the previoustrip.
Tempora continuity guarantees that the beginning time of atrip should be dways greater than or equd

to the ending time of the previous trip. Findly, modd continuity states that the mode of atrip is
dependent upon the mode used in the previoustrip. Any logica inconsstency againgt these criteriawill
be corrected by the andyzer and missing information will be supplemented.



Figure 5.2: Baseline Activity-Travel Analyzer
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Following the logica consstency checks, the andyzer will identify certain activity-travel characteristics
that are key parametersin subsequent components of the AMOS model system. For example, the
andyzer will determine whether stops are made on the way to or from work and whether auto trips are
made while theindividud is at the work place. Identification of these parameters helps define the
congraints under which the TDM Response Option Generator and the Activity- Travel Pattern Modifier
must search for feasible behaviora responses.

The Basdline Activity- Travel Analyzer then generates a screened basdline daily activity-travel pattern.
All corrected and supplementary information is flagged appropriately as anote of change introduced by
the program. The analyzer determines whether the activity-travel records fal within the purview of the
TDM options and provides these records as input to the TDM Response Option Generator and the
Activity-Travel Pattern Modifier.

5.2 TDM Response Option Gener ator



The flow structure of the TDM Response Option Generator is shown in Figure 5.3. Inputsto the
generator include the modified basdine activity-travel characteristics, TDM characterigtics provided by
user, and the socio-economic characterigtics of both household and individud. Characterigtics of the
TDM can be easily modified viaa windows-based graphica user-interface. This property facilitates
convenient and expeditious andysis of different TDM scenarios and levels,

Figure 5.3: TDM Response Option Generator
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The TDM Response Option Generator employs a neurd network being trained with inputs of both
revea ed-preference and stated- preference data. A neurd network is an assembly of artificid neurons
that are usualy arranged in layers. Input variables, for example, socio-economic characteristics and the
modified basdine activity-travel pattern etc., serve asinput neurons. A weighted set of theseinputsis
then transmitted to the next layer, and the processis continued until the output layer is obtained. Output
neurons indicate which outcome -- in this case a TDM response option -- islikdy. Traning the neura
network involves the estimation of weights such that the neura network will provide an appropriate
output in response to a certain set of inputs.



The neurd network developed for the AMOS modd system is based on the theory of Connectionism.
Theory of Connectionism postulates that humans process information by bresking it down into smaller
inter-connected elements. The strengths of these connections are defined by the weights, estimated
during the training of the neura network.

Various response options are being consdered in this verson of AMOS. These include;

* Nochangein travel behavior

»  Change departure time for work trip

»  Switch work trip mode to transt

»  Switch work trip mode to car/van pool
»  Switch work trip mode to bicycle

»  Switch work trip mode to walk

*  Work a home

Anindividuad may respond in any one of these seven ways, given changes being brought by the
introduction of aTDM option. Given the input variables, training the neurd network will yield
probabilities that the individua would choose each of these response options. Based on these
probabilities, a particular response option is chosen viaa Monte Carlo smulation. The chosen response
option serves as akey input to the Activity-Travel Pattern Modifier.

5.3 Activity-Travel Pattern Modifier

The Activity- Travel Pattern Modifier generates feasble aternative activity-travel patterns that an
individual may adopt as a consequence of the response option chosen in the TDM Response Option
Generator. The modifier congsts of a complex agorithm that can re-sequence and re-schedule
activities, bresk and make trip chains, and change travel modes and activity locations. The Structure of
the modifier is shown in Figure 5.4 and its various aspects are discussed in the following sections.

5.3.1 Approach

Figure 5.4 illustrates the basic approach followed by The Activity- Travel Pattern Modifier. Itsinputs
include the basdline activity-travel pattern and socio-economic characterigtics of the individua, hisor her
behaviora response to a TDM option, and secondary data bases including network data and land-use
information.

The Activity- Travel Pattern Modifier ingpects the basdline activity-travel pattern and determines whether
any modifications are needed. For example, if anindividud isfound to travel by auto only during off-
peak periods and the implemented TDM measure is peak-hour congestion pricing, then modifications to
the basdline activity-travel pattern are not necessary. On the other hand, if modifications are deemed
necessary, then the modifier will re-sequence and re-schedule activities, adjust travel modes and
destinations, and establish new trip chains as gppropriate.



These modifications will result in the formation of an dternative activity-travel pattern. The pattern is
then sent through a series of logica consstency and feasibility checks againgt a set of rule-based
congraints. If the alternative pattern does not pass the feasibility check, the pattern is rgjected and the
modifier will search for anew pattern. If an dternative pattern passes the feasibility check, it will be sent
to the next AMOS component for evauation.

Figure 5.4: Activity-Travel Pattern Modifier
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5.3.2 Activity-Trip Re-sequencing Algorithm

The activity-trip re-sequencing agorithm generates dternative activity-travel patterns using a set of
heurigtic rules and congraints within which travelers make decisons. The modifier implementsa
different dgorithm for each possible behaviora response to a TDM measure. Due to the complex
nature of activity-travel behavior and its underlying relationships, Smplifying assumptions have been



adopted in the development of the first versions of these algorithms. These assumptions are described
asfollows.

Activity and task alocation among household membersis not considered. Only the activity-travel
pettern of one individua in a household is andyzed, independent of activity-travel behavior exhibited
by other household members.

Out-of-home activity durations for various purposes are kept a constant before and after the
introduction of the TDM measures. However, in-home activity duration and travel times may vary.
The frequency with which various out-of-home activities are pursued is o kept a constant before
and after the introduction of the TDM measures. However, trip frequencies may vary astrip linking
patterns may be modified.

The activity-trip re-sequencing agorithms do not consider multi-day activity-trip engagement. Only
one-day activity-travel itineraries are adjusted, independent of activity-traved itineraries on any other
day.

The dgorithms ded only with activity-travel pattern modifications for commuters.

As such, the agorithms currently operate on a one-day basdine activity-travel pattern of one commuter
in a household, while holding the frequency and duration of out-of-home activities fixed. However, the
agorithms do dlow for the modification of severd activity-trave attributes including:

Travel mode

Trip destinations (activity locations)
Trip timing (activity scheduling)
Trip chaining (activity sequencing)

There may be many possible ways in which these attributes may be modified. However, the search for
dternative feasble patterns is made efficient in AMOS through the introduction of a series of logica
rule-based conditions. Thefallowing isaliging of the main rules and condraintsto which dl
modifications must adhere:

Spatio-Tempord Congraints

Activity Duration: Activity duration for purposem, Am O,fordl m=1, ..., p.

Trip Duration: Trip duration for a specific-purpose activity m, Tm em, fordl m=1, ..., p,
where e isthe lower bound for trip duration. Also, em = f(m, ¢) where m isavector of moda
attributes and c is a vector of network attributes for the trip.

Temporal Continuity: BT(n+1) = ETn+ An, where BT(n+1) represents the beginning time of trip
(n+1). ETn represents the ending time of trip n, and An must be equd or greeter than zero.

Spatial Continuity: The destination place of trip (n) becomes the origin place of trip (n+1). That
is, D(n) O(n+1) .

Physiologicd Condraints




e Totd time soent in-home (or its equivdent), Ah  d, where d isthe lower bound (minimum) of the
time needed for a person to fulfill physiological needs including deep, preparing and/or eating medls,
persona and household care, etc. Thislower bound will differ from individud to individud; i.e, d =
f(z, X) where z isa vector of employment characteristics and x is a vector of household
characterigtics.

* Inaddition, certain pecific activities related to satisfying the biologica needs of the human body
may have lower bounds. Activities mentioned above, namely, deep, eating med, and persond care
are likely to have lower bounds. This may not apply to everyone under dl circumstances. In
generd, Ai di, where i represents a subsistence activity.

Assumptions regarding subsistence activities are expressed as follows:

* A st of persond care and hygiene activities should precede the journey to work.
» Eating med activities generdly occur during the day.

»  Seeping usudly occurs a night under aroof.

Asaninitid effort in the AMOS implementation, scheduling these basic subsstence activitiesin any
modified patternsis being kept as smilar to the baseline patterns as possible.

Coupling Congtraints

Institutional: Work Related

o Spatial Fixity of Travel and Activities: Work place is predetermined for those who aways work
at the same place or fixed in red time for congtruction workers, on-site service personnd, etc.

» Temporal Fixity of Travel: The beginning and end-times of acommute trip should fal within
certain time bands. For example, ET(w,min) ET(w) ET(w,max) where ET(w) represents the
ending time of atrip to work. ET(wmin) and ET(wmax) are the minimum and maximum ending
time of atrip. Then, the time interva within which the work trip begin time BT(w) must satisfy
BT(w,min) BT(w) BT(w,max), where BT(w,min) and BT(w,max) refer to the minimum and
maximum trip begin time. In addition, BT(w,min) = ET(w,min) - T(w,max) and BT(w,max) =
ET(w,max) - T(w,min). T(w) representstrave time to work. T(w,min) and T(w,max) arethe
minimum and maximum travel time to work. T(w) isafunction of modd atributes, network
attributes, and the individud’ stravel pattern. A stop on the way to work can well increase the value
of T(w).

Both of the above apply to work-related activities and trips.

» Temporal fixity of activities: Work and work-related activities must be accomplished within
certain time intervas. The degree of their flexibility isafunction of employment, persond, and
household characteristics. So, BA(w,min) BA(w) BA(w,max) where BA(w) represents the
beginning time of work activity. BA(w,min) and BA(w,max) are the minimum and maximum
beginning time of the work-related activities. Smilarly EA(w,min) EA(w) EA(w,max) must be



held dso. EA(w) represents the ending time of work activity. EA(w,min) and EA(w,max) arethe
minimum and maximum beginning time of the work-related activities. These congraints apply for
each piece of work activity. It isimportant to note that tempora fixity of travel is closdy related to
the tempord fixity of activities. For example, BT(w,max) = BA(w,max) - T(w,min).

* Nonwork activities can be performed before work, after work, or within smdl time windows
during work (e.g., lunch breaks) subject to certain indtitutional congtraints. These condraints are
defined below.

Institutional: Non-Work Related

» Thereare many operationa formulas that may apply here. A few examplesinclude: OPENTnw
BAnw CLOSETnw. The beginning time of an out-of-home and non-work activity BAnw is
usualy governed by the opening and closing times of the store, business and gym expressed as
OPENTnw and CLOSETnw.

* EAnw < BA(w,max) or BAnw > EA(w,min) A non-work activity must end before the latest
required work start time. Or dternatively, anortwork activity can begin only after the earliest
possible work end time. These formulas can be further enhanced by including travd timesin the
relationships. These rdaionships hold for any intermediate time window available for non work
activities during work hours.

» Both persona business and shopping trip destinations and time of the day may change subject to
satisfying interrelated spatid and tempord congraints.

» All schoal trips and child serve-passenger trips are congtrained like work trips. They have fixed
destinations and fixed time intervals within which arrival and departure must occur. Most of the
formulas gpplicable to work and non-work activities apply to these trips.

Household Role-Based Condtraints

* A person may be condrained to arrive a home by a certain time to take care of household duties.
The exigence and nature of this condraint is a function of household and persond demographic and
socio-economic characterigics. Generdly, ET(hmax) BA(h,max) , where ET(h,max) represents
the latest dlowable ending time of atrip to home and BA(h,max) representsthe latest dlowable
beginning time of in-home activity. BA(h,max) = f(z, x), where z isavector of employment
characterigtics and x is a vector of household characteristics.

» Household members may prefer to pursue certain activities jointly, esting mealsin the evening. This
certanly places condraints on household members arriva time a home in the evening and
consequently the departure time from work.

Moda Condtraints

* A vehidemus be avallable for an auto driver trip. Then, HHCARS > 0 where HHCARS
represents household car ownership. Also, avehicle must be available at the time and location
where the trip originates.



* Modd continuity must be maintained. The mode of trip (n+1) is the same as mode for trip (n)
unless the purpose of trip (n) is home, change mode, or serve-passenger. Use of acompany car is
permitted during work hours.

* Nointermediate stops are only alowed for carpool commute trips except for dropping off and
picking up carpool members.

» Trangt trips are congtrained by trangt operating hours, schedules, and routes.

» Wadking and bicycle trips or access are constrained by bicycle availability, safety consderations,
and distance.

Activity Condraints

» Activity duration will have both lower bounds and upper bounds. Then, A(i,min) Ai A(i,max)
where Ai represents the activity duration for activity typei. A(i,min) and A(i,max) arethe minimum
and maximum duration time for activity typei, respectively.

* Thesum of dl activity durations and any individud activity durations must be less than or equd to 24
hour. Thisrule can be expressed as. A(i,max) 24 hoursand SAi = 24 hours.

» Mandatory activities including going to work and attending classes are pursued first. Flexible
activities such as persond business and subsistence shopping are performed afterwards.
Discretionary activities including convenience shopping, recreation, and entertainment are pursued a
last. Trade-offs among time spent a various activities are reflected in the modified activity/travel
patterns.

» Caertain preferences may govern the time-of-day during which certain activities are pursued. For
example, lasure activities such dining and going out to amovie usudly occur in the evening.

Vdueof Time

» Margind utilities of travel vary across modes, people, and environmental scenarios.
* Route choice preferences vary acrossindividuas with different socio-economic characteristics and
different perceptions.

The activity-trip re-sequencing agorithm uses these rules and congraints in generating aterndtive
activity-travel patterns.

5.3.3 Simulation of Trip Timing and Mode

Attributes of tripsin the new activity-travel patterns generated by the activity-trip re-sequencing
agorithm are determined by using a series of models. Discrete choice models have been incorporated
to determine modes used for various trips. Interdependency among trips, for example, the mode used
for trip n-1 must dso be used for trip n, isexplictly accounted for in the rule-based congtraints. Trip
departure times are dso determined within the rule-based congraints while recognizing the need for
tempord continuity and tempord fixity, for example, work trips may be fixed with respect to their
ending times. If atrip departure timeisflexible, for example, departure time of atrip after ahome
sojourn, probabiligtic rules are gpplied to logicaly infer the likely departure time. This determination can



be made using travel time from the network file given information on the trip origin, destination, and
mode.

In addition, there may be Situations where the trip destination may be chosen. For example, if a person
switches from SOV to trangt, it islikely that any activities done on the way to work could now be
undertaken at dternate locations. A location/destination choice mode has not yet been incorporated
into the activity-trip sequencing to account for this possibility. At thistime, destination locations are kept
fixed when generating dterndive activity-travel patterns. However, future enhancements of the AMOS
model system will incorporate a location/destination choice modd that uses el aborate |land-use data to
develop attractiveness and bility measures of various destination opportunities.

5.3.4 Feasibility and Consistency Check

The dternative activity-travel pattern generated by the activity trip re-sequencing dgorithmisfindly
checked for its feashility and logicd conastency. Many of the rules and congraints defined previoudy
in Section 5.3.2 are used to perform this check. If a pattern isfound to violate arule, The Activity-
Travel Pattern Modifier discards the pattern and loops back to the activity trip re-sequencing agorithm
to generate another pattern. If no other feasible pattern can be generated, then another TDM response
option is generated and activity-travel pattern modification is attempted again.

If an dternative activity-travel pattern passes the feasibility check, theniit is sent for further processing.
The modified activity-travel pattern is assembled and sent to the next component of AMOS, namely, the
Evduation Module and Acceptance Routine.

5.4 Evaluation Module and Acceptance Routines

This component evauates the utility associated with dternative activity-travel patterns generated by the
Activity-Travel Pattern Modifier. It assesses whether a certain dternative activity-travel patternis
acceptable and whether the search for a new pattern should be continued.

55 Statistics Accumulator

The Statistics Accumulator congtitutes the find output and reporting device of the AMOS mode
system. Its structure is shown in Figure 5.5. An accepted activity-travel pattern from the previous
component serves asinput to the statistics accumulator. The accumulator examines the activity-travel
pattern and interfaces with a datistica routine to compute various descriptive and frequency summaries
for an individua’ s daily travel pattern. These measures include the type of activity, trip frequencies by
purpose, trip frequencies by mode, activity and trip frequencies by time of day, vehicle milestraveled,
travel times, number of hot and cold starts, time-use utility, and sdected demographic and socio-
economic characterigtics.



Figure 5.5: Statistics Accumulator®
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The Statistics Accumulator first records an individual data base that contains records of al feasible
activity-travel patterns generated for that individua. This component is accessed a severd locationsin
the AMOS mode system and therefore must keep arecord of al feasible activity-travel patterns
generated for an individua. After the andlysis of an individud is completed, only the final adopted
activity-travel pattern isretained in the permanent database. Then the Statistics Accumulator
accumulates various satigtics of the adopted activity-travel patterns of the entire sampleinto a
permanent database. This database lends itsdlf further to regiond forecasting and policy andyss.
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Chapter 6: Application to the Washington, D.C. Area

As probably the firgt implementation of an activity-based policy andysistoal in the world, AMOS s
applied to the Washington, D.C. areafor the Metropolitan Washington Council of Governments



(MWCOG), the MPO for that area. The gpplication involved an daborate survey effort (which shdl be
referred to as the AMOS Survey) involving the collection of both revea ed- preference and stated-
preference data. This survey provided the necessary information for training the neurd network in the
TDM Response Option Generator module of AMOS. Once the neura network training was
completed, MWCOG's household travel survey data (trip diary data) provided the basdine travel
patterns to which AMOS could be gpplied. This section describes the AMOS survey in elaborate
detall, presents the results of neurd network training and sengitivity analysis, then provides sample
results of the gpplication of AMOS to MWCOG's household travel survey data.

6.1 AMOS Survey

The objective of the AMOS survey was to develop a data set that can be used to modd individud and
household responses to various TDM measures. The survey introduces two innovative approaches to
examine individuas and households travel behavior in response to changesin the travel environment --
atime-use (or activity-based) travel survey and a stated- preference (SP) approach.

6.1.1 Approach

The AMOS survey isatime-use (or activity-based) travel survey that explicitly posits travel behavior as
ademand derived from individuals demand to conduct various activities (and hence, to usetime) at
different times and locations. Hence, a complete activity-travel diary was collected for the respondent.
The second innovative feature of the survey was the stated- preference approach that was employed to
gather data on the response to the introduction of TDM measures. Stated- preference approaches
involve asking respondents to express their preferences or responses to hypothetical scenarios that have
been characterized in terms of attributes (in this case, changesin the travel environment). In this survey,
respondents were asked to identify how they would respond to a change in the travel environment
created by specific TDM measures. Obvioudy, stated-preferences are relied upon where thereis no
pre-exiging data. As such, the SP gpproach is subject to the limitations of an imagined response as
opposed to actud revealed-preference (RP) data. In order to control for these types of limitations
every meansis employed in this effort to increase the redlism of the hypothetical Stuation to which the
respondent is exposed. This was accomplished primarily by: (1) explicitly exploring the impacts of the
proposed TDM measure on the respondent’s own activity-travel pattern recorded on and reported for
the prior day (e.g., in terms of itsimpact on trip attributes -- time, costs, mode, etc.), (2) checking their
response againg the potentia congraints of their activity-travel pattern (e.g., a parent's obligations to
drop off achild at day care and arrive at work by a certain hour), and (3) customizing TDM parameters
to best represent the respondents commute Situation.

Together these approaches provide the basis for exploring trade- offs people may make between in-
home and out-of-home activities (e.g., rather than eating breskfast at home, a commuter may leave
home early and eat on the road or at work to avoid peak period), re-scheduling (eg., combining or
deferring) activities throughout the day, and the occurrence of condraints that bind an individud to a
particular activity-travel pattern (e.g., child care). If an activity-based survey was conducted for an
entire household over the course of aweek, the basis for exploring trade-offsin activities between



family members and over time could be examined. However, this was not possible due to resource
limitations.

Based on these objectives, the survey acquired the following information for a sample of households:

» genera household socioeconomic characteristics (number of persons, car ownership, etc.);

» characterigtics of household occupants (age, sex, employment status, work location, etc.);

» forasngle sdected individud in the household, information on higher time-use and travel was
collected both in-home and out-of-home and included an activity-trip diary on a particular
weekday;

» for the same sdlected individud, a set of Sated-preference responses to a selected set of
hypotheticad TDM policies were gathered.

6.1.2 Sample Design

The target population consisted of adults who commuted regularly (3 times per week or more) to school
or work in the MWCOG jurisdiction. While it was recognized that a sgnificant proportion of the
market response to TDM measures would aso come from norn-commuters, higher probabilities are
placed on commuters.

The sampling frame for this survey was three dimensond:  households were selected at random,
persons to be interviewed were selected a random from the commuters in the household, and
activity/travel days were sdected at random for personsin the sample. Travel days were assgned
throughout the survey so that an gpproximately equa number of activity/travel days were assigned for
each weekday (Monday through Friday excluding holidays). The representative sample of numbers
was secured for both listed and unlisted tel ephone numbers in the MWCOG region.

Because the respondent universe was likely to be very diversein behavior and attitudes and because
hypothetical TDM scenarios had to be customized for each individud's activity and travel pattern,
complex skipping patterns were required in the survey questionnaire to collect the desired information in
an effective manner. Hence, an ontline computer aided telephone interviewing (CATI) gpproach was
selected which was able to automaticaly control al skipping patterns with complete rdiability and no
time ddays.

6.1.3 TDM Measures Considered in AMOS Survey

Following are the TDM measures that were sdected in conjunction with aworking group condsting of
representatives from MWCOG, FHWA and EPA for the AMOS survey. The selection of these TDM
measures was a function both of those proposed in the MWCOG region, as well as those that provided
anumber of andytica chalenges.

TDM #1: | Parking Pricing:



incrementd parking surcharge at work place

-- $1 to $3 per day in suburbs

-- $3to $8 per day in DC and downtowns

walking time trade- offs. 10 minutes, 15 minutes and 20 minutes

TDM #2: I mproved Bicycle/Pedestrian Facilities:

well-marked and well-lighted bicycle paths and a secure place to park abike
wherever a person went

TDM #3: TDM #1 & TDM #2

TDM #4: Parking Pricing & Employer-Supplied Commuter Voucher

-- $40 to $80 per month for both

TDM #5: Congestion Pricing

--10% to 30% time savings and $.15 to $.50 charge per mile

TDM #6: TDM #4 & TDM #5

TDM #1, the parking charge, was complicated by two factors. First, parking charges vary over the
MWCOG region. Second, there is a considerable amount of free parking even in the central business
digricts aswdl asthe outer suburbs. Considering these, the level of parking pricing is expressed in
terms of surcharges. For the customization of SP questions, MWCOG provided a detailed map of
average daily parking costs by area. Rather than trying to get too specific about the location of the
respondent's workplace, the survey obtained the city where the person worked. According to
MWCOG, average daily parking costs range roughly between $1 and $3 in the suburbs (i.e,, insde the
“Beltway”), and between $4 and $7.50 in the central areas. For each respondent, aleve of parking
pricing was chosen at random from the appropriate range.

TDM #2, improved bicycle/pedestrian facilities, is described as continuous, well-marked and well-
lighted network of bicycle and pedestrian paths and a secure place to park a bike wherever a person
went.

TDM #1, and TDM #2, were combined as a separate TDM scenario to explore the potentia for
synergidtic rather than merely additive effects.

TDM #4 provided an employer-supplied commuter voucher and a supplementary parking charge over
and above what the commuter currently paid &t the time of the survey. The MWCOG region has
considered a combination of $60 monthly benefit and $60 supplementary monthly parking charge,
which would result in a zero net cost to sSingle-occupant vehicle (SOV) users. MWCOG's proposed
charges were used as guiddines for those combinations developed for the AMOS survey.

TDM #5 was a congestion pricing measure. MWCOG reported their congested hours (facilities
operating at leve of service E or F) had been from about 6:00 am to 9:30 am and about 4:00 pm to
7:30 pm. The AMOS survey simplified this by making the congestion gpplicable from 6:00 am to 9:00



am and from 4:00 pm to 7:00 pm. Any driver whose trip fell whally or partly within these periods was
charged the full congestion price.

Potentia time savings have been speculated at 10% to 30% for congestion pricing of $0.15 to $0.35
per mile by MWCOG. The AMOS survey used an upper limit of $0.50 per mile. The congestion price
was gpplied to the entire trip distance, not just the portion on the freeways. The scenario thus
represents an area-wide pricing scheme. In the survey time savings of 10% to 30% of total travel times
were applied to respondents’ actua commute times while avoiding combinations of high congestion
pricing and low time savings, or low congestion prices with high time savings.

Once again, TDM #4 and TDM #5 were combined into a new scenario in TDM #6 to explore the
potentid for synergidtic effects when TDM measures are combined.

6.1.4 Survey Design
The following topics were covered in the survey questionnaire:

» Commute characteridticsincluding use of dternative travel modes

»  Work schedules (last week)

»  Stops made on the way to/from work (last week)

» Tripsmadewhile a work (last week)

*  One-day time use and travel datafor the assgned activity travel day

» Parking cost and walking distance trade- offs

* Responsesto SP questions for hypotheticd TDM scenarios:

* "What would you do if (adescription of one TDM was provided that included the impacts on the
trip attributes for the commuters activity travel pattern from the previous day)?"

»  The respondent was not prompted with alist of possible changes unless necessary. The eight
responses that were pre-coded included:

Changed departure time to work/school

Walk to work/school

Bicycle to work/school

Carpool to work/school

Trangt to work/school

Work a home

Do nothing different

Other (not specified)
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If relevant, the respondent was asked a series of questions that were tied to hisinitia response, such as.

» for changeto trangt: "how would you perform chauffeuring and other stops on the way to/from
work?"

» for change in departure time: "when would you have left for work?"

» for many responses: would this have changed any other activities that you did?

» Household and person demographics and socio-economics.



A complete copy of the survey insrument is included in gppendix B.
6.1.5 Survey Administration
The AMOS survey was a multi-phase CATI survey with mail-out instruments conducted, as follows.

* Phasel --initial CATI: screening, commute characterigtics, work schedules, demographics,
assign travel dates, etc.

* Phase 2 -- mail-out: memory joggersto record trave itinerary

* Phase 3 -- second CATI: time-use and travel survey, stated- preference TDM questions
customized to each individua's commute Stuation

Theinitid contact with the household was used to gather household occupant information, to recruit a
sdlected individud as the commuter to provide follow-on response in Phases 2 and 3 of the survey, and
to assgn aday for recording hisher activities and travel diary. In the second phase, a"memory jogger”
was mailed to the selected individud for himv/her to record their activities and trips on the assigned day.
In the third phase, the activity travel information was retrieved and the stated- preference portion of the
survey was adminigtered, on the day following the assigned travel day.

The AMOS survey employed a number of techniques to insure that unbiased data was collected and to
optimize the response rates, as follows:

* A combined random digit diding and reverse directory were used to efficiently obtain a sample of
both listed and unlisted households,

» Introductory letters describing the survey were sent prior to the initid household telephone contact
on the survey contractor's | etterhead to listed households;

» The sample was based on the proportion of population from counties within MWCOG's modeled
region indluding the District of Columbia, Virginiaand Maryland,

* Theinitid CATIswere conducted from 11/19/94 to 12/31/94 with travel dates assigned from
11/28/94 to 12/16/94.

The find sample conssted of 656 fully completed survey ingruments (i.e., completed through the
CATI-2). Theactivity travel diaries for the completed CATI-2 surveys were evenly distributed across
the five day work week.

Table 6.1 shows the response rates obtained in the conduct of thissurvey. Of the final 656 completed
responses, 112 of them, or 17%, were from unlisted numbers. Thisratio of listed to unlisted completed
CATI-2 surveysis comparable to the actuad proportion of listed to unlisted phones numbersin the
MWCOG region. The low response rate for the unlisted phone numbers may make thisan
unrepresentative sample of that population. The response rates for the listed phone number were
sgnificantly higher, i.e.,, 34% of dl live cdlsto listed phone numbers completed the entire survey
compared to a completion rate of 10% for unlisted numbers. This differenceis likely due to a number of



factorsincluding that people who dontt list their phone numbers use this as a means to screen out certain
types of interactions such as surveys, aswell asthe potentia increase in credibility that the introductory
letter provided that was sent to listed phone numbers whose addresses were available.

Table6.1: AMOS Survey Completion Rates

Listed with Letters Unlisted Total Sample
Tota Attempted Numbers
2,972
2,970
5,942
Live/Answered Calls 1,583 1,081 2,664
No. Completed CATI-1 949 (60%) 334 (31%) 1283 (48%)
No. Qualified and Agreed 748 255 1,003
No. Completed CATI-2 544 112 656
as % of Quelified 72% 44% 65%
as% of LiveCdls 34% 10% 25%

6.2 AMOS Survey Sample Profile

Table 6.2 shows average household characterigtics for the respondent sample of 656 households. The
average household size is 2.7, while the average number of commuters per household is 1.7. On
average, there are 2 vehicles and 1.4 bicycles per household. 90% of the households have at least one
vehicle per commuter. A little over one-haf of the households may be consdered to fal within the
middle income class. About one-fifth of the households have at least one child less than five years of
age.

Table6.2: Average Household Characteristics
(N=656 households)

Characteristic Average Value
Houschold Size 2.7
No. of Commuters 17
No. of Vehicles 2.0
No. of Bicycles 14
% #Vehicles Commuters 90%
% Income $30K - $75K 53%
% Child < 5 years 20%




Table 6.3 provides descriptive statistics on the survey respondents who provided detailed reveded and
stated- preference activity-travel data.

Almost al of the respondents are licensed and employed. Nearly 58% of the respondents are males.
About 70% of the respondentsindicated driving done (SOV) astheir usud mode of trangport to work
(used 3 or more days per week). Average commute distance for the sampleis 15.2 mileswhile the
average commute time (measured as direct home-to-work travel time) is found to be 31.7 minutes,
Quite afew of the respondents indicated that they trip chained at least one day in the previous week
(erther during the journey to work or from work). About 13% of the respondents stopped on the way
to or from work to serve/pick up achild on at least one day. Nearly one-hdf of the respondents
indicated that they stopped on the way home from work for an activity other than serving achild. As
such, it is possble that the implementation of TDM drategies may entail rescheduling of trips and the
formation or breaking up of trip chains.

6.3 Analysisof Stated Responsesto TDM Strategies

As mentioned in Section 6.1, the respondents were presented with six hypothetical customized TDM
scenarios and asked how they would respond to them. Their responses were coded into 8 possible
categories. Table 6.4 shows the distribution of responses for the various TDM drategies.

Table 6.3: Respondent Characteristics
(N=656 Respondents)

Characterigtic Average Value

% 30 - 49 years age 60%
% Drivers License 98%
% Made 58%
% Employed (outside home) 99%
Modal Shares:. Work Trip%

Drive Alone (SOV)% 70%

Car/Van Pool% 16%

Trangt (Bus + Rail)% 10%

Bike + Wak 3%
Commute Distance (miles)%

<5 miles% 15.222%

5-25 miles 61%
Home-Work Trave Time (min.)%.

<10 min.% 31.712%




10-30 min 48%
Trip Chaining Patterns (1+ days)

Home-Work: Serve Child 13%

Home-Work: Other Activity 28%

Work-Home: Serve Child 14%

Work-Home: Other Activity 49%

At Work: All Activities 40%

6.3.1 Distributions of Stated Responses

An examination of the response distributions indicates that about 60-80% of the sample would not
change their basdine activity-travel pattern even after the introduction of a TDM drategy. Interestingly,
combinations of TDM drategies do not seem to provide cumulative impacts. Congestion pricing yields
the largest percent change (nearly 40%). In generd, the indications provided by thetable are as
anticipated. Parking pricing strategies have little impact on departure time, but substantia impact on
mode switching. Congestion pricing appears to have a substantia effect on both departure time and
mode to work. Improved bicycle and pedestirian facilities (TDM#2) was met with 11% of the sample
indicating aswitch to bicycle. Interesting results were obtained when these response distributions were
cross-tabulated againgt various socio-demographic and commute characteristics. Sections 6.3.2 and
6.3.3 provide a sample of such cross-tabulations in an effort to explore factors that contribute to
variations in stated choices across different population segments.

Table6.4: TDM Strategy Response Distributions
(N=656 Respondents)

Response TDM #1 | TDM #2 | TDM #3 | TDM #4 | TDM #5 | TDM #6
No Change 70% 82% 75% 71% 61% 62%
Change Departure Time to 1% 0% 0% 1% 20% 12%
Work

Switch to Trangt 11% 3% 5% 10% 8% 10%
Switch to Car/Vanpool 10% 3% 5% 9% 4% 6%
Switch to Bicyde 1% 11% 12% 6% 4% 5%
Switch to Wak 2% 1% 1% 1% 1% 1%
Work a Home 2% 0% 1% 1% 1% 1%
Other 4% 1% 1% 2% 2% 3%
TDM#1: Parking Pricing

TDM#2: Bike/Ped Improvements

TDM#3: TDM#1 + TDM#2

TDM#4: Parking Pricing+Empl Voucher




TDM#5: Congestion Pricing
TDM#6: TDM#4 + TDM#5

Satidtica tests were performed to examine the null hypothesis of equality of response distributions
acrossthe TDM measures. The response distribution to TDM#1 was found to be significantly different
(at the 0.05 level) from that to TDM#2. The c2 test statistic was found to be 22.8 with 7 degrees of
freedom. Similarly, the response distribution to TDM#1 was found to be different from that to TDM#3,
the combination TDM dirategy. The response digtribution to TDM#1 was found to be significantly
different from that of TDM#5, but not Sgnificantly different from that of TDM#4. This seemsto indicate
that the effect of the employer benefit/voucher program was not significant. 1t was aso found that, when
compared againgt the combined TDM srategy TDM#6, both TDM#4 and TDM#5 response
distributions were not statistically different. Table 6.5 provides selected c2 test statistics comparing
various response digtributions.

Table6.5: Statistical Tests of Similarity of Response Distributions

TDM Disgtributions Sgnificance Levd (p

Compared c2 Test - Satidic Degrees of Freedom vaue)
TDM #1 vs. TDM #2 22.8 7 0.0019
TDM #1 vs. TDM #3 16.86 7 0.0183
TDM #2 vs. TDM #3 2.35 6 0.8848
TDM #1 vs. TDM #4 5.01 7 0.6585
TDM #1 vs. TDM #5 24.0 7 0.0011
TDM #4 vs. TDM #5 20.5 7 0.0046
TDM #4 vs. TDM #6 10.80 7 0.1474
TDM #5 vs. TDM #6 2.94 7 0.8908

As shown above, the response digtribution to TDM #3 is significantly different from that to TDM #1.
There gppear to be synergy effects produced by combining parking pricing and bike/pedestrian facility
improvement. A further inspection of the digtributions (Table 6.4), however, indicates thet thisis not the
case. Inresponse to parking pricing done (TDM #1), 70% of the respondents indicated they would
make no change while 30% indicated some adjusments. When presented with the synergy scenario of
parking pricing combined with bike/pedestrian facility improvement (TDM #3), the fraction of the
respondents indicating behavioral changes decreased to 25%. Since the latter synergy scenario
represents a larger magnitude of change in the travel environment than does the former, it should have
produced alarger fraction of respondents indicating behaviora changes.

Thisinconsstent result isdueto atota of 76 respondents (12.0%) who responded to TDM #1 with
behaviord changes while indicating “no change’ to TDM #3. Although thisinconsstency is much less
frequent between the responsesto TDM #2 and TDM #3 (19 respondents, or 3.0%), the results cast



serious doubt on the vaidity of the response to the portion of the SP survey that concerns TDM #3. [t
is possible that this particular synergy combination was not presented to respondentsin awell
understandable manner. It is however unlikely that respondent fatigue or the length of the interview was
the problem because the second synergy combination, TDM #6, yielded consistent results. In any
event, the responsesto TDM #3 are not used in the analyses presented in the rest of this report due to
the incons stencies in the data.

6.3.2 Responsesto Congestion Pricing (TDM #5)

As shown in Table 6.4, there are Sx TDM response distributions.  Cross- classifying these response
digtributions againgt a host of socio-demographic variables would potentidly yield 30 to 40 tables. As
such, for purposes of brevity, only cross-classfication tables for the response ditribution of TDM #5,
Congestion Pricing and TDM #2, Bike/Pedestrian Fecility Improvement, are presented in this section
and in Section 6.3.3. Many of the findings from this analysis are dso found to be applicable to reponse
digtributions for other TDM dtrategies as well.

Table 6.6 shows the response distribution for congestion pricing by usua work mode. The usud work
mode is defined as that mode used 3 or more days per week. The trangt category includes both bus
and metro users. From the table, it can be seen that the TDM strategy has the largest impact on SOV
commuters, thisresult is as anticipated.

Table 6.6: Congestion Pricing Response Distribution by Work Mode

Car/Vanpool

TDM Response Option SOV (N=460) (N=103) Trangt (N=66)
No Change 57% 74% 83%
Change Departure Time to Work 24% 11% %
Switch to Transit 7% 6% na
Switch to Car/Van Pool A% na 2%
Switch to Bicyde 4% 4% 6%
Switch to Wak 0% 2% 2%
Work a Home 1% 2% 0%
Other 2% 2% 0%
c2 test-statistic = 35.515; d.f. = 14; p=0.0012

Approximately one-quarter of SOV users would change their departure time to avoid congestion
pricing. About 15% would change their commute mode. In other words, SOV users appear to be
more amenable to changing their departure time rather than their mode of travel. As car/van pool users
would share the costs of congestion pricing, the 11% change in departure time and 12% mode switch is
understandable. However, nearly three-quarters do not see the need to change their behavior. Asfar



as trangt commuters are concerned, 17% are found to indicate that they would change their behavior.
Further invedtigations into the characteristics of this subsample showed that they were those who used
SOV asther trangt accessmode. Astheir access trip would be subject to congestion pricing, they
presumably felt the need to change their behavior. The c2 test shows that the response digtributions
differ sgnificantly across mode groups at the 95% confidence level.

Table 6.7 shows the response distribution by commute distance.

Table6.7: Congestion Pricing Response Digtribution by Commute Distance

Commute Distance Change Mode Change Departure Time
< 5 miles (N=142) 18% 11%

5- 15 miles (N=266) 18% 23%

15 - 25 miles (N=120) 15% 26%

25 - 50 miles (N=97) 17% 19%

> 50 miles (N=8) 0% 13%

c2 test-statistic = 15.102; d.f. = 4; p=0.0045

Except for the very short distance commuters (<5 miles), dl others seem to indicate a greater willingness
to change departure time than mode to work. Very short distance commuters may be able to switch
modes rdaively easily when compared with longer distance commuters. Commuters whose distance to
work lies between 5 and 25 miles gppear more inclined to change departure time than mode. Asthe
commute distance increases beyond 25 miles, the willingness to change departure time reduces.

Nobody with a commute distance greater than 50 miles was willing to change mode; possibly very long
commutes are not flexible with respect to mode shifts. In generd, commute distance is found to
ggnificantly affect individud's response options, the c2 test-detitic is found to be sgnificant a the 0.05
levd.

Table 6.8 shows the variation in response digtribution by the need for trip chaining on the way from
home-to-work. Of the 656 respondents, 226 indicated that they had stopped on at least one day the
previous week on the way from home-to-work. These commuters are found to be more resistant to
changing their mode when compared with those who did not stop at al the previous week. However,
they are dmogt equdly inclined to change their departure time. 1t appearsthat trip chaining actsas a
deterrent to mode switching, but not to departure time shifts. Approximately one-fifth of the sample
responded with a change in departure time whether or not they trip chained at least one day the
previous week. However, with regard to mode shifts, 20% of those who did not trip chain &t all
indicated awillingness to change mode. The corresponding percentage for those who trip chained at
least one day the previousweek is11%. Trip chaining isfound to be sgnificantly related to the
response digtribution at a p-vaue of 0.0628. If SOV commuters are isolated in the case of Table 6.8,
then the percent of those with no change becomes 53% and those who change departure time increases
dightly to 24%, while dl other commuter categories show little change, consistent with the above
discusson.



Table 6.8: Congestion Pricing Response Digtribution by Trip Chaining

TDM Response Option Stops on 0 Days(N=430) | Stopson 1+ Days(N=226)

No Change 57% 67%
Change Departure Time to Work 19% 20%
Switch to Trangt 9% 5%
Switch to Car/Van Pool 5% 3%
Switch to Bicyde 5% 2%
Switch to Walk 1% 1%
Work a Home 1% 0%
Other 2% 1%
C2 test-atistic = 13.406; d.f. = 7; p=0.0628

Findly Table 6.9 explores the influence of gender and household role on TDM response distributions.
The gender roleis defined by the gender (male or femae) of the respondent coupled with the presence
or absence of at least one stop to serve a child the previous week.

Table6.9: Congestion Pricing Response Distribution by Gender Role

TDM Response Option Change Mode Change Departure Time
MALE 18% 22%
Serve-Child Stop (N=35) 6% 29%
No Stop (N=347) 19% 21%
FEMALE 15% 16%
Serve-Child Stop (N=47) % 13%
No Stop (N=227) 17% 17%

In generd, alarger percentage of males are willing to change their behavior. Forty percent of maes
would change either their mode or departure time, while the corresponding percentage for femaesis
only 31%. Also, the presence of a top to serve a child appears to reduce the flexibility of changing
behavior for both males and femdes. Only 35% of maes with a serve-child stop are willing to change
their behavior, while 40% of those with no stop are willing to change. Similarly, for femaes, the
corresponding percentages are 22% and 34%. Interestingly, both of these percentages are lower for
femaes indicating their possibly greater household roles, and consequent reduced flexibility.

The andysis presented here is quite preliminary in nature and emphasizes bivariate rdaionships. In
order to model the stated responses more accurately, it would be necessary to conduct arigorous
multivariate analys's using appropriate discrete choice modeling methods. Such models are currently
under development and will be avaladle for dissemination in the near future. However, the tabulations



in this section provide some preliminary ingghtsinto the types of varigbles that influence TDM response
digtributions. Notably, it isfound that trip chaining deters mode change, but not departure time changes.
Also, femdes with a serve-child stop show the lowest propendty to change their commute behavior.
Broadly, these findings point to the need for including household role and life-cycle variables as well as
trip chaining characteristics in discrete choice modeling efforts.

6.3.3 Responsesto Bike/Pedestrian Facility | mprovement (TDM #2)

Responsesto TDM #2, Bike/Pedestrian Fecility Improvement, are analyzed in this section. Asone may
expect, the distribution of responsesis strongly associated with commute distance (Table 6.10). Quite
notably over a quarter of respondents whose commute distances were 1.5 miles or lessindicated that
they would switch to cycling or waking to work if TDM #2 were implemented. This percentage drops
rgpidly when commute distance exceeds 10 miles and declines to 3%.

Table6.10: Bike/Pedestrian Facility |mprovement
Response Digtribution by Commute Distance

Switch to Other No

Bike/Walk Changes Change Total
Commute Digtance (N = 69) (N = 46) (N =520) (N = 635)
< 15miles(N =47) 25.5% 8.5% 66.0% 100%
1.5- 5miles(N = 87) 19.5% 9.2% 71.3% 100%
5- 10 miles (N = 139) 12.9% 7.9% 79.1% 100%
10 - 20 miles (N = 200) 8.0% 6.5% 85.5% 100%
20 - 30 miles (N = 102) 3.9% 5.9% 90.2% 100%
> 30 miles (N = 60) 3.3% 6.7% 90.0% 100%
Total 10.9% 7.2% 81.9% 100%
2 test statistic = 30.6; d.f. = 10, p = 0.0007

As expected, younger commuters are more likely to respond to TDM #2 by switching to cycling or
walking to commute (Table 6.11). It can be aso seen that male commuters are more likely to take
advantage of improved bike/pedestrian facilities (Table 6.12). Although these tendencies are clear in
the tables, they are not datiticaly sgnificant, presumably because the tables are dominated by
respondents in the “no change’ category.

Table6.11: Bike/Pedestrian Facility | mprovement Response Distribution by Age

Switch to Other No

Bike'Wak Changes Change Totd
Age (N =69) (N = 46) (N =518) (N = 633)
19- 29 (N =94) 12.8% 10.6% 76.6% 100%
30- 39 (N = 210) 13.3% 6.2% 80.5% 100%




40 - 49 (N = 176) 9.1% 9.7% 81.2% 100%
50 - 59 (N = 118) 9.3% 3.4% 87.3% 100%
> 60 (N = 35) 5.7% 5.7% 88.6% 100%
Total 10.9% 7.3% 81,8% 100%

2test statistic=9.84; d.f. =8, p=0.276

Table6.12: Bike/Pedestrian Facility Improvement Response Distribution by Sex

Sex Switch to Other No Totd
Bike'Wak Changes Change (N =635)
(N = 69) (N = 46) (N =520)

Male (N = 372) 12.1% 7.5% 80.4% 100%

Female (N = 263) 9.1% 6.8% 84.0% 100%

Tota 10.9% 7.2% 81.9% 100%

2 test atistic = 1.602; d.f. = 2, p = 0.449

Responsesto TDM #2 is only weskly associated with the presence of stops made during commute
trips. Table 6.13 shows the distribution of responses by the presence of stops on the way to or from
work to drop off or pick up achild. Only 2.5% of the respondents who made such stops at al during
the last week indicated they would make some behaviord adjustments other than switching to cycling or
walking to work, while 87.5% of them indicated “no change.” With respect to the switch to the bicycle
or walk mode, however, practicaly the same fraction (10.0%) of these respondents chose to switch as
those who did not stop to pick up or drop off children (11.0%). The association, however, is not
datidicdly sgnificant at the 10% leve.

Table 6.13: Bike/Pedestrian Facility Improvement Response Distribution by Number of

Serve-Child Stops During Commute Trips

Switch to Other No

Bike/Wadk Changes Change Total
Serve-Child Stops (N =69) (N = 46) (N =520) (N =635)
None (N = 555) 11.0% 7.9% 81.1% 100%
On 1+ Day (N = 80) 10.0% 2.5% 87.5% 100%
Tota 10.9% 7.2% 81.9% 100%

2 test dtatistic = 3.26; df. = 2, p = 0.1961

Contrary to this result, those respondents who made stops during their commute trips for purposes
other than dropping off or picking up children are more likely to switch to the bicycle or walk mode than
those who did not make such stops (T able 6.14). The fraction of respondents who indicated “no



change’ isvery smilar between the two groups, while those making such stops tended not to make

other changes. The association, however is statidticaly not Sgnificant.

Table 6.14: Bike/Pedestrian Facility Improvement Response Distribution by Number of

Other Stops During Commute Trips

Switch to Other No
Stops Other than to BikeWak Changes Change Tota
Serve Child (N = 69) (N = 46) (N =520) (N = 635)
None (N = 459) 10.0% 8.3% 81.7% 100%
On 1+ Day (N = 176) 13.1% 4.5% 82.4% 100%
Tota 10.9% 7.2% 81.9% 100%
2 test statistic = 3.54; d.f. = 2, p=0.1702

The analysis here indicates that commute distance is the primary factor that affects commuters responses
to bike/pedestrian facility improvement asa TDM strategy. Age and sex are dso associated with the
intention to switch to the bicycle or wak mode. Overdl, however, satistical indications are weak. The
dominance of commute distance as a factor contributing to commuters intended reaction to this TDM
drategy impliesthat this measure must be carefully implemented while considering the distribution of
residence and work locations and targeting those neighborhoods where residence-job proximity exigts.

6.4 Implementation of TDM Response Option Gener ator

The AMOS survey data described in the previous sections was used to develop and implement the
TDM response option generator. This section describes the neura network methodology, neura
network “training” procedures, and provides results of a sengtivity andyss performed on the AMOS
survey sample.

6.4.1 Development of Neural Networks

The TDM response option generator consists of aneura network that is trained, using results of the
AMOS survey, to recognize a pattern of inputs and provide an gppropriate output. 1n this gpplication
inputs consst of baseline travel patterns, land-use and socio-economic data, travel supply data, and
TDM characterigtics. The output comprises a set of behaviord responses of an individud to the TDM
under investigation. Thissection isaimed at providing a brief overview of neura networks followed by
adiscussion of the neura network currently being implemented in AMOS.

A reura network may be considered a generd-purpose function estimator or pattern recognizer. A
neura network isan assembly of artificid neuronsthat is intended to mimic the learning behavior of the
human mind. These neurons are usudly arranged in severd layers, namely an input layer, an output
layer, and quite often, one or more intermediate hidden layers. Neuronsin the input layer accept inputs
and re-tranamit them to each neuron in the next layer. If one or more hidden layersisincluded, each
neuron in ahidden layer accepts aweighted set of inputs from the previous layer and transmits asigna



to dl neuronsin the next layer. Findly, neuronsin the output layer accept inputs from the last hidden
layer and produce the output of the neural network.

A neuron isthe basic building block of the neurd network. Each neuron receives an activation, from
which it produces an output defined by its activation function. The activation of aneuronissmply a
weighted sum of itsinputs. The output Sgna of a neuron is determined as follows:

S =fni (xni

where Sni, f ni, and X ni are the output signd, the activation function, and the activation of thei-th
neuronin layer n. Theactivation, X ni, isgiven by,

where isthe output sgnd of thej-th neuron in layer n-1 and is the weight gpplied to the
sgnd from thej-th neuronin layer n-1. The weights are the quantities that determine the performance
of aneurd network. Training a neurd network conssts of adjusting the weights so that the desired
outputs, associated with different patterns of inputs, are achieved.

Neura networks present certain key advantages that make their adoption in AMOS appedling. Neura
networks are generd purpose function estimators that have been demonstrated to be able to replicate a
wide variety of functionswith rather small numbers of neurons (say, 50 to 100). Thus neurd networks
could be used to implement generd purpose choice functions for individuas responses to trangportation
policies. The neura network could represent non-linear relaionships that are not easily embodied in
current choice models. Conceivably, neura networks could aso be trained to generate a sequence of
activities (rather than just a basic behaviord response) givenaset of input data. In addition, neura
networks could be used as pattern recognizersto classify various sequences of activities. More recent
advances in neurd network gpplications have seen the combining of neurd networks with fuzzy set
theory and fuzzy logic to develop neurd networks that embody relationships difficult to quantify or
establish determinidtically.

6.4.2 Results of Neural Network Training Using AMOS Survey Data

Thetrained neurd network is applied to trip diary data and other information available in the 1994
MWCOG Household Travel Survey (described later in Section 6.5). Thiscdlsfor the judicious
selection of input and output nodes for defining the neura network, as the neurd network must be
trained usng aset of variablesthat is available in both the AMOS survey database and the MWCOG
survey database.



The two databases were compared and variables common to both were identified. Thisexercise
yielded various dternative neura network structures. At thistime, the neura network thet utilizesthe
mogt informeation available in the databases and provides the best results (in terms of predictive
accuracy) isfound to be one that uses 36 input nodes and 8 output nodes. The 36 input nodes are:

» Paking pricing level for TDM #1

» Employer benefit for TDM #4

» Parking charge (per month) for TDM #4

» Congedtion pricing for TDM #5

» Trave timereduction for TDM #5

* Respondent age 5-15 years, Dummy=1 if yes, =0 otherwise

* Respondent age >15 years, Dummy=1 if yes, =0 otherwise

* Respondent age unknown; Dummy=1 if yes, =0 otherwise

o Sex of respondent; =1 if male, =0 otherwise

e Midpoint of household income category in the range $0 to $150,000
* Household income > $150,000? =1 if yes, =0 otherwise

* Household income unknown? =1 if yes, =0 otherwise

*  Number of vehicles owned by household in therange O to 8

*  Number of vehiclesin household > 8? =1 if yes, =0 otherwise

*  Number of vehiclesin household unknown? =1 if yes, =0 otherwise

*  Number of personsin household who commute regularly; range O to 8
*  Number of commutersin household > 8? =1 if yes, =0 otherwise

e Number of personsin household more than 5 years of age; range 0 to 14
*  Number of persons morethan 5 years > 14? =1 if yes, =0 otherwise
*  Number of persons more than 5 years unknown? =1 if yes, =0 otherwise
*  Number of persons 5 years of age or less; range 0 to maximum value
* Reddenceisadnglefamily unit? =1 if yes =0 otherwise

* Reddenceisamulti-family unit? =1 if yes =0 otherwise

* Reddenceisof other type? =1if yes, =0 otherwise

»  Commute digtance in miles; range 0 to 240 miles

e Commute distance unknown? =1 if yes, =0 otherwise

*  Work mode on travel day is SOV? =1if yes, =0 otherwise

»  Work mode on travel day is car/vanpool? =1 if yes, =0 otherwise

*  Work mode on travel day isbicycle or walk? =1 if yes, =0 otherwise
*  Work mode on travel day isbus, rail, train? =1 if yes, =0 otherwise

* Worked at home on travel day? =1 if yes, =0 otherwise

*  Number of stopsto serve child on way from home to work

*  Number of stopsfor any other purpose on way from home to work

*  Number of stopsto serve child on way from work to home

*  Number of stops for any other purpose on way from work to home

*  Number of car tripswhile at work



Each variable above congtitutes one input node. It can be seen that the inputs to the neural network
include socio-economic characteristics, demographic characteristics, commute characteristics, work
mode information, and trip chaining (stop) patterns.

As noted earlier in Section 6.3.1, survey responses to TDM #3, the synergy combination of parking
pricing and bicycle/pedestrian facility improvement, are not congstent with those to TDM #1, parking
pricing. Furthermore, TDM #2, bicycle/pedestrian facility improvement, is quditativey quite different
from the rest of the TDM dtrategies considered in the study. Consequently, it was decided to develop a
separate mode for TDM #2 (see Section 6.4.3). The neurd network with the above input nodes thus
addresses TDM #1, #4, #5 and #6. The above set of input nodes reflects this.

The method of backpropogation is used to adjust the weights associated with the links in the network so
that the predictive accuracy of the network is maximized. The predictive accuracy is messured in terms
of the percentage of cases whose output nodes are correctly classified when compared againgt their
stated response. The neura network consists of 8 output nodes, one output node for each response
option. When the training is complete, a certain output node (corresponding to one behaviord response
option) is activated for each respondent. If this activation coincides with their stated response (in the
survey), then the case is deemed correctly classified.

Three dternative neurd network configurations have been trained and their predictive accuracy
compared. Thefirst neurd network structure has one hidden layer with 29 hidden nodes. The second
structure has two hidden layers with one layer having 29 nodes and the other having 28 hidden nodes.
A third structure has three hidden nodes having 12, 10, and 8 hidden nodes respectively. Although the
three networks offered smilar predictive accuracies, the network with two hidden layersis chosen for
further anadlyss conddering complexity and predictive sengtivity.

6.4.3 Conversion of Activation Levelsto Probability Measures

The output Sgnds at the eight output neurons of the neurd network indicate the “activation levels’ of the
respective neurons. In the context of this study, the activation level of an output neuron is associated
with the likdihood that the TDM response option corresponding to the output neuron will be chosen by
anindividud. Activation levels are, however, not probabilities, despite the fact that they lie in the range
between 0 and 1. The response option generator of AMOS requires the probability associated with
each response option be determined for each individua and for each TDM measure such that response
options can be properly generated in the micro-smulation. This cdlsfor the converson of activation
levelsto proper probability measures.

A new gpproach is developed in this project to meet the requirement of converting neuron activation
levelsto probability messures. The approach is based on the principle of maximum likelihood, and
daidicdly estimates a converson function such that the neura network best replicates the observed
responses in the training data .



Let § betheactivation leve of thej-th output neuron, which represents the j-th response option; and
let B be the probability that the j-th response option will be chosen. Let the conversion function for the
J-th option be Gj. Then, for the eight response options described in Section 6.3,

A =Gj(SL, S2,..,98), j=1,2,.,8

where Gj is at this point an unknown function. The objective here is to determine Gj such that resulting
A’ swill best agree with observed response options in the training data set (in this case the options
selected by the survey respondents).

The following two dterndtive functiond forms are examined in the study:

A =(S)/ j=12..8
and
H: / , j:1,2, ..... , 8,

where isaparameter whose vaue isto be determined. By evauating the performance of these two
dternative functiond forms using the training data s&t, it was determined that the latter function produces
better likeihood function vaues (a likelihood function vaue is computed as the product of the predicted
choice probabilities (A’ s) for those response options that were selected by the respondentsin the
survey). Theoptimum vaueof was Sdtisticaly determined to be 3.135. Thisvaueisused inthe
sengtivity andyss presented later in this section, and dso in the micro-amulations for the policy andyss
of Section7.

6.4.4 Modd for TDM #2

As noted earlier TDM #2, bike/pededtrian facility improvement, is quaitatively different from the other
TDM drategies consdered in thisstudy. The survey responses indicate that this measure is effective for
agmdler fraction of commuters for whom riding a bicycle or walking is a redlistic commuting mode.

For these reasons, responsesto TDM #2 are modeled separately.

As the distribution of responses indicates (Table 6.4), responses to this scenario are concentrated on a
fewer response options. The input-output reationship is Smpler here because the modding effort here
is concerned with only one TDM srategy. Consdering these factors, decision was made to model
responses to TDM #2 using the multinomia logit mode, which reguires far less time for mode
development.



Based on the andlysis presented in Section 6.3.3, arange of explanatory variables were examined. The
find moded sdlected ispresented in Table 6.15. Responses are grouped into three categories no
change; switch to bicycle or walk; and others. The mode’ s explanatory power is, unfortunately, limited.
Although the overd| chi-square satistic of 610.4 (df = 9) is highly significant, thisislargely due to the
uneven distribution of responses. Once the aternative-specific constant terms account for this
unevenness, the remaining variationsin responses that are explained by the moded are smdl. Infact the
chi-square tatistic associated with the variations explained by the explanatory variablesis 23.3 (df = 7).

Table 6.15: Multinomial Logit Model of Responseto TDM #2

Bike Others

No Coef. | Changet | Coef. |Wakt| Coef. | Otherst
Household Income (in $10,000) 0.388 1.18
Femde & picks up child during 0.147 0.36
commute
Makes stops during commute 0.134 0.61
Congtart 1.478 3.64
Commuite distance (10 mi.) -0.547 | -3.53
Age between 19 and 29 0.306 | 0.77
Age between 30 and 39 0510 | 1.72
Mde 0.465 | 1.56
Congtant -0.636 | -1.81
N 476 41 65
L(0) =-640.5, L(C) =-347.0, L(_\f"Symba" \s 10) =-335.3

6.4.5 Sensitivity Analysis

The sengitivity of behaviora responsesto TDM measures is examined in this section by conducting a
sengtivity andyss. The neurd network is gpplied to the sample respondents of the survey. Inthe
sengtivity andyss, aparameter characterizing a TDM measure isincrementdly changed. The andysisis
performed as follows:. the 36 input variables (see Section 6.4.2) are prepared to represent the
characteristics of the respondent, hisher household and travd pattern, aswel asthe TDM measure;
output neuron activation levels are evauated by the neurd network and converted to probahilities;
sample-wide averages of response probabilities are computed; and behaviord senstivity to the TDM
measure is assessed in terms of the sample-wide average probahilities of the respective response
options, in particular, “No Change.”

Parking Pricing (TDM #1)

Theleve of parking surchargeis varied from $0 (no charge) to $8 per day (the differentid pricing
between downtown areas and suburbsis not gpplied in this sengitivity andysis). Figure 6.1 shows



averages of response option choice probabilities as caculated by the neurd network and the conversion
function described above. All respondents, including non-SOV commuters, are included in thisandys's
asthe neurd network is specified to include dl types of commuters.

At the pricing level of $0, the neura network indicates that on average 68.1% of individuas will make
“no change.” The probability decreases by 16.6% to 0.568 with a parking charge of $8. Theoreticaly,
one may argue that the probability of “no change’ with no parking charge should be 1 as no charge
impliesno TDM. On the other hand, one may argue that behaviora responses are alway's probabilistic
and cannot have a 100% probability associated with them, and that the neurd network is providing
probabilities that are associated with the randomness in responses even a the pricing level of $0.

Figure 6.1. Sensitivity of Neural-Metwork-Based
TDM Response Probabilities to Parking Charge Level

S0
Boon 1+
5000 1
—#— Change Daparhare
%" Time
£ 4m0 4
=l
n% —0— Change Maode
L1
2
B 3000 1
ﬁ“ ; —fr— Work at Home
2000 E;’D’—D’_D'_n/-ﬂ'ﬂ"nlﬂ o
[ R T s T = B
PR T A S A4

Changing commute mode is the second most frequent response next to “no change.” The neurd
network indicates the probability of this option at no parking change to be 0.185 (again, one may take
on the view that this probability a no TDM should be 0). Thisincreases by 34.5% to 0.249 at $8.
With the charge increasing from $0 to $1, the probability increases from 0.185 to 0.196, amargina
increase of 5.56% in rlative terms. The choice probability continues to increase while the relative rate



of increase declines as the parking charge increases. The rdlative increase is 3.28% with the parking
change increase from $7 to $8.

Other response options, “change departure time,” “work a home,” and “other,” have smilar initid and
final probabilities. Their initid probabilities at $0 are 0.0434, 0.0448 and 0.0453, and the final
probabilities at $8 are 0.0606, 0.0617 and 0.0601, respectively. The relative increases in choice
probabilities that correspond to a charge increase from $0 to $1 are 9.63%, 8.15% and 4.17% for
these three response options, respectively (Figure 6.2). Corresponding values for a charge increase
from $1 to $2 are 3.76%, 3.75% and 3.75% for the three options respectively. The relative increase
become uniform rapidly across the response options. For a change increase from $7 and $8, the
relative increase is 3.29% for the three response options.

Figure 6.2. Relative Change in TDM Response Probabilities
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Comparing the above neurd network results and tabulations of survey responses presented earlier (eg.,
Table 6.4) reved s that the results obtained from the neura network runs do not necessarily agree with
the digtributions obtained from the survey. Thisisin part dueto the fact thet different levels of TDM
parameters are applied to different repondents in the survey, while in the sengitivity andlyss one sngle
parameter vaue is applied to al respondents a atime. Y et there are cases where critical discrepancies
exis. For example, the average probability for “no change” obtained by the neurd network with a
parking charge of $0 (no TDM), 0.681, is less than the relative frequency of 70%, obtained from the
survey for parking charge (TDM #1) with randomized levels of parking charges ranging from $1 to $8.
Because the neurd network uses for its computation the very sample of respondents which came from
the survey, theoretically spesking the neura network result with no charge should not exceed that from
the survey for this option of “no change.” Likewise, the neura- network-based probabilities of the



response options, “change departure time” and “work at home” at a parking charge of $0, both exceed
those obtained from the survey (0.0434 vs. 1% for the former option and 0.0448 vs. 2% for the latter).
This of course should not happen from theoretica points of view. These incongstencies presumably
gtem from the fact that the neura network used here is formulated for multiple TDM measures (TDM
#1, #4, #5 and #6). It isanticipated that this problem will be resolved by developing a neura network
which is dedicated for eech TDM measure.

6.5 Implementation of AMOSwith MWCOG Databases

This section discusses the implementation of AMOS for the MWCOG. Firg, abrief overview of how
various MWCOG databases are used within AMOS is provided. Thisisfollowed by a description of
the MWCOG survey sub-sample extracted for AMOS implementetion.

6.5.1 MWCOG Data File Access

AMOS is being implemented in the MWCOG study area using the MWCOG traffic analyss zone
(TAZ) system and zone-to-zone network skim tree travel time matrices by travel mode. AMOS
therefore has the level of geographica resolution that equals that of the MWCOG's TAZ system.
Network skim data are available for: drive aone or low-occupancy vehicles (SOV), high-occupancy
vehicles, public trangt with walk access, and public trangt with auto access. Thetravel timesfor bicycle
and wak modes were not contained in the origind MWCOG network file; therefore, travel times for
these modes were derived based on assumed average travel speeds by these modes. The
implementation effort thus utilizes as much spatid and moda information as available from the MWCOG
data base. The spatid and tempora resolution of micro-smulation results can be refined in the future by
adopting the entire data base available from the 1994 MWCOG survey, and further by generting
synthetic households distributed over the study area.

The limited sze of the sample of households at 158 and related commute trips at 98 has not dlowed a
rigorous evauation of TCMs as anticipated. When combined with the fact that limited resources
congtrained the scope of the AMOS survey to the collection of data essentid in determining the
necessary commuter attributes and basic TDM responsiveness, several AMOS research issuesremain
unresolved. Despite efforts to proceed with the origindly intended andyses to fully vdidate the
usefulness of AMOS as apracticd tool for public policy analysts and transportation planners, the results
have proven to be deficient in some ingtances. For ingtance, limited AMOS survey scope and
MWCOG sample trip data has:

* Not dlowed meaningful measurement of distributive effects across travel market segments and
SOCi0economic groups.
*  Prevented implementation of meaningful anadyses of ar emissons from persond vehicles.

Four MWCOG datafiles are used in the implementation. Figure 6.3 indicates thefiles, their contents,
and where in the AMOS prototype the data are used.



These files are accessed in the Basdline Activity- Travel Pattern Anayzer, TDM Response Option
Generator, and Activity- Travel Pettern Modifier.

Figure 6.3: MWCOG Data Flow
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File Accessin Baseline Activity-Travel Pattern Analyzer: Daily trip records from the 1994
MWCOG survey are read person by person in thismodule. As noted earlier, the Andyzer checksthe
consstency and completeness of the trip records and determines whether or not the person fadlsin the
target group of andyss. The network file is accessed to supplement, when possible, missing trave time
information.

File Accessin TDM Response Option Generator: The person and household filesare accessed in
Generator to prepare the set of input variables that feed into the neurd network. Along with this, the
Generator accesses the file prepared by the Analyzer that contains indicators of activity-travel pattern
Characterigtics.

File Accessin Activity-Travel Pattern Modifier: Thetrip file and network file are accessed by the
Modifier. Trave time information from the network file is used when a mode change takes place, or
trips with new origin and destination emerge due to re-sequencing and re-linking of activities ("re-
linking" refersto the re-grouping of trips into home-based trip chains while retaining the same sequence
of out-of-home activities. Re-sequencing, on the other hand, implies changing the sequence of out- of-
home activities). For example, consider the sequence of stops, h - i - h - j - h, where h denotes the
home base and i and j are non-home destinations. In this case, destinationsi and j are visited in two
Separate trip chains each containing one stop. Supposethisisre-linkedash -i-j- h. Namdy, i and]j
are now vidted in one trip chain which contains two stops. In this case, the trip between i and j isatrip
with anew combination of origin and destination.



The modifier goes through the trip records for each sample person and changes their attributes as
necessary. With re-sequencing and re-linking, the number of tripsitself may change. In any case, the
same st of information asin the origind MWCOG trip fileis avallable in the modified trip records
produced by the modifier asits outpuit.

6.5.2 Initial AMOS Assumptions

In addition to the above procedures, there are many assumptions introduced into the

prototype, especidly in the Modifier. Many of them are initid smplifying assumptions which will be
eventualy eiminated as AMOS becomes more complete. Some arise from the fact that AMOS is a
this stage concelved as a short-term policy andysistool. Yet others represent theoretica relationships
that are believed to exigt in activity-travel behavior. These assumptions are summarized in Table 6.16.
In addition, the various constraints summarized in Section 5 are aso incorporated into the prototype.

Table6.16: List of Initial Assumptionsin the AMOS Prototype

Initial Assumptions

* Theativity-travel pattern of one person can be andyzed a atime while ignoring inter-personal
interaction.

» Theactivity-travel pattern over one day can be analyzed at atime while ignoring activity
scheduling over alonger time span.

»  Out-of-home activity duretiors are fixed.

»  Thenumber of out-of-home stopsisfixed (no new activities, or foregone activities).

* No intermediate stops along commuter trips can be made when a person rideshares to
commutes.

»  When out-of-home activities engaged before (after) work are re-sequenced, they will be placed
before (after) work.

» Dedtination locations are fixed.

* HOQV trave timeequas SOV trave time unless otherwise specified by TDM scenarios.

Coupling Constraints

»  Work garting and ending times are fixed.

» Store houses are 10:00 AM to 9:00 PM for comparison shopping and al day for grocery
shopping.

* Business hours for offices and businesses are 9:00 AM to 5:00 PM.

Short-Term Policy Analysis

* Home and work locations are fixed.
* Household vehicle ownership is fixed.
* No changeinwork schedule policies.




6.5.3 Overview of MWCOG Survey Sample

MWCOG provided the RDC, Inc. research team with a small sample of 89 households from the 1994
MWCOG Household Travel Survey. For these 89 households, trip information is geo-coded by TAZ
(transportation andysis zone). In addition, information is available for 191 persons and 686 trips
reported by the respondentsin the trip diaries.

Detailed household, person, travel, and commute characteritics are provided for thissamplein RDC,
Inc. (1995h). It wasfound that 158 persons (of the 191) reported at least one trip on the travel diary
day. Of these 158 persons, 98 reported at least one work trip. The sub-sample of 98 commuters was
extracted for conducting a TDM response andysis. This is because the current AMOS prototypeis
gpplicable only to commuters. As such, adata set for these 98 commuters consisting of 36 variables
(each one corresponding to an input node of the neura network) was prepared.

A few person-based descriptive gatistics are provided below for the 36 variables used in the neurd
network analyss. The age didtribution of the sampleis shown in Figure 6.4.

Figure 6.4
Age Distribution in Sample
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Only one personislessthan 15 years of age. Five cases had missing age information. Asthis sample
consists of only commuters, the age digtribution is as expected. Almost 90% of the sampleis drawn
from the 16 to 65 year age groups. The average age for the sample isfound to be about 38 years. As
far asthe sex rétio is concerned, the 98 commuters were distributed as 56 males and 42 females.

Figure 6.5 shows the digtribution of household vehicle ownership for the 98 commuters. More than
50% of the sample resides in households with 2 vehicles. Only two persons reside in a household that
owns no vehide. Anadmost equa number of persons reside in households with one and three vehicles.
However, it should be noted that there are more households that own one vehicle than those that own
three vehicles.



Figure 6.6 shows the digtribution of the sample by income category.

Figure 6.5
Distribution of Vehicle Ownership
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Figure 6.6
Income Distribution in Sample
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As expected the income variable had a substantia amount of missing information. Eighteen persons
reside in households that refused to provideincome data. The figure below represents the distribution
for the remaining 80 commuters. Only one household (having two persons) reports an income over

$150,000.

An examination of the digtribution of the number of commutersin the household shows thet they are
predominantly one- or two-worker households (Figure 6.7). On the other hand, the household size



digtribution is found to be more uniform sgnifying the potentid presence of young non-commutersin the
households.

Figure 6.7
Distribution hy INo. of Commuters and Household Size
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The digtribution by type of resdence is shown in Figure 6.8.

Figure 6.8
Distribution hy Type of Residence
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Of the 98 commuiters, 80 live in Single Family dwelling units while 16 reside in gpartments or
condominiums.

Figure 6.9 shows the distribution of commute times for the 98 commuters. The commutetimeis
measured here by the time taken to reach the work destination. As such, time spent at stops on the way



to work may be included for those who trip chain on the journey to work. The mean commute time for
the sample is found to be about 30 minutes with the digtribution dightly skewed in favor of travel times
below the mean vaue.

Figure 6.9
Distribution of Commute Travel Times
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The next figure (Figure 6.10) shows the distribution of the sample by work mode.

Figure 6.10
Distribution hy IWlode to Work
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About 60% of the sample commutes by SOV, while about 15% commutes by car or van pool modes.
Interestingly, the percentage of commuters usng walk mode at 17% is second only to SOV. Inthis
commuter sample, only 2% of the sample uses any form of transit.



Findly, Figure 6.11 provides an indication of the level of trip chaining thet is undertaken as part of the
journey to or from work.

Figure 6.11
Distribution hy Stops in Work Journey
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The number of persons making stops on the way to work and the number making stops on the way
back from work are shown inthefigure. The didtributions are rather smilar; noteworthy isthe fact that
about 45% of the sample makes at least one stop elther on the way to or from work.

This section isintended to provide information regarding the sample of commuters being used to predict
TDM response digtributions in the MWCOG region. Asthe MWCOG survey sample sze istoo smal
to develop weights, sample-based results will be pivoted off of regiona control totals to obtain first-cut
region wide estimates of TDM response distributions and TDM impacts.

6.6 Examplesof AMOS Application to Commutersin MWCOG Sample

The TDM response option generator provides afirst level basic response that an individud may exhibit
when aTDM isintroduced. However, this response, by itself, does not provide the necessary
information for computing changes in travel characterigtics such as trip frequencies by mode and
purpose, cold and hot starts, travel durations, vehicle milestraveled, etc. In order to obtain such
gatistics, the basic response option must be used further to deduce secondary and tertiary changes that
may be brought about in an individuas activity-travel pattern.

The activity-travel pattern modifier uses a rue-based agorithm to determine dternative, but feasible
activity-travel patternsthat an individua may adopt in the new travel environment. In applying AMOS
to the MWCOG survey sample, the activity-travel pattern modifier was gpplied to the 98 commuters
basdine travel patterns to obtain modified activity-travel patterns that may occur as a consequence of
the basic response.



This section summarizes results for five representative cases drawn from the sample. For each case, the
basdine travel pattern and the basic response option for TDM #5 (Congestion Pricing with Travel Time
Reduction), the modified activity-travel pattern, and the changes in travel indicators are discussed.

6.6.1 Baseline Characteristics and TDM Response Option

The five cases chosen for presentation in this report are al commuters who differ in their socio-
economic characterigtics, trip chaining and stop patterns, and commute lengths. This section first
describes basdline characterigtics and then provides the basic TDM response option that was produced
by the TDM response option generator for each of the five cases. For purposes of this anayss, the
AM peak period is defined as 7 am to 9 am and the PM peak period as 4 pm to 6 pm.

Case 1: The basdinetravd characterigtics of the first case are shown in Table 6.17.

Table6.17: Basdline Travel Pattern for Case 1
Household | D: 10094324; Person ID: 2

Origin Destn Origin Desn | Depart | Arrive Driver/
Trip No. TAZ TAZ Locn Locn Time | Time |Mode| Passenger

1236 1238 Home Work 8:45 9:01 | Wdk | Not Appl
1238 1236 Work Home 9:45 | 10:01 | Wak | Not Appl
1236 1236 Home Recreatn | 10:15 | 10:30 | Auto | Passenger
1236 1246 Recreatn Shop 13:00 | 13:15 | Auto | Passenger
1246 1236 Shop Home 14:15 | 14:30 | Auto | Passenger
1236 1236 Home Work 17:00 | 17:10 | Wdk | Not Appl
1236 1236 Work Home | 18:15 | 18:25 | Wdak | Not Appl

N|jo|oa|h~[W[IN|F

Summary Characteristics
Age 79 Auto Psgr Trips. 3 Work Trips. 2 Peak Trips.
Sex: Mde Walk Trips. 4 Home Trips. 3 Totd Trips
Commute Mode: Walk

Case 1lisa79 year old male who waks 16 minutes (one-way) to work. He also makesthreetrips as
an auto passenger. Even though some of histrips are in the pesk period, he is not affected by the
congestion pricing as he does not use the automobile during those periods.

Case 2: The basdinetravel characterigtics of the second case are shown in Table 6.18. The personisa
33 year old female who uses the bus and walk modes to get to work. She makes four trips during the
peak periods, three by walk and one by bus. Congestion pricing does not affect this person aso, as she
does not commute by automobile.



Table 6.18: Basdline Travel Pattern for Case 2

Household | D: 10168870; Person ID: 1

Origin  |Destn | Origin Destn Depart | Arrive Driver/
TripNo. |TAZ TAZ Locn Locn Time |[Time |Mode |Passenger
1 651 652 Home Chng Mod | 6:45 6:55 |[Bus |Not Appl
2 652 24 Chng Mod | Work 7:25 7:35 |[Wadk |Not Appl
3 24 24 Work ChngMod [15:55 |16:05 |Wak |Not Appl
4 24 164 ChngMod |ChngMod |16:15 [16:20 |Wak |[Not Appl
5 164 651 ChngMod |Home 16:20 |16:55 |Bus |Not Appl
Summary Characteristics

Age 33 Auto Pgr Tripss |0 (Work Trips: |1 |Pesk TripLegs: 4
Sex: Femde Wak Trips. 3 |HomeTrips |1 |Totd TripLegs 5
Commute Mode: BusWak

Case 3: Thebasdinetraved characteristics of the third case are shown in Table 6.19.

Table 6.19: Basdaline Travel Pattern for Case 3

Household I D: 10004125; Person ID: 2

Origin Destn Origin Destn Depat |Arrive Driver/
TripNo. |TAZ TAZ Locn Locn Time Time Mode |Passenger
1 1193 1219 Home Work 7:00 7:20 Auto Driver
2 1219 1193 Work Home 15:42 16:08 Auto Driver
Summary Characteristics
Age 51 Auto Drvr Trips 2 Work Trips. |1 | Peak Trips:
Sex: Femde | Commute Mode: Auto Driver HomeTrips |1 | Totd Trips

Case 3isab5l year old femae who makes atotal of two trips. The morning trip occurs during the AM
peak period. The person commutes by driving done to work and is therefore affected by the
congestion pricing.

Case 4: The basdinetravel characteritics of the fourth case are shown in Table 6.20. Case4isa38
year old male who also commutes by driving alone to work during the pesk periods. He makesthree
trips as the driver and another three trips as a passenger.

Table 6.20: Bascaline Trave Pattern for Case 4

Household | D: 10196665; Person ID: 2



TripNo. |Origin |Destn | Origin Destn Depart |Arrive [Mode |Driver/
TAZ TAZ Locn Locn Time |[Time Passenger

1 217 7 Home Work 8:18 8:38 Auto | Driver

2 7 217 Work Home 17:30 |17:50 |Auto |Driver

3 217 209 Home Socia 1850 |19:00 |Auto |Passenger

4 209 217 Socid Home 2145 [21:55 |Auto | Passenger

5 217 110 Home ChidCare [22:00 |[22:12 |[Auto |Passenger

6 110 217 Chld Care |Home 2213 2225 |Auto |Driver

Summary Characteristics

Age 38 Auto Psgr Trips. |3 Work Trips. 1 |Peak Trips:

Sex: Mde Auto Drvr Trips |3 HomeTrips |3 |Totd Trips:

Commute Mode: Auto Driver

Case 5: The basdine travel characterigtics of the fifth case are shown in Table 6.21. Findly, case 5
pertainsto that of a 70 year old mae who makes only two trips. This person does not work full time;
he commutes by automobile, but during off-peak periods only. As such, this person is not affected by

the congestion pricing.
Table 6.21: Baseline Travel Pattern for Case 5
Household I D: 10007300; Person ID: 2

TripNo. | Origin | Destn | Origin | Destn Depat | Arrive | Mode | Driver/

TAZ TAZ Locn Locn Time Time Passenger
1 338 11 Home | Work 10:00 10:25 Auto Passenger
2 11 338 Work Home | 13:15 13:45 Auto Driver

Summary Characteristics

Age 70 Auto Drvr Trips 1 Work Trips. Peak Trips: 0
Sex: Mde Auto Pgr Trips 1 Home Trips. Tota Trips 2
Commute Mode: Auto Driver

Given these basdline travel characterigtics and other input nodes, the TDM response option generator
predicted the TDM response option that would be chosen by each of these cases. The results are

presented in Table 6.22.

Table 6.22: Predicted TDM Response Option for Five Cases

Case No.

Household ID

Person ID

TDM Response

Remarks

10094324

2

No Change

Commute mode is wak.




10168870 1 No Change Commute mode is bus/walk.
3 10004125 2 Change Dep Time | Commute mode is auto driver with
work trip in peak period.
4 10196665 2 Change Dep Time | Commute mode is auto driver with
work trip in peak period.
5 10007300 2 No Change Commute mode is auto driver but no
tripisin peak period.

Among the five cases, two respond with a change in their travel behavior. Cases 3 and 4 commute by
automobile as a driver during the pesk period. As congestion pricing islevied during that time, the
predicted response of change departure time is consistent with the TDM under investigation. Cases 1
and 2 commute by walk and bus (alternative modes) and are therefore not affected by congestion
pricing; smilarly case 5, though commuting by automobile, does so during the off-peak period. As
such, cases 1, 2, and 5 are predicted to exhibit no change in their travel choices.

6.6.2 Modified Activity-Travel Patterns

After obtaining the basic TDM response, amodified activity-travel pattern that incorporates possible
secondary and tertiary changes can be generated. Thisis done by the activity-travel pattern modifier;
the modified patterns are then evauated using a time-use utility measure to identify the aternative pattern
that is most likely to be adopted by the traveler. This section provides a description of the modified
travel patterns.

Case 1: The modified travel pattern for the first caseis shown in Table 6.23.

Table6.23: Modified Trave Pattern for Case 1
Household | D: 10094324; Person ID: 2

Origin  |Destn Origin Destn Depart | Arrive Driver/
TripNo. |TAZ TAZ Locn Locn Time Time |Mode |Passenger

1236 1238 Home Work 8:45 9:01 wadk | Not Appl
1238 1236 Work Home 9:45 10:01 |wdk |Not Appl
1236 1236 Home Recreatn |10:15 10:30 |Auto |Passenger
1236 1246 Recreatn | Shop 13:00 13:15 |Auto |Passenger
1246 1236 Shop Home 14:15 14:30 |Auto |Passenger
1236 1236 Home Work 17:00 17:10 |wdk |Not Appl
1236 1236 Work Home 18:15 18:25 |(Wdk [Not Appl

N|O|O R~ |W[IN|(F

Summary Characteristics
Age 79 Auto Psgr Trips. |3 | Work Trips: 2 | Peak Trips: 2




Sex: Mde Walk Trips: 4 |HomeTrips 3 |Totd Trips 7
Commute Mode: Walk

The modified pattern is consistent with the TDM response option generated for this person. This
person shows no changein travel behavior even after the introduction of congestion pricing. Thisis
because heis not affected by the congestion pricing as his commute mode iswalk.

Case 2: The modified travel characterigtics of the second case are shown in Table 6.24. Congestion
pricing does not affect this person aso, as she does not commute by automobile. As such, the modified
travel pattern provided by the activity-travel pattern modifier is the same as the basdline pattern.

Table6.24: Modified Travel Pattern for Case 2
Household | D: 10168870; Person ID: 1

Origin [Destn | Origin Destn Depart |Arrive Driver/
TripNo. |TAZ |TAZ |Locn Locn Time |[Time Mode |Passenger
1 651 652 Home ChngMod | 6:45 6:55 Bus Not Appl
2 652 24 ChngMod |Work 7.25 7:35 Wwdk [ Not Appl
3 24 24 Work ChngMod |1555 ([16:05 |[Wadk |[Not Appl
4 24 164 ChngMod [ChngMod |16:15 |16:20 |Wak |Not Appl
5 164 (651 |[ChngMod |Home 16:20 |16:55 |[Bus Not Appl

Summary Characteristics

Age 33 Auto Psgr Trips: [0 | Work Trips: 1 |Pesk Trips:
Sex: Femde Wak Trips: 3 |[HomeTrips 1 |Totd Trips
Commute Mode: Bus’'Wak

Case 3: Themodified travel characteristics of the third case are shown in Table 6.25. In this case, the
person is affected by the TDM. Asthe person travels during the pesk periods, the person is subject to
congestion pricing. Asaresult, the activity-travel pattern modifier provided an dternative pattern where
the person reaches the work place before the onset of the peak period (7-9 am). Asthe person now
reaches work 20 minutes earlier than in the baseline pattern, the person dso leaves work 20 minutes
earlier and arrives home 20 minutes earlier. As such, thetotal in-home time is not changed. Moreover,
the PM peak period isaso avoided. For this person, while totd trip generation remains constant, the
peak period trip generation drops from 2 to 0.

Table6.25: Modified Trave Pattern for Case 3
Household | D: 10004125; Person ID: 2

Origin Destn Origin  |Destn Depart | Arrive Driver/
TripNo. |TAZ TAZ Locn Locn Time Time Mode |Passenger




1 1193 1219 Home Work 6:40 7:00 Auto | Driver

1219 1193 Work Home 15:22 15:48 Auto | Driver

Summary Characteristics

Age 51 Auto Drvr Trips 2 Work Trips. 1 |Peak Trips.

Sex: Femde | Commute Mode: Auto Driver  |Home Trips: 1 |Totd Trips |2

Case 4: The modified travel characterigtics of the fourth case are shown in Table 6.26.

Table6.26: Modified Trave Pattern for Case 4
Household I D: 10196665; Person ID: 2

Origin |Destn | Origin Destn Depart | Arrive Driver/
TripNo. |TAZ TAZ |Locn Locn Time |[Time |Mode |Passenger
1 217 7 Home Work 9:00 9:20 Auto Driver
2 7 217  |Work Home 1812 |18:32 |Auto Driver
3 217 209 Home Socia 19:32 11942 |Auto | Passenger
4 209 217 | Socid Home 22:27 |22:37 |Auto | Passenger
5 217 110 Home ChldCare (22:42 |22.54 |Auto Passenger
6 110 217 ChldCare |Home 2255 |23.07 |[Auto Driver

Summary Characteristics

Age 38 Auto Psgr Trips. 3 | Work Trips: 1 Peak Trips:
Sex: Mde Auto Drvr Trips. 3 | HomeTrips. 3 Totd Trips
Commute Mode: Auto Driver

In this case, the person made two peak period tripsin the basdine travel pattern. The person was
subject to congestion pricing both during the AM and PM peak periods. The activity-travel pattern
modifier shifted both of these trips to avoid the peak periods. The trip to work in the morning now
commences a 9:00 am instead of 8:18 am; and the trip from work commences a 6:12 pm instead of
5:30 pm. Here again, peak period trip generation is completely eiminated as aresult of the TDM.

Case 5: The modified travel characteritics of the fifth case are shown in Table 6.27. Asthis person
commutes only during off-pesak periods, heis not affected by the congestion pricing. The TDM
response option generator predicted that he would not change his behavior; accordingly, the activity-
travel pattern modifier provided amodified travel pattern thet is the same as the basdine pattern.

Table6.27: Modified Travel Pattern for Case5
Household | D: 10007300; Person ID: 2

| |Origin iDestn |Origin IDestn IDepart lArriveI iDriver/



TripNo. |TAZ TAZ Locn Locn Time |Time |Mode |Passenger
1 338 11 Home Work 10.00 |10:25 |Auto Passenger
2 11 338 Work Home |13:15 [13:45 |Auto Driver

Summary Characteristics

Age 70 Auto Drvr Trips 1 Work Trips: |1 |Peak Trips |0
Sex: Mde Auto Psgr Trips 1 HomeTrips |1 |[Totd Trips |2
Commute Mode: Auto Driver

This section has provided an illugtration of how the activity-travel pattern modifier, in conjunction with
the TDM response option generator, provides dternative activity-travel patterns that will be adopted as
aresult of achangein thetravel environment. The modified patterns can be compared againgt the
basdline patterns to obtain measures of changesin travel characterigtics. The next section briefly
describes such a comparison.

6.6.3 Changesin Travel Characteristics

Findly, the adopted modified activity-travel patterns together with the basdline travel patterns can be
used to compute changes in travel indicators as aresult of theintroduction of acertain TDM. Inthis
section, changesin travel characterigtics exhibited by each of the five cases as areault of the
modification in travel patterns are computed and presented. The statistics provided in this section may
be regarded as one among the primary outputs of AMOS, namely, impacts of TDM measures on travel
demand.

For the sample cases consdered here, Table 6.28 shows the changesin peak period trip generation by
time of day and the aggregate change over dl five cases.

Table 6.28. Changesin Travel Characteristicsfor Five Cases

Baxdine | Modified | Basdine | Modified Tota Totd Change
Case | AM Peak | AM Peak | PM Peak | PM Peak Basdine Modified in Tota
No. Trips Trips Trips Trips Peak Trips | Peak Trips | Peak Trips
1 1 1 1 1 2 2 0
2 1 1 3 3 4 4 0
3 1 0 1 0 2 0 -2
4 1 0 1 0 2 0 -2
5 0 0 0 0 0 0 0
Tota 4 2 6 4 10 6 -4




From the table, it can be seen that AMOS provides both a disaggregate and aggregate level output of
TDM impacts. While the basdline patterns included atotal of 10 pesk period trips for al five cases, the
modified patterns included only 6 thus reflecting a40% reduction in pesk period trip generation asa
result of congestion pricing. The negative Sgn in the last column (depicting change) sgnifiesthe
redlization of adecreasein the travel indicator.

Similarly, AMOS can dso provide disaggregate and aggregate measures of changesin other travel
indicators, such as trip frequencies by purpose, trip frequencies by mode, and vehicle miles traveled,
that are brought about by aTDM strategy or TDM.

This section illustrates how AMOS may be gpplied to individua trip records to predict changesin travel
demand that may occur asaresult of aTDM drategy. Asafirg attempt at performing a TDM policy
andyss, AMOS was gpplied to commutersin the 1994 MWCOG household survey sub-sample and
edimates of TDM impacts on sample-wide travel demand indicators were obtained. The next section
describes the methodology and results obtained from the policy analyss which was amed at evauating
the potential effectiveness of TDM drategies in the Washington, D.C., metropolitan area.
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Chapter 7: Policy Analysis

As an gpplication example of the AMOS prototype described in Section 6, impacts of dternative TDM
measures on commuters daily travel patterns are evaluated in this section. The data base of this
andys's comprises commuters from a set of sample households available from a home interview survey
conducted by the MWCOG in 1994 and the MWCOG network travel time datafiles. Asnoted in
Section 6.5, trip diaries are available for this exercise from only avery smal number of households from
the MWCOG survey data. Furthermore, only a subset of the available diaries can be used in the
andysis because the prototype is specified only for commuters and because of missng informetion (e.g.,
household income). Consequently the number of commuter diariesin the detafileis extremdy limited.
Consdering potentia magnitudes of sampling errors associated with such asmal sample, it is decided
not to produce any estimates of regional impacts of dternative TDM measures. For the same reason,
the resuits presented in this report should not be considered to represent an assessment of the relative
merits of the respective TDM measures. Rather, the results presented in this section should be taken as
numerical examples which illustrate how the activity-based policy tool gppliesto various TDM measures
and how it evauates the impact of each TDM measure on daily travel patternsin their entirety. For the
same reason of the limited sample Size, no andysisis performed by commuter segments & this stage.

7.1 Evaluation Measures
The examplesin Section 6.6 showed in detail how acommuter’ s daily itinerary is reconstructed based

on the TDM response option predicted to be adopted by the commuter. Changesin daily travel
patterns are aggregated and sample-wide mean vaues are obtained for the following:



» total number of trips per day, by mode and by purpose,
» totd trave time by mode,

» ovedl modd slit,

* number of peak trips by mode and by purpose,

* peak-period travel time,

» peak-period modd split,

* average number of trips per person,

» fraction of hot starts by time of day, and

» timeutility of in-home activities.

7.2. Micro-Smulation Procedure

The AMOS prototype is applied to the subsample of commuters from the MWCOG survey datato
illustrate how AMOS can be gpplied to various TDM measures. The first step of micro-smulation isto
specify the parameters that characterize the TDM strategy being andyzed. For TDM #1, #4, #5 and
#6, they are:

» surcharge for parking per day (in $, TDM #1)
e parking charge per month, and amount of monthly trangportation voucher (in $, TDM #4 and #6)
» congestion charge per mile (in $), and peak travel time reduction (in %, TDM #5 and #6).

Given the vaues of relevant parameters, the neurd network isrun, usng aso a datafile that contains
variables that define the sample commuters: demographic, socio-economic, and travel characteristics.
This neurd network run resultsin a set of activation levels at the output neurons for each sample
commuter. These are then converted to probabilistic measures using the method described in Section
6.4.2.

A uniformly distributed random number is then generated to produce a response option for each sample
commuter. A random number refers to a number whose values cannot be predetermined, and which
assumes a cartain vaue according to a prespecified satisticd digtribution. A uniformly distributed
random number lies between 0 and 1, and assumes any vaue between 0 and 1 with the same
probability. For example, it may take on avaue of 0.154 or 0.673 with exactly the same probability.
Thereforeif you draw uniform random numbers 100 times, then their vaues will be greater than 0.5 on
average 50% of thetime. In this gpplication a uniform random number is drawn and a response option
is selected asfollows.

Suppose the neurd network run indicates that a commuter’ s choice probatilities are as shown in the left
column of numbers below. These probabilities are converted to cumulative probabilities as shown on
the right column.

Probabilities




no change 0.71 0.71
change departure time 0.11 0.82
switch to trangt 0.06 0.88
switch to car/vanpool 0.04 0.92
switch to bicyde 0.05 0.97
switch to walk 0.02 0.99
work a home 0.01 1.00

In thisillustration, a uniform random number is then drawn and that response option, whose cumulative
probability vaueis larger than, and closest to, the value of the random number. For example, suppose
the random number drawn is 0.76. Then *change departuretime’ will be selected. Likewise arandom
number vaue of 0.95 would produce “switch to bicycle’” and 0.45 “no change.” This procedure will
generate response options according to the choice probabilities determined by the neural network.

Given aresponse option thus selected, the sample commuter’ s daily itinerary will be adjusted by the
modifier.

In this Smulation experiment, the evauation routine comprises asmple rule that when the tota travel
time increases more than 60 minutes then the modified travel pattern isregarded asinfeasble. Thisis
largdly to focus the effort on developing more redistic modifier routines.

The amulation is repeated for the same TDM drategy by generating different sets of random numbers,
which will probabilisticaly generate different sets of response options from the sample of commuters.
Summary datistics are generated by the reporting routine, and presented in the next section.

7.3 Resultsof AMOS Prototype Smulation Runs
The TDM grategies and parameter vaues examined here are summarized as follows.

e TDM #1, parking pricing: parking surcharge of $8.00 per day,

» TDM #4, parking pricing with employer-paid voucher: parking charge of $80 per month and a
commuter voucher of $60,

* TDM #5, congestion pricing: congestion charge of $0.50 per mile, travel time reduction by 30%,
ad

» TDM #6, asynergy combination of TDM #4 and TDM #5: parking charge of $80 per month,
commuter voucher of $60, and congestion charge of $0.50 per mile.

In the rest of this section, the basdine case is first examined, then smulation results are reviewed for
each of these TDM dirategies. A tota of 20 smulation runs were performed for esch TDM measure,

7.3.1 Basdine Case



The digtribution of trip purposes (work vs. non-work), travel mode (auto-driver, auto- passenger,
other), mean trip duration by mode, percent of hot starts, average number of trips per person, and in-
home time utility are summarized in Table 7.1 for AM peak, PM peak and off-peak periods. Sightly
over 60% of the trips are work trips (including trips from work to home), with higher fractions during
the morning and afternoon peaks. Overdl over three-quarters of the trips are made by auto. The large
fraction of trips by “other” mode in the afternoon peak period represents walk trips made in this period
by this sample of commuters.

Table7.1: Basdine Travea Characteristics

Tota AM Peak PM Peak Off-Peak

TRIP PURPOSE

Work 60.4% 75.7% 68.6% 49.0%

Non-Work 39.6% 24.3% 31.4% 51.0%
TRAVEL MODE

Auto - Driver 59.6% 76.8% 54.0% 57.1%

Auto - Passenger 17.9% 12.2% 19.6% 21.1%

Other 22.5% 11.0% 27.5% 21.8%
TRIP DURATION (min.)

Tota 23.7 325 27.3 17.1

Auto-Driver 23.8 30.8 29.7 30.0

Auto- Passenger 29.1 44.5 47.8 18.3

Other 19.2 31.0 30.8 18.6
HOT STARTS (%) 14.3% 12.5% 1.% 21.6%
PERCENT OF TRIPS 100% 29.3% 21.8% 48.9%
TRIPS PER PERSON 3.33
IN-HOME TIME UTILITY 2.59

7.3.2 Parking Pricing (TDM #1)

Results of smulation runswith TDM #1, parking pricing with a surcharge of $8 aday, are summarized
in Table 7.2. The most notable change isin moda split. The fraction of auto driver trips decreased

from 59.6% in the basdline case to 55.2%, while auto passenger trips increased from 17.9% to 20.5%.
Similar shifts can be observed for both pesk and off-peak periods.

Table7.2:. AMOS Simulation Results. Parking Pricing (TDM #1)
Tota AM Peak PM Peak Off- Peak

TRIP PURPOSE




Work 61.2% 73.1% 66.2% 52.3%

Non-Work 38.8% 26.9% 33.8% 47.7%
TRAVEL MODE

Auto - Driver 55.2% 68.8% 47.3% 51.1%

Auto - Passenger 20.5% 17.2% 16.9% 24.0%

Other 24.3% 14.0% 35.8% 24.9%
TRIP DURATION (min.)

Tota 24.0 33.0 26.4 17.9

Auto-Driver 26.4 34.9 30.8 18.1

Auto-Passenger 26.1 36.4 394 17.7

Other 16.8 19.2 14.5 17.6
HOT STARTS (%) 11.1% 13.3% 2.0% 13.9%
PERCENT OF TRIPS 100% 28.0% 22.3% 49.7%
TRIPS PER PERSON 3.43
IN-HOME TIME UTILITY 2.73

The overdl average trip duration (in min.) shows virtualy no changes between the two cases.
Importantly, the mean driver trip duration increased from 23.8 min. to 26.4 min. This suggests that
long-distance commuters tended to remain solo drivers while shorter distance travelers adopted other
options. Mean passenger trip durations, on the other hand, decreased with the TDM. The differences
are more noticesble for both morning and afternoon peak periods; the mean morning peak duration
decreased from 44.5 min. to 36.4 min., and the afternoon peak duration from 47.8 min. to 39.4 min. It
gppears that long distance commuters who shared ride tended to switch to other options with the

parking pricing.

The digtribution of trips across morning peak, afternoon pesk and off- peak shows only minor changes.
Thefraction of morning pesk trips decreased dightly from 29.3% to 28.0%, while that of afternoon
peak trips increased from 21.8% to 22.3%.

The fraction of tota hot starts shows a decrease. Thisis due to a decrease in the off- peak period. There
are dightly more hot starts during the morning and afternoon pesk periods, presumably reflecting more
frequent linked trips in these periods with the implementation of the TDM measure.

The average number of trips per person increased dightly from 3.33 to 3.43. This reflects activity-based
re-linking following a commute mode choice, a measure of the impact of the TDM measure on the
qudlity of life of affected individuds, shows an increase from 2.59 to 2.73. Thisis probably due to stops
at home that were introduced after the above re-linking of activities This may over-represent the impact
of the TDM measure on time utility, and condtitutes an area where the current prototype needs
improvement.



7.3.3 Parking Pricing and Commuter Voucher (TDM #4)

The results with parking pricing ($80 amonth) with employer-supplied commuter voucher (worth aso
$80 amonth) are very similar to those of TDM #2, parking pricing with a surcharge of $8 per day
(Table 7.3). Thefraction of driver tripsis dightly lower (47.3% vs. 45.8%), and that of other trips
lower (35.8% vs. 37.5%) during the afternoon peak with TDM #4. Whether these differences are due
to the commuter voucher is difficult to determine. Also noticegble is the dight shift in trip timing; the
fraction of trips during off-peak periodsincreased from 49.6% with TDM #1 to 50.6% with TDM #4,
and those during morning and afternoon pesks decreased dightly.

Table7.3: AMOS Simulation Results. Parking Pricing
with Employer-Supplied Commuter Voucher (TDM #4)

Totd AM Peak PM Peak Off-Peak

TRIP PURPOSE

Work 60.7% 74.0% 65.0% 51.6%

Non-Work 39.3% 26.0% 35.0% 48.4%
TRAVEL MODE

Auto - Driver 55.3% 68.8% 45.8% 51.6%

Auto - Passenger 20.0% 16.2% 16.7% 23.5%

Other 24.7% 14.9% 37.5% 24.6%
TRIP DURATION (min.)

Totd 24.1 33.2 26.8 17.9

Auto-Driver 26.3 34.9 31.2 18.3

Auto-Passenger 26.5 38.0 41.5 17.6

Other 17.0 19.8 14.9 175
HOT STARTS (%) 10.6% 12.9% 0.8% 13.5%
PERCENT OF TRIPS 100% 27.7% 21.6% 50.7%
TRIPS PER PERSON 3.46
IN-HOME TIME UTILITY 2.78

7.3.4 Congestion Pricing (TDM #5) and Synergy Combination (TDM #6)

The results with congestion pricing at alevel of $0.50 per mile with 30% reduction in trave time, are
again smilar to those of the previous two TDM scenarios (Table 7.4). Thefraction of auto tripsisthe
highest with this TDM, but no discernible differences exigt for the morning pesk period. During the
afternoon peak period, TDM #6 has the largest fraction of other trips. These differences, however, are
probably due to the randomness associated with Monte Carlo smulation, and are unlikely to represent



differentia effects of these TDM scenarios. The synergy combination Table 7.5 (TDM #6), produced
virtualy the same results as TDM #5, and very smilar results as TDM #4.

Table7.4: AMOS Simulation Results: Congestion Pricing (TDM #5)

Totd AM Peak PM Peak | Off-Peak

TRIP PURPOSE

Work 60.8% 74.0% 66.1% 51.2%

Non-Work 39.2% 26.0% 33.9% 48.8%
TRAVEL MODE

Auto - Driver 55.8% 68.8% 46.3% 52.7%

Auto - Passenger 19.8% 16.9% 15.7% 23.1%

Other 24.4% 14.3% 38.0% 24.2%
TRIP DURATION (min.)

Tota 23.9 32.8 26.7 17.8

Auto-Driver 25.8 344 31.0 17.7

Auto- Passenger 26.7 37.3 43.2 17.7

Other 17.0 19.6 14.7 17.8
HOT STARTS (%) 10.8% 13.0% 1.7% 13.5%
PERCENT OF TRIPS 100% 27.7% 21.8% 50.5%
TRIPS PER PERSON 347
IN-HOME TIME UTILITY 277

Table7.5: AMOS Smulation Results: Synergy Combination
of Parking Pricing and Congestion Pricing (TDM #6)
Tota AM Peak PM Peak | Off-Peak

TRIP PURPOSE

Work 60.8% 74.0% 65.0% 51.8%

Non-Work 39.2% 26.0% 35.0% 48.2%
TRAVEL MODE

Auto - Driver 54.7% 67.5% 45.0% 51.8%

Auto - Passenger 20.1% 16.9% 16.7% 23.4%

Other 25.2% 15.6% 38.3% 24.8%
TRIP DURATION (min.)

Tota 24.1 33.2 26.6 18.1

Auto-Driver 26.7 35.8 31.3 18.7




Auto-Passenger 26.4 37.3 41.5 17.6
Other 16.6 18.0 14.7 17.3
HOT STARTS (%) 10.8% 13.0% 1.7% 13.5%
PERCENT OF TRIPS 100% 271.7% 21.6% 50.7%
TRIPS PER PERSON 3.47
IN-HOME TIME UTILITY 2.77

7.3.5 Discussion

The exercise here has shown that AMOS is cgpable of practically producing travel forecasts while
smulating daily travel patterns. It has dso demondtrated that the TDM measures considered here do
have certain impacts on travel demand. From moded devel opment viewpoints, results are very
encouraging as they show that activity-based models can be implemented in a metropolitan region and
can produce forecasts for policy anayss.

From transportation policy viewpoints the results, however, may seem less encouraging because the
effects of the TDM scenarios examined here are small, and because there are no discernible differences
among the impacts of the respective TDM scenarios. These results may be smply due to the smdl
sample used in the exercise; the sample to contain a st of commutersin smilar travel environments who
tended to behave in Smilar ways. Infact the smdl fraction of auto trips during the afternoon pesk
period in the sample is suggestive of such sampling error.

It is aso concelvable that the commutersin the sample had very limited dternative commute options and
were able to respond within very narrow ranges to whatever TDM scenarios were being implemented.
Whether this observation can be generdized or not needs to be determined in the future by the analysis
of afull data =t.

Ancther possibility is that the Response Option Generator has not been fine-tuned enough to be able to
detect possibly minute differences in commuters responses to different TDM measures. |In particular,
the results suggest that a neural network be developed for each TDM messure separately (in the current
prototype, the neural network is designed to be able to handle dl TDM scenarios examined here). This
is another area where the current AM OS prototype can be improved.

The invariance in amulation results across the TDM scenarios may aso be due to the fact that
degtination choice has not been implemented in the current AMOS prototype. In addition, the smplistic
evauation and acceptance rules adopted in the prototype may have resulted in premature search
termination for each commuter, possibly leading to the acceptance of the basdine patterns with a higher
probability than it should receive.

As noted earlier, this exercise has been made for illustrative purposes and the size of the sample used
here, and some of the smplifying assumptions existent in the prototype, warrant neither generdization of



the results obtained here nor general assessment of the relative effectiveness of the TDM scenarios
examined here.

Go to Table of Contents

Chapter 8: Conclusions and Recommendations

This project represents the first implementation of afull-fledged activity-based mode system for
trangportation planning and policy andysis. Despite the theoretical arguments that warrant their practica
applications, activity-based approaches remained within the domain of academiafor nearly two
decades. The development of AMOS and its implementation in the Washington, D.C., metropolitan
area, therefore, represent a sgnificant step forward in trangportation planning and policy andyss. The
development is epecidly sgnificant consdering the importance of travel demand management in the
current planning contexts set forth by the Clean Air Act Amendments and Intermodal Surface
Trangportation Efficiency Act.

In the project, amicro-smulation mode system which produces travel demand forecasts based on
principles of activity-based analysis has been constructed and applied to selected set of TDM measures
using asample of trip diaries from the 1994 MWCOG survey. Because of the smplifying assumptions
adopted in the current prototype and the smal sample used in the TDM evauation exercise, the results
obtained in the study are unfortunately difficult to vaidate or generdize. Despite these limitations, the
Sudy is nonetheless believed to have contributed sgnificantly to the field of trangportation planning by
demondtrating that activity-based approaches are potential methods for demand forecasting and policy
andyds. The achievements of this effort can be summarized asfollows.

* The project has demonstrated that the activity-based modd system can be implemented in a
metropolitan area using data available from atypica MPO, such astrip diary data, network travel
time data, and land-use inventory data (the only additiond data needed for AMOS implementation
are smd| to medium-scale stated-preference survey results from the areawhich are used to
customize a component of AMOS to the arearesidents’ responsivenessto TDM measures).

* The TDM evduation exercise has offered evidence that travel demand forecasts can be devel oped
while tregting the daily travel pattern in its entirety, without bregking it into individud trips and
thereby compromising the interdependencies and continuities that exist across the series of trips
made by atraveler.

» Thisdsoimpliesthat practica capabilities have been devel oped to assess TDM impacts more
cohesvely while accounting for secondary and tertiary changesin atraveler’ sdaly travel pattern
that are brought about as results of a primary change in response to a TDM measure (for example,
if an SOV commuter, who stops on the way to and from work to drop off and pick up achild at
day-care, switchesto carpooling in response to congestion pricing (primary change), then new, two



round-trip SOV trips may be made between the home and day-care to drop off and pick up the
child).

* The AMOS survey designed in this project has shown that the stated- preference questions
developed in this project have produced credible results (except for the case of a particular synergy
combination of two TDM measures), and that the survey can be gpplied to obtain information vital
for the assessment of potential effectiveness of aternative TDM measures.

* The AMOS survey data produced rich statistical results that have reveded the characteristics of
responses commuters would show when faced with TDM measures; for example, femde
commuters who make stops on the way to or from work tend not change their travel in response to
aTDM measure.

The numerica examples usng the sample of MWCOG trip diary data have shown the AMOS
prototypeis capable of producing aggregate statistics of travel demand at levelsthat are comparable to
the conventiond trip-based modd systems (except that the current version of AMOS operate with
detic zone-to-zone travel time matrices rather than internaly conducting network assignment).

It isworthy to note that the development of the AMOS prototype incorporates a number of theoretical
concepts, such as “adaptation behavior” and “time-gpace condraints,” into a practical modd system
which fully utilizes the data that are maintained by atypicad MPO.

It isdso worthy to note that the survey conducted in this project collected awide range of information
that was needed to develop the prototype. In the future when AMOS is more fully developed, then the
contents of the survey can be substantialy reduced. Therefore,

* Inthefuture, AMOS can be implemented in a metropolitan area using the data bases maintained by
the area MPO and alow-cogt, smal-sample survey that can be readily administered. Furthermore,
this survey is not required if customizing a component of AMOS to the area to reflect its resdents
TDM responsiveness, is not desired.

It is noted that fully developing AMOS, however, will require a significant amount of data. Thisis further

discussed below as one of the recommendations.

It is believed that AMOS will be in the near future a useful short-term policy andysis tool for MPOs that
seek the most effective set of transportation policy measures. At this point, however, the AMOS
prototype contains severa areas that need improvement. For example, as noted in Section 7, a
component, the Response Option Generator, may not have been fine-tuned enough to be able to detect
possible differences in commuters responses to different TDM measures, and the search termination
rule adopted is overly smplistic Consderations of the needs for new transportation policy tools and the
current state of development of AMOS have led to the following recommendations.

The recommendations following suggest possible courses of action to support the expeditious transfer of
AMOS to MPOs and other interested parties, recognize the continuing programmetic obligations



imposed on MPOs as defined by federd law and implementing regulations, and ensure that AMOS
becomes a vauable tool for alarge number of diverse MPOs and other stakeholder organizations:

Enhance AM OS Performance. This category is defined to comprise dl actions which enhance the
productivity of the existing verson of AMOS:

* Quality and Accuracy -- Focus on refinement and replacement of current andyticd techniques
used in AMOS including, but not limited to re-training neural networks, incorporating destination
choice components, and enhancing the redism of each mode devel opment. These actions are short-
term, since they are improvements in current methodology relying for the part on current data.

» Cost Reduction and Control Measures -- The vaue to achieving acceptability of AMOS by
MPOs s enormous in an eraof ether limited or declining budgets. One large cost dement in
implementing AMOS is the activity-based survey data thet it requires. It is believed that there are
gpproaches which require investigation including, but not limited to, regiond transfers of exising
survey data, and synthetic households.

» Data Collection -- Cost reduction at MPO levels can be achieved by developing arobust model
system that can be implemented to any locale with minimum modifications and therefore with less
implementation costs. The AMOS survey in the MWCOG survey area contained a substantial
amount of questions that probed into commuters' activity scheduling, work schedules, and various
types of condraints governing their travel behavior. Development of ageneralized modd system
cdlsfor staging an extensve data collection effort in multiple urban areas. Furthermore, the AMOS
survey in the MWCOG area was limited to commuters; no information is obtained about the travel
behavior and TDM adaptation behavior by non-commuters. It is believed that such data collection
effortswill be most effective when they are tied to the implementation of TDM measures and teke
on aform of before-and-after pand study.

Increase AM OS Applicability. This category is defined to comprise dl actions which increase the
gpplicability (or scope) of AMOS, and could easily necessitate the creation of anew verson. One clear
way to expedite the transfer of AMOS to interested partiesisto modify AMOS so that it is gpplicable
to agreater variety of MPO stuations, thereby increasing the number of MPOs who would find it to be
aussful toal:

» Case Sudies -- Thisreport marks the completion of the testing of the AMOS prototype for the
metropolitan Washington, D.C., area. It isrecognized that the extent of AMOS “ acceptability”
depends in part on the number and character of demondtrations. It is recommended that three or
more case sudies be conducted in metropolitan areas that are widely different in geographica
location and other attributes.

» Adaptability -- It is suggested that efforts be made to increase the scope of AMOS to address a
greater number of policy issuesincluding more TDM measures, and a more rigorous trestment of
land-use, air qudlity, energy use, advanced trangportation technologies, and dternative



trangportation fuels. In this manner AMOS becomes more adaptable to awide variety of MPO
Stuations.

Improve AMOS Usability. Thiscategory is defined to comprise al actions which enhance the
usahility of the existing verson of AMOS. The following represent areas for improving the usability of
AMOS:

» User Interface Enhancements-- For the immediate future, it is suggested that substantive value
could be achieved in ensuring AMOS is user-friendly, including development of: Enhanced Graphic
User Interface (GUI), and compuiter files comprising a“User’'s Manua” and a“User’s Tutorid.”
Feld research isimportant to determine what is needed by and helpful to MPO and other key end-
USErs.

» Technical Support -- Opportunities exist to provide on-going AMOS technical support and related
information to MPOs and other parties-of-interest through Internet. These services would provide
immediate answersto questions like "What is AMOS? , "Who can useit?, "How isit accessed?
and other basic information. The technica support to AMOS users should be provided to quickly
respond and help solve Situationa and generic problemsin its use.

Disseminate AM OS Information. This category is defined to comprise al actions which disseminate
information on AMOS to MPO and other potentia users.

* MPO Dissaemination -- There are severd kinds of activities which would support the objective of
familiarizing representatives of MPO and other organizations (e.g., environmenta groups) with
AMOS including, but not limited to, regiona short courses, individua briefings, and Internet access.

* General Communications -- There are activities essentia to making the trangportation
stakeholders awvare of AMOS. These activities include, but are not limited to, preparation of
selected publications such as AMOS pamphlets, manuals, conference papers, and targeted
presentations and briefings.
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Appendix A: Selection of TCMs
A.1 Overview

A key step in the study was the selection of the Trangportation Control Measures (TCMs) that were
used in the implementation of AMOS for the MWCOG regions. The specific TCMs selected dictated
the data requirements for the AMOS survey (See Section 6) and some design e ements of the AMOS
prototype. The effectiveness of the TCM sdlection process was crucia, sinceit had to address factors
that influence travel behavior; ensure reasonable inclusion of these factorsin the selection of candidate



TCMs, ensure that the AMOS survey strategy collected data essentia in an acceptable testing of the
selected TCMss, and alowed reasonable specification of the evauation measures for the TCMs.

Twenty eight TCMs were selected for detailed evauation in this research project by representatives of
FHWA, the U.S. EPA, and MWCOG's Trave Forecasting and Traffic Mitigation Subcommittees.
Based on aranking of the 28 TCM candidates, sx TCMs each were then selected for inclusion in this
AMOS research project.

TCM Set 1:

* Regiond voucher program

» Congedtion pricing

» Combination of regond voucher program and congestion pricing

TCM Set 2:

» Bicyde/pedestrian measures

»  Employee parking space tax

» Combination of bicycle/pedestrian measures and parking space tax.

The research objective of this project isto prototype and demondtrate the effectiveness of an activity-
based approach to travel demand modeing in area-world context. Hence, the TCMsto be eval uated
in this research project were sdlected to meet elther of the following criteria:

1. The measures can be andyzed with both four-step and activity-based modeling approaches, but the
activity-based approach performs significantly better.

2. Themeasures can be andyzed poorly or not at al with the four-step approach, but can be analyzed
well with the activity-based approach.

Exhibit 1 compares and contrasts the analysis capabilities of the four-step and activity- based
gpproaches for the TCMsthat we propose to analyze. The table reflects the following practice in the
four-step process, which istypica of that used inthe U.S. Trip generation depends on population and
land-use activity only, and isinsengitive to price. Trip distribution depends on estimated trip generation
and highway trave times only. Mode choice can include characteristics of the traveler in addition to
moda costs and levels of service. Trip timing is Smulated by estimating the time distribution of trips by
trip type, either from nationd or regiona averages, or from aregiona household travel survey. Non
motorized modes are usudly ignored entirely, athough some agencies have models that do a " pre-mode
Fplit" to separate out bicycle and pedestrian trips prior to trip distribution and mode choice; these pre-
mode split model s typicaly depend only on socioeconomic characteristics of the traveler, and are
ingensitive to modal attributes.

Exhibit 1: Comparison of Analysis Capabilities: Four-Step and Activity-Based Approaches
TCM Measure Four-Step Activity-Based

1 Setl




1.1 Regiond voucher Modeed through effects on mode Captures effects on trip
program choice as addition to auto travel cost. | generation, trip timing,
Ignores effects on trip generation, digtribution, mode choice.
digribution, timing.
1.2 Congestion pricing Sameas 1.1 Sameas1.1.
1.3 Combination of Sameas1l.l. Assumespoliciesare Sameas 1.1l. Can capture
regiona voucher and additive; cannot estimate interaction interaction effects between
congestion pricing effects. policies.
2. Set?2
2.1 Bicycle/pededtrian Bicycle and pedestrian modestypicaly | Sameas 1.1.
measures ignored by most four-step modding
approaches.
2.2 Employee parking Modeled through effects on mode Sameas1.1.
Space tax choice as addition to auto travel codt.
Ignores effects on trip generation,
digribution, timing.
2.3 Bicyde/pedestrian Can only look at effects of parking Sameas 1.3.
measures and employee gpace tax; ignores effects of
parking space tax bicycle/pedestrian measures. Cannot
capture interaction effects.

The following factors were conddered criticad during the comparison between the four-step and activity-
based approaches:

» Trave cods enter the four-step process only through the mode choice model. The activity- based
modd can estimate the effects of travel costs on dl aspects of trave, including trip generation, trip
digtribution, and trip timing.

» Bicycde and pedestrian modes are usudly ignored within the four-step process. Four-step
gpproaches that include these modes are insengitive either to leve of service characterigtics of these
modes or cannot reflect attributes such as safety and security associated with separated bikeways
and secure bike parking fecilities.

The four-step process assumes an additive effect of combined measures. The activity-based approach
can account for interaction effects.

A.2 Discussion of the Individual TCM Options

The sdection of the 6 TCMs was made based on an assessment of the 28 candidate TCMs as rdated
to implementation feagbility usng a stated- preference survey and consstency with objectives of this



research project. The 28 candidate TCMsfall into 6 basic categories which are discussed in the
following sections. Exhibit 2 summarizes the 28 candidate TCM s their respective ranking.

A.2.1 VMT or Gas Tax

The gas tax measure has a short-term versus along-term response congsting of reducing VMT via
shorter trips and changing modesin the former case, while individuals may switch to more fud efficient
vehiclesin the latter case. A vehicle choice modd isrequired to address the vehicle switching issues,
however thisis beyond the scope of the current project.

While neither measure targets specific uses of the vehicle, which are issues that we hope to explorein
AMOS development, both measures are feasible to assess within the current survey effort given the
limitation described above for gas taxes. Should these measures be sdlected, setting the fees to recover
local generd funds spent on road congtruction (i.e., shortfals of revenues from loca gas taxes and user
fees) iscomplicated by the fact that local property taxes are transferred to state and federa road
projects. This suggests that a more complete andysis would be required to determine the net subsidy of
al road congtruction funded by loca government. Insteed of entering into this more complex andyss a
this point, we suggest that arange of fee vauesis sdected for exploring the sengitivity of vehicle useto
the cost per mile.

A.2.2 Parking Pricing

This topic covers a combination of policies that include cashtout subsidy, regiond voucher programs,
and employee parking space taxes.

Cash-out Policy

A cash-out policy requires an employer to caculate the subsidy given to employees who park at the
work place for free or at reduced rates. The employer must subsidize transt or HOV users at the same
rate. Thispolicy presents severa problemsfor andyss. It isdifficult to estimate out-of-pocket costs
that an employer subsidizes based on the full cost of a parking space at the place of employment, less
the amount that the employer pays. This subsidy can be estimated only on an aggregate basis
irrepective of the type of parking structure and other anomalies that affect parking pricesin any given
locde. From the point of view of the survey, it isnot possible to determine the amount of the parking
subsdy prior to the time of the survey. Hence, we will not test a cashrout policy.

Regional Voucher Program

A regiond voucher program requires that employers give employees afixed trave dlowance (e.g., $60
per month); SOV users who park at the work place are charged an amount equal to the travel
dlowance. SOV userswould see no net change in their benefits, HOV users would gain in an amount
that depended on vehicle occupancy, assuming that parking costs were shared; others would receive the
full travel dlowance.



This palicy ismuch easier to collect information on because it is not necessary to estimate the amount of
the current effective subsidy. Hence, it isthe most likdly candidate TCM measure for inclusion in the
project.

This policy has the disadvantage that it may not gppear sensible to those who currently park a the work
place: the employer is Smultaneoudy giving them atrave dlowance and teking it away. A possble
variation on this palicy isto charge an amount for parking that is higher than the travel dlowance,
requiring those who park to pay something. The amount to be charged would depend on the area
within the region (e.g., Washington CBD, outer suburbs, eic.). For areas where there is currently no
parking charge, the required payment would be in the form of a parking space tax.

Thisvariation is conceptudly as sraightforward to include in the mode asis the regular regiona voucher
program. It would, however, require some extra effort in survey design because the amount of the
subsidy, and the amount charged for parking, would have to depend on the location of the work place.

Employee Parking Space Tax

If the Employee Parking Space Tax is framed as a pass-through fee to employees, then it represents
another variation on the cash-out subsidy or regiona voucher program, except that it would appear asa
disncentive; as discussed above. Assuch, thereis no reason that it cannot be addressed in the SP
urvey.

A.2.3 Congestion Pricing

This measure provides the opportunity to develop a centrd feature that the activity-time framework
offers, and is feasible within the current scope of work. Traveler response to pesak period pricing that
can be captured include changing departure times, changing sequence of activities and trips, changing
activities and trips, and changing modes. We believe that for amplicity of anadys's (and to conform with
economic rationdity), congestion pricing should be assumed to apply to all roadways, not just limited-
access fadilities. Thisiswithin the scope of current technology; for example, the DRIVE program in
Europe includes a demonstration of technology for collecting road user charges.

A.2.4 Region-Wide HOV Network

As currently proposed by the Washington COG, this measure would entail building a sysem of HOV
lanes throughout the region. Anadyzing this measure would require that we estimate for each traveler the
portion of each trip that is currently on a highway that would be included in the HOV network. While it
is possible to develop a method that provides travel times by origin-destination pairs matched for the
HOV network, this would require a commitment of an estimated two to three person weeks on the part
of COG ¢aff or an dternate to develop. It would aso be necessary to determine whether atraveler
who currently does not use these highways would be diverted to use the HOV facilities, which is a the
frontier of current research in route choice and beyond the current state of practice in network



modeling. Hence, this measure would be conceptudly difficult to collect stated-preference data on and
model. We do not propose to includeit in the list of TCMs for implementation.

A.2.5 Bicycle/Pedestrian Measures

Bicycle/Pedestrian Measures can be framed a two leves, only one of which isfeasble to anadyze within
the current scope of effort. A number of key factors can contribute to a bicycle/pedestrian Strategy
including: (1) asafe and continuous network of bicycle and pedestrian pathways; (2) safe parking at
trangt and metro stations, as well as park and ride lots; (3) amenities to facilitate the use of these modes
such as showers at the place of work; and (4) urban redesign factors (e.g., high density development,
retail center development, traffic calming). Thefirgt three factors can be combined into a
"bicycle/pedestrian” scenario that can be credibly explored using stated-preference (SP) questions
within the current scope of effort. The development of a"bicycle/pedestrian” cgpability into the current
research effort would capitaize on the capabilities of AMOS that are largely unmet by other modeling
approaches.

It seemsto us that whether cycling isa practicd thing to do israther easy for people to judge and there
will not be too many people in the gray zone. The SP approach would consst of describing the
scenario to the interviewee and asking questions like, "Would you consider riding to the rail station, then
taking the rail to work?'. But we want to add that practicaly nobody used the bicycle as afeeder mode
to rall 20 years ago in Japan; now there are more bicycles around every rail station than there are
parking spaces. Who knows whether the same change won't take place in the US before too long?

Extending the bicycle/pedestrian scenario to include urban redesign implies a departure from current
conditions that strains the vaidity of the SP approach. It condtitutes an additiona "urban redesign”
scenario that requires acomplete evaluation in and of itsdlf. Presenting aland-use scenario in a stated-
preference (SP) format pushes the edge of making the questions as "red" as possible to the interviewee.
The SP method depends on the customization of questions to real-world conditions (i.e., the "realness’)
for thevdidity of itsresults. There are tow different goproaches to achieving this. Thefirst conssts of
designing detailed pair-wise trade- offs between key ste design criteria and presenting these choicesin
graphical form to theinterviewee. Unfortunately, the cost of this type of customized graphics gpproach
is prohibitive within the scope of the current survey budget. The second gpproach to modeling a
complex land-use scenario would be to build AMOS using actud micro-levd land-use data. While
Montgomery County does have thistype of data, the project would be required to implement AMOS at
two different levels of aggregation, i.e., one for Montgomery County and another for the MWCOG
regionsin ther entirety. Again, the scope of the existing budget cannot beer this expense.

Exhibit 2. Detailed Assessment of MWCOG Proposed TCMs

4
TCMs Source | Step| Amos | DataSources | Segment | Synergies | Rank

Pricing Measures

Gas Tax Increase: $.25/gd for 10 COG12| 1 4 HH survey 4 A-5, B, 4




years (M-10), auto insurance C,&D
VMT Tax: $.05/mi for > 10,000 COG 14
mi/credit LEVs (M-15)
VDRPT 1 1 4 HH 4 A-5, B, 4
urvey C,&D

Pollution Fee: $500/yr/gas vehicle VDRPT| O 4 HH survey 4 A-5, B,
(M-9) 1 C,&D
Regiona Voucher Program: $60/mo | VDRPT | 0O 4 HH survey 3 A-5,C,
to al employees & $60/mo parking 2 D
charge (M-42)
Trangt Incentives. $Utrip or Y2fare | VDRPT | 3 5 HH survey mode 3 A, B, C,
Metro feeders (M-8,14) 5 choice data D
Congestion Pricingon LOV: $20/mi | FED | 1* 5* HH survey 4 D, esp D-
< 3 occupants (M-11) 2
B. Parking Measures
1. Build Park-n-Ride Lots (M-39) CoOG1l| O 3 HH survey 4 A-5

VDRPT

6
2. Cashrout Subsidy for EPA/CO| 2 5 HH survey 3 A,C D
Trandgt/HOV: match subsidy for G
employer parking benefits to
HOV ftrangit users (M-7)
3. Employee Parking Space Tax: EPA 2 5 HH survey 3 C,D
suburb-$14/mo,$25/mo-metro (M-
12,13)
C. Bike/Ped Scenario
1 Bicyde Element of Long Range COG6 HH survey
Pan (M-37): to be specified VDRPT
4

1 Bicycle Racks & Lockersat All CoG7| O 3 HH survey 2 A,B,D
Trangt Stations (M-29) & E
1 Pededtrian Facilities Near Rall coGcs| o 3 HH survey 2 A,B,D
Sations within 1 mile (M-28) & E
1 Bike Incentives. cashtout or COG 0 3 HH survey 1 A,B,D
subsidy for bike-related fees 23/ & E

WABA
1 Bike Employee Trip Reduction COG | 1 3 HH survey 2 A,B,D
Programs 24/ & E

WABA




1 Bike Parking at Public Facilities COG 3 HH survey 1 A,B,D | 5
26/ & E
WABA
Scenario Background: maps & traffic| COG 21 1 HH survey 3 A,B,D 1
engineering for bikes & & E
28/WAB
A
Scenario Background: ste planning &| EDF/
land-use measures
WABA 0 HH 4 A,B,D 1
survey & E
ETR/ECO/Tdecommute
Trip Reduction Incentives Program | COG 4 5 HH survey 4 A&B
(ETR) VDRPT
3
Revised Employee Commute Options| COG 5 5 HH survey 4 A&B 4
(ECO): support dternativesto SOV, | VDRPT
dternative work schedules, incentives 3
Integrated Ridesharing (M-47):
- ridefinders
- guaranteed ride home COG 11
1 4
5 HH A&B 3
survey
4
Financid Incentives for COG 19 5 HH survey 3 A&B 3
Tedecommuting Program: for VDRPT
employer programs (M-46) 7
Tdecommuting Centersin Outlying | COG 20 5 HH survey 3 A&B 2
Areas (M-58) VDRPT
7
Land-Use M easur es
to be specified 3 HH survey Land- 5 A,B,C, | O
use data D
Network-based M easur es
Highway Ramp Metering (M-31) COG 4 3
Increase Frequency of Exiging COG 5 5 HH survey mode 46

Trangt Service (M-25)

choice data




Increase Frequency of Commuter COG 6 HH survey mode
Rall Service (M-26) choice data
Timed Trandfer with Extensive COG7 HH survey mode
Suburban Coverage (M-27) choice data
Speed Limit Adherence (M-24) COG9

Hashing Ydlow Sgnds (M-30) COG 10

Control Extended Idling (M-56) COG 13

Marketing & Outreach

Bike Marketing, Outreach, and COG 22 HH survey
Education Programs

Bike Site Planning Programs for COG 25 HH survey
Developers

Bike Public Participation and COG 27 HH survey
Planning Programs

Notes. (1) SCALE: 1to 5 indicateslowest to highest, asfollows:

(@ 4 step and AMOS: dhility to evauate the impacts of the TCM within either modd,

(b) Segment: preiminary estimate of the rdative sze of the market segment impacted by the TCM,

(c) Synergies: cross-references the TCMsin the matrix that this TCM has potentia synergies with,

(d) Rank: overdl assessment of the vadue of evauating this TCM within the current scope of work.

(2) Sourcesrefer to documents provided by Virginia Department of Rail and Public Trangt (VDRPT) on behdf
of the Washington COG, the Washington Area Bicycling Association (WABA), the Environmenta Defense Fund

(EDF), and the Washington COG (COG).

(3) Anadterisk (*) indicates that a complete analysis depends relatively more predominantly on network

assgnment.
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Appendix B: AMOS Survey Instrument
Appendix B isnot available & thistime,
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Appendix C: AMOS Survey Databases

PART 1: DEMOGRAPHICS AND STATED PREFERENCES
FILENAME: AMOSVER1.DAT
Number of Cases = 656

This data file contains information on person and household demographics as well asthe sated
responses of individuasto various TDM scenarios. Thisfile was created by combining the following
raw datafiles provided to RDC, Inc. by Strategic Consulting Research, Inc., the contracting firm that
adminigtered the survey and assembled the data bases:

AMOSLXLS
AMOS2.XLS
AMOS3.XLS
PARK.XLS
CODESXLS
TCM1.XLS
TCM2XLS
TCM3.XLS
TCM4.XLS
TCM5.XLS
TCM6.XLS

The file format with variable definitions and codes is provided firgt, followed by genera notes and
descriptions of derived variables (not saved in the original data bases) if any.

VARIABLE DESCRIPTIONS

Variable No. Question in AMOS
Name Variable Definition CATI Ingtrument

1HHID Household ID Code

2 COMMUTER No of personsin hhid who commute & least once | CATI-1:Q3

per week

3RES TYPE Type of Resdence CATI-1:Q15

4 TENURE Number of years at current address CATI-1:Q16

5 OWNRENT Own or rent home? CATI-1.Q17

6 HHLDSIZE Household size CATI-1:Q18
7GT5YRS No of persons greater than 5 years of age CATI-1:.Q19

8 NVEHICLE No of vehicles owned, leased, etc. CATI-1:Q21
9NBICYCLE No of bicyclesin household CATI-1:Q26

10 MARKET_D Distance to nearest market CATI-1:Q27




11 MARKET_U Units of distance to market CATI-1:Q28
12 BUSDIST Distance to nearest bus stop CATI-1:Q29
13 BUSUNIT Units of measurement (miles/blocks) CATI-1:Q30
14 METRDIST Distance to nearest metro/rail stop CATI-1.Q31
15 METRUNIT Units of measurement (miles/blocks) CATI-1.Q32
16 PARKDIST Distance to nearest park CATI-1:Q33
17 PARKUNIT Units of distance to nearest park CATI-1.Q34
18 SDEWALK Are there sdewalks near home? CATI-1.Q35
19 BIKEPATH Are there bikepaths near home? CATI-1:Q36
20 INCOME Household Income CATI-1.Q37
21 PRKCHRG Parking cost per month CATI-1:Q88
22 FREEPAID Employer paid or free parking CATI-1:Q90
23 T_ACCESS Trangt access mode CATI-1:Q91
24T EGRESS Trangt egress mode CATI-1:Q92
25 AGECATEG Age category of respondent CATI-1:Q38
26 GENDER Gender of respondent CATI-1:Q39
27 LICENSE Is respondent licensed to drive? CATI-1:Q41
28 EMPLOY Employment status of respondent CATI-1:Q42
29 WRKPLACE Place of work (outsdefinsde home) CATI-1:Q44
30J0B2 Do you have second job? CATI-1:Q46
31 JOB2PLC Place of second job CATI-1.Q47
32 HMWKDIST Digtance from home to work place CATI-1:Q58
33HMWKUNIT Units of measurement (miles/blocks) CATI-1:Q59
34 WKHMDIST Distance from work to home place CATI-1:Q61
35 WKHMUNIT Units of measurement (miles/blocks) CATI-1:Q62
36 HMWKTIME | Trave timefrom home to work (min) CATI-1:Q161
37 NDAY SOV No of days last week by SOV CATI-1:Q64
38 NDAYDRIV No of days last week by Drive with Passengers CATI-1:Q65
39 DRIVHHLD Are passengers hhld members? CATI-1.Q66
40 NDAYRIDE No of days last week by Riding with Someone CATI-1.Q67
41 RIDEHHLD Are passengers hhid members? CATI-1:Q68
42 NDAYBUS No of dayslast week by BusNo Rail CATI-1:Q69
43NDAYMETR No of dayslast week by Metro/Rall CATI-1Q70
44 NDAYTRN No of dayslast week by Train CATI-1.Q71




45 NDAYMOP No of days last week by Motorcycle/Moped CATI-1:Q72
46 NDAYBIKE No of days last week by bicycle only CATI-1:Q73
47 NDAYWALK | No of dayslast week by waking only CATI-1.Q74
48 NDAYHOME | No of dayslast week working at home CATI-1.Q74-2/167
49 AVLSOV IsSOV available? CATI-1:Q76
50 AVLDRIV Is Drive with passengers available? CATI-1.Q77
51 AVLRIDE Is Ride with someone available? CATI-1.Q79
52 AVLBUS Is Bus/No Rall available? CATI-1:Q81
53 AVLMETR IsMetro/Rall available? CATI-1:Q82
54 AVLTRN IsTrain available? CATI-1:Q83
55 AVLMOP Is Motorcycle/Moped available? CATI-1:Q84
56 AVLBIKE IsBicycdle Only available? CATI-1:Q85
57 AVLWALK IsWaking Only available? CATI-1:Q86
58 WK_AR HR Work arrival time (hour) CATI-1:Q93
5 WK_AR_MN Work arrivd time (minutes) CATI-1:Q93
60 EARLY_AR Hexibility to arrive early (minutes) CATI-1:Q96
61 LATE_AR Hexibility to arrive late (minutes) CATI-1:Q97
62 WK_LV_HR Work leave time (hour) CATI-1:Q98
63 WK_LV_MN Work leave time (minutes) CATI-1:Q98
64 EARLY LV Hexibility to leave work early (minutes) CATI-1:Q101
65 LATE LV Flexibility to leave work late (minutes) CATI-1:Q102
66 HW_CHILD No of days dropped child at daycare/school on CATI-1.Q104
way from home to work
67 HW_NOTCH No of days stopped on way from hometowork | CATI-1:Q105
other than pickup/drop child
68 HW_WKREL No of days stopped on way fromhometowork | CATI-1:Q107
for work related activity
69 HW_SHOP No of days stopped on way from hometowork | CATI-1:Q108+
for grocery or other shopping Q109
70 HW_PNBSN No of days stopped on way from hometowork | CATI-1:Q110
for persona business
71 HW_SRVPS No of days stopped on way from home to work to | CATI-1:Q113
serve passenger other than child
72 HW_RECR No of days stopped on way from hometowork | CATI-1:Q112
for recreationd activity
73HW_OTHER No of days stopped on way from hometowork | CATI-1:Q111+




for eat, gas, other activities Q114+Q115

74WH_CHILD No of days stopped on way from work to hometo | CATI-1:Q117
pickup/drop child at school/daycare
75 WH_NOTCH No of days stopped on way fromwork to home | CATI-1:Q118
other than pickup/drop child
76 WH_WKREL No of days stopped on way from work to home | CATI-1:Q120
for work related activity
77 WH_SHOP No of days stopped on way from work to home | CATI-1:Q121+
for grocery and other shopping Q122
78 WH_PNBSN No of days stopped on way from work to home | CATI-1:Q123
for persona business
79 WH_SRVPS No of days stopped on way from work to hometo | CATI-1:Q126
serve passenger other than child
80 WH_RECR No of days stopped on way fromwork to home | CATI-1:Q125
for socid recreationd activity
81 WH_OTHER No of days stopped on way from work to home | CATI-1:Q124+
for edat, gas, other activities Q127+Q128
82 AW_TRIP No of days made car trip while at work CATI-1:Q129.2/163
83 AW_WKREL No of days made work-related trip while at work | CATI-1:Q131
84 AW_SHOP No of days made shopping trip while a work CATI-1:Q132+Q133
85 AW_PNBSN No of days made personad businesstrip while at CATI-1.Q134
work
86 AW_RECR No of days made recreationd trip whileat work | CATI-1:Q136
87 AW_SRVPS No of days made serve passenger trip (other than | CATI-1:Q137
child)while a work
88 AW_CHILD No of days made trip to serve child (other than CATI-1:Q137.2/Q166
school/daycare) while at work
89 AW_EAT No of days made eat med trip while a work CATI-1.Q135
90 CCAR _USE Company car available/use? CATI-1:Q140+Q141
91 WALKTM1 Waking time for parking tax scenario(minutes) CATI-2:Q37
92 WALKTM2 Walking time for parking tax scenario(minutes) CATI-2:Q38
93 TAXQ37 Parking tax for scenario Q37 ($) CATI-2:Q37
94 TXQ38 Parking tax for scenario Q38 ($) CATI-2:Q38
95 TXQ39_60 Parking tax for TCM1 - Q39/60
96 BEN_PARK Level of Employer Bendfit/Parking CATI-2:Q61/Q66
97 PAY_TIME Leve of Congestion Pricing/Trave time Reduction | CATI-2:Q63/66




98 RUR_CITY Rurd or City?

99 PRKRES37 Response to park/walk tradeoff CATI-2:Q37

100 PRKRES38 CATI-2:Q38

Response to

park/walk tradeoff

101 TCMRES1 Response to TCM 1:Parking tax CATI-2:Q39

102 TCMRES2 Response to TCM2:Improved Bicycle Fecilities | CATI-2:Q59

103 TCMRES3 Responseto TCM3: TCM1+TCM2 CATI-2:Q60

104 TCMREA Response to TCM4:Employer Benefit+Prking Tax | CATI-2:Q61

105 TCMRESS Response to TCM5:Congestion Pricing+ Travel CATI-2:Q63
Time Bendfits

106 TCMRES6 Responseto TCM6: TCM4+TCM5 CATI-2:Q66

VARIABLE CODES

Variable No. Name

Coding Scheme

3 RES TYPE

1=Single Family Detached House

2=Single Family Attached House

3=Apartment or Condominium

4=Mobile Home

5=Hotd or Motd Unit

6=Group Quarters Unit

7=Other

5 OWNRENT

1=0Own

2=Rent

3=Don’t Know

4=Refused

11 MARKET_U

1=Miles

2=Blocks

3=Don’t Know

4=Refused

13 BUSUNIT

1=Miles

2=Blocks

3=Don’t Know

4=Refused




15 METRUNIT

1=Miles

2=Blocks

3=Don’t Know

4=Refused

17 PARKUNIT

1=Miles

2=Blocks

3=Don’t Know

4=Refused

18 SIDEWALK

1=Yes (ddewak present)

2=No (sidewalk absent)

3=Don’t Know

19 BIKEPATH

1=Y es (bikepath present)

2=No (bikepath absent)

3=Don’t Know

20 INCOME

1=L ess than $5,000

2=$5,000 - $10,000

3=%$10,001 - $20,000

4=$20,001 - $30,000

5=$30,001 - $50,000

6=$50,001 - $75,000

7=$75,001 - $100,000

8=$100,001 - $125,000

9=$125,001 - $150,000

10=Over $150,000

11=Don’'t Know

12=Refused

22 FREEPAID

1=Freeto park at workplace

2=Employer paysfor parking

23 T_ACCESS

1=Wdk only

2=Drive done

3=Drive with others

4=Get ride from somebody

5=Bicyde

6=Other




24T EGRESS

1=wak only

2=Drive done

3=Drive with others

4=Get ride from somebody

5=Bicycle

6=Other

25 AGECATEG

1=5-10 years

2=11-15 years

3=16-18 years

4=19-29 years

5=30-39 years

6=40-49 years

7=50-59 years

8=CGreater than or equa to 60 years

9=Don’t know

10=Refused

26 GENDER

1=Mde

2=Femde

27 LICENSE

1=Person drives

2=Peson does not drive

3=Refused

28 EMPLOY

1=Employed full time (30+ hours per week)

2=Employed part time (<30 hours per week)

3=Student only

4=Student & work part time

B5=Student & work full time

6=Seeking work

7=Retired

8=Homemaker

9=Disabled

10=Volunteer

11=Cther

29 WRKPLACE

1=Works mainly a home

2=Works at another place




30J0B2

1=Has second job

2=Does not have second job

31JOB2PLC

1=Second job is a home

2=Second job is a another place

33 HMWKUNIT

1=Miles

2=Blocks

3=Don’t Know

4=Refused

35 WKHMUNIT

1=Miles

2=Blocks

3=Don’t Know

4=Refused

39 DRIVHHLD

1=Vehicle occupants are household members

2=Not household members

3=Some are household members

4=Don't know

41 RIDEHHLD

1=V ehicle occupants are household members

2=Not household members

3=Some are household members

4=Don’'t know

49 AVLSOV

1=Yes, itisavalable

2=Not available

3=Don’t Know

S0AVLDRIV

1=Yes itisavaldble

2=Not available

3=Don’t Know

51 AVLRIDE

1=Yes itisavalable

2=Not available

3=Don’t Know

52 AVLBUS

1=Yes, itisavalable

2=Not available

3=Don’'t Know

53AVLMETR

1=Yes itisavaldble

2=Not available




3=Don’t Know

54 AVLTRN 1=Yes itisavalable
2=Not available
3=Don’t Know
55 AVLMOP 1=Yes, itisavalable
2=Not available
3=Don’t Know
56 AVLBIKE 1=Yes itisavalable
2=Not available
3=Don’'t Know
57 AVLWALK 1=Yes itisavalable
2=Not available
3=Don’t Know
58 WK_AR_HR -5=Variable (any hour)
59 WK_AR_MN -5=Vaiable (any minute)
60 EARLY_AR -5=Vaable (any number of minutes)
61 LATE AR -5=Varable (any number of minutes)
62 WK _LV_HR -5=Variable (any hour)
63WK_LV_MN -5=Vaiable (any minute)
64 EARLY LV -5=Varable (any number of minutes)
65 LATE LV -5=Varable (any number of minutes)
90 CCAR_USE 0=No company car
1=Company car available for work purposes only
2=Company car available for home-to-work journey
3=Cther
98 RUR_CITY 1=City (urban)
2=Rurd
99 PRKRES37 1=Pay parking tax
2=Not pay parking tax, would rather walk
100 PRKRES38 1=Pay parking tax
2=Not pay parking tax, would rather walk
101 TCMRES1 1=Change departure time to work

2=Switch work mode to Walk

3=Switch work mode to Bicycle




4=Switch work mode to Car/VVan Pooal

5=Switch work mode to Trandit

6=Switch to Working at Home

7=No change in behavior

8=Cther

9=Refused

102 TCMRES2

1=Change departure time to work

2=Switch work mode to Wak

3=Switch work mode to Bicycle

4=Switch work mode to Car/VVan Pool

5=Switch work mode to Trandit

6=Switch to Working a& Home

7=No change in behavior

8=Other

9=Refused

103 TCMRES3

1=Change departure time to work

2=Switch work mode to Wak

3=Switch work mode to Bicycle

4=Switch work mode to Car/VVan Poal

5=Switch work mode to Trangit

6=Switch to Working a Home

7=No change in behavior

8=Other

9=Refused

104 TCMREA4

1=Change departure time to work

2=Switch work mode to Walk

3=Switch work mode to Bicycle

4=Switch work mode to Car/VVan Pool

5=Switch work mode to Trangt

6=Switch to Working a Home

7=No change in behavior

8=Other

9=Refused

105 TCMRES5

1=Change departure time to work




2=Switch work mode to Wak

3=Switch work mode to Bicycle

4=Switch work mode to Car/VVan Pool

5=Switch work mode to Trandit

6=Switch to Working a Home

7=No change in behavior

8=Other

9=Refused

106 TCMRES6

1=Change departure time to work

2=Switch work mode to Walk

3=Switch work mode to Bicycle

4=Switch work mode to Car/VVan Pool

5=Switch work mode to Transit

6=Switch to Working at Home

7=No change in behavior

8=Other

9=Refused

NOTE

Negative values for any datafied are defined as follows, unless otherwise specified above:

-1=REFUSED
-2=DONT KNOW

-3 = SKIPPED (NOT APPLICABLE)
-4 =NOT APPLICABLE
-5=ANY HOUR (OR MINUTE), i.e, flexible hours

-6 = VARIES
DATA FILE FORMAT
Column
Varidble No. Name Record No. Beg End Input Format
1HHID 1 1 8 F8.2
2 COMMUTER 1 16 F8.2
3RES TYPE 1 17 24 F8.2
4 TENURE 1 25 32 F8.2




5 OWNRENT 1 33 40 F8.2
6 HHLDSIZE 1 41 48 F8.2
7 GT5YRS 1 49 56 F8.2
8 NVEHICLE 1 57 64 F8.2
9NBICYCLE 1 65 72 F8.2
10 MARKET_D 1 73 80 F8.2
11 MARKET_U 2 1 8 F8.2
12 BUSDIST 2 9 16 F8.2
13 BUSUNIT 2 17 24 F8.2
14 METRDIST 2 25 32 F8.2
15 METRUNIT 2 33 40 F8.2
16 PARKDIST 2 41 48 F8.2
17 PARKUNIT 2 49 56 F8.2
18 SIDEWALK 2 57 64 F8.2
19 BIKEPATH 2 65 72 F8.2
20 INCOME 2 73 80 F8.2
21 PRKCHRG 3 1 8 F8.2
22 FREEPAID 3 9 16 F8.2
23 T_ACCESS 3 17 24 F8.2
24 T_EGRESS 3 25 32 F8.2
25 AGECATEG 3 33 40 F8.2
26 GENDER 3 41 48 F8.2
27 LICENSE 3 49 56 F8.2
28 EMPLOY 3 57 64 F8.2
29 WRKPLACE 3 65 72 F8.2
30J0B2 3 73 80 F8.2
31J0B2PLC 4 8 F8.2
32 HMWKDIST 4 16 F8.2
33 HMWKUNIT 4 17 24 F8.2
34 WKHMDIST 4 25 32 F8.2
35 WKHMUNIT 4 33 40 F8.2
36 HMWKTIME 4 41 48 F8.2
37 NDAY SOV 4 49 56 F8.2
38 NDAYDRIV 4 57 64 F8.2




39 DRIVHHLD 4 65 72 F8.2
40 NDAYRIDE 4 73 80 F8.2
41 RIDEHHLD 5 8 F8.2
42 NDAYBUS 5 16 F8.2
43NDAYMETR 5 17 24 F8.2
44 NDAYTRN 5 25 32 F8.2
45 NDAYMOP 5 33 40 F8.2
46 NDAYBIKE 5 41 48 F8.2
47 NDAYWALK 5 49 56 F8.2
48 NDAYHOME 5 57 64 F8.2
49 AVLSOV 5 65 72 F8.2
50 AVLDRIV 5 73 80 F8.2
51 AVLRIDE 6 1 8 F8.2
52 AVLBUS 6 9 16 F8.2
53 AVLMETR 6 17 24 F8.2
54 AVLTRN 6 25 32 F8.2
55 AVLMOP 6 33 40 F8.2
56 AVLBIKE 6 41 48 F8.2
57 AVLWALK 6 49 56 F8.2
58 WK_AR HR 6 57 64 F8.2
59 WK_AR MN 6 65 72 F8.2
60 EARLY AR 6 73 80 F8.2
61 LATE AR 7 1 8 F8.2
62 WK_LV_HR 7 9 16 F8.2
63WK_LV_MN 7 17 24 F8.2
64 EARLY LV 7 25 32 F8.2
65 LATE LV 7 33 40 F8.2
66 HW_CHILD 7 41 48 F8.2
67 HW_NOTCH 7 49 56 F8.2
68 HW_WKREL 7 57 64 F8.2
69 HW_SHOP 7 65 72 F8.2
70 HW_PNBSN 7 73 80 F8.2
71 HW_SRVPS 8 1 8 F8.2
72 HW_RECR 8 9 16 F8.2




73HW_OTHER 8 17 24 F8.2
74WH_CHILD 8 25 32 F8.2
75 WH_NOTCH 8 33 40 F8.2
76 WH_WKREL 8 41 48 F8.2
77 WH_SHOP 8 49 56 F8.2
78 WH_PNBSN 8 57 64 F8.2
79 WH_SRVPS 8 65 72 F8.2
80 WH_RECR 8 73 80 F8.2
81 WH_OTHER 9 1 8 F8.2
82 AW_TRIP 9 9 16 F8.2
83 AW_WKREL 9 17 24 F8.2
84 AW_SHOP 9 25 32 F8.2
85 AW_PNBSN 9 33 40 F8.2
86 AW_RECR 9 41 48 F8.2
87 AW_SRVPS 9 49 56 F8.2
88 AW_CHILD 9 57 64 F8.2
89 AW_EAT 9 65 72 F8.2
90 CCAR_USE 9 73 80 F8.2
91 WALKTM1 10 1 8 F8.2
92 WALKTM2 10 9 16 F8.2
93 TAXQ37 10 17 24 F8.2
94 TXQ38 10 25 32 F8.2
95 TXQ39_60 10 33 40 F8.2
96 BEN_PARK 10 41 48 F8.2
97 PAY_TIME 10 49 56 F8.2
98 RUR_CITY 10 57 64 F8.2
99 PRKRES37 10 65 72 F8.2
100 PRKRES38 10 73 80 F8.2
101 TCMRES1 11 1 8 F8.2
102 TCMRES2 11 9 16 F8.2
103 TCMRES3 11 17 24 F8.2
104 TCMRESA 11 25 32 F8.2
105 TCMRES5 11 33 40 F8.2
106 TCMRES6 11 41 48 F8.2




DERIVED VARIABLES

BENEFT = EMPLOYER BENEFIT MEASURED IN DOLLARS PER MONTH.
PARKFEE = ADDITIONAL PARKING CHARGE IN DOLLARS PER MONTH.
CONG_PRC = CONGESTION PRICING MEASURED IN CENTS PER MILE.
TT_SAVE =TRAVEL TIME SAVINGS MEASURED IN PERCENT, i.e.,, 10%, 20%, 30%.
COM_DIST = HOME-TO-WORK COMMUTE DISTANCE

DERIVATION:

IF (BEN_PARK EQ 1) THEN (BENEFIT = 40. PARKFEE = 40).
IF (BEN_PARK EQ 2) THEN (BENEFIT = 40. PARKFEE = 50.).
IF (BEN_PARK EQ 3) THEN (BENEFIT = 40. PARKFEE = 60.).
IF (BEN_PARK EQ 4) THEN (BENEFIT = 40. PARKFEE = 70).
IF (BEN_PARK EQ 5) THEN (BENEFIT = 40. PARKFEE = 80).
IF (BEN_PARK EQ 6) THEN (BENEFIT = 50. PARKFEE = 50).
IF (BEN_PARK EQ 7) THEN (BENEFIT = 50. PARKFEE = 60.).
IF (BEN_PARK EQ 8) THEN (BENEFIT = 50. PARKFEE = 70).
IF (BEN_PARK EQ 9) THEN (BENEFIT = 50. PARKFEE = 80).
IF (BEN_PARK EQ 10) THEN (BENEFIT = 60. PARKFEE = 60.).
IF (BEN_PARK EQ 11) THEN (BENEFIT = 60. PARKFEE = 70.).
IF (BEN_PARK EQ 12) THEN (BENEFIT = 60. PARKFEE = 80.).
IF (BEN_PARK EQ 13) THEN (BENEFIT = 70. PARKFEE = 70.).
IF (BEN_PARK EQ 14) THEN (BENEFIT = 70. PARKFEE = 80.).
IF (BEN_PARK EQ 15) THEN (BENEFIT = 80. PARKFEE = 80.).

IF (PAY_TIME EQ 1) THEN (CONG_PRC = 15. TT_SAVE = 10.).
IF (PAY_TIME EQ 2) THEN (CONG_PRC = 20. TT_SAVE = 10).
IF (PAY_TIME EQ 3) THEN (CONG_PRC = 25. TT_SAVE = 10).
IF (PAY_TIME EQ 4) THEN (CONG_PRC = 30. TT_SAVE = 10).
IF (PAY_TIME EQ 5) THEN (CONG_PRC = 35. TT_SAVE = 10.).
IF (PAY_TIME EQ 6) THEN (CONG_PRC = 25. TT_SAVE = 20).
IF (PAY_TIME EQ 7) THEN (CONG_PRC = 30. TT_SAVE = 20).
IF (PAY_TIME EQ 8) THEN (CONG_PRC = 35. TT_SAVE = 20).
IF (PAY_TIME EQ 9) THEN (CONG_PRC = 40. TT_SAVE = 20).
IF (PAY_TIME EQ 10) THEN (CONG_PRC = 45. TT_SAVE = 20)).
IF (PAY_TIME EQ 11) THEN (CONG_PRC = 30. TT_SAVE = 30)).
IF (PAY_TIME EQ 12) THEN (CONG_PRC = 35. TT_SAVE = 30)).
IF (PAY_TIME EQ 13) THEN (CONG_PRC =40. TT_SAVE = 30)).
IF (PAY_TIME EQ 14) THEN (CONG_PRC = 45. TT_SAVE = 30).
IF (PAY_TIME EQ 15) THEN (CONG_PRC =50. TT_SAVE = 30)).



ASSUMPTION: ONE MILE = 8 BLOCKS.
COM_DIST=HMWKDIST.

IF (HMWKUNIT EQ 2) THEN COM_DIST=HMWKDIST/8.

UNIVARIATE FREQUENCY DISTRIBUTIONS FOR AMOSVER1.DAT

Variable No. Category Name | Category Totd No. of Vaues Missing or
Name Frequency Frequency Outsde the Range
2 COMMUTER ZERO 0 656 0
ONE 312
TWO 281
THREE 44
GT_THREE 19
3RES TYPE DET_HOME 390 656 0
ATT_HOME 93
APT_COND 168
MOBILEHM 2
HOTEL 0
GRPQRTS 1
OTHER 2
4 TENURE MISSING 1 656 0
LT1YR 82
1-5YR 255
5-10YR 172
GT10YR 146
5 OWNRENT MISSING 2 656 0
OWN 506
RENT 147
REFUSE 1
6 HHLDSIZE ONE 123 656 0
TWO 210
THREE 144
FOUR 117
GTFOUR 62
7 GT5YRS ONE 131 656 0




TWO 273
THREE 126
FOUR 94
GT_FOUR 32
8NVEHICLE  |ZERO 20 656
ONE 167
TWO 321
THREE 110
FOUR 30
GT_FOUR 8
9NBICYCLE  |ZERO 253 656
ONE 129
TWO 149
THREE 55
FOUR 43
GT_FOUR 27
13 BUSUNIT MISSING 79 656
MILES 218
BLOCKS 359
REFUSE 0
15METRUNIT  [MISSING 31 656
MILES 553
BLOCKS 72
REFUSE 0
18 SIDEWALK  |YES 517 656
NO 139
REFUSE 0
19BIKEPATH |YES 307 656
NO 337
REFUSE 12
20 INCOME MISSING 7 656
LT30K 84
30-50K 157
50-75K 166




75-100K 112
GT100K 85
REFUSE 45
21 PRKCHRG MISSING 65 656
FREE 485
LT10$ 14
10-20$ 8
20-40% 19
40-75% 32
GT75% 33
22 FREEPAID MISSING 171 656
FREE 438
EMP_PAID 47
REFUSE 0
23T_ACCESS |MISSING 566 656
WALKONLY 53
SOV 25
DRIVOTHR 4
RIDEOTHR 3
BICYCLE 1
OTHER 4
REFUSE 0
24 T_EGRESS MISSING 566 656
WALKONLY 77
SOV 1
DRIVOTHR 0
RIDEOTHR 1
BICYCLE 0
OTHER 11
REFUSE 0
25 AGECATEG |5-10Y 0 656
11-15Y 0
16-18Y 0
19-29Y 95




30-39Y 216
40-49Y 182
50-59Y 125
GT_60Y 36
REFUSE 2
26 GENDER MALE 382 656
FEMALE 274
REFUSE 0
27 LICENSE LIC 640 656
NO_LIC 16
REFUSE 0
28 EMPLOY EMP_FT 603 656
EMP_PT 35
STUDENT 1
STU_PTWK 3
STU_FTWK 5
SEEKWORK 3
RETIRED 2
HOMEMAKE 1
DISABLED 0
VOLUNTEE 2
OTHER 1
REFUSE 0
29 WRKPLACE |MISSING 11 656
AT _HOME 11
OUT_HOME 634
REFUSE 0
30 JOB2 MISSING 11 656
YES 52
NO 593
REFUSE 0
31 JOB2PLC MISSING 603 656
AT _HOME 15
OUT_HOME 38




REFUSE 0
33HMWKUNIT [MISSING 13 656
MILES 628
BLOCKS 15
REFUSE 0
35 WKHMUNIT |MISSING 13 656
MILES 627
BLOCKS 16
REFUSE 0
36 HMWKTIME [MISSING 15 656
LT1IOMIN 75
10-30MIN 308
30-60MIN 220
GT60OMIN 38
37 NDAYSOV  |ODAY 152 656
1DAY 31
2DAY 25
3DAY 56
GT3DAY 392
38 NDAYDRIV [ODAY 538 656
1DAY 28
2DAY 11
3DAY 12
GT3DAY 67
39DRIVHHLD |MISSING 539 656
YES 55
NO 57
SOME 5
DONTKNOW 0
REFUSE 0
40 NDAYRIDE |ODAY 604 656
1DAY 16
2DAY 9
3DAY 8




GT3DAY 19
41 RIDEHHLD MISSING 604 656
YES 14
NO 36
SOME 2
DONTKNOW 0
REFUSE 0
42 NDAYBUS ODAY 623 656
1DAY 8
2DAY 1
3DAY 7
GT3DAY 17
43NDAYMETR |ODAY 586 656
1DAY 15
2DAY 9
3DAY 7
GT3DAY 39
44 NDAYTRN ODAY 646 656
1DAY
2DAY
3DAY
GT3DAY
45 NDAYMOP |ODAY 655 656
1DAY 1
2DAY 0
3DAY 0
GT3DAY 0
46 NDAYBIKE |ODAY 646 656
1DAY 4
2DAY 2
3DAY
GT3DAY
47 NDAYWALK [ODAY 638 656
1DAY 5




2DAY 0
3DAY 0
GT3DAY 13

48 NDAYHOME |ODAY 647 656
1DAY 4
2DAY 1
3DAY 0
GT3DAY 4

49 AVLSOV YES 608 656
NO 48
REFUSE 0

S0AVLDRIV MISSING 4 656
YES 375
NO 277
REFUSE 0

51 AVLRIDE MISSING 5 656
YES 316
NO 335
REFUSE 0

52 AVLBUS MISSING 7 656
YES 206
NO 443
REFUSE 0

53 AVLMETR YES 195 656
NO 461
REFUSE 0

54 AVLTRN MISSING 2 656
YES 68
NO 586
REFUSE 0

55 AVLMOP YES 112 656
NO 544
REFUSE 0

56 AVLBIKE YES 104 656




NO 552
REFUSE 0
57 AVLWALK  |YES 602 656
NO 54
REFUSE 0
58 WK_AR HR |LT5AM 49 656
5-7AM 77
7-9AM 405
9-12NOON 9%
12N-6PM 17
GT6PM 12
60 EARLY AR |VARIABLE 0 656
MISSING 9
FIXED 340
LE_30MIN 86
30-60MIN 63
FLEXIBLE 158
61LATE AR  |VARIABLE 0 656
MISSING 11
FIXED 336
LE_30MIN 9%
30-60MIN 78
FLEXIBLE 135
62WK_LV_HR |LT5AM 41 656
5-7AM 13
7-9AM 2
9AM-4PM 85
4PM-6PM 361
GT6PM 154
64EARLY LV |VARIABLE 0 656
MISSING 18
FIXED 313
LE_30MIN 87
30-60MIN 77




FLEXIBLE 161

65LATE LV  |VARIABLE 0 656
MISSING 12
FIXED 274
LE 30MIN 58
30-60MIN 73
FLEXIBLE 239

66 HW CHILD |ODAY 574 656
1+DAYS 82

67 HW_NOTCH |ODAY 474 656
1+DAYS 182

68 HW WKREL |ODAY 637 656
1+DAYS 19

71HW _SRVPS |ODAY 640 656
1+DAYS 16

74WH_CHILD |ODAY 562 656
1+DAYS 94

75WH_NOTCH |ODAY 336 656
1+DAY'S 320

76 WH_WKREL |ODAY 630 656
1+DAYS 26

79WH_SRVPS |ODAY 640 656
1+DAYS 16

82AW TRIP  |ODAY 396 656
1+DAY'S 260

88AW CHILD |ODAY 655 656
1+DAY'S 1

89 AW _EAT ODAY 586 656
1+DAYS 70

90 CCAR USE |[NO _CCAR 611 656
WRK_ONLY 24
GO_HM_WK 20
OTHER 1
REFUSE 0




91 WALKTM1

10MIN

229

15SMIN

212

20MIN

215

656

92 WALKTM2

10MIN

206

15SMIN

228

20MIN

222

656

93 TAXQ37

1$

106

64

120

111

112

46

48

B3 8886|818

49

656

94 TXQ38

1$

70

80

118

121

110

55

49

B3 8886|818

53

656

95 TXQ39 60

1$

81

74

129

122

116

47

45

42

656

96 BEN_PARK

43

51

46

ClICIC|C 8|8 8|8 |8|8 |8

43

656




41

42

42

41

49

35

48

33

49

50

43

97 PAY_TIME

36

45

47

46

45

48

40

43

49

41

38

41

42

O|O0O|0O|0O|0O|O|O|O|O|O0O|O|O|O|O|O|O|O|O|O|O|O(O|O|O|O|O

51

656

99 PRKRES37

MISSING

PAY

291

NO_PAY

363

REFUSE

656

100 PRKRES38

MISSING

PAY

290

NO_PAY

364

REFUSE

656




101 TCMRESL |CH_DEPTM 4 656
WALK 13
BIKE 7
CARPOOL 66
TRANSIT 72
AT _HOME 11
NOCHANGE 457
OTHER 26
102 TCMRES2  |CH_DEPTM 2 656
WALK 4
BIKE 70
CARPOOL 20
TRANSIT 18
AT _HOME 2
NOCHANGE 535
OTHER 5
103 TCMRES3  |CH_DEPTM 2 656
WALK 8
BIKE 76
CARPOOL 35
TRANSIT 31
AT _HOME 3
NOCHANGE 495
OTHER 6
104 TCMRES4 |CH_DEPTM 3 656
WALK 9
BIKE 38
CARPOOL 57
TRANSIT 68
AT _HOME 4
NOCHANGE 466
OTHER 11
105 TCMRES5  |CH_DEPTM 130 656
WALK 5




BIKE 26
CARPOOL 29
TRANSIT 50
AT_HOME 7
NOCHANGE 397
OTHER 12
106 TCMRES6  |CH_DEPTM 81 656
WALK 7
BIKE 34
CARPOOL 42
TRANSIT 65
AT_HOME 5
NOCHANGE 405
OTHER 17
107 BENEFIT 40% 224 656
50% 174
60%$ 116
70% 99
80% 43
108 PARKFEE  |40% 43 656
50% 93
60%$ 123
70$ 181
80% 216
109 CONG_PRC |[15CENTS 36 656
20CENTS 45
25CENTS 89
30CENTS 136
35CENTS 124
40CENTS 84
45CENTS 91
S0CENTS 51
110 TT_SAVE 10% 218 656
20% 225




30% 213
111 COM_DIST |LTSMILE 160 656 0
5-15MI 266
15-25MI 125
25-50Ml 97
GTSOMILE 8

PART 2: ACTIVITY AND TRIP RECORDS FOR TRAVEL DIARY DAY
FILENAME: TIMEUSE1.DAT
Number of Cases = 9674 (656 RESPONDENTS)

This data file contains the individua activity and trip records for each of 656 commuters who responded
to the survey. Thefile was created by combining the following raw data files provided to RDC, Inc. by
Strategic Consulting Research, Inc., the contracting firm that administered the survey and assembled the
data bases:

ACTF1
ACTF2

Thefile format with variable definitions and codes is provided firg, followed by generd notes and
descriptions of derived variables (not saved in the origina data bases) if any.

VARIABLE DESCRIPTIONS

Variable No. Quegtionin AMOS
Name Vaiable Definition CATI Ingument
1HHID Household/Commuter ID Code

2 ACTRPNUM A sequentia counter of trips and activities
3ACTRPFLG A binary flag indicating whether atrip record or an

activity record.

4 ALOCTDES Activity Loceation if Activity Record OR Trip CATI-2: Q3/Q4/Q9
Dedtination if Trip Record

5 BEGINHR Activity or Trip beginning time (hour) (providedin | CATI-2: Q1/Q32
military time formet)

6 BEGINMN Adtivity or Trip beginning time (min) CATI-2: QU/Q32

7 PURPOSE Activity Typeif Activity Record OR Trip Purposeif | CATI-2: Q5/Q25-31
Trip Record

8 ENDHR Activity or Trip ending time (hour) (provided in CATI-2: Q6/Q11/Q34

military time formet)




9 ENDMN Activity or Trip ending time (min) CATI-2: Q6/Q11/Q34
10 NEXTLOCN | Isnext activity a the same location? (not gpplicable | CATI-2: Q8/Q36
to trip records)
THE NEXT SET OF VARIABLESARE RELEVANT ONLY
FOR TRIP RECORDS, i.e, WHEN

ACTRPFLG=2.
11 MODE Mode used for trip CATI-2: Q13
12 DRVRPSGR If private vehicle, is respondent driver or passenger | CATI-2: Q14
13 VEHOCC Vehicle occupancy, including respondent CATI-2: Q15
14 HHMEMBER If VEHOCC>1, how many occupants are CATI-2: Q16

household members?
15 PRKGCHRG Parking Charge/Fee CATI-2: Q17/Q19
16 PRKGUNIT Unit of time for parking chargelfee CATI-2: Q20
17 PRKGPAID Who paid the parking charge/fee? CATI-2: Q18
18 TRPFARE Taxi or trip fare CATI-2: Q21/Q22
19 FAREPAID How wastrip fare paid CATI-2: Q23
20 EMPLDISC Was fare discounted or partly employer CATI-2: Q24

ubsdized?

VARIABLE CODES
VARIABLE NO.
NAME CODING SCHEME

3ACTRPFLG 1=Activity

2=Trip
4 ALOCTDES 1=Home

2=Cther private resdence

3=Work ste

4=\Work related business ste

5=Schooal (respondent’s)

6=School or day careto serve child

7=Serve child for other purpose

8=Serve passenger other than child

9=Place of business (gas station, restaurant, etc.)




10=Recreationd/Entertainment

11=Don’'t Know

12=Refused

13=Cther

14=Change mode of travel

7 PURPOSE

1 WRK_WREL = WORK/WORK RELATED

2 EAT_MEAL = MEAL PREP, EATING

3 SOCLRECN = SOCIAL/RECREATION

4 TV_VIEW =TV VIEWING IN HOME

5 HM_ENTRT = OTHER ENTERTAINMENT

6 HM_SHOP =IN-HOME SHOPPING

7 HEXERCIS = IN-HOME EXERCISE

8 HSTUDY=IN-HOME STUDY

9 HPHONE= TELEPHONE (PERSONAL)

10 HPRSNCRE = PERSONAL CARE

11 HM_MAINT = HOME MAINTENANCE

12 REST_NAP = REST OR SLEEP

13 SLEEP=SLEPT FOR NIGHT

14HM_OTHR =IN-HOME OTHER ACTIVITY

15 HCHLDCRE = IN-HOME CHILD CARE

16 GROCSHOP = GROCERY SHOPPING

17 MALLSHOP = DURABLE/MALL SHOPPING

18 FUEL= GASOLINE/DIESEL

19 MEDICAL = MEDICAL/DENTAL/HEALTH

20 PRSNBSNS = PERSONAL BUSINESS

21 MOVIES= MOVIES, THEATER

22 PROSPORT = SPECTATOR PRO SPORTS

23 LOCLSPRT = SPECTATOR LOCAL SPORTS

24 PARTSPRT = PARTICIPANT SPORT/GAME

25 AMUSEPRK = AMUSEMENT PARK

26 CULTURAL = CULTURAL ACTIVITY

27 CHLDSCHL = SERVE CHILD TO SCHOOL

28 CHLDOTHR = SERVE CHILD FOR OTHER

29 OTHRPSGR = SERVE OTHER PASSENGER




30 CHNGMODE = CHANGE MODE

88 HM_XMIS =IN-HOME UNKNOWN ACTIVITY (MISSING)

99 OTHER = OUT-OF-HOME OTHER

10 NEXTLOCN

1=Same location

2=Different location

11 MODE

1=Automohile

2=Heavy Truck

3=Taxi/Limousne

4= ocd Bus

5=Intercity Bus (e.g., Greyhound)

6=Charter/Commuter Bus

7=Shuttle Bus

8=School Bus

9=Paratrandt and did-a-ride service

10=Train: AMTRAK/MARC

11=Train: Subway/Metro

12=L ight Rail/Tram/Streetcar

13=Motorcycle

14=Moped/Motorized Bike

15=Bicycle

16=M otorized Whedchair

17=Airplane

18=Ferry

19=Waking/Skating

20=Don’t know

21=-Refused

22=0ther

12 DRVRPSGR

1=Driver

2=Passenger

16 PRKGUNIT

1=Hour

2=Day

3=Week

4=Month

5=Semester/Quarter




6=Year

7=Other

17 PRKGPAID

1=Driver

2=0ne or more passengers

3=Driver and one or more passengers

4=Employer

5=Store/Restaurant/Other

6=Don’'t Know

7=Refused

19 FAREPAID

1=Cash only

2=Pass

3=Transfer only

4=Cash and Transfer

5=Ticket/Token

6=Metro farecard

7=Metro check

8=Driver, no fare

9=Don't know

10=Refused

11=Cther means of payment

12=Free, there was no fare

20 EMPLDISC

1=Discounted

2=Partid employer payment

3=No discount or partial payment

4=Don't know

5=Refused

NOTE

Negative vaues for any datafield are defined as follows, unless otherwise specified above:
-1 =REFUSED
-2=DON’'T KNOW

-3 = SKIPPED (NOT APPLICABLE)
-4=NOT APPLICABLE

DATA FILE FORMAT INPUT VARIABLES




Column

Variable No. Name Record No. Beg. End Input Format
1HHID 1 1 6 F6.0
2 ACTRPNUM 1 7 12 F6.0
3ACTRPFLG 1 13 18 F6.0
4 ALOCTDES 1 19 24 F6.0
5 BEGINHR 1 25 30 F6.0
6 BEGINMN 1 31 36 F6.0
7 PURPOSE 1 37 42 F6.0
8 ENDHR 1 43 48 F6.0
9 ENDMN 1 49 54 F6.0
10 NEXTLOCN 1 55 60 F6.0
11 MODE 1 61 66 F6.0
12 DRVRPSGR 1 67 72 F6.0
13 VEHOCC 1 73 78 F6.0
14 HHMEMBER 2 1 7 F7.2
15 PRKGCHRG 2 8 14 F7.2
16 PRKGUNIT 2 15 21 F7.2
17 PRKGPAID 2 22 28 F7.2
18 TRPFARE 2 29 35 F7.2
19 FAREPAID 2 36 42 F7.2
20 EMPLDISC 2 43 49 F7.2

UNIVARIATE FREQUENCY DISTRIBUTIONSFOR TIMEUSE1.DAT

Variable No. Name Category Frequency Totd
3ACTRPFLG 9674 0
ACTIVITY 6636
TRIP 3038
4 ALOCTDES 9674 0
MISSING 7
HOME 4686
OTH_RES 177
WORKSITE 2073




WRK_REL 362
SCHOOL 51
CHLDSCHL 227
SRVCHLD 56
SRVPSGR 155
PLCBSNS 1384
RECREATN 133
DONTKNOW 2
REFUSED 2
OTHER 97
CHNGMODE 262
UNKNOWN 0
5 BEGINHR 9674
MISSING 789
<7AM 1305
7-9AM 1288
9-12N 755
12N-1PM 615
1-5PM 1453
5-7PM 1291
>7PM 2178
7 PURPOSE 9674
WRK_WREL 2464
EAT MEAL 1957
SOCLRECN 320
TV_VIEW 599
HM_ENTRT 266
HM_SHOP 13
HEXERCIS 72
HSTUDY 51
HPHONE 50
HPRSNCRE 1256
HM_MAINT 87
REST_NAP 59




SLEEP 753
HM_OTHR 132
HCHLDCRE 159
GROCSHOP 206
MALLSHOP 363
FUEL 56
MEDICAL 42
PRSNBSNS 212
MOVIES 17
PROSPORT 6
LOCLSPRT 2
PARTSPRT 57
AMUSEPRK 0
CULTURAL 10
CHLDSCHL 0
CHLDOTHR 2
OTHRPSGR 4
CHNGMODE 5
HM_XMIS 228
OTHER 226
UNKNOWN 0
10 NEXTLOCN 9674
NOTAPPL 3856
SAME 2705
DIFFERNT 3113
UNKNOWN 0
11 MODE 9674
MISSING 6387
AUTO 2646
HVYTRUCK 12
TAXILIMO 18
LOCALBUS 63
ICITYBUS 0
CTRBUS 1




SHTLBUS 3
SCHLBUS 4
PARATRNS 3
AMTRAK 8
SUBWYMET 92
LITERAIL 20
MOTRBIKE 0
MOPED 2
BICYCLE 10
WHLCHAIR 0
AIRPLANE 0
FERRY 0
WALKSKAT 387
DONTKNOW 0
REFUSE 0
OTHER 18
UNKNOWN 0
12 DRVRPSGR 9674
MISSING 7016
DRIVER 2461
PASSNGR 197
DONTKNOW 0
REFUSEO

UNKNOWN 0
13 VEHOCC 9674
MISSING 7016
ONE 1916
TWO 524
THREE 135
FOUR 60
GTFOUR 23
14 HHMEMBER 9674
MISSING 8917
ONE 259




TWO 376
GTTWO 122
15 PRKGCHRG 9674
FREE_NA 9550
NOTFREE 124
17 PRKGPAID 9674
MISSING 9529
DRIVER 114
PSGRS 3
DRVRPSGR 7
EMPLOYER 19
PLCBSNS 1
DONTKNOW 0
REFUSE 0
UNKNOWN 1
18 TRPFARE 9674
FREE_NA 9655
NOTFREE 19
19 FAREPAID 9674
MISSING 9489
CASH 75
PASS 29
XFER 5
CASHXFER 2
TICKET6

FARECARD 65
METRCHEK 0
DRVRFREE 0
DONTKNOW 0
REFUSE 0
OTHER 0
FREE 3
20 EMPLDISC 9674
MISSING 9493




DISCOUNT 4
EMPLPAY 12
NODISC 164
DONTKNOW 0
REFUSE 1
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Appendix D: Evaluation Module and Acceptance Routine
D.1 Approach

Figure D.1 depicts the structure of the Evaluation Module and Acceptance Routines. An accepted
activity-travel pattern that passes dl of the feasibility checks in the previous component of the AMOS
model systems condtitutes the input to this component. The evauation routine first measures the amount
of time spent on various activities outside the home, the total amount of time spent in-home, and the total
amount of time spent traveling to various activities. The utility of each activity episodeis computed asa
function of the activity duration, activity type, dengity of opportunities for pursuing thet activity, and the
travel time expenditure for thet activity episode. The utility associated with an entire activity-travel
itinerary is then taken as the sum of the utilities derived from individud activity episodes.

Thus, AMOS uses atime-based utility measure to evauate the welfare or level of satisfaction derived
from an activity-travel pattern. The utilities of &l feasble dternative patterns and the basdline travel
pattern are then compared to assess the probability of finding a pattern with a higher utility by continuing
the search. If this probability falls below acertain threshold that is defined by individua atributes and
activity needs, then the search is terminated and the pattern with the highest time- use utility is accepted.
The acceptance routine performs this assessment and salection process. If no pattern is accepted, then
another TDM response option is generated and the process repeated. On the other hand, if a patternis
accepted, it is sent forward to the next component of the AMOS model system.

D.2. Time Utility Functions

The utility of adaly activity/travel pattern is viewed primarily as a function of the amounts of time
expended for both out- of-home and in-home activities. The other two important dimensions are:
monetary expenditures, and the “quality” of time for each activity, which is determined by the location,
the co-participants, the amounts of non-monetary resources devoted to the activity, and other
contributing factors. An eaborate discussion on the theoretica formulation of activity-based time utility
functions may be found in RDC, Inc. (1995). Assuch, only abrief discussion is provided here.



Figure D-1: Evaluation Module and Acceptance
(Search Termination) Reoutine

Bctiviby-Travel
Fattern Modifier

Modified Activity-
Travel Pattern

1
EVALUATION MODLULE

1. Measure out-of-home- activity fime trip
purpose and in-home time

2. Evaluate time-use ulility assaciated with
modified activity-travel pathern

Time-Use LHiliby
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Avcumulator

Acceplance Rouline
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The utility of an activity episode, g, isformulated as

Uqg = Bk(g)In(tq) = [bk(g){ In(hrk(q)) + gk(g)In(Sa)} + eq]In(tq), tq> 0

where

activity duration of episode g
activity type of episodeq

tq
k(@)



bk(q), gk(q) = unknown coefficient
rk(g) = dengdty of opportunitiesfor activity k(q)
h = scding condant
Sq = trave time expenditure for episode g, and
eq = Ii.i.d. random eror term.

The coefficient, Bk(g) (>0), may be viewed as the modifier of the basic time utility, In(tq). The modifier
is assumed to vary by activity type and represents the locationd attributes of activity episode q in this
formulaion.

In this formulation, the term, In(hrk(q)) + gk(g)In(Sq), reflects the consderation that the utility of an
opportunity chosen for the activity on average increases with the number of opportunities out of which
that opportunity has been chosen. It may be reasonably assumed that an opportunity chosen after
traveling Sq is better than those opportunities closer than Sq; otherwise that distance will not be traveled

In applying the above, appropriate zona density measures may be sdected for rk(q) considering the
type of activity. Determining Sq for linked tripsis not straightforward. One approach isto use a
measure of the deviation of the opportunity location from the line obtained by connecting the previous
location and the next location (including the home base), eg.,

max (tiq + tqj - tij, 0),

wherei isthe previous opportunity, j isthe next opportunity, and tij is ameasure of spatid separation
between opportunity i and opportunity j.

Asauming thet the totd utility of the series of activities pursued during aday isthe sum of the utilities of
the respective activities, we let

U(Tit, Rit) = SUq = S Bk(q)In(tq),
where the summation isfor dl non-trave activities. Thisform of the utility function is used to evduae
dternative activity/travel patternsin AMOS. It is noteworthy that the same formulation can be used
evenif thetota utility is consdered a product of individud utilities.

Thisbasic utility expresson warrants two extensons.

* Incorporation of monetary expenditures
» Incorporation of differentia effects of travel modes on the qudity of travel time.

Monetary expenditures or the stock of instruments and devices available for activity engagement do
affect the qudity of time spent for the activity. For example, the same two-hour dinner may yield
different levels of utility depending on the qudlity of the restaurant, which will be reflected in the



monetary expenditure there. Unfortunately, such information is usudly not avalable in travel behavior
data sets. Because of this, it will be assumed that such differences can be represented by incorporating
measured socio-economic atributes of the individud into the utility function, and by its random error
term, eg. This cdlsfor the fallowing modification of Uq:

Uq = [bk(a{ In(hrk(a)) + gk(@)In(Sa)} + Bk(a)Xi + eq] In(tq), tg > 0,
where Bk(q) isthe vector of coefficients and Xi isthe vector of the atributes of individud i.
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