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Chapter 1: INTRODUCTION

Transportation planning in the United States has traditionally focused upon
estimating significant transportation network deficiencies and evaluating the effectiveness
of large transportation system investments. Recent changes in national transportation
investment priorities have placed new demands on the traditional transportation planning
process. Since the passage of the Clean Air Act Amendments (CAAA) of 1990, much
higher levels of importance have been placed on the interface between travel models and
air quality models which predict vehicular emissions and pollution dispersion [1].

The first transportation legislation that had specific mandates with regard to
achieving the objectives of CAAA was the Intermodal Surface Transportation Efficiency
Act (ISTEA), passed in 1991. ISTEA recognized changing transportation planning
priorities and attached new stipulations on state eligibility for Federal transportation
project funds. Some of these stipulations were the establishment of specific management
systems and serious consideration of altematives for reducing congestion and improving
air quality that do not involve construction of new highway lanes. Thus. cost effective
strategies which influence travel demand (rather than supply) are being encouraged.

Federal regulations have been enacted in recent vears to control and reduce air
pollution caused by vehicular traffic. [n areas that do not meet air quality requirements set
by the National Ambient Air Quality Standards (NAAQS). ISTEA calls for the adoption
of Transportation Control Measures (TCM). Scme of these measures are programs to

limit or restrict vehicle use in downtown areas during peak periods. and emplover based



programs to reduce single occupancy vehicles and permit flexible work schedules. The
effectiveness of these measures are extremely sensitive to predicted peak period travel
patterns. In this context. research into improving methods for predicting peak period
travel behavior assume immense signiticance.

The traditional travel demand forecasting process. as currently contigured, is
inadequate to meet the needs implied by these changes in the planning environment.
Since the process was designed to support major investment decisions, forecast results are
not sensitive to the relatively small changes in facility characteristics or transportation
choice parameters caused by the less intensive and less costly alternatives listed above. In
particular, most travel demand forecasting models. including the Connecticut PERson
FORecasting Model (PERFORM, [2]). are not calibrated to estimate peak period travel
volumes with sensitivity to peak period highway network congestion. Instead, they
usually compute peak period trip tables by applying aggregate proportionality factors to
daily trip totals. These factors are not sensitive to characteristics of the traffic network. or
of the tripmakers themselves, which likely affect the trip-making time choice. In fact,
daily trip generation models are often also insensitive to alternative trip-making patterns
due to variation in the accessibility of traffic zones. and the land use characteristics of the
zones.

Some important information required for vehicular emissions modeling are
vehicle miles traveled (VMT) and average trip speed. both by hour of day and vehicular
mode, particularly during the peak hour. as recommended by a U.S. Department of
Transportation (DOT) report (3]. For demonstrating ozone attainment. the photochemical

arid dispersion model requires VMT by hour of the day. Therefore. ISTEA requires the
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four-step transportation planning process to be modified to provide information on trip-
making by time of day, and to be sensitive to transportation policies which mav alter the
time that trip-making occurs. To monitor congestion on roadways. this report suguests
using percent person miles traveled (% PMT) by speed range (or increment). origin-
destination travel time by purpose and time of day. and percent heavy vehicles by speed
range. Most of these required measures cannot be accurately modeled within the
traditional travel demand forecasting models which are insensitive to the impact of peak
period congestion levels, household characteristics or travel demand reduction policy
Initiatives on person travel.

The Travel Model Improvement Program (TMIP). a joint initiative of several
agencies in the United States Department of Transponation_ the Environmental Protection
Agency (EPA) and the Department of Energy, was formed to encourage development of
enhancements to the travel demand forecasting process [3]. Another purpose of this
forum was to better integrate forecasting techniques into the decision making process.
This TMIP report focused upon identifving proolems with current travel demand
forecasting models and preparing a plan to address them. To improve the four-step
process, this forum recommended development of time of day trip tables immediately
after trip generation, prior to the first use of any network derived data. An alternative
approach suggested was t0 add a time of day model as the fitth step in the process.

Another reason why aggregate travel demand forecasting models fail in their
contexts is that they treat regional trip generation as completely independent of the
network characteristics: that is. thev do not account for how changes in highway level of

service affect household trip-making habits. Stopher [4] points out that current land use



and trip generation models do not predict accurately because congestion effects on the
forecast distribution of population and employment as well as total trip-making are
neglected. These models also do not predict how different household tvpes might respond
to specific governmental and organizational policies that cause changes in peak hour
highway travel choices such as preferential parking of vanpools. emplover transit
subsidies. and flexible working hours. The ability to modify the estimated share of peak-
hour travel based on congestion levels and trip distance will improve the ability of urban
regions to estimate accurate congestion levels for future conditions [3].

The research described here was aimed at meeting some of these deficiencies in
the present implementation of travel demand forecasting models with respect to peak
period trip forecasting. It was expected that realizing the effects of socio-economic. land
use and congestion variables, rather than ignoring them. would lead to better peak period
forecasts. Several methods of predicting peak period trips and incorporating them into the
four step process are proposed. One of the methods has been chosen to estimate peak
period trips for the PERFORM model used by the Connecticut Department of
Transportation (CONNDOT). In this method. models have been estimated to predict the
proportion of daily trips made during the PM peak period, by trip purpose. The
proportions are applied to the auto trip table. by trip purpose. to estimate a peak period

auto trip table. The incorporation of these models into PERFORM is also described.



Chapter 2: LITERATURE REVIEW

Peak period travel demand models

The most common practice in the modeling of peak period travel is to produce a
twenty-four hour assignment and predict peak hour trips as a constant percentage of the
twenty-four hour volume [6]. In this method. no effort is made to refate peaking
characteristics to the anticipated level of congestion. However. recent researchers have
tried to improve peak period modeling by recognizing the effects of socio-economic
characteristics, land use. and roadway congestion. These efforts have mainly been in one
of three directions: (a) pre-distribution, which factor daily trip ends into peak/off-peak:
(b) post-distribution. which split daily trip interchanges: and (c) post-assignment, which
split daily link volumes or daily VMT.

In models developed for the Metropolitan Transportation Authority’s Red Line
East Side Extension Project in Los Angeles, a pre-distribution time-of-day model was
used. In this technique. the trip ends were split by time period for each trip purpose [1].
The initial step in this study was the computation of a set of factors to compute trips by
time of dav. usually for multi-hour peak and off-peak periods. and by trip purpose. The
factors were based on peaking characteristics such as trip purpose, jurisdiction. area type.
and socio-economic stratification. These factors were applied to the trip ends from the

trip generation model and produced trip-ends by peak and off-peak periods for each of the

trip purposes.

A



[n an another form of pre-distribution model. Kumar and Levinson [7] developed
linear regression models to directly predict afternoon-peak period trip generation. For
developing a model to estimate travel during a part of the day, they emphasized the
criticality of explicitly accounting for each trip end. because the trips are balanced on a
daily basis but not within the morning or afternoon peak. Thus. the home-based-work
(HBW) trip in the morning is almost always a home-to-work trip, with home as the origin
and the workplace as the destination. In the afternoon. it is usually a work-to-home trip.
with the workplace as the origin and home as the destination. Similarly, the home-based-
other (HBO) trip may involve going shopping or returning home.

As part of the SATURN [8] sutte of travel models in London. a different method
of estimating peak period trip tables was used [9]. In this study. a series of origin and
destination surveys were conducted across a cordon around the proposed study area to
collect information on travel patterns. Using the trip origins and destinations and the
times in which the trips were made, trip matrices were computed for peak periods.

[n the post-distribution models (which could be applied after trip distribution or
mode choice), the number of daily trip interchanges are factored. Unlike trip-end
factoring which can depend only on characteristics of the origin or the production zone.
peak period factors for trip interchanges can depend on characteristics of the destination
or attraction zone as well. Trip-interchange peak period factors have also been computed
using link volumes from traffic count stations or from trave! survev data. These link
volumes are used to develop hourly distributions of tratfic demand. Peak period
percentages are computed using these distributions. [n a recent study by Crevo and

Virkud [10], nontruck peak hour trips were factored using peak hour percentages from



National Personal Transportation Survey (NPTS) data. For truck trips. thev used the
factors from a FHWA report [1 1] to extract peak hour trip tables from daily trip tables.

One major concern for pre- and post-distribution models is the conversion of the
trip table from production-attraction (P/A) format to origin-destination (O/D) format for
input into the trip assignment module. The trip table after mode choice is typically in P/A
format and multiplied by diurnal factors to convert to O/D format. These factors split the
trips between two directions; for example, daily HBW trips are split between home-to-
work or work-to-home trips. These factors are best derived from home interview survey
data [1]. For the peak period we would expect the factors to be skewed because most of
the trips are not balanced within the same peak period.

Stopher [4] says that another problem related to the diurnal factors applied after
trip distribution arises where transit modeling is required. In sdme cases, factors are
applied to the trip tables after isolating the transit trips from the table. Therefore. diurnal
factoring after mode choice and prior to assignment may result in the outright loss of
transit trips or the need to undertake an involved and arbitrary accounting procedure to
retain all peak period transit trips. This situation arises because most urban areas have
certain transit services that operate in the peak period only. so these trips are not included
in the peak period trip table. One remedy to this probiem is to perform diurnal factoring
after trip generation itself. i.e., estimate the directional trip productions and attractions
separately and then perform trip distribution separately.

In the post-assignment modeis, the most popular method is to extract peak hour
volumes as a fixed percentage of link volumes. generally for congested links. This type of

factoring is insensitive to trip purpose since link volumes include trips of all purposes. In



PERFORM. peak period percentages are applied to daily vehicle miles traveled (VMT) to
get peak period VMT which is later used in air quality modeling.

Spiess and Suter [12] developed a dynamic model to predict flows for every link
in a network for every hour of the day. In their model. given hourly traffic counts on a
subset of links in a network, a set of coefficients for each hour for each link is computed
by combining the equilibrium assignment model with a multiple regression model. The
hourly coefficients are used with demand matrices, which are defined for each hour, to
compute hourly flows. This model was used in Basel. Switzerland as a basis for the
computation of fuel consumption and vehicle emissions caused by the road traffic.

The peak period volumes obtained through these procedures are used in various
post four step analyses. such as peak spreading studies. transportation control measure
studies, and air quality monitoring. For peak spreading studies. the peak period volumes
are used to develop a histogram of hourly flow during the peak period. Allen [13]
describes a modified Poisson distribution model to predict the spread of +4-hr volumes
across each ! 3-minute period on a portion of the [-30 corridor in New Jersev. He
determined that as twenty-four hour volumes continue to increase. peak hour volumes do
not increase at the same rate. Instead. roadway conditions force drivers to modify their
departure times. and travel in the “shoulders™ of the peak period. Hence. this is an
evidence of how congestion and land use characteristics might influence peak period
travel demand. To introduce roadway conditions into peak period travel modeling, Ruiter
[14] cave a model for estimating the ratio of peak hour to peak period tlow as a

decreasing function of volume/capacity ratio.



Land use and congestion in travel demand modeling

Incorporating congestion and land use variables in travel demand models has
become a major topic for discussion and debate over the past several vears. An
examination of trends in travel behavior shows increases in the number of workers per
household, licensed drivers per household, vehicles per household. vehicle trips. and
average trip length [15]. Both emplovment and housing are growing at faster rates in
suburban than at center city locations. with the majority of employment growth now
occurring at suburban employment centers. Auto occupancy rates are declining and the
percentage of single-occupant commuting is increasing. Overall. vehicle miles of travel.
in most areas, is growing at a higher rate than either emplovment or population. The
result of these trends is an increasing level of traffic congestion in urban and suburban
areas across the country, particularly during peak commuting periods.

A response to these increasing levels of congestion has been attempts to increase
the efficiency of existing transportation resources. Experimentation with practical and
cost- effective alternatives to building new lane miles of roadway is underway. These
alternatives have frequently been transportation demand management measures. which
attempt to influence travel demand behavior, especially reducing single occupancy
vehicle trips. These measures have experienced mixed success. For example. it has been
found that transit works best in areas with moderate to high densities at both the work and
home ends of the trip: and ridesharing is more effective for long trips attracted to dense
activity centers [13]. A better understanding of these travel patterns and methods of
influencing travel behavior accordingly is nesded. With the emerging importance of

alternatives to the drive alone mode. travel time choices. and travel purposes on person
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travel. it is imperative that we improve the conventional travel demand models to include
their effects. Two enhancements which might help are improvements in peak period
modeling and inclusion of the effects of congestion and land use in travel modeling.

Researchers have reported mixed success in using land use and congestion
variables in modeling travel demand. Purvis, et. al [16] have studied methods to
incorporate workplace accessibility in regional travel forecasting models and to better
analyze the issue of induced trip-making. and to provide a better understanding of the
linkage between congestion and trip frequency choice behavior. They developed nonwork
trip generation models incorporating work trip duration as a variable. They indicated that
a 10 percent decrease in average work trip duration would vield a 1.2 percent increase in
home based shopping trips and a 0.9 percent increase in home based social/recreation
trips.

Kockelman [17] reported the relative significance of a variety of measures of
urban form on household VMT. automobile ownership. and mode choice and proposed
formulations for computing different variables like accessibilitv. land use mix. and land
use balance. He found that. in many cases. accessibility and land use are more relevant
than several other household and traveler characteristics (e.g.. household size. auto
ownership, age, sex. race. and household income) that often torm a basis for travel
behavior prediction. With the improved technology of geographical information svstems
and the increasing availability of [and use datasets. he says. accessibility measures can be
computed for a multitude of zones at relatively low cost. He has called for the inclusion

of land use and congestion variables in travel demand modeling.
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A study by McNally and Kulkarni {18] examined the effects of land use and
network characteristics on travel behavior for twenty neighborhoods in Orange County.
To control for household and socio-economic variables. the households were clustered by
various neighborhood types based on their socio-economic characteristics. Models were
developed for each cluster, thus eliminating the effect of other socio-economic and
household characteristics on trip-making. The travel models were analvzed to see if land
use and network characteristics had a significant etfect on the travel behavior of the
different neighborhoods. Their results seem to show a very weak refationship between
land use and transportation systems and travel behavior. so they recommend exercising
caution in interpreting the results. Further studies are needed to decide whether these
results are unique to Southern California.

Ewing, et. al. [19] studied the independent effects ot land use and congestion
variables on household trip rates using data from a Florida travel survey. They found that.
after controlling for socio-demographic variables. residential density. mixed use, and
congestion do not have significant. independent effects on household trip rates. They say
that while land use and congestion variables may have no direct effects. it is logical that
thev may effect household trip rates indirectly.

The dataset used in the research for this thesis provided socio-economic as well as
land use data. [t was therefore possible to investigate whether or not congestion and land
use variables have any effect on daily and peak period trip-making. Model estimation

results and their analyses are discussed in later chapters.



Chapter 3: The CONNDOT PERFORM MODEL

PERFORM (denicted in Figure 1) is a network-based computer model
implemented in the TRANPLAN metropolitan planning software package and is the
forecasting context for this research. This model consists of four basic steps: trip
generation, trip distribution. modal split and trip assignment. It analyzes three different
trip purposes: home based work (HBW), home based non-work (HBO), and non-home
based (NHB) trips; and four trave! modes: auto drive alone (SOV), auto shared ride
(HOV), bus (local and express), and rail. The model estimates total vehicle link volumes
on an average weekday.

Trip generation is performed separately for each trip purpose using cross-
classification models, linear regression models or models based on trip rates. These
models predict person trip productions and attractions for each tratfic analvsis zone
(TAZ) from the existing socio-economic and land use data. by trip purpose. The trip
purposes described earlier are further stratified by internal trips and external trips. Internal
trips begin and end within Connecticut. while external trips have one end inside and the
other end outside Connecticut. External trips comprise those trips which are produced
outside the statc and attracted into the state. or produced in the state and attracted outside
the state. Thru trips (neither the origin nor the destination is in Connecticut) are estimated
separately and are added to the trip table immediately before performing trip assignment.
Predictor variables in these trip generation models are auto ownership. population. retail

and non-retail employment. and shopping area.
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Trip Distribution

Mode Choice

Vehicle Occupancy

Trip Assignment

Fig 1. PERFORM four-step process

Computation of zonal trip
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attractions by purpose

Computation of zonal trip
interchanges by purpose

Computation of zonal trip
interchanges by trip mode
and purpose

Conversion of person trip
interchanges in P/A form
to vehicle trips in O/D

Computation of link
volumes from total
trip table
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Trip distribution uses the Gravity Model. in which the estimated number of trips between
two areas 1s directly related to the activities in the areas (represented by trip generation)
and inversely proportional to the separation between the areas (represented as a function
of the travel time). The trip distribution model produces a series of trip tables. which are
matrices depicting the number of average daily person trips produced and attracted
between every pair of TAZs. by trip purpose.

[n the modal split portion of the model. the interzonal person trips distributed by
the Gravity Model are allocated among the available travel modes. This model is also
delineated by trip purpose. The HBW and HBO mode splits are performed by
multinomial logit models, with the HBO splits also used for NHB trips.

The vehicle occupancy module of PERFORM. an intermediate step. converts the
HOV person trips frém the mode split process to HOV vehicle trips by trip purpose.
Occupancy factors for HBW trips are calculated using a curve derived trom observations
of occupancy at various highway locations during the commuter trattic hours. Occupancy
rates for non-work trip purposes are from ConnDOT’s traffic accident database. in which
statistics from highway accidents are used to determine average occupancies by time of
day. After the conversion from person to vehicle trips. the vehicle trip tables tor each
mode and purpose are added together for input into the trip assignment model.

Highway trip assignment in PERFORM 1s done by an equilibrium assignment
process on an average dailv basis. In this step. vehicle trips are iteratively assigned to the
nerwork so as to equate the travel between alternate paths between the sume origin and
destination so that all used paths between the same origin and destination zones have the

same travel times and path flow. Once the trips have been assigned to the links. daily



VMT i1s computed from the link volumes. The peak pertod VMT is then factored out of

daily VMT using aggregate proportionality factors.



Chapter 4: DATA SET

Data Sources

The data used for this project came from three sources. The tirst source was the
1990 National Personal Transportation Survey (NPTS). NPTS contains information about
the amount and nature of personal travel in the United States. as related to the
demographics of persons and households (9). This is a unique source of data describing
personal travel and provides information about household trips, their purposes, and the
transportation modes used. NPTS collected information on all trips made by the
respondent on a specific day (known as “travel day™). combined with longer trip data
taken over a two-week period (known as “travel period™). The different tables in the
database contained information on trips made by each responding household as well as
trips made by each responding individual. In the data for Connecticut. there were 15.088
individual trip records associated with 2,266 reference households in the state. Early
analvses of the nationwide NPTS dataset suggest changes in peak period travel behavior
such as workers departing earlier for work in order to avoid the peak traffic congestion.
The second source of data was land use inventories for towns in Connecticut, providing
population, retail and non-retail emplovment. retail space. mean household size, and the
number of households in each town. The third source of data was the congested and
uncongested skim tables in the form of travel times between the different TAZ s in the
state. These travel times. along with the land use data. were used for computing daily and

peak accessibility indices for different purposes tor all the TAZs in the state.



Datu Set Preparation

Accessibility indices represent the relative ease of reaching activity opportunities
from a single zone under different levels of congestion in the network. To test the
relationship between congestion and peak period trip generation in this Connecticut
dataset. these indices were computed for each production zone. by trip purpose.
Kockelman [17] suggests a popular method of computing accessibility indices from the
Gravity Model of the trip distribution step in the four-step process. This functional form
for accessibility index assumes a direct proportionality with the number of opportunities
and an inverse relation relative to the cost of accessing those opportunities. The cost of
accessing those opportunities is assumed to be the PERFORM travel skims. related
through calibrated F-factors. The opportunities for three different purposes were obtained
from the land use inventories for the towns in Connecticut. O,. the opportunities in a

destination zone *j° from an origin zone “i” for each purpose was computed as:

. HBW: Non-Retail emplovment in zone 7.
2. HBO: Population of zone °j".
5. NHB: Retail employvment in zone ).

The NPTS dataset has zip code rather than TAZ as the locational variable for the
individual/household trip. This dataset for the state of Connecticut included 288 ditferent
zip codes. A centroid TAZ was established for each zip code using the PERFORM zone
map; using these relationships a zip code to TAZ reference table was created. Using this
reference table. the centroid TAZ and the corresponding town name were added as new

variables to the NPTS dataset. Using the town name as the kev variable between the
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NPTS dataset and land use dataset. the land use variables were also copied to the NPTS

dataset. These land use variables were used for computing accessibilitv indices.

The formulation for the computation of accessibility indices is:

A, =) OFK,
J

where

AJ- = accessibility index for the origin zone °j".

O, = opportunity available in the destination zone for the particular

purpose. The way in which the opportunities were computed was
discussed earlier in the section.
Fij = empirically derived travel time {or triction) factors that express the

average areawide effect of spatial separation on trip interchanges

betwesn zones. These factors had been calibrated in PERFORM.
K; = specific zone to zone adjustment factors to allow for the

incorporation of the effect on travel patterns of defined social or
economic linkages not otherwise accounted for in the Gravity
Model formulation. These K-factors had been calibrated in
PERFORM.
The Gravity Model module of TRANPLAN was used to compute the accessibility
indices for all three PERFORM trip purposes. Using congested and uncongested travel

times. accessibility indices were computed for PM peak period as well as daily trips for
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the three purposes. The ratio of the PM peak to the daily accessibilitv index was used as
the independent variable in model estimations. for each purpose. These accessibility
index ratios were added to the NPTS dataset using the origin zone TAZ as the kev
variable. Finally. two sets of data (individual trips and household trips) were obtained.

The household trips dataset was an aggregate form of the individual trips dataset.
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Table 1. List of variables used in model estimations

Variable Name

Variable Description

DRVRCNT Number of drivers in the household
AUTOCNT Number of autos in the household
HHFAMINC [ncome of the household (Categorical variable)
LIFCYC Family life cycle of the household (Categorical Variable)
FAMLRACE Race of the household
NUMADULTS Number of adults in the household

SCHOOL_AGE

Number of children in the household aged between 5 and 21

; PRE SCHOOL Number of children in the household aged between 0 and 4
| HHSIZE Size of the household
\
' POVERTY | Is the tamily below, near or above poverty level
| (Categorical Varrable)
PUBTRANS Public transit availability for the household
WKRCNT Number of workers in the houschold
POPLN Population of the town ot the household
|
POPDENS | Population density of the town of the household |
RET | Number of retail employment in the town of the household i
NRET Number ot non-retail emplovment in the town of the i
household |
SHSF Shopping area in the town of the household |
|
HHSZ Mean household size of the town of the househoid

A_RATIO (HBW)

| Ratio of peak to off-peak HBW accessibility index of the
] TAZ in which the household exists

A _RATIO (NHB)

" Ratio of peak to off-peak NHB accessibility index of the
TAZ in which the household exists in which the household
I exists

A_RATIO (HBO)

Ratio ot peak to oft-peak HBO accessibility index of the
TAZ in which the household exists in which the household
eXISLS
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Data Set Exploration

Apart from the trends described earlier regarding the nationwide NPTS dataset.
there are other interesting results worth mentioning with rezard to the changes in travel
behavior patterns which could affect peak period trip-making. The 1990 NPTS shows a
growth in person miles of travel of about 19 percent from 1983 that could be attributed to
increases in per capita trip-making and average trip length. The factors. which were found
to be significant in affecting the per capita trip-making, were household size and number
of licensed drivers in the household. The stage in the household life cvcle also had an
important effect on trip-making because so many trips are created by the specific needs of
different families” tvpes. like the need to serve younger members ot the household. or
care tor the household itself.

The two most significant factors in average trip length growth are population
shifts to very large metropolitan areas, and the increasing number of driver’s licenses.
particularly among women. For example. work trips by women with driver’s licenses are
30 percent longer than work trips bv women without driver’s licenses. Women also led
the growth in trip-making with a major share of their increase being personal business
trips. A third factor noticed was that some trip purposes have been growing in trip length
(e.g., work and personal business). while others (like shopping), have been more stable.

Another issue to be considered in evaluating trip lengths is the start time of the
trip. Increasing congestion on the roadways has pushed tratfic into the “shoulder™ periods
either before or after the peak. Changing job patterns. particularly the shift from

manufacturing to service sector emplovment have tended to move work trips away from
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traditional peak periods. The incorporation of these trends into travel demand models
would significantly improve daily as well as peak period trip estimations.

Table | gives a list of important independent variables from the dataset
investigated to estimate PM peak period trips and daily trips. Exploratory analyses on the
dataset included frequencies. histograms. and cross-classitications for relevant
independent variables. The inter-correlation among the independent variables were
observed as well as their correlation with PM peak and daily trip-making. Towards the
first step in variable selection. paired t-tests were done for important independent
variables to find the variation between peak and off-peak trips for each trip purpose.
Tables 2 through 4 show the results of the paired-t tests for ditferent purposes. Only those
independent variables. which showed significant variation from peak to ott-peak trips.
were selected as independent variables t@ develop peak period models.

For the HBW purpose. the variables that were significantly different from peak to
off-peak are NRET, SHSF. A RATIO (HBW). and WKRCNT. SHSF and NRET are
indirectly related to labor force and employment in a zone and hence they could be
important predictors for work trips. A_RATIO (HBW). which is computed using peak
and off-peak travel times is significant. confirming that peak period congestion affects the
timing of work trips.

For HBO trips, the independent variables that were significantly ditferent
from peak to off-peak were SHSF. PRE_SCHOOL. WKRCNT. and SCHOOL _AGE.
The signiticance of WKRCNT could be due to the fact that many commuters are chaining
their trips while on their way to work. which makes the number of trips differ

significantlv from peak to off- peak. The significance of PRE_SCHOOL and
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SCHOOL _AGE suggests that the presence of infants and children in the household
aftects decisions about when discretionary trips are made. For NHB trips. the variables
that differed significantly from peak to off-peak are WKRCNT. SCHOOL AGE. and
POPDENS. WKRCNT appears to be significant again due to the fact that many peak
period commuters and single member households are chaining trips.

Two other important issues regarding the selection of independent variables for
model estimation were their ease in prediction as well as their inter-correlation. Variables
like DRVRCNT, AUTOCNT. NUMADULTS were not used in model estimations
because thev were highly correlated with WKRCNT. A recent studv by Allen. et. al. [22]
suggests that stage in the household life cycle is an important predictive variable for trip
generation. The NPTS report [21] also says that. according to 1983 NPTS. the familv
groups in which a population distributes itself has a very important eftect on trip-making.
The corresponding data show that person trip rates can double between a household
consisting of a single adult with a child under six and a household with two children.
Therefore. stage in the household life cvcle has been identified as a significant variable in
estimating travel demand. For this Connecticut dataset. too. life cvcle was highly
correlated with dailv and PM peak period trip-making. However. it was not included in
model developments in this research due to difficulties related to its forecasting within
PERFORM: instead variables such as the number of children of different ages. number of
workers. and income levels are used. Other variables like family race. poverty status. and
mean household size also showed promising signiticance but were excluded because of

expected forecasting ditficulties.



Chapter 3: The CONNDOT PERFORM MODEL

PERFORM (depicted in Figure 1) 1s a network-based computer model
implemented in the TRANPLAN metropolitan planning software package and is the
forecasting context for this research. This model consists of four basic steps: trip
generation. trip distribution. modal split and trip assignment. [t analyzes three different
trip purposes: home based work (HBW), home based non-work (HBO), and non-home
based (NHB) trips; and four travel modes: auto drive alone (SOV), auto shared ride
(HOV), bus (local and express). and rail. The model estimates total vehicle link volumes
on an average weekday.

Trip generation is performed separately for each trip purpose using cross-
classification models, linear regression models or models based on trip rates. These
models predict person trip productions and attractions for each traffic analysis zone
(TAZ) from the existing socio-economic and land use data. by trip purpose. The trip
purposes described earlier are further stratitied by internal trips and external trips. Internal
trips begin and end within Connecticut. while external trips have one end inside and the
other end outside Connecticut. External trips comprise those trips which are produced
outside the state and attracted into the state. or produced in the state and attracted outside
the state. Thru trips (neither the origin nor the destination is in Connecticut) are estimated
separatelv and are added to the trip table immediatelv before performing trip assignment.
Predictor variables in these trip generation models are auto ownership. population. retail

and non-retail emplovment. and shopping area.

1]
~



Approach 2: Post-Trip Generation (Figure 3)

. Estumate daily trip ends by purpose.

o

Allocate daily trip ends between peak and off-peak periods.

Estimate trip distribution. mode choice and trip assignment on a peak period

I

basis.
Approach 3: Pre-Mode Choice (Figure 4)

[. Estimate daily person trip interchanges by purpose.

o

Allocate daily person trip interchanges between peak and off-peak periods.

Estimate mode choice and trip assignment on a peak period basis.

(95

Approach 4: Post-Mode Choice (Figure 3)

1. Estimate daily auto trip interchanges bv purpose.

19

Allocate daily auto trip interchanges between peak and oft-peak periods.

Estimate trip assignment on a peak-period basis.

(PP

Methods [ and 2 are applied pre-distribution and factor the trip ends by peak and
off-peak period. These methods are best suited if only the production zone characteristics
of the trips are known and information about the other end of the trip is unknown.
Suitable modei forms for these methods include linear regression and cross-classitication
models that could predict peak and daily trip ends directly or predict the peak proportion.
Methods 2 and 3 are applied post-distribution and factor the trip interchanges between the
peak and off-peak periods. These methods are most effective it information about both
ends of each trip are known. NPTS does not provide information about the attraction end

of the trips. so for this estimation exercise. peak period proportion models following trip
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distribution or mode choice may only consider production zone characteristics, and not
characteristics of the trip or its attraction zone. In effect. these proportions could thus also
be computed at the trip end stage. However. application at the trip interchange level
incurs the least computational burden for PERFORM. This is because application at the
trip end stage would result in roughly the same predictions but would require separate trip
distribution and mode choice runs for peak as well as off-peak trips. In the fourth method,
only trip assignment has to be repeated for peak and off-peak trips. Therefore, the fourth
method (depicted on Figure 3) was selected for estimation of peak period models.
Direct prediction of PM peak period proportion

The statistical analvsis software SPSS was used to estimate all models in this
research. Initially, linear regression and cross classitication models were investigated to
directly predict the proportion of daily trips made during the PM peak period by trip
purpose. However, this estimation effort was not successtul. None of the independent
variables were significant in the linear regression models. and an ANOV A table for
evaluating cross-classification tables showed that even the best independent variables
explained very little of the variation in the dependent variable (peak period proportion).
This can be partially explained using Figures 6a and 60. which show distributions of PM
peak period proportion for HBO and NHB trips respectively. for each purpose. These
figures show that PM peak proportion is not distributed evenly over the range from 0 to 1.
In fact. the proportions are computed from discrete integers (number of PM peak trips)
divided by other discrete integers (number of daily trips). This causes the “spikes” in the

frequency plots at 0, 0.3. and 1.0 which may arise from numerous different combinations
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Figure 6a. PM peak trip distribution: HBO
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Figure 6b. PM peak trip distribution: NHB
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of number of peak period and daily trips. As a result. it seemed that actual proportions
were more related to the daily trip total than to the other explanatorv variables.

Table 5 gives the results of the models estimated to directly predict the PM peak
proportion for different purposes. For the HBW proportion. the most significant variables
were SCHOOL _AGE and SHSF. However. the significance of t-statistics for these two
variables were marginal. The F and R” statistics indicate poor explanation ot sample
variance. WKRCNT, which later proved to be significant in other work models. was verv
poorly correlated with HBW PM peak proportion. This could be attributed to the fact that
observed PM peak proportions for HBW were almost constant at about 29 percent. Table
5 shows the same trend for the HBO PM peak proportion and could be due to the
presence of “spikes” as discussed earlier. The models for NHB PM peak proportion
were also similar to the other proposed models. Due to these pronounced defects. this
method of predicting PM peak proportions was abandoned.

Figures 7a. 8a. and 9a show the results of the cross classitication method applied
to predict the proportion of PM peak trips for the three purposes. Different independent
variables were tried in various one-way. two-way and three-way combinations to cross-
classify the PM peak period proportion for different purposes. The best models among
those experimented are reported here. For HBW the proportion of daily HBW trips which
are PM peak are cross tabulated by different levels of WKRCNT. The analysis of
variance statistics in Figure 7b for this model shows that WKRCNT is unable to explain
the variation in the peak proportion (F-statistic is very high). Similarly. the proportion of

HBO trips in the PM peak was two-way cross classifted with WKRCNT and
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PMP HBW  Proportion of Daily HBW trips which are PM Peak
by WKRCNT Number of Workers in the Household

Total Population
Proportion 29

Number of Cases (1129)

WKRCNT

=
—
[ 9]
(98]
E 5N
h

22 29 29 28 32 26
(16) (323) (463) (91) (30) (4)

Figure 7a. Cross classification table for PM peak proportion of daily
HBW

PMP HBW Proportion of Daity HBO trips which are PM Peak
by  WKRCNT Number of Workers in the Household

Sum of Mean Sig

Source of Variation ~ Squares DF Square F ofF

| Main Effects 1243 025 483 789

| WKRCNT 124 5 025 483 789

" Explained 124 3 025 483 789
’ Residual 57.635 1123 051

- Total 57.758 1128 031

' 2266 cases were processed.
1137 cases (50.2 pet) were missing.

Figure 7b. Analysis of variance for proportion of daily HBW in PM
peak
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PMP_HBO
by WKRCNT
SCHOOL_AGE

Total Population

Proportion of Daily HBO trips which are PM Peak
Number of Workers in the Household
Number of Children in Household Age 5-21

Proportion 18
Number of Cases  (1641])
WKRCNT
1 2 3 4 5
Proportion 16 19 A9 22 13 .09

Number of cases

SCHOOL_AGE
0

Proportion 17
Number of cases

SCHOOL_AGE

WKRCNT

9]

(341) (616) (348) (103)

(902) (269) (318)

29 &

1 2 3 4 5
20 21 A7 A8 24
(121) 27) (4)
0 1 2 3

A3 260 18 .08 .00 .00
eh cn 6 0 (O

(282)
18 .19 21 20 18 .00
(310) (105) (I133) (300 (17) (1)
A8 19 22 16 23 28
254y (113 (126)  (46) () ()
26 19 21 15 20 .00
43) (23 (20) (13 @ (O
06 21 21 08 1 43
(1D ) (7 (3) ) (D

00 .18 .00 .00 .00 .00
© @ O B O, (O

Figure 8a. Cross classification table for PM peak proportion of daily

HBO
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PMP HBO  Proportion of Daily HBO trips which are PM Peak
bv. WKRCNT  Number of Workers in the Household
SCHOOL_AGE  Number of Children in Household Aged 3-21

{
|

Sum of Mean Sig

Source of Variation Squares  DF  Square F of F

‘Main Effects 318 10 082 143 158
WKRCNT 434 5 091 1393 139
SCHOOL_AGE 264 5 033 926 463
{2-Way Interactions 734 20 037 644 881

WKRCNT SCHOOL_AGE

Explained 1.352 30 052 908 610
Residual 91.702 1610 037
Total 93.234 1640 037

2266 cases were processed.
625 cases (27.6 pct) were missing.

1
|

Figure 8b. Analysis of variance for proportion of daily HBO in PM
peak
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:[ PMP NHB Proportion of Daily NHB trips which are PM Peak
bv WKRCNT Number of Workers in the Household

|
|
5 PRE SCHOOL  Number of Persons in Household Age 0-4

Total Population

Proportion 43
| Numberof Cases ( 1132)
'WKRCNT
‘ 0 1 2 3 4 5

|
| 40 41 46 45 445
| (153) (436) (429) (35) (25) (4
PRE_SCHOOL

0 1 2 3 4 5

|

A3 41 360 420 00 .00
(943) (142) (36) (&) (O)  (0)

| PRE_SCHOOL 0 1
|WKRCNT

0 41 21 00 .00 .00 .00

(4 (O O (O (0

1~
99
.
U

|

| 1 40 44 50 30 .00 .00
1 (343) (63) (21 (5 ) (O
|

|

|

(9]

4
B

40 63 .00 .00 .00
© O O

n

~ )
—
wh
O
S
—
—
J
~—

(3

3 43 .70 .00 1.00 .00 .00
78 © O (LD O

| 4 46 29 00 .00 .00 .00
22y 3y Oy  (0) 0 (O

00 .00 .00 .00 .00
© @ O O O
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Figure 9a. Cross classification table for PV peak proportion of daily
NHB
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[
PMP_NHB Proportion of Daily NHB trips which are PM Peak
by WKRCNT Number of Workers in the Household

\
J PRE SCHOOL Number ot Persons in Household Age 0-4
|
|

Sum of Mean Sig

Source of Variation Squares DF Square  F of F
Main Effects 1.380 8 198 334 953
WKRCNT 974 5 195 329 893
PRE_SCHOOL 620 3 207 5349 790
2-Way Interactions 1.346 6 238 435 853

WKRCNT PRE SCHOOL

fExplained 5.127 14 223 377 981
Residual 661.003 1117 392
Total 664.129 1131 587

|

\

|

!

!2266 cases were processed.

/1134 cases (50.0 pet) were missing.
|

Figure 9b. Analysis of variance for proportion of daily NHB in PM

peak
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SCHOOL_AGE. Again in this case. the variation in the dependent variable is
insufficiently explained by the independent variables (Figure 8b). The same holds true for
the NHB case where the independent variables are WKRCNT and PRE_ SCHOOL
(Figure 9b). The reason for poor performance of cross classification models is also due to
the discontinuities and “spikes™ in the values of the peak proportion.

Individual choice models

Apart from cross-classification and linear regression models, other statistical
model forms estimated at the disaggregate level were individual choice and discriminant
analysis models. The individual choice models were estimated using binomial logit
models. which predicted the probability of making a particular trip in the peak versus the
off-peak period given socio-economic. land use and congestion characteristics of the
individual or household. The models developed using this model technique are depicted
in Table 6.

The performance of these binomial logit models was unsatisfactory. In Table 6. it
can be seen that the value of the statistic p~ is very small for all three purposes. The
statistic p~ compares the log likelihood of the estimated model to the null model where all
predictions are wrong. For the small number of observed cases which were in the PM
peak. this model never predicted correctly. In fact. the model never predicts a PM peak
trip for any case in the NPTS dataset. The reason for this is the skewness in the observed
percentages of PM peak and non PM peak trips. Since most of the daily trips are observed
in the non PM peak, the model predict all trips as non PM peak: and because the observed

proportions of PM peak trip is very low. the model never predicts a PM peak trip.
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Table 6. Individual choice model results

Freedom

Variables PM Peak PM Peak PM Peak
HBW HBO NHB
A_RATIO 20.0046
(HBW) (0.0317)
A RATIO 20,0077
(HBO) (-0.0194)
A _RATIO 0.9337
(NHB) (0.0062)
SCHOOL AGE -0.0951 -0.897
(-0.0494) (-0.0361)
NUMADULT 0.0068 -0.0106
(0.0451) (-0.0412)
POVERTY 0.002 -0.002 -0.0272
(0.0366) - (-0.0246) (-0.0298)
WKRCNT 0.0234 | -0.0733 0.189
(0.0248) (<0.0175) (0.0217)
CONSTANT 0.0598 -0.7286 0.039
| (0.0046) (-0.0002) (0.0043)
| Log Likelihood | 1233.1275 | 3346.153 1610.364
(0) |
p” Statistic 0.009 0.002 0.014
- Statistic 11.753 8.347 22.393
Degree of 1814 3325 2479
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In a slight moditication to the modeling technique. the dataset was curtailed to
include only the PM trips. Now the choice was between PM peak and PM off-peak. rather
than PM peak and daily non PM peak. In these models. the observed percentage of PM
peak trips is high, and the model predicts substantial cases which are PM peak. However.
the application of this model on an aggregate basis would be problematic since
PERFORM does not predict PM trips. Due to these drawbacks observed in binomial logit
models, further investigation into this modeling technique was not undertaken.
Discriminant choice models

Discriminant analvsis. first introduced by Sir Ronald Fisher. is the statistical
technique most commonly used to distinguish among several mutuallv exclusive groups
based on a collection of variables. Linear combinations of the independent. or predictor.
variables are formed ;’md serve as the basis for classifving cases into one of the groups. A
linear discriminant function of independent variables is estimated by maximizing the
distance between the different groups. For each case. a discriminant score is then obtained
which determines the class in which the case belongs. The technique used was based on
Bayes's rule of conditional probability. The probability that a case with a discriminant

score of "D’ belongs to group ‘1" is estimated by:

\ ﬁ: P ;
PG D) = ZPIDM) (G)

S P(DIG,)P(G,)

i=1
where P(G|D) = probability of the case being in group ' given the discriminant
score "D’

P(DIG.) = conditional probability of "D" given the group 1.

i/



s
n

P(G,) = prior probability ot a case betng in group "1 when no
information 1s given.
¢ = number of groups "1’

To compute the conditional probability P(D|G)), a case is assumed to belong to a
particular group, and the probability of the observed discriminant score given
membership in the group is estimated. This provides an idea of how likely the score is for
members of a particular group. The prior probability P(G;). on the other hand. is a general
estimate of the likelihood that a case belongs to a particular group. Most commonly, the
observed proportions of cases in each group can serve as estimates of the prior
probabilities.

[n this research. the aim was to distinguish between two classes. PM peak trip and
non PM peak trip. for each purpose. The prior probabilities were assumed to be the
observed proportions of PM peak and non PM peak for a trip purpose. The conditional
probabilities were internallv computed in SPSS after formulating the discriminant
function using the NPTS dataset. Figures 10. 11, 12 show the results for models
estimated using this technique for HBW. HBO and NHB respectively. A look at the
cross-classification table shows that the models are unsatistactorv. Again. as in the case
of individual choice models. these models are also predicting all trips to be non PM peak.
The reason for this poor performance is due to the values of the prior probabilities. Since
these are taken as the observed proportions which are very small for PM peak non-work
trips, the probabiiitv of making a PM peak trip is never greater than that of not making
the trip. Hence. the mode! predicts no PM peak trips for any combination of independent

variables.
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|

On groups defined by PMP _HBW  Flag Variable for Dailv HBIWV trip being PM

\PEAK Number of cases by group

Number of cases

- PMP_HBW Unweighted Weighted Label

0 14119 14119.0
l 969 969.0
Total 15088  15088.0

Canonical Discriminant Functions
Maximum number of functions.............. 1
Minimum cumulative percent of variance... 100.00
Maximum significance of Wilks' Lambda.... 1.0000

‘Prior probabilities

Group Prior Label

0 93378
I .06422
Total 1.00000

Standardized canenical discriminant function coefficients

Func 1
!PRE SCHOOQOL 23127
\RET 00423
;SCHOOL_AGE -72257
iPOPDENS 07992

'WKRCNT 86302

‘Canonical discriminant functions evaluated at group means (group centroids)

|
(
|

Group  Fune |

0 -.02940
I 42844

Figure 10. Discriminant analysis mode! output: PM peak HBW
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| Classification results -

No. of Predicted Group Membership
Actual Group Cases 0 1

Group 0 14119 14192 0
100.0%  .0%

Group l 969 896 0
100.0% .0%

Percent of "grouped” cases correctly classified: 93.57%
| S

Figure 10. Discriminant analysis model output: PM peak HBW

(contd.)
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f On groups defined by PMP_HBO  Flug Variable for Daily HBO trip being PM Peak

; Number of cases by group
{ Number of cases
PMP_HBO Unweighted Weighted Label
0 13464 13464.0

i 1624 1624.0
Total 15088  15088.0
- Canonical Discriminant Functions
Maximum number of functions.............. !

Minimum cumulative percent of variance... 100.00
Maximum significance of Wilks' Lambda.... 1.0000

| Prior probabilities

|

‘ Group Prior Label
| 0 .89236

I 10764
Total 1.00000

Standardized canonical discriminant function coefficients
Func |

| PRE_SCHOOL ~ .29528
| SCHOOL AGE -.88924
| WKRCNT 73149

' Canonical discriminant tunctions evaluated at group means (group centroids)
Group  Func 1

0 02367

|
|
|
|
|
1 -19624

Figure 11. Discriminant analysis modei output: PM peak HBO
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' Classification results -
' No. of Predicted Group Membership
Actual Group  Cases 0 1

Group 0 13464 13464 0
| 100.0% 0%

. Group l 1624 1624 0

E 100.0% 0%

|

| Percent of "grouped" cases correctly classified: 89.23%

Figure 11. Discriminant analysis model output: PM peak HBW
(contd.)
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On groups defined by PMP_NHB  Flag Variable for Daily NHB trip being PM Peak
|
Number of cases by group

, Number of cases

| PMP_NHB Unweighted Weighted Label
0 14192 14192.0
L 896  896.0

i Total 15088  15088.0

E Canonical Discriminant Functions
Maximum number of functions.............. l

Minimum cumulative percent of variance... 100.00
Maximum significance of Wilks' Lambda.... 1.0000

' Prior probabilities
Group Prior Label
0 .94062
1 .05938
Total 1.00000

Standardized canonical discriminant function coefficients

E Func 1
SCHOOL _AGE 78483
! POPDENS 21137

|

| WKRCNT - 71807

i

“ Canonical discriminant functions evaluated at group means (group centroids)
\

Group  Func |

| 0 .00995
1 -13756

Figure 12. Discriminant analysis model output: PM peak NHB



Classification results -

No. of Predicted Group Membership
Actual Group Cases 0 1

Group 0 14192 14192 0
100.0% .0%

Group 1 396 396 0
100.0% .0%

Percent of "grouped" cases correctly classified: 94.06%

Figure 12. Discriminant analysis model output: PM peak NHB
(contd.)
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Proposed Alternate Methodology

Owing to the difficulties in linear regression. cross classification and choice
models. a two step method was developed tor estimating PM peak proportion. The first
step was to estimate parameters for predicting daily trips using socio-economic variables:
the second to estimate parameters for predicting PM peak period trips using the same or
other variables. The PM peak proportion is then computed by dividing the PM peak trip
estimates by the daily trip estimates. This proportion is then applied to the daily auto
person trip interchanges produced by the mode choice model to produce a PM peak auto
person trip table for assignment. This 1s the procedure described earlier as “Post Mode
Choice Model.” Thus, the peak period proportion is defined as a ratio of two functions of
socio-economic and congestion variables. Linear regression equa[ions are calibrated for
PM peak and daily trips using the NPTS dataset. The next chapter details the estimation

of these models.



Chapter 6. MODEL ESTIMATION RESULTS

Statewide Models

Table 7 gives the parameters of the statewide models for different purposes which
were calibrated using the NPTS dataset. The t-ratios for congestion variables
(PUBTRANS, and A_RATIO) were not found to be significant in daily or the PM peak
period models at ninety-five percent confidence. Other land use variables like NRET,
RET, SHSF, POPLN, and POPDENS were also insigniﬁca‘nt in the prediction of dailv or
PM peak trips for different purposes.

WKRCNT was the only variable significant in the daily and PM peak models for
HBW. Except for households without any workers. the values obtained for PM peak
proportion for households was almost constant at 29 percent as indicated below:
PM Peak Proportion of daily HBW trips by WKRCNT

WKRCNT  Estimated PM Peak Proportion  Observed PM Peak Proportion

0 0.136 0.22
1 0.287 0.29
2 0.291 0.29
3 0.292 0.28
4 0.295 32
5 0.293 0.26

Thus. tfor the HBW model, the PM peak trips are simply computed using the constant
factors.

The proportions are almost the same except for households with no workers. The
model correctly predicts the mean value of the proportion but the variation in the

observed proportion is not captured well. A histogram plot ot PM peak HBW proportion

(]
LI
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shows spikes at 0.0, 0.3 and 1.0 although the mean is around 0.29. Deviations from these
values could then be attributed to the fact that some HBW trips are chained with NHB
trips and therefore affect the proportion. Another factor in modeling work trips is that
some workers work second or third shifts. In households with multiple workers, the
likelithood of at least one working the second or third shift is greater. Therefore. their PM
peak proportions for HBW are expected to be ditferent from households with traditional
workers (working at regular hours), and therefore the models fail to capture their peak
period trip-making behavior. It was also seen in the above table that households with
more workers have larger errors in their predictions.

Also. the choice of making a work trip in peak versus off-peak depends heavily on
the flexibility in the work schedule of an individual. More and more emplovers are
encouraging alternative commuting arrangements such as rideshare matching,
telecommuting, and alternate work shifts to avoid travel in the peak period. Therefore. for
peak period HBW trips. a dataset with other land use variables like labor force.
emplovment classification. and work schedules could give better esumates of peak period
work trips.

In the models estimated for HBO trip-making, the number of school age and pre-
school children (SCHOOL AGE and PRE_SCHOOL. respectively) and the number of
workers (WKRCNT) were all found to be significant variables at ninety five percent
confidence. WKRCNT and SCHOOL AGE both have positive coetticients tor both
dailvand PM peak trip-making, but the coetficient on PRE_SCHOOL is negative. These

values make intuitive sense due to the discretionary nature of HBO trips. A household
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with multiple workers has more resources at its disposal and will therefore do more
shopping and recreating. Similarly, the presence of school age children increases the
maintenance requirements for the household. This coetficient dominates the other with
respect to size. It is noted, however, that pre-school age children reduce the level of trip-
making by the household, presumably because they do not generate any trips on their
own, and also require constant supervision by an adult caretaker, making discretionary
trips for that individual less convenient. Coefficients estimated for the PM peak model
are all about one-fifth of the daily coefficients (including the constant), with the ratio for
WKRCNT slightlv smaller than the others. [t would thus appear that large differences in
peak trip proportions are explained by factors not available in the dataset. Both models
also pass the F-test for explained variation at a significance level of ninetv five percent
confldence.

[t is also interesting to observe in Figures 6a and 6b (presented earlier) that a
significant number of proportions are different from 0. 0.5 and 1.0. indicating division by
an odd number. This means that people making the HBO trips are chaining at [east some
of these trips with NHB trips in the peak periods. Several studies in the past decade have
anailvzed commuters’ trip chaining behavior in which a stop for nonwork activities is
introduced to the HBW pattern {23]. A study by Schultz and Allen [3] studied the
temporal distribution of NHB trips and found out that the NHB trips peak between +:30
and 6:30 PM., thus indicating that a majority of such trips are actually made on the way
home from work. However, as explained carlier in the paragraph. results from current
research support the idea that NHB trips are also chained to HBO trips. Many research

studies have also concluded that increased participation of women in the labor force and
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the suburbanization of households are primary causes for increases in chained trips. With
women making more and more non-work trips. it is not unreasonable to believe that they
are chaining NHB trips with their HBO trips.

Apart from chained trips. many researchers have noticed changes in the total
number of nonwork trips during the peak period over the last two decades. Gordon. et. al.
[257 have noticed that increase in nonwork trips was higher in the peak compared to the
off-peak periods. They also observed that the share of work trips in total trips declined
between 1977 and 1983 in both AM and PM peak periods while the share ot nonwork
trips increased. both in AM and PM peak and off-peak periods. Thev say that the
evidence of increasing congestion due to nonwork trips supports implementing
congestion fees, because this is expected to have more etfect on nonwork trips than
commuting trips. Hence. detailed study of nonwork trip-making behavior in the peak
period is very important in the present context.

For the NHB models. indicators for familv incomes greater than seventyv-five and
eighty thousand dollars (FAMINC16 and FAMINC17) replace PRE_SCHOOL.
WEKRCNT and SCHOOL AGE remain in the model. but in different proportions to one
another. and between dailv and PM peak. The income indicator coefticients are much
greater in the PM peak model relative to the daily coefticients than are the coefficients on
WKRCNT and SCHOOL AGE. This suggests that the income effect is stronger in the
PM peak period. i.e.. higher income increases peak period trip chaining more than having
more school children or workers in the tamily.

Also, due to the nature of a NHB trip not beginning or ending at the home of the

individual making the trip. characteristics of neither the origin nor the destination zone
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may be used to estimate the proportion ot trips made in the peak period. Therefore. it was
decided to have a constant proportion for the urban regions which would be the average
of the proportions estimated for all zones in those region. For the rural regions of the
state. in which the zones are considerably larger in area. difterent proportions were used
tfor each zone. These urban and rural regions are classified in detail in the next section.

Models were also estimated for a combined prediction of discretionary trips (HBO
+ NHB), which we called nonwork (NW) trips. The aim of this test was to see whether
there are significant statistical differences in characteristics that determine HBO trips and
NHB trips. These tests were done separately for PM peak and daily to capture any
differences attributed to the timing of the trips. The formulation of the F-statistic for the
daily models was as follows (some of the values are from HBO and NHB models in
Table 7):

Restricted Model (Predicting HBO + NHB together). -

Yeps = 2.0812 + 1.2317*WKRCNT + 2.4712*SCHOOL _AGE -
[ 8516*PRE SCHOOL = 3.0679*FAMINCI6 +
1.5872*FAMINCI7

Unrestricted Model (Predicting HBO and NHB Separately)

Yive = 1.9269 + 0.6988*WKRCNT + 2.0651 *SCHOOL _AGE -
.7179%PRE_SCHOOL + 0.6401 + 0.5560*WKRCNT +
0.3742%SCHOOL AGE + [.3573*FAMINCI6 +

0.3339*FAMINCI7.



The F-statistic for the test was:

o (SSE o —SSE \p)/ ¥
SSE o/ (N = K)
where r = number of restrictions in the test
K = number of parameters

The results of the F-tests between NW and separate models (HBO & NHB) suggested
significant differences among models for HBO and NHB. Therefore, separate models for
HBO and NHB were selected rather than a combined model.
Regional Models

Connecticut is a diverse state with the prevailing land use densities varying
widely from one area to another. [t was thus felt that peak period trip-making could
conceivably vary by region as well as by household characteristics. This hypothesis was
tested by dividing the state into three regions: (a) Capital Region, comprising towns in
the Hartford metropolitan planning area: (b) Southwest Connecticut Region, comprising
towns in Fairfield and New Haven counties along the 1-95 corridor tfrom New Haven to
the border with New York State: and (¢) Rural region. comprising the rest of the state
which is generally rural or very low density suburban with several small cities.

The basis for the segregation of the dataset was the differences in land use
characteristics among the different areas. Table 8 gives the average values of land use
characteristics in the three arcas. The mean houschold size is almost the same for all

three regions. However. average values for population. population density. retail and non-
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retail emplovment. and retail space are significantly different from one region to the
other. The Southwest region has the largest concentration ot population and the rural
region the least dense. Regarding retail and non-retail emplovment and retail space, the
densest region is the Capital region. while the rural region 1s the least. There are
significant differences in the accessibility index ratios. too. for all purposes. These
differences warranted investigation into the need to have segregated peak proportion
models for different areas in the state.

To test this hypothesis. models to predict PM peak period proportion were
estimated for these three segregated regions for each purpose. These models were
compared to the models estimated using data from the entire state. by trip purpose. These

results are given in Tables 9. 10 and 1.
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The F-test was formulated according to the following example (testing differences
in PM Peak HBO trips between Capital Region and Southwest Region. Table 9):
Restricted Model (Predicting same HBO for both regions and computed with cases from
these two regions only). -
Yigs = 0.319808 + 0. 14893 *WKRCNT + . 428872*SCHOOL AGE -

0.36504*PRE _SCHOOL

Unrestricted Model (Predicting HBO separately for ecach region using dummy variables:
computed with cases from these regions only). -

Ying = 0.381237*REGION] + 0.274808*REGION2 +
0.112686*WKRCNTI + 0.181584*WKRCNT2+
0.238247*SCHOOL_AGE! + 0.51625*SCHOOL AGE? -
0.275212*PRE _SCHOOLI - 0.40635*PRE_SCHOOL2

The F-statistic for the test was:

Fr= (SSE pes = SSE )/ 7
SSEL’.\'R / (N o K)

where r = number of restrictions in the test
k = number of parameters
Table 12 gives the values for F-tests for all possible 2-way and 3-way comparisons
between models for different regions. For daily trips, the models tor ditferent regions are

not statistically different for any trip purpose. For the PM peak period. the models for
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different regions show significant statistical differences. The Capital region differs trom
the rural region as well as the South-West region for both PM peak HBO and PM peak
NHB models. The models for the Southwest and the Rural regions do not seem to differ
statistically for either NHB or HBO. This result seemed contradictory since it was
expected that the Southwest region of the state should differ from the rest of the state
owing to its proximity to New York City which has a significant effect on this region’s
trip-making. However, the comparisons of the root mean square error (for peak
proportion predictions) for the segmented models (see Tables 9. 10. 11) do not show
improvement over the model for the entire state. Nevertheless, there was no definite
conclusion as to whether the segregated models would perform better than a statewide
model. In consultation with project sponsors. 1t was decided to use statewide models

rather than segmented models to minimize the computational burden.



Chapter 7: IMPLEMENTATION IN PERFORM

Figure 3 illustrates the method for incorporating the proposed peak period
proportion models into PERFORM. [t is again noted that the PM peak period proportions
have been estimated using NPTS and land use data but they are applied to daily models in
PERFORM which are estimated using data from a household survey conducted in 1976.
The peak period models estimated using the NPTS dataset are disaggregate models;
however PERFORM uses aggregate variables for its mode! forecasts. NPTS data are not
coded with traffic analysis zones, so the dataset was aggregated by zip code to test the
accuracy of the PM peak proportion models for aggregate predictions.

The “average household™ aggregation method was used. where the disaggregate
model coefficients were multiplied by the number of households in the zip cod¢ and then
applied to the average values for each variable for that zip code. Table 13 shows a sample
comparison of aggregate prediction with observed values. While observed PM peak
proportions have zero values. the predicted proportions can never assume zero values.
This is due to the non-zero constants in the estimated models for dailv and PM peak.
Otherwise, the proportions seem to follow the observed trend to a reasonable accuracy.
Histograms of the errors in PM peak proportions tor HBO and NHB (Figures 13a. 13b)
were heavily concentrated at zero showing that the models predict well for most cases.

The PM peak period trip tables generated after applving peak proportions are in

production/attraction (P/A) format. However. we need to transpose the P/A matrices into

63
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origin/destination (O/D) matrices before thev can be used for trip assignment in
PERFORM. In PERFORM, the diumnal spiits used are 0.5 and 0.5 for converting dailv
trip tables in P/A format to O/D format. Most daily trips can be considered round trips. so
this assumption is valid. However, in a peak period. the trips are not expected to be
balanced by direction, due to the nature of afternoon versus morning trips. PM peak splits
were computed from the NPTS data using information regarding the origin zone of each
trip. the time of the trip, and the purpose of the trip. These splits were computed for the
three different purposes. For HBW. the diurnal spiits for PM peak is expected to be
skewed towards the inbound (work to home) direction. since most of the people return
home during this peak period, rather than going to work. In the case of HBO, the splits
are expected to be more balanced because many HBO trips are expected to be round trips
within the peak period. Some people who chain their work trips while coming home are
making an inbound HBO trip, while others who are going tor shopping, social recreation,
or sports during the PM peak period are making an outbound HBO trip.

Individual trip information in NPTS was used to compute percentage directional
splits for HBW and HBO trips in the PM Peak period. In the case of NHB trips the
percentage splits were not computed because the NHB peak proportion model is applied
to a daily NHB trip table already in O/D format. The computed directional factors are
0.07 from home and 0.93 to home for HBW trips. and 0.41 from home and 0.39 to home
for HBO trips. These factors are used in the TRANPLAN matrix inversion program as

row and column factors.



Chapter 7: CONCLUSIONS

This research was conducted to study methods to improve the modeling of peak
period trip-making. Over the last few vears. congestion and air quality problems have
caught the attention of many and ftederal regulations have been enacted to reduce their
magnitude. For example, the adoption of CAAA in 1990 and ISTEA in 1991 call for
improvements in travel demand modeling to include changes in travel trends due to
congestion. This context increases the value of peak period trip modeling improvements.

The significance of land use and congestion variables in daily and peak period
travel modeling was explored using Connecticut NPTS and landuse data. Models for
predicting PM peak period trips were estimated using household socio-economic data
from Connecticut NPTS records. Socio-cconomic variables were found to be quite
significant, while congestion and land-use variables for the location of the household
were not. Incorporation of these models into the Connecticut statewide travel demand
forecasting model has been demonstrated using a procedure that can be easily
implemented in any four- step travel demand forecasting process. The resulting procedure
is expected to significantly improve the accuracy of peak period trip estimation over
procedures that use fixed percentages to extract peak period trip tables or peak period link
volumes.

Linear regression models and cross-classification models to directly predict the
proportion of peak trips did not perform well. Hence. a two step methodology was

selected. Peak period models were developed using the proposed methodology for
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different purposes and results were examined in detatl. For HBW models. the peak
proportion did not vary significantly with any of the variables available in the destination
dataset. Hence. the conventional method of extracting a fixed percentage from daily trips
for peak period trips was adopted for HBW trips. The choice of making a work trip in
peak versus off-peak under congested conditions depends heavily on the flexibility in the
work schedule of an individual. More and more employers are moving to different work
strategies like rideshare matching, telecommuting, alternate work shifts. etc. to avoid
travel in the peak period. Therefore, for peak period HBW trips by different categories, a
dataset with other land use variables like labor force. emplovment classifications. and
work schedules could give even better estimates ot peak period work trips.

For non-home based (NHB) and home-based-other (HBO) models. the PM peak
period proportions depend significantly on other socio-economic characteristics of the
household/individual besides WKRCNT. Variables like SCHOOL AGE. PRE_SCHOOL
and some familv income categories are also significant for these models. These
proportions vary bv household characteristics and we cannot use constant values. The
results also provide evidence of more and more discretionary trips in the peak period
being chained. Moreover. there are significant statistical differences between NHB and
HBO models and these ought to be modeled separately.

PM peak proportion models were estimated tor three ditferent Connecticut
regions with varving land use intensities. Some of the estimated models were statistically
different in these three areas suvgesting different trip-making behavior. but not in a
manner that could be easily explained. [t was difticult to generalize. based on these

models. that sezrezated models would perform bertter than a statewide model. Therefore.
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in the absence of clear understanding of this phenomenon. and in order to save
computational time, a single model was adopted for each purpose for the entire state.

Due to the lack of information regarding the destination end of trips in the NPTS
data, the models are restricted to the characteristics of the production zone. Since
proportions are applied to trip interchanges. models which have information about both
ends of the trip could improve the prediction of proportions and hence peak period
forecasting.

These results also shed light onto the applicability ot different statistical modeling
techniques. [t was very difficult to directly predict the peak period proportions and
therefore a two step methodology was used. With the NPTS dartaset used. linear
regression models gave the closest estimates to the observed values. The complexities in
peak period travel modeling were difficult to be captured by one-way or two-way cross
classification tables. Individual choice and discriminant analysis methods performed
badly because the prior probabilities for peak period trips were negligible.

The results arising from this approach pave the way towards new improvements in
peak spreading estimation. [t is expected that an improvement in peak period modeling
would significantly improve the modeling of trips in the peak hour within the peak
period. Some other areas bound to benefit from this research are modeling air quality and
studies on congestion mitigation since these models are based on peak period forecasts. In
future. the models can be greatly enhanced by considering discretionary effects on work

trips. and bv using datasets which provides information on both ends of the trips.



Appendix 1. Computation of Peak Proportions
This contains the FORTRAN code for the computation of PM peak proportions
for the three purposes using socio-economic data. The coefficients for dailv and PM
Peak models are provided in the file “COEFFS.DAT” and the socio-economic
variables in “SOCIO.DAT.” The program outputs the proportion in a matrix form
which is later used by the MATRIX UPDATE procedure in TRANPLAN to extract
the percentages from the daily trip tables.

PROGRAM PROP

REAL COEFFS(6.6)
REAL PMPHBO(1248), PMPNHB(1248), DL YHBO(1248)
REAL PMPHBW(1248), DLYHBW/(1248)
REAL DLYNHB(1248), PHBO(1248), PHBW(1248). PNHB(1248)
INTEGER ZONE(1248)
REAL ZLF(1248). ZP521(1248). ZP04(1248)
REAL ZI17580(1248), ZIGTS0(1248)
OPEN (UNIT=9.FILE='COEFFS.DAT.STATUS='0OLD)
READ (9,*) COEFFS
OPEN (UNIT=10,FILE='SOCIO.DAT,STATUS='OLD")
OPEN (UNIT=20,FILE="MUPDATA.HBO.STATUS='0LD))
OPEN (UNIT=25.FILE="MUPDATA.HBO'STATUS="0LD")
OPEN (UNIT=30,FILE='MUPDATANHB.STATUS=0LD"
DO 20 1=1.1248

READ (10.%) ZONE(D). ZLF(I). ZP521(1). ZP04(I). ZI7580(D),
C ZIGTS80(I)

PMPHBW(I) = COEFFS(1,1)+COEFFS(2.1)*ZLE(I)~

C COEFFS(3,1)*ZP32(I)~COEFFS(4.1)*ZP04(1)~

C COEFFS(3,1)*Z17580(I)+COEFFS(6,1)*ZIGT80(I)
DLYHBW(I) = COEFFS(1,2) = COEFFS(2,2)*ZLEF(D) +

C COEFFS(3.2)*ZP321(I) - COEFFS(4.2)*ZP04(I) +

C COEFFS(5,2)*Z17580(1) + COEFFS(6,2)*Z1IGT30(I)
PMPHBO(I) = COEFFS(1,3) =+ COEFFS(2.3)*ZLE(T) +

C COEFFS(3.3)*ZP521(I) + COEFFS(4.3)*ZP04(I) ~

C COEFFS(6.3)*Z17580(1) = COEFFS(3.5)*ZIGT80(T)
DLYHBO(I) = COEFFS(1,4) + COEFFS(2.4)*ZLE(I) +

C COEFFS(3.4)*ZP521(I) + COEFFS(4.4)*ZP04(I) +

C COEFFS(3.4)*Z17380)(I) = COEFFS(6.H)*ZIGTRO(I)

h
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C COEFFS(3.5)*ZP521(I) = COEFFS(4.5)*ZP04(T) ~

C COEFFS(5.5)*Z17580(1) + COEFFS(6.5)*ZIGTSO(I)
DLYNHB(I) = COEFFS(1.6) + COEFFS(2.6)*ZLF(I) =

C COEFFS(3,6)*ZP521(I) + COEFFS(4.6)*ZP04(I) +

C COEFFS(3,6)*Z17580(1) + COEFFS(6.6)*ZIGTS0(I)

PHBO(I) = PMPHBO(IY/DL YHBO(I)
PHBW(I) = 0.29

PNHB(I) = PMPNHB(I)/DL YNHB(I)
WRITE (20.60) I. PHBW(I)

WRITE (25,60) 1. PHBO(I)

WRITE (30.60) I. PNHB(I)

FORMAT (2X.T1. 14, 1-1248, *'.F10.2)
CONTINUE

END



-
i

Appendix 2a. Extraction of PM Peak Trip Table: HBW

The file “9SHBW.130” is the 1300 zone daily HBW trip table in P/A format for
Connecticut for the year 1995, The output file is "PMPHBW .PA™ which is the PM Peak

HBW trip table in P/A tormat

SMATRIX UPDATE
SFILES
INPUT FILE = UPDIN, USER ID = $9SHBW.T13 , UNLOAD
INPUT FILE = MUPDATA. USER ID = SMUPDATA.HBWS
OUTPUT FILE = UPDOUT , USERID = §95HBO.PAS
SHEADERS
MATRIX EXRACTION FOR HBW PM PEAK
EXTRACT PM PEAK HBW TRIPS FROM DAILY HBW
SOPTIONS
MUPDATA
PRINT TRIP ENDS
SEND TP FUNCTION
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Appendix 2b. Extraction of PM Peak Trip Table: HBO

First. the daily trip table. which is converted from purpose 2 to purpose | for
performing the MATRIX UPDATE. The file "95HBO.130™ is the 1300 zone daily HBO
trip table in P/A format for Connecticut for the year 1993, The output file is

“PMPHBO.PA™ which is the PM Peak HBO trip table in P/A format.

SMATRIX MANIPULATE
SFILES
INPUT FILE = TMANI!, USER ID = $§95HBO.130$
OUTPUT FILE = TMAN2, USER ID = $95HBO.T1$
SHEADERS
CONVERTING FROM PURPOSE 2 TO |
SDATA
TMAN2.Tl = TMANIL,T2
SEND TP FUNCTION
SMATRIX UPDATE
SFILES
INPUT FILE = UPDIN, USER ID = $95HBO.T1S . UNLOAD
INPUT FILE = MUPDATA. USER ID = SMUPDATA.HBOS
OUTPUT FILE = UPDOUT , USERID = SPMPHBO PAS
SHEADERS
MATRIX EXRACTION FOR HBO PM PEAK
EXTRACT PM PEAK HBW TRIPS FROM DAILY HBW
SOPTIONS
MUPDATA
PRINT TRIP ENDS
SEND TP FUNCTION
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Appendix 2c. Extraction of PM Peak Trip Table: NHB

For the case of NHB. the daily trip table is already in the O/D format. Hence
average values of the PM Peak Proportions are multiplied by the daily trips to cet PM
peak trip table. The file "93NHB.1307 is the 1300 zone daily trip table in O/D format

corresponding to the base vear for Connecticut

SMATRIX MANIPULATE
SFILES
INPUT FILE = TMANI. USER ID = $93NHB.150S
OUTPUT FILE = TMAN2, USER ID = $95NHB.T1$
SHEADERS
CONVERTING FROM PURPOSE 3 TO 1
IDATA
TMAN2,TI = TMANI,T3
SEND TP FUNCTION
SMATRIX UPDATE
SFILES
INPUT FILE = UPDIN, USER ID = $93NHB.T1S . UNLOAD
INPUT FILE = MUPDATA. USER ID = SMUPDATA.NHBS
OUTPUT FILE = UPDOUT , USERID = SPMPNHB.ODS
SHEADERS
MATRIX EXRACTION FOR NHB PM PEAK
EXTRACT PM PEAK HBW TRIPS FROM DAILY NHB
SOPTIONS
MUPDATA
PRINT TRIP ENDS
SEND TP FUNCTION
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Appendix 3a: Conversion from P/A to O/D: HBW

This TRANPLAN code helps to convert the PM peak trip table of HBW from P/A to O/D
format. The input file is “PMPHBW.PA™ which was the output from MATRIX UPDATE

and the final output file is "PMPHBW.OD”

SMATRIX TRANSPOSE
SFILES
INPUT FILE = TRNSPIN, USER ID = $SPMPHBW .PA
OUTPUT FILE = ODVOL. USER ID = $SPMPHBW.OD
SHEADERS
MATRIX TRANSPOSE RUN
CONVERTS PM PEAK HBW TRIPS FROM P/A TO O/D FORMAT
SOPTIONS
PRINT TRIP ENDS
NO TRANSPOSED FILE
SPARAMETERS
PA FACTOR =0.07
AP FACTOR =0.95
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Appendix 3b: Conversion trom P/A to O/D: HBO

This TRANPLAN code helps to convert the PM peak trip table of HBO from P/A to O/D
format. The input file is "PMPHBO.PA™ which was the output from MATRIX UPDATE

and the final output file is "PMPHBO.OD”

SMATRIX TRANSPOSE
SFILES
INPUT FILE = TRNSPIN, USER ID = SPMPHBO.PA
OUTPUT FILE = ODVOL, USER ID = SPMPHBO.OD
SHEADERS
MATRIX TRANSPOSE RUN
CONVERTS PM PEAK HBO TRIPS FROM P/A TO O/D FORMAT
SOPTIONS
PRINT TRIP ENDS
NO TRANSPOSED FILE
SPARAMETERS
PAFACTOR =0.07
AP FACTOR =0.93
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