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Analysis of Variability of Weekly Travel Behavior
Using GPS-Recor ded Data

Preface: This project was initidly conceived to investigate how the GPS-based recording of
weekly travel behavior in Lexington (KY') could be integrated with the latest disaggregeate travel
behavior smulation modds (SMASH & ALBATROSS) to determine if such recordings of data
would improve mode prediction capability. Funding limitations required drastic downgzing of

the project. The revised project focused only on the GPS datafor Lexington, and it was analyzed
for patterns of spatia and temporal characteridtics that may shed further light on individua and
household travel. This Find Report summarizes the results of that work.

Executive Summary

Statement of Purpose
While characterigtics of daily travel behavior have been determined from analyses of the
recongtructed household travel behavior recorded in travel diaries, such recongtructions are
subject to criticisms. Respondents in asurvey may lie or falsely recal information about
degtinations, times of trave, trip purpose, trip destination and other critica characterigtics, such
as under-reporting of short trips and the number of sopsin atrip chain (Brog, et d., 1982
Purvis, 1990). In 1997 the Department of Transportation carried out a one-week study in
Lexington, Kentucky in which the cars of 100 househol ds were equipped with GPS and in-car
computers. Every stop was logged by the GPS receiver, and the purpose of the stop was recorded
in red time on an in-car computer. The fina report of the study gave descriptions of travel
behavior but performed little analysis on the data so collected. Although the new GPS-involved
data collection methodology is not expected to replace the traditional data collection method in
behaviora science within a short period of time, it does provide a more robust aternative for
defining persond trave than the current methods. After being provided with a CD data record of
al the transactions by DOT, avariety of andytica techniques and methods were used on the
GPS-collected survey data. Questions that drove these analyses included:
1. How doesthe cdendar periodicity—the week period —influence different types of people's
travd activitiesin agenerd way?
2. What are the periodicd variations of people stravel choices on different days of the week in
terms of trip frequency, trip purposes, trip duration, trip distance, and trip direction?
3. Towhat extent is the autometic-device-collected data (involving GPS) more accurate than
the data collected using traditional methods? Is there any possible inaccuracy involved that
may potentialy limit our research conclusons?

Answersto these questions are helpful for us to understiand the relationship between dally travel
activity patterns over aweek period (see dso Hirsh, et a., 1986; Kitamura, 1987; and Kitamura
& Van der Hoorn, 1987), aswell as the rationale that incorporates atime factor as a determinant
of travel behavior.

A second objective is the evaluation of anew travel data collection method—GPS-integrated
data collection. The data set that was generated from such a collection method is for the firgt time
used in andyzing tempord characteristics of weekly trave activities. By adding the effects of



real-time on-Site data collection using GPS and in-car computer data entry, we aimed to
complement and evauate knowledge gained from traditiond diary and survey methods.

Background and Procedures

An understanding of variability is centra to the modeling of travel behavior (Jones & Clarke,
1988). Until the late 80's, comparatively little attention had been paid to the question of day-to-
day variability in behavior. Past attempts usudly handled the problem by surveying travel on a
common weekday or by collecting and analyzing one-day data from different weeksto obtain a
picture of typica travel pattern averaged acrossindividuas and days of the week. Comparison
and contrast of day-to-day differencesin travel behavior were rarely practiced. For the past two
decades, developmentsin travel behavior analysis and transport policy have led to a greater
awareness of the need to examine day-to-day variahility in travel behavior. It ishypothesized
that a thorough understanding of variability would provide the chance to make traffic
management systems (such as urban traffic control) more efficient or help ensure that road
network design is more closely matched to the profile of travel demands. Improved knowledge
of variability should adso contribute to more efficient sampling procedures for short period traffic
counts.

To capture the variahility of travel behavior over alonger period, multi-day dataiis essentid for
research input. Specificaly, with weekly data it becomes possible to answer a series of questions
about the digtribution of frequency of participation, rather than mean participation rates. The
growing interest in longitudina analys's, using repesat cross-sectiona or panel data designs, has
a0 highlighted the need to look at multi-day data sets.

For addressing the problem of variability of travel behavior, various methods for measurement
exig. Totd trip rates or avector of descriptive attributes (number of journeys, number of stops,
travel mode used, duration of journeys, etc) have been used to compare activity patterns by
Koppelman and Pas (1984) and Hanson and Huff (1982) respectively. However, their research
mainly focused on inter- or intra- person variation of travel patterns rather than on day to day, or
one day- of-week to another day-of-week patterns. In this project, measures of activity-travel
behavior and its variability among the seven different days-of-week were used. As part of this
study, the physica measurements of trips (time duration, distance, frequency, and direction)
were anadyzed usng K-group MANOVA (multiple andlysis of variance) procedures to examine
how peopl€ s activities show different patterns among days in aweek in terms of types of
activities pursued. Thiswas followed by a discriminant andyss (Huberty, 1994) of travel
patterns for 13 specified trip purposes for each of the seven work days, and the structure matrix
of the discriminant coefficients (Zhou & Golledge, 1999). Findly, post-hoc procedures
(Hotelling's T? and univariate t-tests (see Olson, 1974) were used to determine which variables
accounted for the associations found in the discriminant andlyss). Then time series andysis
(Zhou, 2000) was used to further prove the concluson derived in the former anayss. Circular
gatistics (Mardia, 1976; Johnson & Wehrly, 1977) were used to examine trave directions. The
advantages and disadvantages of usng GPS-integrated devices as ardiable means of collecting
travel activity data were then analyzed. Findly, suggestions about how to improve the design of
experiments involving GPS-integrated data- collecting devices were eaborated.



Discussion of Results

As expected, there exist consderable differencesin travel behavior between weekdays and
weekends. However, past researchers have not empahsized the difference between Saturday and
Sunday. Sunday is characterized with most (relative to other day- of-the-week) reduced travel-
activity intengity. But Saturday is naot.

As opposed to the research conclusion of Pas (1988), even “regular” trave-activity behavior was
found dependent on day- of-the-week in this study. Among weekdays, when peopl€'s activities
seem pretty routinized because of work or study congtraints, differences of travel-activity

patterns il exigt. In Pas's paper (1988), only the trip generation rate was considered as a
comparison measure, which represents only one perspective of the peopl€' s activity patterns. Our
study examined the variation of travel behavior across the week not only from the aspect of trip
frequency, but aso from the aspects of trip duration and trip distance. Results of the comparisons
of activities on week days using variables of trip duration, distance, frequency, and direction give
the following results.

Pairwise multivariate tests (T2's) and univariate t tests are used to determine which pair of
groups differ significantly on the set of trip variables. We used aloose criterion (st at the .05
level for univariate t tests) to determine which kind of trips contributed to the significant
pairwise difference of peopl€ stravel patterns on different paired days of the week. Some
interesting results are shown as follows:
- Tripson Thursday - Friday: Not sgnificantly different overall except for asignificant
difference on purpl (pickup passenger).
Tripson Tueday — Thursday: Not sgnificant.
Tripson Monday — Thursday: Not significant except for purp4 (work-related business).
Tripson Thursday — Saturday were sgnificantly different; the difference was emphasized
most in: purpl (pickup passenger), purp3 (work place), purp4 (work-related business)
purp5 (school, college, university), and purpll (return home).
Tripson Saturday - Sunday were sSgnificantly different, the emphass mosily being on:
purp?7 (other errands) and purpl2 (religious activities).
Trips on Wednesday - Sunday were sgnificantly different, the main contribution to
difference deriving from purp3 (work place), purpl0 (medica or dentd), and purpl2
(religious activities).
Tripson Tueday — Saturday were significantly different, the main contributors to
difference being purp3 (work place).
Tripson Monday - Tuesday were not Sgnificantly different.
Trips on Wednesday — Saturday overdl were not sgnificantly different except for purp3
(work place) and purp10 (medica or dentdl).
Tripson Friday — Saturday were sgnificantly different, with mgor contributions from
purp3 (work place), purp7 (other errands), and purpl2 (religious activity).

Thisanalyss shows that the varigbility of activity patterns on weekdays mainly comes from the
flexibility associated with the noon, early afternoon or the evening time dots. Activities
performed in these time dots may be egt-out, shopping, socid or recregtiond activities-- these
activities are typically less obligatory.



With regard to trip intengity, we found an asymmetrica bell curve exigtsin the plots of trip

counts across the week (Young & Willmott, 1973). It peaks on Thursday and falls to the lowest
point on Sunday. This indicates peopl€'s activities are indeed influenced and shaped by
ingtitutiond congraints (like the duration of aweek). As many socid inditutiona rules are made
based on weekly periods, it affects people's decision-making with regard to the dlocation of time
and effort. Furthermore, the travel behavior of one day may affect that of the next day-of-week
(e.g., by ddaying trips when problems such as congestion do not dlow completion of the

origind scheduling).

In our MANOVA analysis, Friday showsitsimportance in terms of peopl€e's alocation of time
for travel. This phenomenon has not been explored in prior research. Combined with the research
results derived from time series andlys's, we tend to attribute the increase of time spent on travel
to the increase of time spent on shopping and socid or recreetiond activities.

Thetime series analysis reveded the periodicity associated with esch type of trip. A rhythmic
pattern (Shapcott & Steadman, 1978) for different types of trips was established. Most types of
trips are performed on aroutine basis across the week period-- at least once a day-- except
religious and dental or medical trips. Some trips tend to be performed more frequently during a
day (such aswork trips, social-recreationa trips, or eat-out trips) than other types of trips (such
as return-home trips and shopping trips). To establish ardiable spectra signature for different
trip purposes, however, we would need data from alonger time period (minimum of about 6
months).

As opposed to what we have assumed, the trip-direction-circuar histograms that we produced
were not exactly symmetrical about any arbitrary diameter of the base circle (see Zhou, 2000).
There exigs amean vector to indicate the possible direction in which multi- purpose trips may
have been undertaken. However, a sengble explanation for this effect needsto relate the
direction preference to the loca activity Ste distribution and socio-demographic festures (as
would be done if the data were to be used in the SMASH or ALBATROSS smulations). We
hypothesized that direction data can be readily and accurately used in travel behavior and
transportation research with the help of GPS. The attempt made in this study shows that the
gpplication of circular Setistics to travel datais feasible. But more work needs to be dore to
make it aworthy tool of anadysisin activity-related research.

Defects in GPS Collected Data

In the process of compiling and using data collected with the GPS-integrated device, we found
the data collection procedure and technique as yet not sufficiently well developed to meet the up-
to-date needs of behavior and transportation research.

In the Lexington travel survey, travel data were collected in a generd way in terms of the
sampling method used. Sampled households are spread evenly throughout the study area. And
the sampled people in the households are Stratified by age groups. But, for some reason, the
socio-demographic information associated with each sampled driver was not completely

recorded, which impedes efforts to relate the reveaed trave pattern to various socio-
demographic factors (as would have been needed if SMASH and ALBATROSS had been used).



In addition, the collected travel records are restricted to travel made with motorized vehicles.
Short trips made by bicycle or on foot are ignored and not recorded. Thisis due to the fact that
the size and weight of the GPS-integrated device made it difficult for individuads to trave with
them when biking or walking. Power supply is aso a problem. Another problem was that, at
times, the respondent smply forgot to turn on the recording device and enter the trip datainto it.
That caused some loss of trip information, Smilar to forgetting to enter tripsinto adiary. In cases
wherethetrip isreatively short, the GPS module may not gain enough time to get a postiond

fix for the record. What is recorded is comparatively useless information and has to be discarded
during the map-matching phase.

We were able to match about 97 percent of the GPS collected trips with digital maps. 87 percent
of the corrupted trips have distances less than 0.16 kilometers. This means that probably some
short trips were missed. Therefore, usng a GPS-integrated device for collecting travel data fixed
the problem of "human memory mafunction”, but introduced "machine memory mafunction’.
Furthermore, athough more than 1800 trips were traced and recorded, when bresking trips into
different trip types, the trip counts were not large enough for datisticd anayss.

Anather problem with the data set was the classification schemafor activities. The dlassfication
schemalis easy to use for survey purposes (Snceit isagenerd classfication), but it is not
necessarily good for research purposes. For example, amore detailed classification schemeis
needed for researchers who are interested in time-budget sudies. It will be ablessing if future
travel surveys could adopt some standardized schemas and fit the trips made by the respondents
into more detailed classes. Thisis essentia for making daily comparative studies possible and
will improve researchers ahility to examine the data set in amore comprehensive way.

Conclusions

In the attempts to reved the determinants of variability of activity patterns, the earlier works by
Hanson (1982) and Pas (1984) have identified their association with socia-demographic and
gpatid or environment varigbles. Thelist of explanatory variables that potentidly have
influences on trave activitiesincludes age, maritd datus, gender, employment status, education
level, presence of young children, income, auto-ownership, residentid dengity and the location of
individua or household to potentid destinations, such as shopping centers, churches, gas
dations, etc. However, none of this literature addressed the role of the weekly period in the daily
travel behavior. Kunert (1994) noticed how various life-cycle groups show diginctively different
profiles of trip-making over the course of aweek. But he considered the socid congraint — the
week period - only as atime frame for examining trave patterns instead of as an explanatory
vaiablefor them.

This study advanced our understanding of the unusua determinant (the weekly period) of
activity pattern by a breskdown and analysis of itsinfluence on travel distance, frequency,
purpose, direction, and the type and tempora characteristics of activity pursued at an aggregate
levdl. Kunet' sfinding (1994) that thereis tendency of increasing trip making from Monday
through Friday and relatively low trip making at the weekend was confirmed. As a bonus,
Thursday was reveded with the highest trip intensity compared to other days of the week.



Another outcome of this study would be the evaluation of a new travel data collection method.
The Lexington study was the first attempt to utilize atravel data collection based on GPS. The
GPS-involved travel data collection method has its advantages in accuracy and rdliability. In
addition, the overall data post- processing procedure can be automated. Up to thetime that LTS
data was collected, the commercidly available GPS-integrated device was till bulky and
difficult to carry individudly. Thisled to the fact that only travel by automobiles was recorded in
the LTS data set, which potentialy modifies any conclusion based on this data set. However,
without losing generdity, the research conclusions derived in this gudy are vdid if we limit its
applicability to motorized travel only. But we aso recognize that hardware devel opments over
the past 2-3 years have made GPS easily portable. This should lead to increased use of GPSto
collect spatidly accurate and complete data that obviates the need for recdl from long-term
memory and difficultiesin remembering to complete surveys or diaries.

Selected References

Brog, W., Erl, E., MeyBurg, A. H., & Wermuth, M. J. (1982). Problems of non-reported tripsin
surveys of nonhome activity patterns. Transportation Research Record, 891, 1-5.

Golledge, R. G., & Stimson, R. J. (1997). Spatial Behavior: A Geographic Perspective New
York: Guilford Press.

GPS City.com. (2001). Differential GPS (DGPS) Explained.
http://gpscity.securesites.com/products/dgps_explained.html.

Hanson, S. (1980). The importance of the multi-purpose journey to work in urban travel
behavior. Transportation, 9, 229-248.

Hanson, S. (1982). The determinants of daily travel activity patterns. Relative location and socio-
demographic factors. Urban Geography, 3(3), 179-202.

Hanson, S., & Hanson, P. (1993). The geography of everyday life. In T. Galing & R. G.
Golledge (Eds.), Behavior and Environment (pp. 249-269). Amsterdam: Elsevier Science
Publishers.

Hanson, S., & Huff, J. O. (1982). Assessing day-to-day variability in complex travel patterns.
Transportation Research Record, 891, 18-24.

Hanson, S, & Huff, J. O. (1988). Repetition and day-to-day variahility in individud trave
paiterns. Implications for classfication. In R. G. Golledge & H. Timmermans (Eds.),
Behavioral Modelling in Geography and Planning (pp. 368-398). London: Croom Helm.

Hirsh, M., Prashker, J. N., & BerntAkiva, M. (1986). Dynamic mode of weekly activity pattern.
Transportation Science, 20(1), 24-36.

Huberty, C. J. (1994). Applied Discriminant Analysis. New Y ork: Wiley.

Kunert, U. (1994). Weekly mohility of life cycle groups. Transportation, 21, 271-288.Marble, D.
F., Hanson, P., & Hanson, S. (1972). Household Travel Behavior Study 1: Field
Operations and Questionnaires. Evangton, IL: The Transportation Center at
Northwestern Universty.

Johnson, R. A., & Wehrly, T. E. (1977). Measures and models for angular correlation and
angular-linear correlation. Journal of the Royal Statistical Society, Series B, 39, 222-229.

Jones, P. M., & Clarke, M. (1988). The sgnificance and measurement of variability in travel
behavior. Transportation, 15, 65-87.

Kitamura, R., & van der Hoorn, T. (1987). Regularity and irreversibility of weekly travel
behavior. Transportation, 15, 227-251.



Kitamura, R. (1987). An andysis of weekly activity patterns and travel expenditure. InR. G.
Golledge & H. Timmermans (Eds.), Behavioral Modelling Approaches in Geography
and Planning (pp. 399-423). New Y ork: Croom Helms.

Koppelman, F. S, & Peas, E. |. (1984). Estimation of disaggregate regression models of person
trip generation with multi-day data. In J. Volmuller & R. Hamerdag (Eds.), Proceedings
of the Ninth International Symposium on Transportation and Traffic Theory (pp. 513-
531). Utrecht, The Netherlands. VNU Science Press.

Mardia, K. V. (1976). Linear-circular correlation coefficients and rhythmometry. Biometrika, 63,
403-405.

Olson, C. L. (1974). Comparative robustness of Sx testsin multivariate andyss of variance.
Journal of the American Satistical Association, 69, 894-908.

Pas, E. I. (1984). The effects of selected socio-demographic characteristics on daily travel
activity behavior. Environment and Planning A, 16, 571-581.

Pas, E. I., & Koppelman, F. (1984). Intrapersonal variability in weekday urban travel and
related behavior: Formulation and examination of some hypotheses. Paper presented at
the 63rd Annua Mesting of the Transportation Research Board, Washington, DC.

Pas, E. |. (1988). Weekly travel-activity behavior. Transportation Research B, 15, 89-109.

Pas, E. |., & Koppelman, F. (1985, January). Analysis of multi-day travel-activity patterns. Paper
presented at the 64th Annual Meeting of the Transportation Research Board, Washington,
DC.

Purvis, C. L. (1990). Survey of travel surveysll. Transportation Research Record, 1271, 23-32.

Shapcott, M., & Steadman, P. (1978). Rhythms of urban activity. In D. Parkes & N. Thrift
(Eds.), Human Activity and Time Geography (pp. 49-74). London: Edward Arnold.

Upton, G., & Fingleton, B. (1985). Spatial Data Analysis by Example: Volume 2, Categorical
and Directional Data. New Y ork: John Wiley & Sons.

Young, M., & Willmott, P. (1973). The Symmetrical Family. London: Routledge and Kegan
Paul.

Zhou, J. (2000). Andysis of variability of weekly travel behavior usng GPS-recorded data.
Unpublished M.A., University of Cdifornia, Santa Barbara.

Zhou, J., & Golledge, R. G. (1999, August). A GPS-based Andysis of Household Travel
Behavior. Paper presented at the Western Regiona Science Association Annua Mesting,
Kauai, HI.

Zhou, J., & Golledge, R. G. (2000, February 26-March 1). An andysis of household travel
behavior based on GPS. Paper presented at the Internationa Association of Trave
Behavior Researchers Annua Meeting, Gold Coast, Audtrdia



Text of Proposal
UCTC Grant #DTRS99-G009

GPSDATA HANDLING FOR ACTIVITY BASED MODELING

Objectives

While characterigtics of daily travel behavior have been determined from andyses of the
reconstructed household travel behavior recorded in travel diaries, such recongtructions are
subject to criticismsthat people lie or falsaly recal about destinations, times, trip purpose, and
other critical characteritics, such as under-reporting of short trips and the number of stopsin a
trip chain. In 1997 the Department of Transportation carried out a one week study in Lexington,
Kentucky in which the cars of 100 households were equipped with GPS and in-car computers.
Every stop was logged by the GPS receiver and the purpose of the stop was recorded at that time
on anin-car computer. Thefind report of the study gave descriptions of travel behavior but
performed little detailed andysis on the data so collected. Usng aCD-ROM datarecord of al
the transactions, | propose to examine questions such as. To what extent were the travel
behaviors recorded on each day highly correlated? Are there recurring cyclic patterns that show
amilar patterns of repetitive behavior on different days of the week? How well can amodd
cdibrated for activity behavior on one day predict behavior on other days? To what extent do
discrete choice models of travel behavior fit the data for different days with gpproximately the
same parameters? To what extent did travelers use optimal travel routes (e.g. shortest path)?
What proportion of different trip purposes were undertaken entirely on suburban streets and what
proportion relied on different quantities of freeway travel? Knowing the answers to these
questions provides some of the fina pieces to the puzzle of repetitivenessin household travel
behavior. It is of consderable importance to the calibration of predictive models of behavior, to
selecting the GIS data structure representationa formets, and to the sdection of andytica tools
to be included in any GISthat isto be used as a host for the data structure and as adecision

support systlem for a planning agency.

Research plan, deliverables, and research contribution.

Much research over the last two decades has paid attention to the study of locationa and spatia
choice aspects of human activities. The development of GIS has provided an incentive to

produce and use geocoded spatia databases and has consequently assisted in the determination

of relevant variables for destination choice. The tempora sequencing of activities has dso

received increasing attention, but so far attempts to compare temporal sequences on a day-by-day
bases across a standard period of time (aweek) have not been fully pursued. Accessto the
GPS/in-car computer data record from the Lexington study provides an opportunity to remedy
thislack.

Typicaly the sudy of human activities can be approached from the perspective of a patid-
tempora context. Following the fundamenta ideas expressed in Hagerstrand's “Time
Geography” (1970, 1976) and those of his followers such as Lentorp (1978), and more recently
the works of Miller (1991, 1999), a spatio-tempora approach to the examination of people' s
activities should be able to focus on the correlation between daily trgjectories. Various diary
surveys have concluded that on adaily basis many activities are non-periodic, and destination
choices are difficult to rationdize. Before we can adequatdly design and interpret a GIS model



that suits the particular spatia/temporal movements and sequencesthet are typical of daily
activitiesin the USA, we need more precise information about such movements. To achieve this
objective, we need to look in detall at the actud time paths of individuas to determine to what
extent time-paths of individuas or groups can be best fit by smple decison making models
based on criteria such as shortest path and least time. We dso plan to examine trip chains and
discover what regularity exists both in the periodic occurrence of smilar chains and the
sequences in which particular activities are performed.

Basicdly we need data for different activities that take place more than once aweek aswell as
those with other episodic frequencies. Thiswill dlow adarification (using sequences of

activities undertaken in trip chains) of the hypothesized “ Sequencer” modd embedded in the
Garling, Kwan, and Golledge (1994) computational process modd. Given the budgetary
redtrictions of this project, we will not be able to collect the detailed data that we need. However,
we have access to the DOT Lexington Study GPS-based data. By exhaugtively examining this
data, we can build a conceptuad modd of the necessary structure that could be implemented in
future work.

Procedures

It is possible to delve into the behavior pattern dong atime axis a both an individua and an
aggregate leve. Activity patterns are rdated to the frequency and regularity with which
particular socia groups choose to participate in those activities. The possible form that such
regularities might take isto a certain extent determined by the study areaitself, demographics of
the loca population, and the sociocultura environment. For different groups it appears that quite
different patterns of work, socid, recreationa, and shopping trips occur (Janelle et a 1998).

In this study we plan to focus on variations or regularity of different kinds of trips across a seven
day period. Thistime scae can reved the underlying local patterns and help to identify changes
of trip frequency and episodic intervals of trip making over the weekly period.

The participants for the Lexington study were recruited usng a sample plan based on
demographic factors in which gender, age, and presence or absence of children, were the critical
differentiating variables. An effort was made to ensure that the sample population was widdy
geographicaly distributed in both counties.

Since time can effect people stravel choices in different ways, the first step in our methodol ogy
isto create a st of activity choicesin order to evauate the potentid influence of time on

peopl€e s actions. This provides the basic tempora framework of the sample's activity spaces.
Thiswill dlow usto make comparisons say between the tempora pattern and activity structure

on Thursday as compared to Friday, or Sunday as opposed to Wednesday. The specific classes of
activity in the Lexington data included trips to pick up passengers, work trips, return home trips,
shopping, religion, drop off passengers, work related business, trips to school, college, or
university, eating out, socia or recrestiona, medica or dental, and other errands.

Comparing al possible combinations of two days in aweek with respect to household travel
behavior, may or may not yield significant differences between the two patterns (e.g. maybe
Monday and Friday eventswill be correlated, while Sunday and Wednesday will not). Using



multiple criterion measures such as the K-group multivariate analysis of variance (MANOVA)
and discriminate andlysis however can help determine if differences do exigt.

Based on the days of the week the next step isto reformat the collected trip counts from the
Lexington travel survey datainto seven daily groups (Sunday through Saturday). Trip counts for
each day of the week will then be further divided based on different trip purposes or trip types as
dependent variables. Using the K-group MANOV A capability we can compare 13 different
variables smultaneoudy for each of the seven working days with anull hypotheses of no
ggnificant difference between the patterns produced on any given day. In other words, the null
hypothesi's suggests there is no significant difference between peopl€ s activities across the seven
days of the week. While a number of travel diary sudies have given empiricd evidence thet trip
making does vary sgnificantly on different days (e.g. Hanson and Huff, 1982, 1983, 1985, 1988;
Timmermans and Golledge, 1990), to my knowledge no dtatistical testing has been put forward
that explicitly measures the degree of coincidence or the smilarity of spectra properties of trips
across an entire seven day week period. Consequently we anticipate we will rgect the null
hypothesis and support the generally accepted conclusion that peopl€' s activities differ over the
set of 13 trip variables and the seven week days.

Following this we will use discriminate analyss for describing magor differences among the
seven day groups previoudy used in the multiple andysis of variance. Using seven week days
and 13 trip purposes the number of possible discriminate functions is six. The coefficients for
each of the trip variables on the Sx discriminate functions will then be examined. The sructure
metrix will aso be examined to show the correlation between each discriminate function and
each of the origind trip purposes. Generaly it is assumed that grestest stability of the function
variadle corrdations found in the structure matrix exist in samdl or medium szed samples,
especidly when there are high or fairly high interreations among the variables. Also the
correlations give a direct indication of which variables are most closdy digned with the
unobserved trait which the cononocd variables (discriminate function) represents. We will dso
determine variable redundancy. A ussful device for determining directiond differences among
the groups when two or more discriminate functions exigt isin to grgph them in the discriminate
plane. In the horizonta direction, correspondents of the first discriminate function and laterd
separation among the groups indicates how much they have been differentiated on the basis of
this function. The vertical dimension corresponds to the second discriminate function and tells
which groups are being differentiated in away unrelated to the way that they were separated on
the firgt discriminate function. We will use this graphica display method to search for other
regularities among variables and groups. This should help us decide which trip purposes are
related to other trip purposes on which particular day or days of the week. This exploresthe basic
nature of multi-purpose or multi-stop trips, aswell as giving indghts on trip sequencing.

Finally, post-hoc procedures using Hotelling's T2 and univariate T testswill be undertaken. This
is doneto find out which groups and which varigbles are responsible for the overall association
found in the discriminate andlysis. Hotelling' s multivariate tests (T2) and univariate T-tests
determine which pair or groups differ sgnificantly on the set of trip variables. This should
highlight which days of the week are most Smilar to each other and which trip purposes are most
frequently repeated on those days to create the patterns of smilarity.

10



A second problem will be to compare the trips made by individuas to those suggested by various
optimization network flow models. At this sage we smply plan to use path seection modds
found in the ARC INFO NETWORK software, which includes TransCad. Basicdly the study
area has been geocoded and the network exists as a node-link database. Using Arcinfo
functionalities we can determine distance and times from specific origins to given destingtionsin
the geocoded network, and compare them with the actud trips and tempord intervals between
origin and destination GPS-based recordings of locations. Although many conceptud criticiams
have been made of standard network flow optimization modds, there have been very few
opportunities to compare the specific routes taken by red-world travelers with those predicted by
network models.
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Analysis of Variability of Weekly Travel Behavior Usng GPS-Recorded Data
By
Janyu (Jack) Zhou
1. INTRODUCTION
1.1 Statement of Purpose

While characterigtics of daily travel behavior have been determined from andyses of the
reconstructed household travel behavior recorded in travel diaries, such recongtruction is subject
to criticisms. Respondentsin asurvey may lie or falsely recal information about destinations,
times of trave, trip purpose, trip destination and other critica characteristics, such as under-
reporting of short trips and the number of stopsin atrip chain. In 1997 the Department of
Transportation carried out a one-week study in Lexington, Kentucky in which the cars of 100
househol ds were equipped with GPS and in-car computers. Every stop was logged by the GPS
receiver, and the purpose of the stop was recorded in red time on an in-car computer. The find
report of the study gave descriptions of travel behavior but performed little andysis on the data
50 collected. Although the new GPS-involved data collection methodology is not expected to
replace the traditional data collection method in behaviord science within a short period of time,
it does provide a more robust dternative for defining persond travel than the current method.
Provided a CD data record of al the transactions by DOT, | used a variety of andytical
techniques and methods on the GPS-collected survey data. This thes's summarizes my findings,
which attempt to address the following problems related to the variation of travel behavior with
change of time within atime period:

4. How doesthe caendar periodicity— week period —influence different types of peoplestrave
activitiesin agenerd way?

5. What are the periodicd variations of people stravel choices on different days of the week in
terms of trip frequency, trip purposes, trip duration, trip distance, and trip direction?

6. Towhat extent isthe automatic-device- collected data (involving GPS) more accurate than
the data collected using traditional methods? Is there any possible inaccuracy involved that
may potentialy harm our research conclusons?

Answersto these questions are helpful for us to understand the relationship between daily trave
activity patterns over aweek period, as well as the rationale that incorporates a time factor asa
determinant of travel behavior. A second objective isthe evaluation of anew travel data
collection method—GPS-integrated data collection method. The data set that was generated from
such a collection method is for the firgt time used in analyzing tempord characteristics of weekly
travel activities. By adding the effects of red-time onSte data collection usng GPS and in-car
computer data entry, | aim to complement and evauate knowledge gained from traditiond diary
and survey method.
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1.2 Overview of Variability of Travel Behavior

1.2.1 Background

An underganding of variahility is centrd to the modeling of travel behavior. Until into late 80's,
little attention had been paid to the question of day-to-day variability in behavior. Past attempts
have usudly ignored the problem in conventiona transportation studies by surveying travel on a
common weekday or by collecting and analyzing one-day data from different weeksto obtain a
picture of typica travel pattern averaged acrossindividuas and days of the week. Comparison
and contrast of day-to-day differencesin travel behavior were never practiced. Now, however,
development in travel behavior analysis and trangport policy isleading to a greater awareness of
the need to examine day-to-day varidbility in travel behavior. Obvioudy athorough
understanding of variability would provide us the chance to make traffic management systems
such as urban traffic control much more efficient or make road network design more closdy
meatched to the profile of travel demands. Improved knowledge of variability might so
contribute to more efficient sampling procedures for short period traffic counts.

To capture the variability of travel behavior over alonger period, multi-day datais essentid for
research input. Specificaly, with weekly data it becomes possible to answer awhole series of
questions about the didtribution of frequency of participation, rather than mean participation rate.
The growing interest in longitudina analys's, using repeet cross-sectiona or panel data has dso
highlighted the need to look a mullti-day data sets.

For addressing the problem of variability of travel behavior, various methods for measurement
exid. Totd trip rates or avector of descriptive attributes (number of journeys, number of stops,
travel mode used, duration of journeys, etc) have been used to compare activity pattern by
Koppelman & Pas (1984) and Hanson and Huff (1982) respectively. However, their research
mainly focuses on inter- or intra-person variation of travel pattern rather than from day to day, or
from one day-of-week to another day-of-week. In this thes's, measures of activity-travel behavior
and its variability among the seven different days-of-week are presented. As part of a
preliminary study of usng GPS-collected datain travel behavior research, the physical
measurements of trips (time duration, distance, frequency, and direction) are andyzed to
discriminate how peopl€ s activities show different patterns among daysin aweek in terms of
types of activities pursued. Then time series anadlyssis used to further prove the conclusion
derived in the former analysis. Travel directions are aso explored. The advantages and
disadvantages of usng GPS-integrated devices as areliable means of collecting travel activity
dataare andyzed. Findly, suggestions about how to improve the desgn of experiments
involving GPS-integrated data- collecting devices are elaborated.

The remainder of thisthesisis organized as follows. Section 1.2 discusses the past literatures
related to this study. Section 1.3 explains the traditiond travel data collection method and GPS-
integrated data collection method in detall. The LTS data set collected based on GPSisaso
briefly described in this part. Three anaytic techniques (MONOVA, time series andyss, and trip
direction andyss) are gpplied to the data set and results are presented in Section 2. In Section 3,
the research reported here is discussed and the results are compared with the results of related
research efforts. In addition, the conclusions that may be drawn from thiswork are presented.



1.2.2 Research Review

A concise definition of everyday activities may seem not necessary. After al, such activities are
smply what we do each day. Some may be undertaken as routines, acting as pegs in the daily
scheduling of activity programs. Some may just come up on specific days or a coincident of
time. We may know exactly most of our own activities before we leave home in the morning.
But some episodes dso interfere in our schedule such that if activity patterns of our different
days are faithfully recorded, more or lessthey are different from the origind plans.

Activities condtitute a stream of events, involving one or severa persons, objects, and places. In
this stream, units must be identified, classified, and counted or measured (Garling and Garvill,
1993). In other words, activities are usualy organized within one-day units and are viewed asa
series of episodes (e.g. went to work, went to lunch, returned to work, went home, went
shopping, returned home). Before people perform these activities, typicaly avague plan—
schedule—is made in the brain.

Scheduling is thought of as the collection of dl activities that will happen on acoming day. It is
yet to happen. What redlly happened and passed by is the activity program—a series of activities
reglly undertaken during a certain period of time, independently of the order of their occurrence.
An activity pattern is defined as an activity program with its schedule,

During the past decades, growing out of dissatisfaction with traditiona transportation studies that
provide little ingght into the potentia individua moativations behind urban activities and

peopl€e s everyday decision making, geographers have been putting more emphasis on a behavior
approach for exploring the causes that creste the myriad geo-spatid phenomena Various
methods have been utilized to collect behavior data on a smal scale. The derived research results
have helped us alot in understanding the richness and uncertainty brought by human actorsin

the geo-related phenomenon under research.

Although the origina desireisto find universal laws that govern behavior undertaken by human
beings, various chores such as budget limits, privacy concerns, and lack of red-time recording
methods, have put alot of congraints on large scale data collecting practices. Up to now the
most work we saw has been mainly smdl-scale quditative as well as quantitative inquiries into
human behavior in specific naturd or designed experimenta spatid contexts. Difficulties have
been encountered when trying to trandfer findings from one spatid context to another. However,
the activity-based approach has enriched our understanding of awide variety of urban problems.
“By incorporating peopl€' s daily movements outside of home, activity sudies lead to more
accurate assessment of peoples’ exposure to or interaction with various aspect of the physica
and socia environment (Hanson and Hanson, 1993, p254)”.

For centuries, the diary has been known only for its historic vaue. Only in the 1960s and 1970s
was the diary noticed for its use in drawing threads from structured records to weave an
exploitable picture of daily activities of alarge sample of people. Activity diary kegping quickly
became a widespread data collecting method for recording what people do, where they do it,
when they do it and sudying why they do it. Differing from the ordinary diary, modern activity
dariesfor scientific use don’t have names, locations and events interleaved without order among
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lines of text. Diariesfollow a drict syntax and format and are well-structured tools for keegping
selected information that behavior researchers are concerned with. Also “modern activity diaries
do not usudly include details of activities that take place at home (Hanson and Hanson, 1993,
p250)” for privacy concerns. Depending on how we choose to measure and what we see as
important in our behavior theory, specific aspects of activities (time, duration, distance, purpose,
etc) are focused in the structurd organization of activity diaries. Theleve of detail a which such
things astime, distance, location, etc. are recorded varies. As for measuring time, for example,
respondents may be asked tofill in arrival and departure times to the nearest minute or quarter
hour, depending on the specific resolution desired by the researchers. Classifying activities,
however, involves an interactive process—depending on how the researchers demarcate the
different kinds of activities and how well the respondents understand the classification schema
Activities are most often measured in terms of four or five Smple categories: work, socid,
recreation, persona business, or shopping. This generd demarcation hides alot of minute
difference between smilar activities under the sametitle. In only afew cases, the more detailed
way in coding activity was taken. Its adoption was based on the issues researchers are interested
in, because respondents could end up with confusion in terms of the dilemma of putting which
activity into which category.

It iswidely known that the observed behavior patterns are somehow related to the persona
characteridtics of the individua actors and to the nature of the environment within which the
behavior takes place (Anderson, 1971; Chapin 1974; Cullen and Godson, 1975; Kutter, 1973;
Lloyd and Jennings, 1978; Hanson, 1982). This notion has encompassed both non-psychologica
and psychological explanations of daily activity pattern. Nonpsychologica explanations mainly
focus on the role of externd circumstances, such as socio-demographic and environmenta
variables. These variables put constraints on a person's space-time path (Hagerstrand, 1970). To
explain such paths or trgjectories in space-time coordinates, primary emphass must be given to
basic condraining factors. "Explanations of daily activity based on psychologica theories
encompass externad circumstances (Situations, opportunities, congtraints, and consequences),
persondity traits and abilities, motivations states (needs, drives and gods), and information
processing (judgement, evauations and decisons)” (Garling ad Garvill, 1993, p275).

Three different subsystems condtitute the theoretica framework of psychologicd explanations a
cognitive subsystem which acquires, transforms, and represents knowledge about the
environment (including meta- knowledge about the person himsdlf or hersdf); an emotiond
subsystemn which eva uates the knowledge processed by the cognitive subsystem; and a separate
motivationa subsystem which represents and processes goals and activity tendencies.

Previous studies of activity behavior have been limited to daily patterns due to data limitations.
Based on the assumption that that individud's daily travel patterns are largely habitud and that
these habitua patterns are remarkably stable in the short run, awide range of approaches have
been employed to understand and predict various aspects of the daily activity behavior. Adler
and Ben- Akiva(1979) examined the entire daily patterns of chained trips, rather than individua
trip links, in modeling adaily travel pettern. It islogica to use a one-day time span as a study
period asit isanatura physiologica time unit that influences most of human behaviors.
However, usng aday asthe basic cycle for modeling travel behavior has two mgor drawbacks:
First the models do not capture changes in activity patterns over longer cycles. Secondly, they
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can not account for the systematic day-to-day variaionsin activity patterns (Hirsh, M., J. N.
Prashkea & M.Ben-Akiva1986). Although most people seem to think that activity patterns are
indeed hebitud, the repetition actualy is based on atime period longer than aday. In other
words, habitua behavior is characterized not only by repetition but also by variability. A natura
derivation of this concluson would be that a one-day snapshot might not be able to provide an
excdlent picture of a person's behavior within alonger period. Policy andysisin Hirsh,
Prashikea and Ben-Akiva's (1986) weekly activity model shows that disregard of the weekly
effects on shorter cycles, such asaday, may leadsto biased activity predictions. Infact, ina
policy context, there is a growing need for multi-day data to examine issues that affect generd
rather than one-day behavior. Andyticaly, multi-day datais needed to improve our ability to
identify the mechanism behind travel behavior and to derive better empirica relationships among
trips made (Jones and Clarke, 1988).

Since thel980's, the limited availability of multi-day travel datais no longer a congraint to
behaviora geographers. Multi-day travel diary data have been used in the past in many studies.
(e.0. Hanson, 1980; Hanson and Huff, 1982; Hanson and Huff, 1988, Pas 1985; Pas and
Koppeman, 1984,1985). It has been found that day to day variation of activities within alonger
period could be more complicated than we thought. The amount and the nature of repetition and
vaiability inindividuds daily activity patterns are under the cover of tangles of socio-economic
factors, persona characterigtics, urban transportation, facility configuration, etc. Longitudina
observation of repeated travel decisions (e.g. work trip choice over aweek) has made it possible
to examine the stochastic nature of the choice. However, in the surge of activity variation within
amulti-day period, il little effort is put on examining how the man-made socid tradition -
week-period - put its effect on peoplestravel choice. With the work congtraints relaxed on
weekends, activities and trips are typically organized in a quite different way from what they are
on weekdays. On weekends, homeisthe origin or center of one's activities. Trips made by
people start from home and end a home. Trip cycles intersect each other at the location of home
mogt frequently. On the contrary for weekdays, two centers or origins show themsdvesin
people's activity structure -- home and work place. Here trip cycles formed from peopl€'s
activities present as atwo-leve form (smplified), with home as the primary-level center and
work place as the secondary-level center, and the journey to work and return-home link home
and work places together. Typicaly, weekdays and weekends formed the two most distinct
episodes within a one-week period. Based on smilar arguments, day and night of weekdays may
aso form two distinct episodes for behaviora study. Once people returned home at night, only
oneorigin - the home - becomes dominant in his or her activity structure again (See Figure 1).

Kitamura (1987) developed aframework for analyss of weekly travel activities. His model
dructure is based on the proposition thet daily travel patterns vary from day to day around
severd representative patterns. This enables the satistical andysis of multi-day travel patterns
using a frequently used measure of travel patterns, and at the same time recognizing typologica
differences across daily patterns. In his study, a statistical modd was formulated with the
assumption that travel behavior on a given day depends on past behavior. The modd then was
applied to a sample of workers from a Dutch travel survey dataset containing weekly travel
diaries. Correlation of behavior of agiven day with those of preceding days was found prevailing
during the one-week diary period.
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Figure 1. Variation of Activity Centers across a Week
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Furthermore, the day of the week showed strong effects on the travel pattern of tested activity.
An obvious pattern of weekly shopping participation is reveded. Kitamura (1997) explored the
dynamic nature of weekly travel activity with the changed contributing factorsin atravel
environment. Two of the most important changes for household or persond attributes across the
two waves of pand survey conducted in the Netherlands are identified- - - increased car
ownership (trangtions from single-car to multi-car households) and changed employment status
(ether gained or lost employment during the six-month of survey interva). In his exploration of
persistence of activity participation, two types of association between the regularity in activity
participation and a person (or household) attributes are evauated. Thefirst is caled "cross-
sectiond” association, indicating the correlation between the regularity in activity participation
and a person attribute as observed at the beginning of the study period. The second is called
"dynamic asociation,” relating the regularity in behavior to the stability or change of the person
atribute. As aresult, no sgnificant association between regularity in activity participation and
change in person or household attributes is found. This could be an indication of peopl€'s strong
adaptation ability or may be the case that the magnitude of changes for travel-related factors are
not subgtantia enough to overwhelm the inertia of habitua activity patterns. However, we could



aso explain this as response lag-- The expected behaviora pattern change hasn't happened in the
sampled period.

In our research, we will follow an exploring gpproach for the andlysis of weekly travel data. The
dataset is collected differently from traditiond methods.

1.3 Data Collection Method of Travel Behavior Study

1.3.1 Travd Diary and Activity Diary

Diary techniques have seen considerable use in technique-viewing surveys and in market
research (in which aperson ligtsin adiary the products they buy). Some use has aso been seen
in sociologicd studies. One of the most comprehensive uses of the diary techniqueisa
sociologica study by Y oung and Willmott (1973) of the manner in which people spend their
time. Thisis very close to the traditiona approach to collection of household-based travel data
by taking the trip record in adiary format. The study of respondent's time budget is smilar to the
study of travel behavior in that respondents are asked to record details about a sequence of
events.

As an example, Marble, Hanson, and Hanson (1972) administered ared travel diary to 1179
households in Uppsaa, Sweden. Diaries were kept for a five-week period by dl household
members older than 16. The diary collected information on trip time, whether the respondent
planned to make the stop before leaving the house, travel mode, vehicle occupancy, address at
degtination, and activities performed at each destination. A 17-page set of ingruction with
examples was given to each household to assure understanding of how to complete the diary.
Also interviewers called respondents on aregular basis to see whether they had questions and
respondents were given atelephone number to cal if questions arose.

After the respondents completed the diaries, researchers retrieved the recorded travel
information. Generaly, there are two primary methods that can be used for diary retrieva:
telephone retrievd and mail retrieva, each with its superiority in some aspects. It is hard to
decide which method is better.

Proponents of telephone retrieva generdly point to the following advantages of the method:
a) A higher response rate from households.
b) Potentid for the surveyor to probe for information that may not have been recorded.
c) Capability to correct erroneous information during retrieval.

Proponents of mail retrieva generdly point to the following advantages of the method:
a) A higher completion rate by responding households;
b) Avalahility of the hard copy record completed by each household member;
c) Ability to go back to the diary to construct or recongtruct other information.

Referring to Y oung and Willmott's study, mail retrieva is used for diary collection. 48 percent
returned their diaries as intended; an additiond 11 percent returned theirs after either amail or
persond follow-up. In total, about 60 percent of those interviewees accepted and completed their
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diary, which sounds satisfactory. However, of those who returned diaries, about 3 percent did not
complete diary information for the weekend and 31 percent omitted the four weekday evenings.
So alot of desired information was not recorded. The response rate for the weekday eveningsis
S0 poor asto obviate any anadysis.

In diary efforts, the desre is usudly to have respondents complete information about travel or
activities as they hagppen through the day. However, thisis generdly difficult for respondents to
record complete information about trips right at the time activities or travel are undertaken, even
when the diary instrument is provided in adequate time prior to the day or days identified for
recording. Therefore, respondents are alowed to complete the information retroactively.

This could trigger one of the deficiencies associated with travel diary design and administration.
In asking people to report on trips during the day, short trips, trips for relaively unimportant
purposes are frequently forgotten. In addition, trips related to privacy are intentionaly
unreported in the finished diary.

The other deficiency is about vocabulary used by behavior scientists. The word "trip" does not
have the same connotation in everyday language thet it has in trangportation planner's
vocabulary, resulting in ether aneed to explain at length the trangportation planning definition
of a"trip," or requiring the use of other words, to describe the concept.

Despite the deficiencies with the diary-keegping method, alot of large- scde household-based
travel surveyswere conducted in the past two or three decades in the form of travel diary. There
has been a recent resurgence of activity and interest in collection of households-based travel data
for the 1990s, to replace aging data bases used in many urban areas for travel forecasting and
numerous policy and decison making activities (Purvis 1990). Most of the data collection
methods used in these surveys are till paper and pencil-oriented. The biggest difference of the
newer verson of data collection method from the former onesis a user-friendlier format or the
way of organizing the questions. Stopher(1992) has argued the advantage of using an activity-
based diary rather than travel diary to collection travel data, which represents a shift of focus of
the diary from travel to activities. Technicdly, the information collected by an ectivity diary is

the same as that collected in atraved diary. But an activity-oriented diary could construct a query
context that the author believes matches better the way in which people think and behave.

The advantages of using an activity diary instead of trave diary are direct corollaries of the
disadvantages of travel diaries. Typicaly people are activity oriented in their behavior and
recollections and are more likely to remember what they did than where they did it and how they
got there. Therefore the notion of reporting on activitiesis far more eadly explained. Activity is
aword that isrelatively unambiguous between the trangportation planner and the survey
respondent.

Stopher (1992) compared the information content of the two kinds of diary format in atable. It
shows that the ordering of questionsis only dightly different between the activity and the travel
diaries.
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Table 1. Comparison of the Question Contentsof a Travel Diary and an Activity Diary

Trave Diary Activity Diary

1. Where did you go? 1. What did you do?

2. What was the purpose? 2. When did you start?

3. When did you leave? 3. When did you Finish?

4. When did you arrive? 4. When did you do it?

5. How did you get there? 5. How did you get there?

6. Questions on Parking 6. Questions on Parking

7. Questions on fare 7. Questions on fare

8. Isthisyou last trip? 8. Wasthis the last thing you did?

From Stopher.R.(1992, p162)

Apart from the ordering, the information content is the same for both the activity and travel

diaries. The activity diary, however, helpsto trigger the memory for travel by focusing on the
activity that required the travel to be undertaken. Also there appears to be strong evidence that
the activity diaries measure more non-home-based trips than any prior measurement method. In a
travel diary context, certain stops made during travel may not count as separate ends and starts of
trips by the respondent as he or she might view them as an integra part of the whole travel. For
example, a person leaves home in the car and drivesto a gas gation to fill up with gasoline, then
drives alittle further to drop mail at a posta box, before continuing on to his or her place of

work. The individua reporting thisin atravel context is likely to consider this as one work trip
and to omit the incidental stops. The activity-focus diary would produce information about three
activities with the potentid to record these as three separate trips - one home-based followed by
two non-homed-based - compared to the travel record production of one home-based work trip.

There are Some common deficiencies when we use either trave or activity-oriented diary

methods to collect travel or activity data. One of them is the problem of unreported trips, which

has been mentioned in the former section. Three types of unreported trips could be distinguished:

a) Tripsthat were not reported by the respondents due to increasing lack of care in case of
survey periods of multi-day length.

b) Tripsthat were not reported by the respondents because they forgot or considered them
redundant.

c) Tripsthat the respondents did not want to report on the basis of their own ddliberate
decisons.

There exists a clear negative relationship between trip length and the probability that atrip will

not be reported. Brog, Erl, Meyburg and Wermugh (1982) found in their research that a
subgtantial number of nontreported trips are more likely attributable to carelessness rather than to
conscious nondisclosure. The highest nontreported trip rate is evident for walking and bicycle
trips. But under-reporting for motorized travel, due to its far higher service volume, could not be
overlooked ether. In computation, the relationships between travel modes (and associated
activities) and reporting accuracy is satisticaly sgnificant, but its magnitude varies alot
depending on the degree of flexibility related to associated activities. As an example, they

showed that the nonreported trip rates are particularly low for motorized travel dedicated to
regular activities; in contragt, the trip rates are particularly high for discretionary activities. Also,
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acorrelation exigts between non-reporting of trips and respondents persona characteristics or
socio-demographic characteristicsin their research. Stratification of nonreported trips by means
of respondents socio-demographic characteristics showed that the level of non-reporting was
particularly high for women, 10- to 15 year-olds, persons with poor education levels, and retired
persons. Based on the result, they further attempted to test the observation that reported trip
frequency might decrease over time due to more non-reported trips for surveys that include
severd survey days. However, in their research, the exact number of the trips happened could
only be explored then compared with coded data. This inaccuracy undermines their concluson.

Using adiary to collect data, which means measuring travel behavior by means of surveys, has
quantitative as well as quditative implications. The survey techniques to be employed usudly
prohibit their development on a massve scae due to time and budget congraints. Generdly they
can only be implemented in conjunction with a specific survey sampling technique. The qudity

of survey datatypically is dependent on cooperation with the prospective respondent.
Respondents obvioudy are individuas that are subject to a variety of human wesknesses. The
means, as wdll as the manner in which the respondents are questioned, will influence the survey
resultsto a consderable degree. Therefore, systematic error, or bias plays an important rolein
survey responses (Brog W. and Meyburg A. H., 1982). To reduce bias introduced when using a
diary as the data collection method, attention should be paid to many issues. Firgt, convincing
respondents to participate in atrave diary survey implies the need for areasonably significant
incentive (monetary). Second, surveillance, ether in the form of an appointment to pick up the
travel or activity diary (for a24-hour diary) or repested vidits (for along-term diary), seems
essentid. Findly, the diary must be kept as Smple as possible and explicit ingtructions must be
provided.

An dternative method of callecting travel-behavior information isto intercept people in the
process of making atrip. The roadside interview and the on-board trangt survey are the most
common (Sheskin, Spicack, Stopher, 1981). The sgnificant advantage of such atechnique isthat
respondents are surveyed at the time when they are least likely to forget trip details. On the other
hand, such surveys, for logistical reasons, must be kept relatively short and brief, and it is
impossible to congtruct a consstent multi-day trip record for the peculiar respondent and his or
her household by using this method.

Another improved method isto use atravel or activity diary in which respondents are asked to
report their own future behavior. Such atechniqueis a cross between observing behavior and a
participatory survey. The maor problem such atechnique is designed to circumvent is thet of
memory. By presenting respondents with a document that needs to be filled out about travel
planned for the next day, which can befilled out partly or fully while traveling or partly while
traveling or partly a the end of the day, less information should be lost to memory problems.
One problem not solved, of course, isthat certain trips may end up non-reported due to persona
concerns. Another problem isthat the respondent may modify behavior by postponing trips to
avoid having to spend time making entriesin the diary.

Due to the various deficiencies associated with traditiona travel data collection method, we
turned to help from high technology.



1.3.2 GPS-integrated Data Collection Device and Method

1.3.2.1 Global Positioning System (GPS) and Its Applications

The Globa Postioning System (GPS) is aworldwide radio-navigation sysem formed from a
congtdlation of 24 satellites and their ground gtations. GPS uses these "mantmade stars’ as
reference points to calculate positions accurate to a matter of meters. In fact, with the advanced
forms of GPS, measurements to better than a centimeter can be achieved. In asenseit'slike
giving every square meter on the planet a unique address.

The nomina GPS Operational Congtdllation conssts of 24 satdllites that orbit the earth in 12
hours. There are often more than 24 operationa satellites as new ones are launched to replace
older satdllites. The satellite orbits repeat amost the same ground track (as the earth turns
beneath them) once each day. The orbit dtitude is such that the satellites repeat the same track
and configuration over any point gpproximately each 24 hours (4 minutes earlier each day).
There are Sx orbital planes (with nominaly four satellitesin each), equaly spaced (60 degrees
goart), and inclined at about fifty-five degrees with respect to the equatoria plane. This
congtdlation provides the user with between five and eight satdllites visble from any point on
the earth.

GPS provides specidly coded satdllite signals that can be processed in a GPS receiver, enabling
the receiver to compute position, velocity and time. GPS receivers have been miniaturized to just
afew integrated circuits and so are becoming very economica. And that makes the technology
accessibleto virtualy everyone. These days GPS isfinding its way into cars, boats, planes,
congtruction equipment, movie making gear, farm machinery, even lgptop computers. Basic GPS
is the most accurate radio-based navigation system ever developed. And for many applications it
is sufficiently accurate. However, to meet the needs of some particular applications, engineers
came up with "Differentid GPS," away to correct the various inaccuracies in the GPS system,
pushing its accuracy even farther.

Differentid GPS or "DGPS' can yidld measurements correct to a couple of metersin moving
goplications and even better in dationary Stuations. That improved accuracy has a profound
effect on the importance of GPS as aresource. With it, GPS becomes more than just a system for
navigating boats and planes around the world. It becomes a universal measurement system
cagpable of postioning things on avery precise scale. Differential GPS involves the cooperation

of two recaivers, one that's Stationary and another that's roving around making position
measurements. The dationary recaiver isthe key. It tiesdl the satellite measurementsinto a

solid loca reference.

In the early days of GPS, reference stations were established by private companies who had big
projects demanding high accuracy - groups like surveyors or ail drilling operations. And thet is
il avery common approach. One buys a reference receiver and sets up a communication link
with his roving receivers. But now there are enough public agencies tranamitting corrections that
potential users might be able to get them for free. The United States Coast Guard and other
internationa agencies have established alarge quantity of reference ations, epecidly around
popular harbors and waterways. These gtations often transmit on the radio beacons that are
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dready in place for radio direction finding (usualy in the 300kHz range). Anyone in the area can
receive these corrections and radicaly improve the accuracy of their GPS measurements. Many
new GPS receivers are being designed to accept corrections, and some are even equipped with
built-in radio recaivers.

GPS used in conjunction with communication links and computers can provide the backbone for
systems tailored to gpplications in agriculture, mass trangit, urban ddlivery, public safety, and
vessdl and vehicle tracking. So it's no surprise that police, ambulance, and fire departments are
adopting systems like Trimble's GPS-based AVL (Automatic Vehicle Location) Manager to
pinpoint both the location of the emergency and the location of the nearest response vehicleon a
computer map. With thiskind of clear visud picture of the situation, dispatchers can react
immediately and confidently.

1.3.2.2 Use of GPSin Travel Data Collection

The fast growing GPS technology provides us an dternative to collect travel data. Traditiona
data collection methods have their inherent deficiency that is surmised to be subjectivity
introduced by the use of the self-reported method. People likely omit very short stops made
during ajourney, like stopping at the post office, ATM, or video store. Other problems with the
sdf-reported method include the tendency to round travel times to 10, 15 and 30-minute
intervals. By combining GPS and computer technology, an automatic data collection device can
be built that collects self-reported information aong with automatically recording GPS position
information. This device meets the need to attempt to both capture short trips and activity
duration with ardativey high-degree of accuracy. Such a device was developed by Battelle
Trangportation Divison and wastested in atrave activity survey undertaken in Kentucky in
1997 (Lexington Area Travel Data Collection Test, 1997)

Thelr device includes.

1. Mini-computer - for holding the user interface software and GPS control software,
accepting GPS and user-input data.

2. GPSrecever - for recaiving data from GPS satellites.

3. Persond travel survey software - user interface that identifies socio-demographic and
travel-related informetion.

4. Accessories - Connecting cables and power supply.

The persond travel survey software developed for the device had two principd functions: (1)
alowing the respondents to easily enter persona and trip-related information, and (2) capturing
postional data from the GPS receiver associated with each respondent-initiated trip. Since the
respondents would have a variety of backgrounds in operating an automatic machine, the
software interface had to be user-friendly and sdf-explanatory.

1.3.2.3 GPSErrorsin Data Collection
A principa objective of the red time data collection efforts with GPS was to capture Globa

Pogitioning System (GPS) positiond data for the individud trips made by the respondents of a
travel survey. These data, used in combination with some kinds of local base map (digitd),



permit anadlyss of theindividua trips based on the information that is part of the map database.
A key part of the assessment was matching the collected GPS data points with the individua
linksin the base map for thisandyss. Both the accuracy and continuity of the collected GPS
data influence the outcomes of this process.

GPS errors are a combination of noise, bias, and blunders. Noise errors are the combined effect
of PRN code noises (around 1 meter) and noises within the receiver (around 1 meter). Bias errors
result from Sdlective Availability (SA) and other sgnd disturbing factors. SA isthe intentiond
degradation of the SPS sgnds by atime varying bias. SA is controlled by the Department of
Defense (DOD) to limit accuracy for non-U.S. military and government users. The potentia
accuracy of the C/A code of around 30 metersis reduced to 100 meters (two standard
deviations). The SA hias on each stdlite Sgnd is different, and so the resulting pogtion

solution is afunction of the combined SA bias from each satdllite used in the navigation solution.
Differentid GPS (DGPS) can reduce these errors subgtantialy. Depending on the differentia
receiver in use, data errors are differentialy correctable to arange of 1 to 5 meters (web page:
http://gpscity.securesites.com/products/dgps_explained.html). (Note: As of May 2000, the US
DOD has agreed to turn off Selective Availability. However, other errors remain, making DGPS
gill wanted when high accuracy isrequired.)

Compared to errors mentioned above, blunders (e.g. control segment error) can result in errors of
hundred of kilometers. User mistakes, including incorrect geodetic datum selection, also can
cause errors from 1 to hundreds of meters. Receiver errors from software or hardware failures
can cause blunder errors of any size. Noise and bias errors combine, resulting in typica ranging
errors of around fifteen meters for each satdlite used in the podition solution. Software
communication problem could result in irregular recording of data. (Lexington Area Travel Data
Collection Test, 1997)

Other factors may aso affect the quality of collected data. During the data collection phase, the
GPS recaiver may not be able to achieve a postiond fix due to the blocking of buildings or trees.
Or the GPS receiver may experience aloss of fix during the trip, thus there isatime period
where the data are unusable and must be discarded from the trip record. Thistypically happens at
the beginning of atrip record, prior to the GPS recelver achieving itsinitid pogtiond fix.
However, loss of fix could aso be observed during the middie of atrip record and the data
record will show vaid data points both before and after the loss of fix.

Due to the mafunction of the device or corrupt data record, a certain proportion of recorded trip
data can beinvaid and unusable. Data files with only afew vaid GPS data points would also be
discarded due to the paucity of postiond data. In Lexington Travel Survey Data (Lexington
Area Travel Data Collection Test, 1997), the actud travel route taken by the respondents was
identified only by matching the GPS data pointsto aloca map. Alternatively, help from the
respondents would be needed to reconstruct these trips from their memory.

1.3.2.4. Measurement of Travel Behavior Using GPS

For each trip taken by a respondent, trip travel times could be measurable in two ways. Since at
the beginning of each trip, the respondent will need to take his/ her time inputting trip related
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information, the trip time recorded by the persond travel survey software will be longer than the
actud trip time. Another time recorded isthe GPS time. The GPS time isthe time intervd from
recaiving the first valid GPS data record on the trip to the receipt of the last valid GPS record.
The GPS time va ues are expected to be less than the trip time mentioned before. The GPS time
markers are initiated based on when the GPS unit acquires a postion fix after atrip is sarted and
the time of the last vaid position fix before the end of the trip. The difference between the two
different kinds of time records can range from severa seconds to severd minutes.

Smilaly, trip length can aso be measurable in two ways. One is the GPS trip length, which is
cdculated from the individua GPS data points, using a point-to-point sum of the distance over a
completetrip file. The other is the map trip length, which is caculated from the mapped trip on
the locd mep. Thetrip length isalink-to-link sum of the routines over the map. Due to the errors
exiging in GPS records, it may be difficult to identify a matched path on a GIS map through an
automatic procedure. Manual comparison may be necessary where too many errors make
automatic matching impossible. With GPS equipment, more data like vehicle miles of travel
(VMT) and travel speeds become easily accessible data within the travel survey. Itisfor sure
that these new datawill play an important role in future trangportation research.

For some time, the data recorded in data collection equipment may be not continuous. The
discontinuity of the GPS data collected can be related to two factors. Firg, there are gapsin the
data stream due to receiver operation. These gaps are the time segment necessary for the receiver
to establish apogtiond solution when it isfirst turned on (known astimeto firgt fix) or after

there has been aloss of signd, such as when vehicle moves into a parking garage, into atunnd,

or for some other reason the signa is blocked from reaching the receiver. The second factor
affecting the data continuity is that the GPS data collected during the field test may be recorded

a irregular time intervas due to afault in the data collection equipment. Thisirregular spacing

of the GPS data points in time adds to the complexity of ng which segments on the
reference map were actudly traveled by the respondents.

1.3.2.5. Benefit of Having a GPS-integrated Device for Travel Data Collection

There are severd distinct benefits to include GPS into a data collecting process.
1. Dataare available that may provide information on route choice by the respondents.
2. More accurate travel time and distance data can be obtained. Actud travel departure
times and speed (though not very accurate) are easily available usng a GPS
component.
3. Datacan be accuratdy organized by highway functiond class usage and travel speed.

Furthermore, the benefits could be beyond the list above. It is commonly known that diary data
of along duration contain more bias than short-duration data. This would be trueif recording
inaccuracies and tendencies to skip certain types of trips increase with time. Such biases are
usudly attributed to respondent fatigue or diminished motivation. By using an autométic device
for recording at redl time (record & the beginning of the trip), we may expect recording
inaccuracies are reduced to below a certain level. Though respondent fatigue may not be entirely
avoided, misreporting caused by memory loss would never happen. Another potentid benefit
could be time saving. If the time taken for the respondent to enter data at the beginning of each



trip is 1 minute or less, nine or ten minutes of data entry time per day (assuming not more than

10 trips taken per day) are not perceived to be burdensome as spending 20 minutes on the
telephone in one session or diary writing to report one day's travel. This gpproach helps diminate
the burden of the telephone interviewer contacting the respondents a atime that is not
convenient for the respondent, or may aso help eliminate the researchers hard time of trying to
reed illegible handwriting by respondents.

1.3.3 A GPS Collected Data Set — Lexington Travel Survey Daa (LTS Data)

The data set used in this study comes from the Lexington Area Travel Survey. Trave data
(Lexington Area Travel Data Collection Test, 1997) were collected using a GPS integrated
device. The development and field test of this device are the result of the efforts of two Federd
Highway Adminigiration offices. It can be expected that data collected by thisway will offer a
more robust data source for defining persond travel then current methods, which rely on
telephone interviews and daily travel diaries.

The survey areaislocated in the Lexington area, central Kentucky. This areaincludes two
counties — Fayette and Jessamine counties, which encompass an area of gpproximeately 461
square miles with atota population of approximately 350,000. Travel datawere collected using
the automatic data collection device mentioned above. Asimplemented in the Lexington area
travel data collection test (1997), it collects sdlf-reported travel-related information and aso
automaticaly records red time GPS pogition information of the vehidlesin use by the
respondents. These devices are deployed in the survey areato record information about persona
travel behavior of agroup of 100 volunteer respondents. This new data collection method,
compared to the approach of recal-interview or travel diary that was used alot in the pagt, hasits
advantage of accuracy. In the mode of inputting trip-related information into a data collector in
redl time, the chance of omitting very short trips or having trips times rounded to 10, 15 and 30
minutes interva, which often hagppened when using traditiond sdf-reporting methods, is greetly
reduced.

The participants for thistravel survey were recruited using a sample plan based on demographic
factors. In addition to gender, the sampling objectives were satisfied with the following
categories (Lexington Area Travel Data Collection Test, 1997):

Age 18 —24 with no children

Age 18 --24 with children.

Age 25 — 49 with no children

Age 25 — 49 with children

Age 50 — 64 with or without children.
Age 65 + with or without children.

During the recruitment process, efforts were made to assure some degree of geographic
distribution among the participants within the Fayette and Jessamine County planning aress. The
adjustment was achieved by adtering the recruiting telephone calling patterns based on the poda
Zip code of households.
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The Lexington area base map (Figure 2) used in this study was composed from severa sourcesin
1995. The map database contains over 10,200 roadway segments or links covering over 1,930
kilometers (1,200 miles) with street centerline accuracy from 2.1 meters (7 feet) to 4.5 meters
(15 feet). The roadway database aso includes the designation of six highway functiond classes
—freaway, arteriad highway, mgor arteria, minor arterial, collector, and loca through-street
(functiond classes are shown in the Figure 3). Non-intersecting segments and overpasses are
properly handled because there are no node definitions at their graphica intersections and one-
way streets and or+ and off-ramps have proper directiona indications. This Lexington base map
includes only Fayette County, Kentucky. Since the locd planning area, and thus the field test
areq, included both Fayette and Jessamine counties, the Lexington base map will be
supplemented by the TIGER data set for Jessamine County for the subsequent analysis.

Figure 2. The Study Areain Central Kentucky
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Figure 3. Road Network of Fayette County

Highway function classes 1 Freeway
N1 -2 2 Arterial highway
N 3-4 3 Major Arterial
VAVA: 4 Minor Arterial
6 5 Collector
Mmuni 6 Local thru-street

Road Network of Fayette County

Prepared by Jianyu Zhou

2.METHODOLOGY AND RESULTS

In this section | am to describe three methodol ogies for analyss of weekly trave activity
patterns. The MONOVA statistics are used to explore the variation of trip distance, trip
frequency, and trip duration for different types of trips made across the sample week. Thetime
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series analysisis used to examine the tempora interrelationship between different trip types and
the direction analys's section will focus mainly on the variation of travel directions between
different days-of-the-week a an aggregete leve.

2.1 K-group Multivariate Andlyss of Variance and Discriminant Anayss

2.1.1 Outlinefor MONOVA

Studiesin the socia sciences comparing two or more groups very often measure their subjects on
severd criterion variables. There are three good reasons for using the multiple criterion measures
in astudy comparing the influence of environmenta factors on the subjects.

1. Any factor will affect the subjects in more than one way. Hence the problem for the
invedtigator is to determine in which specific ways the subjects will be affected, and
then find senditive measurement techniques for these variables.

2. Through the use of multiple criterion measures we can obtain a more complete and
detailed description of the phenomenon under investigation.

3. The data collection process may be expengve to implement, while the cost of
obtaining data on saverd more dependent variables is marginaly smdl and
maximizes information gains.

Multivariate analyss of variance (MANOVA) isthe satistical andysis of two or more groups of
subjects on severd dependent variables smultaneoudy, focusng on cases where the variables
are corrdated and share a common conceptual meaning. That is, the dependent variables
considered together make sense as a group. For example, they may be different dimensions of
peopl€'s activity pattern on each day-of-the-week (shopping, socid activity, recreation, work,
etc). In contragt to univariate tests, which ignore important information (i.e., the correlation
among the variables), the multivariate test incorporates the correlation (viathe covariance
matrix) right into the tet getidtic. Thisfeatureisided for usto jointly study different types of
trips together rather than individualy since the satistics have taken care of the variable
interdependency.

Compared to the univariate t test, whose null hypothesisis:
Ho: m = m =...(population means are equd),

The multivariate test hasits null hypothess
Ho:

(population mean vectors are equa),which says that the vectors are equa implies that the
abJ 116 abJ 129
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groups are equa on al p dependent variables.

In testing the multivariate null hypothes's, three assumptions should not be violated. They are (1)
independence of the observations, (2) multivariate normality on the dependent variablesin each
population, and (3) equality of the covariance matrices. Actudly, the multivariate test satistic
arises naurdly from the univariate t test. Smply the scdars (numbers) inthet test datistic are
replaced by vectors and matrices.

2.1.2 Outline for Discriminant Andyds

As a supplement for MONOVA andysis, discriminant analysisis used for two purposes. (1)
describing maor differences among the groupsin MANOVA, and (2) classifying subjectsinto
groups on the basis of a battery of measurements. In this research, discriminant analysisis used
only for the first purpose-- describing major differences of people's activity patterns among
sevendays-of -the-week. Huberty (1994) dassfied the discriminant andysis with this focus as
descriptive discriminant andyss. The mgor differences are reveded through the discriminant
functions. By using discriminant anadlys's, we bresk down the total between associaion in
MANOVA into additive pieces, through the use of the uncorrdated linear combinations of the
origina variables (these are the discriminant functions). An additive breskdown is obtained
because the discriminant functions are derived to be uncorrdaed. Discriminant analyss has two
very nice features. (1) parsmony of description, and (2) clarity of interpretation. It can be quite
parsmoniousin that in comparing 7 groups of day-of-the week activities on say 13 activity-type
variables, we may assume that the groups differ mainly on one or two mgor dimensons, i.e, the
discriminant functions. It has clarity of interpretation in the sense that the separation of the
groups dong one function is unrelated to separation aong adifferent function. If we can
meaningfully name the discriminant functions and there is adeguate sample Sze, the results will

be generdizable.

2.1.3 Application of MONOVA and Discriminant Andyssto LTS Data

Time periods might affect people stravel choice in more then one way. An gpproximeately
complete set of activity choices may be formed to evduate the potentid influence of time
feature--week on people’ s activity decison-making. The result derived will hep us understand
the tempora nature of activity Spaces with respect to the overal mix of activitiesin which people
participate. For ingtance, if we were comparing peopl€' s activities on the two days of aweek,
say, Thursday and Friday, we would obtain a more detailed and informative breskdown of the
differentid effects of time on peopl€ stravel behavior if they were split into their detailed types
(such as pick up passenger, return home, work place. etc.). Comparing two days of aweek on
totd trip counts made by a household might yield no significant difference; however, the
multiple criterion measures mentioned above may be making a difference.

Based on days of week, we reformatted the collected data from Lexington Travel Survey into 7
groups — Monday, Tuesday, Wednesday, Thursday, Friday, Saturday and Sunday. Variability of
three types of trip measurements (trip counts, trip length, and trip duration) was studied
separatedy by usng MONOVA analyss. For each day of the week, the measurement was further
divided into different groups based on purposes associated with the trip or trip type. Variability
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of different types of trips undertaken by our respondents within the week was our interest. They
are treated as dependent variables. Table 2 shows the trip types used. Because of the limited
number of trips recorded for trip types-9, 13, 14, 16, 17 and 18, they are not used as dependent
variablesin this study. With the K group MONOVA capability provided by SPSS, we are
comparing the 7 day-of-week groups on the leftover thirteen dependent variables smultaneoudy.
Our null hypothessfor MONOVA andyssis
Ho: M1=H2=HP3=Hs=Hs=He=H7
(Population mean vectors are equal. Namely, there is no difference on peopl€e’ stravel activities
across the week.)

Table 2. Activity Types

Purp-9 Unknown

Purpl Pick Up Passenger

Purp2 Drop Off Passenger
Purp3 Work Place

Purp4 Work-Related Business
PurpS School, College, University
Purp6 Shopping

Purp7 Other Errands

Purp8 Eat Out

Purp9 Socia or Recregtiond
Purp10 Medica or Dental

Purpll Return Home

Purpl2 Religious Activities
Purp13 Volunteer Work

Purp14 Community Meetings
Purpl5 Other

Purpl6 To Day Care or Preschool
Purpl7 Go Along For The Ride
Purp18 Work or School

Table 34,5 gives the multivariate F's from the SPSS MANOVA run on the problem. Aswe
choose 0.05 asthe critica vaue for rejection, the significance of F indicates that we should reject
the null hypothesis on trip counts and trip time and conclude that peopl€e s activities differs

overdl on the sat of 13 trip variables. However, thisis not the case for the comparison of trip
distances of the seven day- of-the-week groups. Thisimpliesthat the locd peoplestravel
behavior differs agnificantly across the sample week in terms of trip frequency and trip time
(duration). But the distance traveled by the respondents on each day- of-the-week shows no
sgnificant difference.

Table 3. Multivariate F'sfor Trip Counts (frequency)
Multivariate Tests of Significance (S=6, M =3, N =390 1/2)

Test Name Vaue Approx. F Hypoth. DF Error DF Sig. of F
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Pillais 15292 158530 78.00 4728.00 .001
Hotellings .16251 1.62784 78.00 4683.00 .000
Wilks 85421 1.60697 78.00 432327 .001
Roys .08744

Note: Severd datitics are available for testing the multivariate null hypothess.
Generdly they lead to the same decision on Hy(Olson, 1974).

Table 4. Multivariate F'sfor Trip Distance
Multiveriate Tests of Significance (S=6, M =3, N= 339 1/2)

Test Name Vaue Approx. F Hypoth. DF Error DF Sig. of F

Pillais 13683 122968 78.00 4110.00 .085
Hotellings .14207 1.23555 78.00 4070.00 .080
Wilks 86987 123287 78.00 3755.37 .082
Roys .05654

Table5. Multivariate F'sfor Trip Duration

Multivariate Tests of Significance (S=6, M =3, N =339 1/2)
Test Name Vdue Approx. F Hypth. DF Error DF Sg.of F

Fillais 15925 143879 78.00 4116.00 .007
Hotellings .17128 149176 78.00 4076.00 .004
Wilks 84782 146548 78.00 3760.88  .005
Roys .09629

Table6. Post Hoc Procedure Results

Difference of travel behavior across aweek (time)
The trip types that Sgnificantly contribute to the overdl trip differrence

are
Vaidble |[Triptype g3g.Of F
Purp3 Work Place 0.048
Purp6 Shopping 0.004
Purp9 Socia Recreationa 0.047
Purpll |[Return Home 0
Difference of travel behavior across aweek
(frequency)
Thetrip types that sgnificantly contribute to the overdl trip difference
are

|Vaiadle [Triptype |Sg. Of F |




Purp3 Work Place 0
Purp4  |Work-Reated 0.015
Busness
Purpl2 |Reigious Activities 0.008

Difference of travel behavior across a

week(distance)
The trip types that sgnificantly contribute to the overdl trip difference
are
Vaiable |[Triptype g9g. Of F
Purp2 Drop off passenger 0.031
Purp3  |Work place 0.028
Purpll |[Return Home 0.044

After finding that the groups differ, we would now like to determine which of the variables are
contributing to the overall difference of people'stravel behavior across the week. Here we use
univariate tests as the post hoc procedures, each at the .05 level. Theresultsare listed in Table 6.

Although we didn't find thet trip distances traveled by the respondents differs Sgnificantly on the
seven day-of-the-week groups, we 4till included its univariate test for comparison with the other
two measurements. From the table, we can eadily see that the difference of trave time mainly
comes from four types of activity -- (go to) work place, (go) shopping, socid recreationd and
return home. Thisimplies that people's expenditure of their time on these four types of activities
is not even across the sample week. Similarly, the difference of travel frequency mainly comes
from three types of activity --(go to) work place, work-related business and rdligious activities.
Thisis obvious based on our life experience. Typicdly people go to work place or on work-
related business on weekdays, but not on weekends; and people go to church on weekends, but
not on weekdays. Referring to the former list in travel-time table, two types of activities-- (go)
shopping and socid recretiond activities are excluded in the travel-frequency table. This may
suggest that for our research subjects, making their trips on shopping and socia recreationa
activities on each-day-of-the-week is, to a certain extent, their daily routines, but time spent on
these two types of activities differs depending on which day of the week the specific activity was
performed. Finaly the travel-distance table indicates that the difference of people's travel
distances mogtly across the week comes from work-place, drop- off- passenger and return-home
activities. The three types of distances traveled by the respondents vary significantly across the
week.

Next, we attempt to use Discriminant analysis for describing mgjor differences among the seven
day-of-the-week groupsin MANOVA. Aswe have k=7 groups and p=13 dependent variables,
then the number of possible discriminant functionsis the minimum of p and (k-1), whichis 6.
After the test procedure is performed for determining how many of the discriminant functions,
only thefirg discriminant functions remain. The coefficients for each of the trip varidbles of the
gx discriminant functions are listed in table 7, 8, 9 for trip counts, trip duration, trip distance data

separately.



Table 7. Standardized Canonical Discriminant Function Coefficientsof Trip Counts

Function
Activity 1 2 3 4 5 6
Pick-up passenger PURP1 114 | .389| -.288| .049| -.227| -.392
Medical or Dental PURP1 307 .060| .083| .264| .466| .562
0
Return Home PURP1 .007| -.095| -.485| -.816| -.391| .652
1
Religious Activities PURPL | -530| .699| .150| .164| .476| -.051
2
Other PURP1 140 -.249| -.187| .113| -.169| .274
5
Drop Off Passenger PURP2 130 .317| .336( -.086| .052| .161
Work Place PURP3 b595| -.098| .444| -.228| .325| -.348
Work-Related PURP4 283 .415| -.108| .655| -.375| .033
Business
School/College PURPS 259 .224| .037| .053| .003| -.070
Shopping PURP6 | -.057| .080| -.013| .177| .231| -.237
Other Errands PURP7 14| -372| -520| .268| .544| -.293
Eat Out PURPS 168 -.096| .313| .119| -.058| .032
Social/Recr eational PURP9 | -.072| -.230| .459| .304| -.166| .130

Table 8. Standar dized Canonical Discriminant Function Coefficientsof Trip Duration

Function

Activity 1 2 3 4 5 6

Pick-up passenger PURP1 343| -.032| .010| -.020 | -.233| .148

Drop off Passenger PURP2 047 | .323| .601| -578| -.037| .181

Workplace PURP3 332 | .051| 542 .187| .767| .129
Work-related PURP4 | -.088| .240| .263| .778| -.519| .777
Business

School/College PURP5 225| .414| 359 .357| -.123| -.632
Shopping PURP6 358 | .001| -.194| -.358 | -.229 | -.358
Other Errands PURP7 .053| .438| -.231| .116| .266| .344
Eat Out PURP8S | -.015| -.554| .419| -.706 | -.312| -.060

Social/Recr eational PURP9 A62 | -.161| -572| -.219 | -.725| -.267

Medical or Dental PURPI10 | .202| .074| -.002| .114| -.075| -.117

Return Home PURP11 | 476| -.400| .053| -.113| .366| .033

Religious Activities PURP12 | -.076 | -.605| .426| .285| .123| .070

Other PURP15 | .396| .564| -598| .271| .763| .017




Table 9. Standardized Canonical Discriminant Function Coefficients of Travel Distance

Function
Activity 1 2 3 4 5 6
Pick-up passenger PURP1 |.365 |-.015|.253 |-.268 | -.067 | .047
Drop off Passenger PURP2 |.149 |.627 |-.147 | .331 |-.295|.105
Workplace PURP3 | .414 |.058 |-.630 |-.058 | .274 | -.089
Work-related PURP4 |.145 |.080 |.274 |-.534 | .338 | .602
Business
School/College PURPS5 |.212 |.215 |.231 |-.174 | .095 |-.516
Shopping PURP6 |.065 |.270 |.513 |.031 |-.124 | -.352
Other Errands PURP7 |.341 |.206 |.010 |.417 |.068 | .336
Eat Out PURP8 |-.156 |.145 |.022 |.200 |.391 |.021
Social/Recr eational PURP9 |-.269 |-.050 |.148 |.319 |-.003 | .185
Medical or Dental PURP10 | .226 |-.251 |-.220 | .064 |.219 | -.236
Return Home PURP11 | .213 |-.527 | .352 |.274 | -.269 | .088
Religious Activities PURP12 | .310 |-.306 |-.043 | -.125 | -.621 | .102
Other PURP15 | .057 |-.042 | .301 |.272 |.748 |-.139
Table 10. Structure Matrix of Trip Counts
| Function |
Activity 1 2 3 4 5 6
Workplace PURP3 | .635(*) | .151 318 -.371 184 | -.214
School/College PURPS | .367(*) | .246 -.128 -.117 .024 .018
Religious Activities | PURP12 | -.343 | .614(*) | .054 -.084 .360 197
Pick-up passenger | PURP1 320 | .374(*) | -.254 -.103 -.165 | -.366
Drop off Passenger | PURP2 249 | .262(*) | .121 -.175 110 113
Other Errands PURP7 221 | -.208 |-.531(*)| .148 449 | -.130
Social/Recreational | PURPO | -.062 | -.217 | .374(*) 216 -.188 154
Eat Out PURPS 207 | -.058 | .251(*) .064 .014 071
Work Business PURP4 344 .389 -.168 | .518(*) | -.377 110
Return Home PURP11 | .247 252 -.323 | -.465(*) | -.010 413
Shopping PURP6 010 .010 -.205 094 | .309(*) | -.042
Medical or Dental | PURP10 | .308 .055 -.007 247 478 | 573(*)
Other PURP15| .137 | -.111 | -.204 108 -.069 | .402(*)

Pooled within-groups correl ations between discriminating variables and stlandardized canonica
discriminant functions. Variables ordered by absolute size of correlation within function. (*)
Largest absolute correlation between each variable and any discriminant function.

Ancther ussful tablein discriminant andyss of MANOVA s the Structure Matrix, which shows
the correlation between each discriminant function and each of the origind varigbles (in this
case, trip with specific purpose, eg. Purpl). Smilarly, each structure matrix islisted for trip
counts, trip duration, and trip distance data separately (In table 10, 11, and 12).



Table 11. Structure Matrix of Travel Duration

Function
Activity 1 2 3 4 5 6
Return Home PURPL | .645(*) -.271 .034 .014 | .056 104
1
Shopping PURP6 | .509(*) -.083 -.035 .004 | -.332 .082
Workplace PURP3 | .409(*) -.062 .138 017 | .262 -.046
Social/Recreatio | PURP9 | .402(*) -.118 -.203 | -.118 | -.168 -.112
nal
Other PURPL | .319(*) .095 -.218 | -.034 | .244 217
5
Pick-up PURP1 | .313(*) -.025 .018 -.038 | -.241 150
passenger
Medical or PURPL | .295(*) .012 .002 115 | .053 -.056
Dental 0
Eat Out PURP8 | .270(*) -.024 -065 | -.194 | -.010 235
Religious PURP1 | -.053 | -.547(*) .346 318 | .201 .065
Activities 2
Other Errands PURP7 .096 A27(*) -.199 .083 | .264 321
Drop off PURP2 .038 341 b87(*) | -.585 | -.028 212
Passenger
School/College PURP5 192 402 .353 367 | -.125 | -.629(*)
Work Business | PURP4 .386 .053 .093 338 | -.439 | .557(*)
Table 12. Structure Matrix of Travel Distance
Function
Activity 1 2 3 4 5 6
Workplace PURP3 | .501(*) -.045 -.492 .014 221 -.072
Pick-up PURPL | .472(*) 210 183 -.121 -.142 .099
Passenger
Medical or PURPL | .299(*) -.219 -.180 .138 .269 -.220
Dental 0
Drop Off PURP2 272 .633(*) -.052 .239 -.328 175
Passenger
Return Home PURP1 .352 -.494(*) .258 314 -.160 141
1
Religious PURP1 317 -.360(*) A77 .055 -.234 .019
Activity 2
Shopping PURP6 137 230 A79(*) .084 -.045 -.374
Other Errands PURP7 425 185 .016 490(*) 139 312
Social/Recreatio | PURP9 | -.296 -.033 .205 A432(*) .080 212
nal
Eat Out PURPS | -.158 119 .138 .396(*) .394 129
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Other PURP1 229 -.235 312 225 401(*) -.131
5

Work Business | PURP4 72 .087 .286 -.525 317 596(*)

School/College PURP5 207 221 .265 -.205 113 -.483(*)

There are two methods for interpreting the discriminant functions:

1. Examinethe standardized coefficients--- these are obtained by multiplying the raw
coefficient for each variable by the stlandard deviation for that variable.

2. Examine the discriminant function-variable correlaion (sructure metrix).

For both of these methodsiit is the largest (in absolute value) coefficients or corrdation thet are
used for interpretation. Generdly, it is assumed that grester sability of the correlation exigsin
amd|l or- medium szed samples, especidly when there are high or fairly high interrdations
among the variables. Also the correlation gives adirect indication of which variables are most
closdly digned with the unobserved trait which the canonical variate (discriminant function)
represents. Usualy, we use the correlation for substantive interpretation of the discriminant
functions, but use the coefficients to determine which of the variables are redundant given that
others are in the set. To name afunction, we need to determine what the variables that correlate
highly with the discriminant function have in common.

For interpreting the discriminant functions, as mentioned earlier, we use both the standardized
coefficients and the discriminant function-variable correlaion (shown in structure matrix). Since
sgnificant tests show that only thefirgt discriminant functions are significant (except for trip
distance, even the firg discriminant function is not sgnificant), we restricted our discusson to
them. Examining Table 10 for the first discriminant function (in Table 7) of trip counts
(frequency), we seethat it is primarily the two variables -- trip with purp3 (work place,
corrdation = 0.635) and trip with purp5 (trip to school, college, and university, corrdation =
0.367) that define the function, with purp12 (religious activities) and purp4 (work-related
business) secondarily involved ( corrdation of -0.343 and 0.344 respectively). Since the
correlation for purpl2 (religious activities) is negative, this means that the groups that have
higher purp12 trip counts (Saturday group and Sunday group) scored lower on the first
discriminant function.

Now, examining the standardized coefficients (table 7) to determine which of the variables are
redundant given othersin the set, we see that purp12 and purp3 are not redundant (coefficients of
-0.53 and 0.595 separately), but that purpll, purp6 and purp9 are redundant since their
coefficients are close to zero. Combined with the information from the coefficients and
discriminant function-variable correlation, we can say that the first discriminant function of trip
counts (frequency) is characterized as work—school—rdigious activity dominant. The three
kinds of activities maximize the difference of peopl€ s activity-frequency across the days of the
week. And on the other hand, we know that return home (purpl1), shopping (purp6) and socia
recregtiona activities (purp9) frequency shows not much variation within the period of one

week. Thisconclusion is close to what we derive from the Post Hoc procedures.

Similarly, examining table 11 for the first discriminant function (in table 8) of trip duretion, we
seeitisprimarily the x varidbles -- trip with purpll (return home, correlation = 0.645), trip



with purp6 (shopping, corrdation = 0.509), trip with purp3 (work place, correlation = 0.409), trip
with purp9 (socid or recreationad), trip with purpl5 (other trips, correlation = 0.321), and trip
with purpl (pick up passenger, corrdation = 0.315) that define the function. Then examining the
standardized coefficients (table 8), we see that al these six variables are not redundant
(coefficients above 0.300 except trip with purp9, coefficient = 0.162), but purp8 (eat out)'s
coefficient is close to zero. Therefore, we can draw our conclusion that the first discriminant
function of trip duration is characterized as return-home -- shopping -- work place -- socia or
recreational- - pickup passenger activity dominant (we overlook the type "other trips' here for that
it doesn't have any practica meaning). These five types of activities maximize the difference of
peopl€e's activity-time expenditure across the days of the sample week. On the contrary, we know
the time spent on eating out does not vary too much within the one-week period. Again, the
result we derived agrees with what we found through post hoc procedures.

Now, let us put our focus on trip distance. Though none of its discriminant functionsis
ggnificant, we gill have alook at itsfirst one for comparison with the other two measurements--
trip frequency and duration. Examining table 12 for the first discriminant function (in table 9) of
trip distance, we seeit is primarily the three varigbles -- trip with purp3 (work place, correlation
=0.501), trip with purpl (pick up passenger, corrdation = 0.472) and trip with purpl0 (medica
or dental, correlation = 0.299) that define the function. Then examining the standardized
coefficient (table 9), we see that al these three variables are not redundant (with their
coefficients above 0.2). The firgt discriminant function is characterized as work place -- pick up
passenger -- medicd or dentd activity dominant. This conclusion differs alittle from what we
got from post hoc procedures. However, they have work place trip type in common. Therefore,
we tend to revise our conclusion as the discriminant function is work-place activity dominant.
Furthermore, there is no variable in table 9 with its coefficients close to zero. So thereis no
variable that is redundant. In other words, dl of these trip-type variables contribute roughly
equaly (in terms of dtatistics) to the difference of distances traveled by the respondents across
the days of the week except (go to) work-place trip type.

When there are two or more discriminant functions, then a useful device for determining
directiond differences among the groupsisto graph them in the discriminant plane. The
horizonta direction corresponds to the first discriminant function and thus laterd separation
among the groups indicates how much they have been digtinguished on this function. The
vertical dimension corresponds to the second discriminant function and thus vertical separation
tells us which groups are being distinguished in away unrelated to the way they were separated
on the firgt discriminant function. (Figure 4--trip frequency, 6--trip duration, 7--trip distance
shows the positions of groups for Lexington’stravel survey datain the discriminant plane
defined by discriminant functions 1 & 2).

From Figure 4, we can clearly see that peopl€'s activity intengity drops from weekdays to
weekends. And this drop mainly comes from decreased (go to) work trips and schoal trips. Note
Sunday is characterized as most activity-depressed. Furthermore, we can classify the activity
intengties of different day-of-week into classes based on Figure 4 (with Monday and Friday in
class 1--1, Tuesday and Wednesday in class 2--2, Thursday in class 3--3, Saturday in class4-- -1
and Sunday in class 5-- -2). A stepped curve of activity intengity across the week is derived as
illugrated in Fgure 5.



Figure4.

Group positions in discriminant plane (trip frequency)

discriminant function Il

discriminant function |

Figureb.

Trip Intensity

NP ORFRPNW

indication of intensity
1 2 3 4 5 6 7

day-of-the-week

Figure®6.



Groups postions in discriminant plane (trip duration)

Thur

Tue

.
Sun 0.1 4
Fri
0.2 1

-0.3 1

discriminant function Il

Mon
0.4 1

-U.o

discriminant function |

From Figure 5, we can get apicture of variation of people's activity intendty across the sample
week. The activity leve is depressed during the weekend. Then it starts from Monday a "warm
up” level and gradudly increases through Tuesday and Wednesday until reaching its pesk on
Thursday. Findly on Friday, it backs up to the "warm up" leve.

Now, let uslook at peopléstravel activity from the perspective of time spent (Figure 6). Note
Friday isfar separated from other days- of- the-week. It suggeststhat Friday distinguishes asitself
from other daysin terms of trip time spent by the respondents. In another word, people are
gpending more time on roads on Friday than other days- of-the-week.

Findly, we examined the difference in terms of trip distance. Different from what we saw with
respect to the other two measurements, Thursday showed its Sgnificance. It implies that the
respondents are traveling through longer distance on Thursday than other days. This corresponds
to ahigh activity intengty that can be identified in Figure 4. Note on the axis of discriminant
function |, we nearly have the same order for the different days-of-the-week as what appearsin
Figure 4, which indicates a coupled relationship between travel distance and trave frequency.
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To further research into how peopl€e's activity differs between any pair of days-of-the-week, we
continued to apply the MONOV A technique and Post Hoc procedure to the data groups in pairs.
The results are listed in the form of tables (table 13, 14 and 15).

Table 13. Pairwise Comparison of Trip Duration

4

Monday|Tuesday |(Wednesday [Thursday |Friday Saturday  |Sunday
Mon-day [* Not Sgnificant  [Not Sonificant Not Not
Sgnificant |0.142 Sgnificant |0.000 Sonificant |Sgnificant
0.131 Purp2 0.108 Purpl Pickup  |0.242 0.599
Purpl2  |Dropoff Purp7 Passenger 0.032 |Purp12 Purpl2
Rdigious |Passenger |Other Purp3 Rdigious |Rdigious
Activities |0.049 Errands  |Workplace Activities  |Activity
0.016 Purpl2 0.030 0.012 0.026 0.029
Religous |Purpl2  |Purp4 Work-
Activities |Rdigious |Related
0.012 Adtivities |Business 0.005
0.026 Purp5 Schoal,
College
Universty,
0.037 Purp6
Shopping 0.001

Purp9 Socid or
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Recrestiond
0.007

Purpl0 Medica
or denta 0.038
Purpll Return
Home 0.000
Purp12
Rdigious
Activities 0.033
Purpl5 Other
0.009

Tues-day

Not
Sonificant
0.997

Not
Sgnificant
0.999

Sonificant

0.000

Purpl
PickupPassenger
0.033  Purp3
Workplace
0.015

Purp4 Work-
Related
Business 0.005
Purp6 Shopping
0.001

Purp9 Socid or
Recrestiond
0.010 Purp1l
Return Home
0.000

Not
Sonificant

Not
Sgnificant
0.941

Wednesday

Not
Sonificant
0.992

Sonificant
0.000

Purp3 Work
Place 0.007
Purp6 Shopping
0.001

Purp9 Socid or
Recreationa
0.004 Purp10
Medica or
Denta

Purpll Return
Home 0.000
Purpl5 Other
0.023

Not
Sgnificant
0.987

Not
Sonificant
0.549
Purp2 Drop
off
Passenger
0.008

Thurs-day

Sonificant
0.000
Purpl

Di nls1i inDacconnor

Not
Sonificant
0.973

Not
Sgnificant
0.794




PickupPassenger
0.039  Purp3
Workplace
0.009

Purp6 Shopping
0.001

Purp9 Socid
and Recrestiond
0.003

Purpll Return
Home 0.000

Friday

*

Not
Sonificant
0.992

Sgnificant
0.000
Purpl
Pickup
Passenger
0.037
Purp3
Workplace
0.002
Purp4
Work-
Related
Busness
0.009 Purp6
Shopping
0.001
Purp9
Socid or
Recrestiona
0.020
Purp10
Medical or
Dentd
0.043
Purpll
Return
Home 0.000
Purpl5
Other 0.047

Satur-day

Not
Significant

Sun-day

0.971
*




Table 14. Pairwise Comparison of Travel Distance

Mon | Tuesday Wednesday |Thursday Friday Saturday Sunday
day
Mon |* Not Not Not Not Not Not
day Sonificant | Sgnificant Sgnificant gonificant | Sgnificant Sonificant
0.23 0.944 0.084 0.989 0.408 0.62
Purp2 Purp4 Work- |Purpll return Purp3work  |Purp3 work
Dropoff related home 0.005 place 0.041 |place 0.028
Passenger  [business Purp12
0.015 0.042 Religious
Activities
0.023
Tues |* * Not Not Not Not Sonificant
day Sonificant Sonificant gonificant | Sgnificant 0.018
0.405 0.620 0.575 0.078 Purp2 Drop
Purp3 Work purp 1 pick up |off passenger
Place 0.028 passenger 0.004 Purp7
0.044 purp2  |Other Errands
Drop off 0.028
passenger
0.002
Wedn * * * Not Not Not Not
esday Sgnificant ggnificant | Sgnificant Sonificant
0.161 0.719 0.488 0.475
Purpll Return Purp4 Work
Home 0.004 related
Purpl2 business
Religious 0.046
Activity 0.040
Thurs |* * * * Not Sgnificant Significant
day Sonificant  |0.006 0.002
0.081 Purpl pickup |Purpl pickup
purpll passenger passenger
return home [0.044 Purp3 [0.018 Purp3
0.018 work place work place
0.003 0.005
Purpll Return (Purp 7 other
Home 0.020 |errands 0.008
Purp12 Purp10
Rdigious Medica
Activity 0.320 |dental 0.034
purpll return

home0.013
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purpl5 other
0.028
Friday |* * * * * not Sgnificant | Not
0.577 Sonificant
0.508
Purp 7 Drop
off Passenger
0.020
S’Iur_ * * * * * * not
day ggnificant
0.748
Sjn' * * * * * * *
day
Table 15. Pairwise Comparison of Trip Counts
Mon [Tuesday |Wednesday |Thursday Friday Saturday Sunday
day
Mon |* Not Not Not Not Not Sgnificant 0.000
day Sgnificant |Significant Sonificant Sonificant |Sgnificant Purp3 Work Place
0.610 0.561 0.358 0.832 0.247 0.000
Purp4 work- |Purp4 Work Purp3 Work |Purp7 Other
related Related Place 0.002 |Errands0.018
business Busness Purpl12 Rdigious
0.047 0.004 Activities 0.001
Tues |* * Not Not Not Not Sgnificant 0.000
day Sgnificant Sonificant Sonificant | Sgnificant Purpl Pickup
0.997 0.797 0.921 0.065 Passenger 0.049
Purp3 Purp3 Work Place
Workplace |0.000
0.000 Purp4 Work-
related business
0.044 Purp5
School,college,uni
-versity 0.038
Purp12 Rdigious
Activities 0.010
Wedn [* * * Not Not Not Sgnificant 0.000
esday Sgnificant Sgnificant  |Sgnificant Purp3 work place
0.604 0.838 0.102 0.001
Purp3 Work [Purpl0 Medica or
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Place 0.003 |Denta 0.004
Purp12 Rdligious
Activities 0.023
Thurs Not Not Significant 0.000
-day Sonificant | Sgnificant Purpl Pickup
0.181 0.973 Passenger 0.004
Purpl Purpl Purp3 Workplace
Pickup Pickup 0.000
Passenger  |Passenger Purp4 Work-
0.039 0.007 Related Bus 0.001
Purp3 Work [Purp5
Place 0.002 |Schoal,College,Un
Purp4 Work- |-iversity 0.004
related Purp7 Other
Busness Errands
0.023 Purp5 |Purpl0 Medicd or
School,Col-  |Dental 0.039
lege, Purpll Return
Universty Home 0.021
0.014 Purpll|Purpl2 Religious
Return Activities 0.009
Home 0.007
Friday * Sonificat | Significant 0.000
0.000 Purp3 Workplace
Purp3 Work [0.001
Place 0.000 |Purpl2 Return
Purp7 Other {Home 0.000
Errands
0.018
Purp12
Rdigious
Activities
0.001
Satur- * * Sgnificant 0.047
day Purp7 Other
Errands 0.021
Purpl12 Reigious
Activities 0.002
SJn_ * * *
day

In each cdll of the tables, the result of the multivariate two group test (Hotelling T?) are listed
first and followed by univariatet tests-- the post hoc procedure. Hotelling T2 will indicate
whether people's activities differ sgnificantly on the two days-of-the-week and univariate t tests
will show what specific trip-type variables contribute to the activity difference.
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Hereiswha we may reved from the tables: Respondents activities differ sgnificantly on
Saturday and Friday in terms of travel frequency (Table 15). The difference mainly comes from
work travel, errands and religious activities. Note that travel frequency on Saturday aso differs
from that on Sunday significantly with respect to errands. We may draw our concluson --
Saturday istreated as atime of taking care of "chores' (what 's |eft over after one week's work)
by our respondents. Compared to Saturday, Sunday is specid in that people's activities on
Sunday differ sgnificantly from any other days-of-the-week in terms of travel frequency. The
difference mainly comes from reduced work travel or school travel, and additionaly, weekend
religious activity. However, thisis not true in the travel distance table (Table 14). Sunday only
differs sgnificantly from Thursday and Tuesday with respect to travel distance. A tentative
explanation for it is that people may travel less frequently on Sunday but travel through longer
digances. Inthe trave timetable (Tablel3), things change. Friday differs sgnificantly from al
the other days- of-the-week except Saturday. Shopping, socid and recreationa and return home
appearsin the contribution breskdown in common. This may suggest to us that Friday is
characterized as aweekday of supplementing food, sociaizing, and returning home.

2.1.4 Problem with Usng MONOVA and Discriminant Anayss

We didn't examine the correlation among the dependent trip-type variables, just lumped dl the
useful variablesin asingle multivariate andyss. This may not be agood idea. For example,
work place trip and work-related busnesstrip have very smdl differences. The incluson of both
of them may obscure ared difference(s) on some of the other variables. That is, the MONOVA
detects mainly errorsin the system (in the set of variables), and therefore declares no reliable
overdl difference.

Another issue would be the use of discriminant functions on the travel data. It impliesthereisa
linear combination of the dependent variables (trip types) that is sSignificantly differentiating
people's travel behavior among different days- of-the-week. However, we can not guarantee that
the lineer combination of trip types will be ameaningful variate in terms of explaining the
variation of travel behavior across the week.

2.2 Time Series Andlyss

2.2.1 Outlinefor Time Saries Andyds

A time seriesis a sequence of observations, usudly ordered in time. The feature of time series
andydsthat disinguishes it from other satigtical andyses is the explicit recognition of the
importance of the order in which the observations are made. While in many problems the
obsarvations are satigtically independent, in time series successive observations may be
dependent, and the dependence may depend on the positionsin the sequence. Thisfeatureis very
helpful for us to recognize the interconnection of peopl€'s activities on successve days.

Generdly, there are various purposes for using time series in scientific research. The objective
may be the prediction of the future based on knowledge of the past; or may be the control of the



process producing the series; or may be to obtain an understanding of the mechanism generating
the series; or maybe smply that a succinct description of the salient features of the seriesis
desired. In our research, we will focus the application of time series andyss only for the later
two purposes. That is, try to describe and obtain an understanding of the one-week trip series of

various trip types.
2.2.2 Application of Time Series Andysson the LTS Data

2.2.2.1 Time Series Plots

The origina GPS recorded data are formulated to aformat suitable to time series andyss. The
sampling interva is chosen to be one hour. Therefore one whole week period is divided into a
series of consecutive hour intervals (168), starting from the midnight of the former weekend,
ending on the midnight of the current weekend. The Datais composed of the hourly time |abel
within one week and the number of trips made during that one-hour interva. We divided the
data based on trip purposes associated with a particular trip for the convenience of further
andysis. Intotd, there are eight trip types under consderation. They are Working trip, Eat-out
trip, College trip, Socid or recreationd trip, Medica or dentd trips, Religious trips, Go-home
trip and Shopping trip. The Unix Verson of SPLUS was used to perform the time series andlysis
task.

There are two generd gpproaches to anayzing time series. One isto use time domain methodsin
which the values of the process are used directly. The other isto use frequency domain methods.
Frequency methods investigate the periodic properties of the process. In this study, we used both
approaches to address a series of questions related to trip frequency, trip characteristics of
varioustrip types and schedule relationship between different trip types.

Asthefirst step, we use the extracted data to plot time series plots for each trip type presented
above. These plotslook like the traditiona bar plots. But whét is different isthat the x axis we
saw now ison atempora scale of 168 hours rather than just a day- of-week scale. By comparing
the amplitudes of the time series plots of the eight trip types, we may obtain an impression of the
relaive intendty of thelr trip occurrences. Results show that among the eight trip types, Go-
home trip has the highest intengity then followed by work trips. Medica or dentd trip and
religious happened least frequently on average. And the occurrence intensities of the other four
trip types -- Eat-out, College, Socid or recrestiond and shopping go between them. Thereisno
doubt to see go-home trip and go-work trips happened most frequently as home and work place
is the center of one person's activity space. The two places are the two most important
componentsin the patid environment within which peoplée's activities occur. Go-work is more
or less the daily routine performed, at least on weekdays. And Go-home trip must be the ending
trip of atrip serieswith origin at home, no matter what trip types the trip series starts with and
how the trip series are composed.



Figure8. Time SeriesPlot of Work Place Trips
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Figure9. Time Series Plot of Eat-out Trips
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Figure 10. Time Series Plot of College Trips
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Figure11. Time Series Plot of Social or Recreational Trips
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Figure 12. Time Series Plot of Medical or Dental Trips
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Figure 13. Time Series Plot of Religious Trips
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Figure 14. Times SeriesPlot of Shopping Trips
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Figure 15. Time Series Plot of Return Home Trips
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Aningght into characterigtics of different trip types can be obtained through visua examination

of these plots. Go-to-work- place trips mainly happen in the morning 7, 8 or 9 o'clock. That is,
the trip counts peak in the morning during weekdays usudly. Except on Thursday, two peaks
show up, oneisin the morning, oneis 3 o'clock in the afternoon. This could be related to some
events happened or working scenario of the sample area. Thereis agenerd tendency existing for
these daily peak trip counts. It decreases from Monday to Wednesday gradually and bounces
back alittle on Thursday and Friday. This may be an indication that working efficiency goes
down astime goes on from Monday and bounce up again because of the gpproach of weekends.
In other words, some psychologica factors may be affecting people's go-to-work behavior.
People may form their expectation for aweekly period during therr life.

Eat-out trips mainly happen during lunch hour or early afternoon during weekdays. They occur
during working intervas. We coud term it as "working eat-out trip”. Most Eat-out trips belong
to thistype. However, it isinteresting to notice that the highest peak on Wednesday occurs a
early evening. This could be a short family reunion or meeting with friends. It is reasonable to

See it gppear in the middle of week if we consider it as a short bregk of abusy life. Eat-out trips
count decreases at the coming of weekends. This may be an indication that loca people would
more like to spend their weekend with their family and enjoy homemade food than going out for
meals. However, referring back to our concluson from the MONOVA analysis, we know thisis
not necessarily true for every household. Eat-out trip time doesn't vary sgnificantly across the
week. Therefore, what we found about travel patterns on weekends might be reduced eat-out trip
frequency but prolonged trip time.

We saw two peaksin the college trip plot (Figure 10). One happens on Tuesday morning 7
o'clock and the other happens a 8 in Thursday morning. This may be related to the loca college
class schedules. More classes are scheduled on Tuesday and Thursday than on other weekdays.

Socid or recreationd trips mainly occur during the early night (Figure 11). The highest pegk ina
week appears at 5 o'clock on Friday. Seconded by Saturday and Sunday noon peaks. If we look
a the trip digtribution for each day, we may find that the trip-count distribution presents reverse

F digtribution during weekdays (a little exception on Wednesday, which has two pesks). Usualy
the biggest bulge gppears at evening on weekdays, but on weekends the distribution looks more
like an F digtribution -- the biggest bulge appears a noon and decreases gradudly as time goes.
This change indicates the relaxed time schedule on weekends.

Medica or dentd trips typicaly happened during weekdays (Figure 12). There are no medica or
dentd trips that occur on Sunday. This agrees with our life experience. Dentists usudly do not
work on Sunday. And medicd trip on Sunday would most likely be to ahospital emergency
facility after atrip accident-- which isasmal probability event.

Rdigioustrips are equdly distributed from Monday to Saturday (Figure 13). Most of these trips
clustered on Sunday Morning when isthe traditiona time to go to church. Note religious trip
counts are not totaly blank for weekdays. Typicaly these trips are made by ederly or retired
people.



Return-home trip distribution (Figure 15) has the widest span of dl tripsin terms of asingle
mode. Actudly it could happen a any time. Typicdly thereisa"dlence” interva between any
two different days-of-the-week for travel activities. With respect to return-home trips, this
dlenceintervd is shorter than any other trip types, only 4 hourslong or less.

Shopping trips more or less are equaly distributed among seven days of the week. The highest
peaks appear at 2 o'clock Wednesday afternoon. This may be attributed to some temporary sale
activity going on in ashop. Generdly shopping trips have longer sillence periods or inter-trip
intervals than go-home trips. Peopl€'s shopping activities are subject to open hours of local
shops.

2.2.2.2 Auto-correlation between Different Types of Trips

Autocorrelaion is an important tool for describing the tempora dependence structure of a
univariate time series. The maximum lag chosen for the eight trip typesis 35 hours. For dl these
trip types, there exists a 24-hour maximum positive autocorreation in their plots (Figure 16,17).
However, the degree of corrdation varies with the change of trip types. For those trip types
performed more on adaily bass, like go-work, eat-out, go-home, socid or recreationa and
shopping activities, the 24-hour correlation is more obvious. For trip types performed more or
less sporadicaly, the feature of 24-hour autocorrelation is not obvious, like college, religious and
medica or dentd trips. For college trips and medica or dentd trips, this 24-hour autocorrelation
islessthan 0.3. For religious trips, this 24-hour autocorrdation islessthan 0.1. Religioustrip
shows its second-maximum autocorrelation a a 2- hour lag, which may be explained with the
clugtered rdigious activities on Sunday morning.

In Figure 16 and 17, the widths of sinusoidal pesks convey to us another kind of information --
the degree of flexibility associated with a certain type of trip. Go-to-work trips ACF plot has a
pesk width of only 2 or 3 hour interva. Thisindicatesto ustha go-work trips are more or less
obligatory activity type, which are subject to the working-hour congraints. In contrast, the width
of go-home and shopping trips autocorreation plots sinusoida-peak islonger than five hours,
which indicates much greater degree of flexibility associated with these trip types.

Figure 16. Auto-Corréation of Work, Eat-out, College and Social or Recreational Trips
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Figure 17. Auto-correlation of Medical or Dental, Religious, Retur n-home and Shopping
Trips
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2.2.2.3 Decomposition of Trip Time Series

Decomposition of time series plots (Figure 18, 19, 20 and 21) show us the decomposition of a
time series into a cyclic component plus the resdud (irregular component). Activity trends are
aso shown in these plots. Thiswill help usin finding the travel pattern associated with a

particular trip type.

Working trip decomposition (Figure 18) produces adaily cyclic component with a decreasing
trend in peak heights as time goes from Monday to Sunday. We view this as a proof of the
assumption of "work fatigue" associated with aweekly period. The bounce back of trip count on
Thursday and Friday isleft in residuas, which can be explained by peopl€'s expectation of the
coming of weekends.

College trip decomposition (Figure 19) shows adaily cyclic component with asimilar decreasing
trend in peak heights as that of working trips. The bounce back on trip counts on Thursday and
Friday aso appearsin resduas. We can aso explain these with "work fatigue' and "weekend
expectation”.



Figure 18. Work Trip Decomposition
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Figure 19. Go-to College Trip Decomposition
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Socid or recreationd trip decomposition (Figure 20) shows adaily cyclic component with two
peaksin one day. The lower pesk islocated close to noon. The relatively higher pesk islocated
at night. Astimes goes from Monday to Sunday, the noon peak "grows up”, and the night pesks
remain congtant. This shows how people shift their focused socia or recregtion trip time dot as
the weekend is coming. Irregularity appears on Wednesday morning and Friday night. Friday
night is party night. The reason for the irregularity that shows on Wednesday morning is
unknown. It could be caused by an important event in the local area.

Religious trip decomposition (Figure 21) shows adally cyclic component with pesks amost
equdly high. Although this dally pesk mainly peaks in the afternoon from Monday to Thursday,
it gets divided into two starting from Friday, one in the morning, the other in the afternoon,
which indicates people get more choice to go for religious activity when weekends come. Note
the scde of the cyclic component issmdll (1 or less) compared to that of the irregular
component. It suggests that typicaly rdigious activity is not a routingy performed activity. The
clugter of religious activities gppears only in Sunday morning of theirregular trip component.

Figure 20. Social or Recreational Trip Decomposition
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Figure 21. Religious Trip Decomposition

Religious Trip Decomposition
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Shopping trip decomposition (Figure 22) shows regular daily cyclic component, with only

Sunday peek alittle higher (1 count more) than others, which indicates increased travels for
shopping on Sundays. Notein the residua plot two peaks exist. Oneis on Monday evening, and
the other is on Wednesday noon. We tend to interpret it as atemporary sale going on some place,
which prompts the increased shopping travels.

Medica or dentd trip decomposition (Figure 23) shows aweak daily cyclic component. The
irregular component plot (residual) indicates that these trips happen as preferred on Monday and
Wednesday.



Figure 22. Shopping Trip Decompostion
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Figure 23. Medical or Dental Trip Decomposition

Medical or Dental Trip Decomposition
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Figure 24. Eat-out Trip Decomposition

Eatout Trip Decomposition
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Figure 25. Return Home Trip Decomposition

Return Home Trip Decomposition
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61
Eat-out trip decomposition (Figure 24) shows rdatively strong daily cycles. Each day- of-the-
week has two spikes of eat-out trip occurrence. Oneis close to noon, namely, one or two o'clock
in the afternoon and the other isin early evening-- Six or seven o'clock. The irregular component
shows that Sunday night is an unusud timing for a dinner-out.

Return-home trip decompostion (Figure 25) dso shows strong daily cycles. Two spikesexist in
the cyclic component. Oneis4 or 5 o'clock in the afternoon -- usud time to get off work, the
other is8 o'clock in the evening -- the work late time. Note one sdient spikeison Thursday -- 3
o'clock in the afternoon and the scaleis high (up to 15 counts). It may be caused by some
specific events.

2.2.2.4 Cross-correation Between Different Trip Types

Cross corrdation is used in our research to study the mutua relationship between two different
types of trips. We ran the cross correlation function provided in Splus for three activity-type
pairs - eat-out trips and go-to-work trips, socia or recreationa trips and shopping trips, return-
home trips and shopping trips. The results are shown in the following (Figure 26, 27 and 28).

The cross-correlation plot between eat-out trips and go-work trips (Figure 26) shows that eat-out
trips has the maximum correlation with go-work trips at -6 hour lag, which indicates that eat-out
trips typicdly lags behind go-work trips by 6 hours. These "working lunch" trips usualy occurs

at 1 or 2 o'clock in the afternoon.

Figure 26. Cross-correation between Go-to Work Tripsand Eat-out Trips
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The cross-correlation plot between socid or recreationd trips and shopping trips (Figure 27)
shows no fixed schedule relationship between the two. However, the plot indicates, in most
cases, shopping activities are scheduled close to socid or recreationa activities and in most cases
two or three hours before them.



Figure 27. Cross-correlation between Social and Recreational Tripsand Shopping Trips
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Smilarly, the cross-correlation plot between return-home trips and shopping trips (Figure 28)
shows no fixed schedu e relationship between the two. Shopping behavior could happen either
before return home trip or after it. This result seemingly does not make sense & first glance.
However, congdering the flexibility associated with return-home activity and its extensive
relationship with other types of activities, it is possible.

Figure 28. Cross-correation between Return-home Tripsand Shopping Trips

Multivariate Series : ts union{home, shopping)
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2.2.2.5 Spectral Analysis

In the last part, we used cross-corrdation for studying the relationship between different types of
trips. We got arelative vague picture of the "before’ or "after” relations of them in terms of
schedule. But it doesn't tell us how their periodicity is related. We turned to spectra approach,
which is better able to separate short-term and periodic effects.

Figure 29. Coherency of Social or Recreational Tripsand Shopping Trips

Series: social Series: shopping
Smoothed Periodogram Smoathed Penodogram

£ 0
.- L
R
e
ERRSTET
5
.

g ™
£ Y i i
LI .L|||'“‘ A A II'l, 1 = ) L A A "r'h.-'ll At
| Ir 2 .JI 1 i P, L A -'Ill. -_l' | W
4 4 'll' 'I i W ! |II
- FaY, '-‘II -~ | |J
g 4 4 ] 10 12 o H 4 4 § 0 2
sondwidik- 014340, 'H“I nn? 343620, £48504 B met-.um.?ﬂ?:ﬁ TAE0D JARIM (4B
a -, (4]
ank Y 3 |
- Hhoy [ R R L R s
g "Imf* TR [ nl:ﬂ.' i -
l A x
3 | ho N i
a !'l '| I -|| [\ 4| iR
AT T
: W i . SN ! h
a 2 4 [ a8 Jix] 1z o 2 4 & E ] Lz
cakereip plaasedpeci
Figure 30. Coherency of Return Home Tripsand Shopping Trips
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Figure 31. Coherency of Go-to Work Tripsand Eat-out Trips
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Figure 32. Coherency of Shopping Tripsand Eat-out Trips
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Figure 29, 30, 31 and 32 shows our results. Note for every type of trips-- return-home, go
shopping, socid or recregtiond activities, go-to work, and eat-out, the frequency 1 (onetrip
meade per day) is within the 95 percent confidence interval. They are performed at least once a
day. Work trips, compared to other types of trips, are sgnificant (falls within confidence
intervas) within more frequency dots--1, 2, 3, and 4. Eat-out trips are Sgnificant within dots 1,
3, and 4. Socid or recregtiond trips are sgnificant within dots 1, 2, and 3. However, return-
home trips and shopping trips are only sgnificant at frequency 1. They are performed only once

aday.

When we examine the coherency plot, the results are not so exciting, as only the frequency of
1/day isastrong sgna common to al of the five trip types. The coherenceis high there and
coherence and phase are determined very precisely (Figure 29, 31, and 33). At high frequencies
thereislittle informetion, and coherence can not be fixed at al precisaly. For return-home trips
and go shopping trips, their frequencies do not even precisely couple at 1/day frequency (Figure
30).

2.2.3 Problem with Usng Time Saries Andyss

Thetheory of time series is based on the assumption of second-order stationarity after removing
any trend. Thus second moments are particularly important in practica analysis of time series. In
our time series decomposition plots, we saw the resdua components are not strictly stationary.

Thus it means the application of the auto-correlation, cross-correlation, and spectra andysison

our data may not be appropriate.

The second issue is that if we would like to uncover the festures of people's activities across the
week period using time series analys's, multiple samples of weekly activities should be needed.
Unfortunatdly, as funding for the Lexington travel survey project was limited, there were not
enough GPS-integrated devices and labors for sampling for a continuous period of more than one
week. Thisflaw diminishes the credibility of our results.

2.3 Trip Direction Andyss

2.3.1 Outline of Trip Direction Andyss

Trave behavior istypicdly rdated to the movement of individuas from place to place, with the
emphasis being upon the actud quantitative changes that take place and the natures of the
localities concerned. One of the important aspects about travel trips, which are the results of
people's movements in atwo-dimensiond space, isthe physicd direction of the movements (e.g.
north, south, etc in terms of natura language). Once we recorded a bunch of information about
the trips made by people, inherently the change of direction of the tripsis avallable to us. With a
traditiona dairy keeping method, the informetion of travel direction insde the datais vague and
unclear. We can only infer it from a paper map based on recorded place names. With GPS
involved in data collection methods, travelers paths are recorded in digital form, which are much
easer to manipulate and ded with. With these data and the results derived from them, we would
like to see whether the preferred trave direction existsin peoplestravel behavior and how it is
related to the local road network.



In gatistics, the kinds of data that get direction measurement involved are usudly cdled circular
data. When dedling with problems arising from circular data, we typicaly use some relaively
unusual datigtics. For example, we know that one of the inherent attributes about circular detais
its periodicity. In acircular world, asmple arithmetic operation like addition does not work the
same way. Suppose we have one direction, say 200 degrees from north, if we add 360 degreesto
it, we do not get 560, but back to the origind direction. This unusud form of addition can dearly
cause problems, especidly in the case where we have the individud trip orientation information
of astudy areaand intend to collectively determine the local main traffic flow direction (the
average of trip orientation). A solution for this could be taking the vector means rather than using
the traditional addition operation. For the Lexington data, the trip information was collected
within aperiod of one week. Depending on the trip types to which each trip belongs and day of
week on which the trip happened, trips may be along-distance trip (vacation trip) or short-
distance trip (work, study or businessrelated trip). By following trips and breaking the trips a
that main turning point, we may divide each trip into a set of vector ssgments and then compute
the mean orientation for the Sngletrip. A very good representation of the final mean trip-
orientation data would be a circular histogram. We expect the trip-flow-direction circular
histogram for each day of the week can clearly show the main traffic flow direction for each day-
of-the-week. And a Java media player can be used to dynamicaly link them to do adynamic
presentation on the variation of traffic flow direction of the travel data.

A vaiety of avallable circular distributions are available for usto test the circular histograms
derived from trip data. The smplest distribution would be the circular uniform distribution,
which describe (for circular data) cases when there is no preferred direction and all directions
are equaly likely. The probability dendty functionis:

F(g) = /360, 0° £ q < 360°

However, based on activity space-related theories in behavior science, it is very possible for
individua households to present a certain degree of preference for a particular trave direction
due to various reasons (sector bias). The dternate to the uniform distribution in this case would
be some digtribution that alows a preferred direction to exist. This distribution was suggested
by Von Mises (1918). Since up to the stage we are assuming the uniformity of the distribution
of trave directions of the sampled households in an aggregate way, we will focus on using the
circular uniform digtribution for our Satistica tests.

2.3.2 Application of Trip Direction Andyss

Our first gtep isto generate the circular histogram for the collected trip data. ARCINFO was
used for thistask. An AML (ARCINFO Macro Language) program was written to aggregate
and generate the higograms in an automatic way (Figure 33). The trip directions are aggregated
into five degress intervals. The inner solid-line circle indicates the measurement of trip counts

in the five-degree interva is 0. The outer dashed-line cirde indicates the measurement of trip
countsis 5.



Figure 33. Circular Histogram of the Trips made on Different Days of the Week
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Circular Histogram of Friday trips
Circular Histogram of Saturday Trips

Circular Histogram of Sunday Trips

Note the circular hisograms show no significant trip clustersin a certain direction. And they are
sort of symmetrical. Based on the concept of center-based (home-based) activity spacein
behaviorad science, there would be apair of go and back trips for an activity to be performed at
some place other than home. There may be cases that multiple go-trips share one back-trip -- in



more forma words, they consgt of amultiple-purpose trip chain. We expect the mean direction
of the circular histograms to indicate directions of these mulltiple- purpose trips.

To get the mean direction of acircular histogram, we first compute:

. 2 . 2
R?2 = X2 +Y? :aa)_ (C” COSC])Q +(§G&a (C’ an)g
€1 g € a

Here, qisthemiddle of five degreeintervas (e.g. 0°-5° intervd, q is 2.5°). In the formula, we
refer adl anglesto the direction of north and measured the angles in a clockwise direction from
the north. C isthe count of tripsfal in theinterva. N isthe total number of trips occurring in
the circular histogram. If the n obsarvations of tripsfall in one direction interva, R will ben. If
there is no outstanding direction, the data will be salf-canceling and R will be 0. A more
formdized measure to reved the concentration of trip directionsis R/n -- the adjusted vaue of
R. If RIniscoseto 1, it suggests that the data are tightly concentrated on aong the line whose
orientation is estimated by

E(q) =tan*( X /Y)
To test againg the assumption of uniform circular digtribution, we used the Rayleigh test:
T=2R/n~c?%
Thec?, approximation is accurate for values of n equal to 100 or more. However, in our result,
we found the Rayleigh test is not sensible (due to the symmetry of the travel direction circular

histogram) and that the dternative to uniformity is non-unimoda distribution. The values of R's
are dl closeto zero, because of the opposite modes baancing each other.

Therefore, another test called the Gap test is adopted. The test does not assume the dternative to

uniformity isa set of directions so clustered about a Sngle mode and it dlows for the possihility
of amulti-modal distribution. In the Gap test, a series of observations are arranged in order.
Then the gaps are computed as the difference of the near-by observed directions (measured in
degrees). Suppose the n observations are arranged evenly around the circumference of acircle;
the gap between a pair of neighbors would be 360/n degrees. Based on thisidea, Rao (1969)

n
o)

G=3 |G, - 360/n|
i=1

suggested the test Satistic:

By referring to a gpecid table, we may find out whether one or more clustersin trip directions
occur in the circular histogram.
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Table 16. Gap Test Resultsof Circular Data

Monday |Tuesday |Wednesday |Thuesday |Friday Saturday |Sunday
trip counts 255 300 306 352 272 227 163
R 0.636 0.401 0.627 0.404 0.5811 0.59 0.652
theta 96 190 134 123 122 96 142
T 0.0031 0.001 0.0025 0.0009 0.0024 0.003 0.0052
G 295.295[ 263.599 277.411 284.09 289.71 269.37 283.06

Table 16 ligs our results. Note none of the R vaues are close to 1, which indicates no
ggnificant clugtersin trip directions for each day- of-the-week. The theta vaues (g) --mean
direction- vary across the week, with only the vaues of two weekdays sgnificantly close--
Thursday and Friday. We will need to refer to local activity Stesdistribution in order to explain
the variation and amilarity. None of the G vaues showed significance after referring to the
datidticd table. This means the didtribution of trip directions shows no significant preference
for aday period. Maybe further breakdown based on trip types would be needed for revealing
any obvious deviation from uniform digtribution. However, this requires more trip data. A one-
week sample is definitely not sufficient for the andyss.

2.3.3 Problem with Usng Trip Direction Andyss

To this point, we have overlooked the point that the travel behavior actualy starts from

scattered points over space rather than from a single point. Furthermore, peopl€es travel over
gpace typicdly follows the built road network within a certain region. This means we can not
describe the travd direction in a smple fashion like with acircular hiogram. Naturaly
occurring barriers or human built facilities may impose restrictions on the distance and direction
of possbletrave. Definitdy variation of travel direction should be consdered with other
variables together in order to revea asengble answer for what the variation of travel directions
rely meansto us. Fortunately, some techniques for relating circular data to other variables
exis. For example, Mardia (1976) and Johnson and Wehrly (1977) suggested the ideato relate
the distance traveled to the direction of travel using the relation of the linear form

Yi=zatbcos(q-y)

wherea, bandy are congants. Thistechnique could be used in our study to examine the
relationship of travel distance with travel direction associated with a particular travel purpose.

Furthermore, as what has been mentioned before, a general examination of the variation of
preferred travel direction across the week may not be able to give usingghtsinto the topic. Trips
and their orientations could be further examined based on trip types, the starts, or the time
interva within which they hgppened.
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3. DISCUSSION

Thisthes's dedlswith week period as a determinant of formation of travel activity patterns. The
results of this study are twofold.

3.1 Regularity and Variability in Trip Periodicity

Aswhat is supposed to be found, there exist considerable differencesin travel behavior between
weekdays and weekends. However, past researchers have ignored the difference between
Saturday and Sunday. Sunday is characterized with most (relative to other day-of-the-week)
depressed travel-activity intengty. But Saturday is not. Most time of Saturday is devoted to
relaxing or "cleantup" activities -- finish something that hasn't been done over the week.

Different from the research conclusion of Pas (1988), even weekday travel-activity behavior was
found dependent on day-of-the-week in this sudy. Among weekdays, when peopl€'s activities
seem pretty routinized because of work or study congtraints, the differences of travel-activity
patterns still exist. In Pas's paper (1988), only trip generation rate was consdered as a
comparison measure, which represents only one perspective of the peopl€e' s activity patterns.
This study examined the variation of travel behavior across the week not only from the aspect of
trip frequency, but aso from the aspects of trip duration and trip distance. Analysis of Section 2
shows thet the variability of activity patterns on weekdays mainly comes from the flexibility
associated with the noon, early afternoon or the evening time dot. Activities performed in these
time dots may be eat-out, shopping, socid or recreationd activities-- these activities are
typicaly less obligetory.

Asfor trip intengty, we found an asymmetrica bell curve existsin trip counts plot across the
week. It peaks on Thursday and fdls on the lowest point on Sunday. This indicates peopl€'s
activities are indeed influenced and shaped by a certain ingtitutiond period like week. As many
socid indtitutional rules are made based on the period, it affects people's decison making on
dlocation of time. Furthermore, the travel behavior of the former days may affect that of next
day-of-week. Inertiaexistsin change of peopl€e's activity intensity across the week.

Note Friday in our MONOVA andysis shows itsimportance in terms of peopl€e's allocation of
timeon travel. The phenomenon has never been reveded in prior research. Combined with the
research results derived from time series andysis part, we tend to attribute the increase of time
spent on travel to the increase of time spent on shopping and socid or recregtiond activities.

The time series andysis revealed the periodicity associated with each type of trip. A rhythmic
pattern (Shapcott and Steadman, 1978) for different types of trips was established. Most types of
trips are performed on a routine basi's across the week period-- at least once a day-- except
religious and dental or medicd trips. Some trips tend to be performed more frequently during a
day (such aswork trips, social-recreationa trips, or eat-out trips) than other types of trips (such
as return-home trips and shopping trips).
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Different from what we have assumed, the trip- direction-circular histogram is not exactly
symmetrical about any arbitrary diameter of the base circle. There exists a mean vector to
indicate the possible direction in which multi- purpose trips may have been undertaken. However,
sensble explanation for it needs to relate the direction preference to the locd activity Site
distribution and socio-demographic features. It isthe first chance that direction data can be
readily and accurately accessible to behavior and transportation researchers with the help of
GPS. The atempt made in this study has proved the application of circular satistics to travel
dataisfeasble. But more work needs to be done to make it ared worthy andysstoal in
activity-related research. The statement argued by Golledge (1997) in his book that the activity
gpaces of people living in cities tend to have acommon directiona biasis yet to be proved in this

study.

3.2 Defects that lie in GPS collected data

In the process of compiling and using data collected with the GPS-integrated device, we found
the data collection procedure and technique are yet to be sufficient to meet the up-to-date needs
of behavior and transportation research.

In the Lexington travel survey, travel data are collected in agenerd way in terms of the sampling
method used. Sampled households are spread evenly throughout the study area. And the sampled
people in the households evenly come from different age groups. But due to some reason, the
socio-demographic information associated with each sampled driver is not completely recorded,
which impedes us from continuing to relate the revealed travel pattern to various socio-
demographic factors.

In addition, the collected travel records are restricted to travels made with motorized vehicles.
Short trips made by bicycle or on foot are ignored and not recorded. Thisis dueto the fact that
the 9ze and weight of GPS-integrated device made individuas difficult to travel with them when
biking or waking. Power supply is aso a problem. Sometimes, the respondent smply forgot to
turn on the recording device and enter the trip datainto it. That causes usto lose sometrip
information. In cases where the trip is relatively short, the GPS module may not gain enough
timeto get apostiond fix for the record. What is recorded is just a bunch of useless information
and has to be discarded during the map-matching phase. About 97 percent of the GPS collected
tripsfindly got matched up in digita maps. 87 percent of the corrupted trips have distances less
than 0.16 kilometers. This means that alot of short trips were missed. Therefore, when using a
GPS-integrated device for collecting travel data, we fixed the problem of "human memory
mafunction”, but introduced " machine memory mafunction”. Furthermore, dthough more than
1800 trips are traced and recorded, when breaking trips into different trip types, the trip counts
are not datidticaly large for andysis.

Another problem with the data set is the classfication schemafor activities (Table2). The
classfication schemais easy to use for survey (sinceit isagenerd classfication) but not
necessarily good for research purpose. For example, amore detailed classfication schemeis
needed for researchers who are interested in time-budget sudies. It will be ablessing if future
travel surveys could adopt some standardized schemas and fits the trips made by the respondents
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into more detalled classes. Thisis essentid for making comparative studies possible and will
make researchers able to examine the data set in a more comprehensive way.

4. CONCLUSIONS

Concerning tempora aspects, movements to specific activity location is related to the frequency
and regularity with which an individua chooses to participate an activity. Regularly scheduled
activities, such as going to work and work lunch, are more likely to be made at a specific times.
While others are more likely to be made at intervening times. The mixture of various activities
made with different occurring frequencies, though forms patterns, appears cloudy and totally
unpredictable.

In the attempts to reved the determinants of variability of activity patterns, the earlier works by
Hanson (1982) and Pas (1984) have identified their association with socia- demographic and
gpatid or environment varigbles. Thelist of explanatory variables that potentidly have
influences on trave activitiesincludes age, maritd datus, gender, employment status, education
level, presence of young children, income, auto-ownership, residentid dengity and the location of
individua or household to potentid destinations, such as shopping centers, churches, gas
dtations, etc. However, none of these literatures addressed the role of week period in the daily
travel behavior. Kunert (1994) noticed the how various life-cycle groups show digtinctively
different profiles of trip-makings over the course of aweek. But he considered the socia
congtraint — week period only as atime frame for examining travel patternsingtead of asan
explanatory variable for them.

This study advanced our understanding of the unusua determinant (week period) of activity
pattern by a breskdown andysis of its influence on travel distance, frequency, distance,

direction, the type and tempora characteristics of activity pursued at an aggregate level. Kunert's
finding (1994) that there is tendency of increasing trip making from Monday through Friday and
relatively low trip making at the weekend was confirmed in Figure 5. As abonus, Thursday was
revealed with the highest trip intensity compared to other days of the week.

Another achievement of this study would be the evauation of anew travel data collection
method. It was the firgt attempt to utilize travel data collected based on GPS for travel behavior
andysis. GPS involved travel data collection method has its advantages in accuracy and
reliability. In addition, the overd| data post-processing procedure can be automated. Up to the
timethat LTS data was collected, the commercidly available GPS-integrated device was ill
bulky and unessy to carry individualy. Thisleadsto the fact that only travel by automobiles was
recorded in LTS data set, which potentialy underlies any conclusion based on this data set.
However, without losing generdity, the research conclusions derived in this sudy are vdid if we
limit its gpplicability to motorized travels only.

Future work of this study is extengve in terms of extent and scope. Thereisafileincluded in
LTS Data that identified some socio-demographic attributes of the households under study.
These data could be used in tandem with spatid and tempora information of the trips made for
andysis of the combined influence of socio-demographic factors, spatid and tempord variables
on peopl€ strave activity patterns. How to effectively incorporate spatialy-defined



opportunities, peopl€e' s expectation to the externa regimens (week period) and their socio-
demographic characterigtics into one research framework would be a difficult issue. Specificaly,
directiondity of trips made will be explored in more details. Its relationship with the distribution
of gpatid opportunities could be examined by identifying the potentia activity Steswithin the
study area using assistant data. A second perspective will be to evauate sandard network
modd s that define optimal routes for origin destination pairs and trip chains. Then the optimal
routes could be compared with trips actualy made by the sampled household. This will be
followed by an evauation (using Quadratic Assgnment Procedures) of which of the models
most closaly reproduce the actud data set. The first perspective will provide us some hard
information on the role of gpatia factors and tempord factorsin travel and on the extent of their
importance relaive to the socio-demographic varigbles in explaining trave-activity patterns. The
second perspective follows amodeing gpproach. It will be valuable for us to understand the
degree to which travelers are spatidly rationa or whether other criteria appear to be more
important in choosing routes for sngle and multi- purpose trips.
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6. Appendices
--- TRAVEL ROUTES RECORDED ON DAY S-OF-THE-WEEK

A. Travel Routes Made on Monday




B. Travel Routes Made On Tuesday
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C. Travel Routes Made on Wednesday
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D. Travel Routes Made on Thursday

\




E. Travel Routes Made on Friday
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F. Travel Routes Made on Saturday




G. Travel Routes Made on Sunday
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I ntroduction

Goals

A mgor god of Trangportation Science is to enhance the effectiveness of ITS services. Recently
anumber of traffic management centers have been developed capable of usng multimedia
investigation techniques to anadyze volumes and patterns of traffic flow. One areato which
atention is congtantly turning isthat related to traffic dynamics. While there are alarge number
of means for observing traffic, research on traffic flow theory has Hlill lacked that easly
accessible and highly accurate geocoded database as a support for building and testing
destination choice, traffic flow, and cyclica effectsin traffic dynamics. Part of the successful
implementation of traffic management centers depends on the adequacy and accuracy of their
information services. The more we know about the actual behavior of people not just in the
aggregate, but in terms of the many repetitive individua patternsthat are likely to be pursued by
households living in different parts of the city, the moreit islikely thet the effectiveness of

traffic management services will be enhanced. It is anticipated that our examination of the
dynamics of travel behavior as revealed in the GPS generated tracking of destination choices,
will further our knowledge of severd Hill unresearched questions on repetition behavior, path
sdection, multi-stop trips, cyclic travel patterns, and the relevance of single models for
predicting dally travel behavior.

Objectives

Our objectives are to complement and evauate knowledge gained from traditiond diary and
survey methods, by adding the effects of redl-time on-site data collection usng GPS and in-car
computer data entry. We also will try to recreate patterns of stops on single and multi-stop trips
and predict what routes may have been taken using correctional network based trip dlocation
models.

Behaviord Geographers are concerned with where people carry out various activities. where
they live, work, shop, use other services or find their recreation, and how people come to their
travel-related decisons. Traditionaly, consderable atention has been given to the sudy of
locationa and spatia choice aspects of human activities. It isrdatively easy to sudy the
locationd attributes attached to peopl€e’ s activities occurring in a spatid context in GIS. But what
isusudly overlooked isthe time label related to activities, which typicdly refersto aclock time



or caendar time.

Typicdly, the study of human activities may be gpproached from the perspective of a spatia-
tempora context. One innovative and well-known view is Hagerstrand' s time geography. This
approach shows that peopl€e’ s activities are described as trgjectories or paths defined within a
bounded region of time and space, from when and where an individua comesinto being (birth)
to the point when and where he or she ceasesto live. As a constrained environment, time and
gpace are insegparable from the intricacies of human behavior. However, using time and space as
an gpproach is contingent upon the other congraints that operate on individuas. For examplein
the study of the relationship between time and peopl€ s daily travel behavior, at the individua
leve, it is nearly impossible to extract useful information about the influence of time on peopl€'s
choice behavior, aout the observable redism of movements made by individuds. Human
decisions about travel seem to be random, non—optimal, and to a certain extent, non-periodic, in
atempora sense. Any appearance of intervening opportunities may shatter the seemingly
reasonable behavior pattern into pieces. Red world human behavior is different from the scaled-
down controlled environment intentionally formed in alab. Human behaviors are subject to
various physica, psychologica, socid, cultura, and other conditions.

However, It is possible for us to deve into human behavior patterns dong atime axisa an
aggregate level. Individud variations in the perception, conception, and measurement of space
and time, variations in capability congraints, coupling congraints and authority congtraints that
are encountered by individuas in an environment are sometimes accounted for by averaging.
Concerning the tempord aspects, activities of various types are related to the frequency and
regularity with which a particular socia group choosesto participate in a specified activity. The
possible form that such regularities might take are to a certain extent determined by the regiond
characterigtics of the study area, age composition of sdected socid groups, or the local socid-
cultural environment. Typicdly, trips for different purposes, such as work trips, socia and
recregtiond trips, or shopping trips, tend to exhibit quite contrasting time distributions.

Here, we would like to focus our study on variations of regularity of different kinds of trips
across aweek. Thistime scae, athough relatively coarser than hour times used by other
behaviora researchers, is sufficient to reved the underlying regiond travel behaviord pattern
and satisfy our needs of trying to identify the change of trip frequency during the period of a
week.

Resear ch Area and Data Collection Method

Research Area: The study area of thisresearch islocated a Lexington, central Kentucky. This
areaincludes two counties— Fayette and Jessamine counties - which encompass an area of
approximately 461 square miles with atotal population of gpproximately 350,000. Travel data
are collected using an automatic device that collected red-time sdf-reported travel-related
information aong with automatically recording GPS position information of the vehidesin use.
This new data collection method, compared to the gpproach of recal-interview or trave diary
that has been used alot in the past, has the advantage of accuracy. When datais entered in red-
time, the chance of omitting very short trips or rounding trips times are greatly reduced.

The participants for thistravel survey were recruited using a sample plan based on demographic



factors In addition to gender, the sampling objectives were satisfied with the following
categories.

Age 18 - 24 with no children

Age 18 - 24 with children.

Age 25 - 49 with no children

Age 25 - 49 with children

Age 50 - 64 with or without children.
Age 65+ with or without children.

During the recruitment process, efforts were made to assure some degree of geographic
distribution among the participants within Fayette and Jessamine county planning arees. The
adjusment was achieved by dtering the recruiting telephone caling patterns based on the posta
Zip code of households.

Resear ch Plan: Much research over the last two decades has paid attention to the study of
locational and spatia choice agpects of human activities. The development of Geographica
Information Systems (GIS) has provided an ability to produce geocoded spatial databases and
has consequently assisted in the determination of revant variables for destination choice. The
tempora sequencing of activities has also received increasing attention. Access to the GPS/in-car
computer data record from the Lexington study provides an opportunity to combine both real-
time data input with GPS locationd accuracy.

Typicaly the sudy of human activities can be approached from the perspective of a patid-
tempora context. Following the fundamenta ideas expressed in Hagerstrand's “Time
Geography” (1970, 1976) and those of his followers such as Lentorp (1978), and more recently
the works of Miller (1991, 1999), a spatio-tempora approach to the examination of people' s
activities should be able to focus on the correlation between daily trgectories. Various diary
surveys have concluded that on adally bass many activities are non-periodic, and destination
choices are difficult to rationdize. We plan in this study to use the GPS-based datafrom
Lexington to look in detall a the actud time paths of individuds, to determine to what extend
time-paths of individuas or groups can be best fit by Smple decison making models based on
criteria such as shortest path and least time. We aso plan to explicitly examine trip chains and
discover what regularity exigts both in the periodic occurrence of Smilar chains and the
sequences in which particular activities are performed.

Background

The past decades have seen a paradigm shift in transportation planning from the construction of
new infrastructure (supply) to the more effective management of travel (demand). Part of the
reason for this shift was the recognition that building new highways was only a temporary
measure to relieve movement problems such as congestion. The shift to travel demand
management as a sgnificant traffic control srategy has consolidated in the last decade. Both the
gpatid and the tempora dimensions of travel behavior are being examined and increasing
emphasis has been placed on flex-time working hours, telecommuting, and an increasing concern
with the in-car dynamic reception and use of Advanced Transportation Management and
Information Systems (ATMIS). These measures are designed to facilitate movement through



exiging systems by: a)) reducing travel demand through the suppression and sdective

eimination of trips; b.) targeting single occupant vehicles at pesk period commuting times, and
reducing traffic volume on key links in the period of peak vehicle flow; c.) reducing driver
frudration and stress dong with affecting traffic flow by providing timely in-car, en-route or pre-
travel information about hazards such as congestion, construction, or accidents; and d.)

examining in more detail the activity patterns of individuas and households to more completely
understand features such as the allocation of resources (e.g. vehicles) anong household

members, the timing of household activities, and the sgnificance of multipurpose and multi-stop
trips (trip chaining) in the episodic activity behavior of household members. In particular, the

latter trend has attempted to treat travel behavior in more redigtic terms: this hasrequired a
search both for new datathat is being produced either by survey and pand research, by travel
amulators, by new types of travel demand models (see Mahmassani, Hatcher, and Caplice, 1996;
Stopher, 1996a; Jones 1990; van Aerde, Hellinga, Baker, and Rakha, 1996), and in the future, by
GPS based in-car tracking systems.

Apart from working within the idea of constrained activity spaces, this research began
emphasizing behaviord changes or behaviora dynamics represented by human decison making
and choice behavior when confronted with changesin the travel environment. These changes
could vary from the process of switching between driving aone and carpooling to work, to the
more red-time adjustment of changing destinations, changing routes, substituting destinations,
changing the time scale a which activities are undertaken, deleting and ddlaying activitiesas a
response to information about changing travel environments, or delaying departure times. Other
travel behavior features that have come under investigation include trip chaining, scheduling of
activities over atime span rather than regtricting them to a single time, substituting out-of-home
for in-home activities (such as might be the case with two- person-working households who begin
dining out, instead of egting at home in the evenings), and an emphasis on household members
life cycle stages (Mahmassani and Herman, 1990; Stopher and Lee-Gossdlin, 1997; Gérling and
Hirtle, 1990; Jandlle, Klinkenberg, and Goodchild, 1998).

One of the characteridtics of the activity approach istheat it extendsinterest in what is going on
beyond the physica nature of the trip itsdf Individua cognitions (e.g., cognitive maps), persort
to-person and among-household relationships, and other coupling phenomena (e.g., working out
with afriend, sharing ridesto atrangt termind) as well as phenomena such as variability in path
selection criteriafor different trip purposes, dl come into play in the attempt to understand the
reasons behind movement. This detailed persona and smal group knowledge is often extremely
difficult to obtain and to code and process (Jandle et d. 1998; Goodchild, 1998). Nevertheless,
there is subgtantia evidence that the benefits associated with adopting the methods, the idess,
and the concerns of this generd behaviord approach appear to more than compensate for those
difficulties, particularly by giving increased knowledge of the nature and structure of decison

and choice processes of travelers. In the spirit of these new research directions, we propose the
andysis of in-car GPS and redl time computer data entry procedures as represented in a novel
data collection projects (The Lexington Project), with aview to searching for new ingghts about
household travel and the evauation of the GPS based methodology.

Driver Smulators and Computational Process Models
Asthe potentia for ATMIS to influence driver behavior and traffic conditionsin anetwork has



become more obvious, a number of research efforts have focused on examining the impacts of
real-time traffic condition information on dynamic driver behavior. Because few ATMIS systems
have been implemented in the red world, much research has concentrated on using computer-
based interactive smulation rather than working with red-time fidd sudies. Driver Smulaion
procedures differ from the more classic reveded preference sudies in that, while the former
require individuals to answer hypothetical questions about technologies they have yet to
experience, in adriver smulator subjects are given the opportunity to experience different traffic
or information scenarios such that their decision and choice processes are reveded by the
consequent actions they take. Those examining driver behavior under ATMIS conditionsin
recent years include Bonsall and Parry (1991), Ayland and Bright (1991), Koutsopoulos, L otan,
and Yang (1994), Chen and Mahmassani (1993), Vaughn, Abdd-Aty, Kitamura, and Jovanis
(1993), Adler, Recker and McNaly (19923, b, and 1993; and Hu, Rothery, and Mahmassani
(1992).

Adler et d. (19923, b, and 1993) have developed an interactive computer-based smulator named
FASTCARS. Its purpose is to gather data for estimating and cdibrating predictive modds of
driver behavior under conditions of red-time information. It was written in Turbo Pascal, and
designed to run on a 386-series PC running at least 33 megahertz and equipped with VGA
graphics and a voice adapter. The authors claim that it is not a pure driving Smulator, but rather
samulaesred-time travel decison-making conditions. It presents a series of posshble
environments tied to the experience that a subject has with the basic environment and studies
temporal and spatid factors such as perceptions of speed and volume, time lapse, network
familiarity, information acquisition, and travel goa specification and evaluation. The smulator
encompasses the entire driving process from pre-trip planning to arriva at the detination.
During the trip, players are required to make arange of choices, including specification of goals,
rerouting where necessary, changing lanes, and making decisions as to whether or not to use
gpecific information technologies, such asin-car guidance or advisory signage. Pre-trip planning
involves selection of departure time and initid route choice. In addition, travel objectives for
each trip must be specified. During post-trip debriefing, subjects evaduate their successin
mesting their pre-trip goals.

Resecarchersa MIT have adso developed an interactive Smulator to facilitate data collection and
cdibration of aroute choice modd. Their smulator uses fuzzy set theory, fuzzy control, and
approximate reasoning (Koutsopoul os, Polydoropoulou, and Ben Akiva, 1995) The moddl is
loosely based on a previous study of the dynamics of driver behavior under conditions of
provison of red-time information (IGOR: Interactive Guidance On Routes, Bonsdll and Parry,
1991). IGOR simulates en-route travel through a network and emulates an in-vehicle navigation
system to provide players with red-time route guidance so thet drivers compliance with
guidance advice can be evauated. The qudity of advice is manipulated, and the relationship
between advice quality and advice acceptance was determined. The Koutsopoulos et al. (1994)
model enhances the use of the interface, alows for modding different operating conditions,
improves the information provision capabilities avalable to the driver, and accounts for the
driving task. A graphic display shows a car moving through a network and information is
presented through a roadside display/broadcasting system as well as agraphicd in-vehicle
information window.



Chen and Mahmassani (1993) dso developed asimulator that integrates a traffic smulator
program and offers the cgpability for multiple driver participants (DY NASMART). Thismodds
pre-trip planning, entroute travel, and post-trip evauation. Pre-trip planning involves selection of
adeparture time and a path. At the selected departure time, players see a display of the network
with expected travel time for specific routes. An option is provided to dlow departure on time or
to dday thetrip. Theinitid route is selected at the time of departure. The explicit purpose behind
building this Smulator was to examine the behaviora processes underlying commuter decisions
on route diverdons including en-route and day-to-day departure time and route choices as
influenced by the provision of red-time traffic information. Three components are visualy
displayed by thissmulator in en-route conditions: a network illustrator, alegend window for
explaining color codings, and a red-time message display. Red-time updates of vehicle location
are provided and where turn decisions have to be made, thisinformation set is analyzed to
determine whether the current route will be continued or an dternate path sdlected. The emphasis
in the Texas smulator is on investigating day-to-day adjustments. It dlows manipulation of
departure times, offers a cgpability for real-time interaction with and among multiple driver
participants within a traffic network, and considers both system performance as influenced by
driver response to red-time traffic information and driver behavior asinfluenced by red-time
traffic information. The Texas Smulaor actudly smulates traffic conditions, for itsengineisa
traffic flow smulator and ATIS information generator that displays information congstent with
the processes actudly taking place in the smulated traffic systlem. This dynamic approach dlows
the researcher to investigate day-to-day evolution of individua decisions under different
information strategies. Thus driver learning behavior is dlowed; this provides alonger-term
dimengon to smulation of driver behavior than is possible with other models.

Using driver smulators then provides data that acts as a basis for the development of user
response modd s that in turn influence smulation assgnment tools and their evaluation of
network performance under conditions of rea-time information provision (Mahmassani, 1996).
Although currently state-of-the-art in terms of the types of information that can be obtained from
driver responses to changing redl-time traffic conditions, the various Smulation experiments are
not intended to totally replace actua field demongtrations and tests, but to provide informeation
on what conceivably may happen as different traffic condition and information flow parameters
are manipulated. Solving such issues are criticd to the further development of IVHS
technologies.

Adler et d. (1993) and Adler (1997) suggest that real-world implementation of ATMIS will
involve multiple media formats which are both auditory and visud aswell as varied message
contents, route guidance and traffic condition information, and information display formats.
Some information may be most suited to roadside posting and be passively avalableto dl
drivers even without appropriately modified in-car vehicle guidance systems. HAR, for example,
would be available to most drivers but would require active acquisition via advisory radio
sggnds. Thisin turn requires a deliberate effort by driversto tune to the advisory radio station.

Y et other information will be available only to a subset of driverswho will pay extrafor this
service but dso have to make an active decison as to when to acquireit. The cost of anin-
vehicle guidance system for generd consumption is still being explored and smulation
experiments are sill being undertaken to determine drivers willingness to both acquire and use
ATMIS of different complexity. The Adler, Recker and McNaly implementation of FASTCARS



(Freaway and Arterid Street Traffic Conflict Arousa and Resolution Simulator) was specificaly
designed to address this question.

Multiobjective travel planning has aso been examined using computationa process modeling
(CPM). For example, Gérling et al. (1994) and Kwan (1995) have presented related models
(SCHEDULER and GISICAS) that mode the scheduled trip behavior of household members
over specific time periods (eg., 24 hours). Unfortunately, their models have not fully explored
the problems of using an priori scheduled set of activities, which throughout the day are
influenced by changing traffic conditions such as congestion and travel delays, to explore how
theinitid priorities set on different trip purposes can result in adjustments such as rerouting,
activity deletion, activity delay, destination subgtitution, and activity rescheduling.

Simulation models such as those described above sill need to be evaluated against redl world
activities. Few have been able to do thiswell because of the lack of precision in available pand

or diary based data sets, where criticiams of the errors induced by sdlf report delays and recdl are
often mentioned as a prime limiting factor. For example, perhaps the most important part of

CPM isthe Sequencer module that fits together trip purpose, activity duration, activity sdience,
and feasble destinations. We expect that analyss of the GPS tracks of travel and destination
sdection in the Lexington data will contribute to obtaining information critical to the design of

such trip sequencing modules.

Choice Rulesand Strategies

Mahmassani (1996) has suggested that the behavior of repetitive traveersis guided by smple
heurigtic rategies and alimited set of menta choice rules. As such it has been necessary to
depart somewhat from the formd utility maximizing paradigm, replacing this rigid congraint

with the more flexible one that travelers act in aboundedly rational manner by searching for an
“acceptable’ outcome. In previous work, (Mahmassani and Chang, 1985, 1987) and in work by
Supernak (1992) evidence is gathered from psychologica and behaviord decision theory
literature to show thet boundedly rationa processes were more redistic and reliable predictors of
travel behavior than were predictions made on the basis of utility maximization. Mahmassani
(1996) suggests that the first strategy concerns the willingness of a commuter to change their
latest choice of route, departure time, or both, and that these choices are made conditiona on
each other.

A second st of influences concern the degree to which a potentid traveler is familiar with route
and traffic conditions, and the extent to which exogenous information is likely to be accepted.
Important concepts include the traveler’ s preferred arriva time at a destination which are known
to be dependent on attitudes towards risk as well as conditions in the workplace itsdf (eg.,
traffic volume, congestion, parking availability). The boundedly rationa character of the
decison processis operationdized viaa satisficing rule. This specifies that the user does not
change departure time if the schedule delay (on day 1) is within a user-pecified indifference
band or tolerance band. The limits of this tolerance band represent the earliest acceptable arriva
times. Information about trip delay and experienced congestion, influence the location of the
upper and lower limits of the indifference band.

Route selection requires another set of rules. As Gérling and Hirtle (1990) have indicated, many
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trips may be regarded and modeled as a sat of choicesin which loca decisions reating to route
switching or selection of route segments to complete atrip chain, may result in behaviorsthat are
other than globally optimd. For example, atraveler’s schedule on a particular day may involve a
trip to the workplace, atrip from workplace to another destination (e.g., lunch), areturn to work
trip, atrip to recreation or socid activities from work, atrip from recrestion/socid to shopping
and atrip from shopping to home in the evening. On different ssgments of such atrip’ criteria
for path sdection may change from minimizing time or distance to maximizing aesthetics,
maximizing use of freeway segments, or redtricting travel to arterid or local streets such that
ggndization at intersectionsis minimized. The result may be atrip thet is perfectly acceptable
and satisfactory for the traveler but which significantly exceeds traditiond time, cost or distance
minimization rules. We anticipate that we should be able to do data mining on the Lexington
materid to investigate this hypothes's.

In generd it is assumed that the purpose of providing exogenous information to travelersen
route is to help them optimize route sdlection and overdl to optimize system performance. But,
what if thisis not relevant for most habitud or repetitive trips? What then is the purpose of
ATMIS? Experimentation with different choice rules has only recently begun (e.g., Mahmassani,
1996). There appears to be consderable potentia, both in the use of driver smulators and the use
of Geographicd Information Systems (GIS) to explore how different decision rules, when
implemented, impact features such as departure time and path sdlection (see Golledge and
Egenhofer, 1998, for a selection of articles of these problems). Asthe traffic system evolves
throughout the day, travel plans developed prior to initial departure, may have to be modified or
dtered. These changes invariably are reated to the type, amount, time and rdiability of
information that can be accessed by the potentia traveler.

En-route decisons and Information Processing

Included among the tempora and spatia factors that are involved in en-route driver decision
making and information processing are those such as perception of gpeed, perception of traffic
volume, perception of time lgpse associated with completing segments of the designated route,
familiarity with the network through which travel takes place, the ease and rate of information
acquisition about the driving environment, travel god specification and destination choice,
evauation of the priority of the goas associated with a specific trip, knomedge of landmarks
and waypoints on and off a particular route, and perception of and familiarity with areas through
which aroute passes (including perceived safety, perceived areas to be traveled, and perceived
feasbility for destination substitution). These factors appear to be elemental to the decision
making processes of trip making, goa specification, route choice, information search, and
reaction to possible diverson. They dl lend themsdves to specification within experimentd
conditions and will be manipulated to produce participant reactions.

The information needed to dlow the previoudy specified decison-making processes to work
include knowledge of the location of the destination at which agod can be achieved, plus
informéation about afeasble set of possble dternative destination Stes; information that will
influence route segment selection and the overal configuration of the most satisfactory route for
achieving gods;, information about congestion and its gpplicability to different lanes dong which
traffic flows, and the availability of information technologies to provide input to each of these
decison making strategies. These information technologies can be embedded in ATMIS,



2
sgndization, and radio broadcagts. Both genera network information and individuaized
knowledge structures can be combined to provide the basic en-route scenarios that dlow an
individud to either conform to or change route selection criteria during atrip, or providesthe
opportunity for driver preferences for handling both network and traffic conditionsto be
expressed in the ongoing decision-making process. Since only observed trip purposes and
destinations are recorded in the Lexington data, there will be little direct contribution to this
segment of travel behavior modeling, but we will see if new indgghts may be generated that
would impact variable sdection for these purposes.

Over the years the California PATH indtitution sponsored a number of projects and a number of
investigators who have conducted research on activity patterns and travel behavior (Recker,
1995; Recker, Root, and McNally, 1983; Recker, McNally, and Root, 1985; McNally, 1997,
1998; McNadly and Recker, 1987; Wang, 1996). Currently there is little active work on tests of
the efficacy of tracking vehides and collecting in-car data as part of ongoing research on activity
patterns, although some studies have been proposed at UC Santa Barbara (Fohi, Curtin,
Goodchild, and Church, 1996), which relate to the use of GPS-based traveler informetion
systems. Other research includes that of Farrell, Barth, Galijan, and Sinko (1998) but the latter is
more concerned with GPS as an aid to INS than to providing data on recurring activity patterns.

M ethodology

It is possible to ddve into human behavior patterns dong atime axis a both an individuad and an
aggregate leve. Individud variations in the perception, cognition, and measurement of space and
time, and variationsin cgpability condraints, coupling congraints, and authority congtraints, may
be averaged to produce an aggregate congtraints picture when individuas are grouped in
different ways. Activity patterns are rdated to the frequency and regularity with which particular
socid groups choose to participate in those activities. A possible form that such regularities
might take isto a certain extent determined by the study areaitsdf, demographics of the loca
population, and the sociocultural environment. For different groups it appears that quite different
patterns of work, socid, recreational, and shopping trips occur (Jandlle et d 1998).

In this study we plan to focus on variations or regularity of different kinds of trips across a seven
day period. Thistime scae can reved the underlying locd patterns and help to identify changes
of trip frequency and episodic intervas of trip making over the weekly period.

Our methodology is a pioneer method of data collection compared to the diary recdl-interview
approached often used in data collected on travel behavior. It is suggested that the GPS and redl-
timein-car computer recording of travel purposes will have a consderable advantage in terms of
accuracy and should not suffer from misrecdl, deliberate or other forms of misstatements. In
particular, one of the mgor problemsin mary travel diary sudies is the omittance of very short
trips or the rounding of trip times to selected timeintervals. GPS recording can provide more
accurate locationd information and can tie it more precisaly into specific times.

Since time can effect people stravel choicesin different ways, thefirst step in our methodology
isto create an gpproximately complete set of activity choicesin order to evauate the potentia
influence of time on peopl€’ s actions. This provides the basic tempora framework of the
samplée s activity spaces. Thiswill dlow us to make comparisons say between the tempora
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pattern and activity structure on Thursday as compared to Friday, or Sunday as opposed to
Wednesday. The specific classes of activity in the Lexington dataincluded trips to pick up
passengers, work trips, return home trips, shopping, religion, drop off passengers, work related
business, trips to schooal, college, or university, eating out, socia or recreationd, medica or
dental, and other errands.

Comparing al possible combinations of two days in aweek with respect to household travel
behavior, may or may not yidd significant differences between the two patterns (e.g. maybe
Monday and Friday events will be correlated, while Sunday and Wednesday will not). Usng
multiple criterion measures such as the K-group multivariate andyss of variance (MANO VA)
and discriminate andlysis however can help determine if differences do exig.

Based on the days of the week the next step is to reformat the collected trip counts from the
Lexington travel survey datainto seven daily groups (Sunday through Saturday). Trip counts for
each day of the week will then be further divided based on different trip purposes or trip types as
dependent variables. Using the K-group MANOV A capability we can compare 13 different
variables smultaneoudy for each of the seven working days with anull hypotheses of no
sgnificant difference between the patterns produced on any given day. In other words, the null
hypothesis suggests there is no significant difference between peopl€' s activities across the seven
days of the week. While a number of travel diary sudies have given empirica evidence that trip
making varies sgnificantly on different days (e.g. Hanson and Huff, 1982, 1983, 19385, 1988;
Timmermans and Golledge, 1990), to our knowledge no statistical testing has been put forward
that explicitly measures the degree of coincidence of trips across such a seven day period. We
anticipate we will regject the null hypothesis and support the general hypothesis that people's
activities differ over the set of 13 trip variables and the seven week days.

Following this we will use discriminate analysis for describing magor differences among the
seven day groups previoudy used in the multiple andysis of variance. Using seven week days
and 13 trip purposes the number of possible discriminate functions is sSix. The coefficients for
each of the trip variables on the six discriminate functions will then be examined. The sructure
matrix will dso be examined to show the correlation between each discriminate function and
each of the origina trip purposes. Generdly it is assumed that grestest sability of the function
variable corrdaions found in the structure matrix exist in small or medium sized samples,
especidly when there are high or fairly high interrdations among the variables. Also the
correlations give adirect indication of which variables are most closdy digned with the
unobserved trait which the cononoca variables (discriminate function) represents. We will also
determine variable redundancy. A useful device for determining directiona differences among
the groups when two or more discriminate functions exigt isin to graph them in the discriminate
plane. In the horizontal direction, correspondents of the first discriminate function and latera
separation among the groups indicates how much they have been differentiated on the basis of
this function. The vertica dimension corresponds to the second discriminate function and tells
which groups are being differentiated in away unrelated to the way that they were separated on
the firgt discriminate function. We will use this grgphica display method to search for other
regularities among variables and groups. This should help us decide which trip purposes are
related to other trip purposes on which particular day or days of the week. This exploresthe basic
neture of multi-purpose or multi-stop trips, as well as giving ingghts on trip sequencing.



Findly, post-hoc procedures using Hotdling's T2 and univariate T tests will be undertaken. This
is doneto find out which groups and which varigbles are responsible for the overall association
found in the discriminate andyss. Hotdlling’s multivariate tests (T2) and univariate T-tests
determine which pair or groups differ sgnificantly on the set of trip varigbles. This should
highlight which days of the week are most smilar to each other and which trip purposes are most
frequently repeated on those days to cregate the patterns of amilarity.

A second problem will be to compare the trips made by individuas to those suggested by various
optimization network flow modes. At this stage we smply plan to use path selection modds
found in TRANSCAD and the expanded Arcinfo Network module. Basicdly the study area has
been geocoded and the network exists as a node-link database. Usng Arclnfo functionalities we
can determine distance and times from specific origins to given destinations in the geocoded
network, and compare them with the actua trips and tempord intervas between origin and
destination GPS-based recordings of locations. Although many conceptud criticisms have been
made of standard network flow optimization models, there have been very few opportunitiesto
compare the specific routes taken by real-world travel ers with those predicted by network
models.

To do mode comparisons, we plan to congtruct origin destination matrices for both actua and
different mode predictions and then, using an innovative Quadratic Assgnment Program (QAP)
thet is designed to determine which model most accurately reproduces the origind data, we
should be able to evauate the accuracy of each of the different modd types. The QAP method
(Hubert, Golledge, and Costanzo, 1982; Hubert and Golledge, 1981, 1982; Hubert and Schultz,
1976) takes asits critical operating factors an origind distance, amilarities, or correlation matrix
caculated on the redl data, and compares via a cross-product procedure the degree of
coincidence with amode-predicted database. Thisis done by cdculating an initid cross-product
datigtic, then randomly commuting the rows and columns of the model matrix to creste a
digtribution of possible outcomes. The procedure is distribution free and generatesits own
reference didtribution. The proportion of randomly commuted matrices that give better or worse
fits than the origina modd then define the significance leve of the measured association.

We may aso use Factor Analysis to examine the relations among the set of random variables
observed or counted or measured, which are associated with trips. In this case, we view the trips
recorded in the Lexington area as atrip group. Obvioudy, each trip made by a household will be
an ‘individua entity’ within this group. The random variables of the set to be analyzed

associated with trips may consst of any attributes on which the individud trips of the group
differ. With transportation problems, the random variables we are most concerned with are
probably trip time, trip length, and trip purpose. The contributing factors could betrip types, day
of week on which the trip happened, and so on.

Trave behavior istypicdly rdated to the movement of individuas from place to place, with the
emphass being upon the actuad quantitative changes that take place and the nature of the
locdlities concerned. One important aspect of trave trips as representations of people's
movements in atwo dimensond spaceis the physical direction of the movements. Once
information about the trips made by people has been recorded, inherently the change of direction
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of the trips are available to us. These kinds of data that get direction measurement involved are
usudly cdled circular data. When dedling with problems arisng with circular deta, we typicaly
use some relatively unusua gatistics.

For example, we know that one of inherent attributes about circular dataisits periodicity. Ina
circular world, smple arithmetic operations like addition do not work. Suppose we have one
direction, say 200 degrees from north; if we add 360 degreesto it, we are not getting 560, but
will return to the origind direction. This unusua form of addition can clearly cause problems,
especidly in the case where we have the individud trip orientation information of astudy area
and intend to collectively determine the local main traffic flow direction (the average of trip
orientation). A solution for this could be taking the vector means rather than using the traditiona
addition operation. For the Lexington travel data, the trip information has been collected within a
period of aweek. Depending on the trip types to which each trip belongs and day of week on
which the trip happened, trips may be long-distance or short-distance. By following trips and
breaking the trips at those main turning points, we may divide each trip into a set of vector
segments and then compute the mean orientation for the single trip. A very good representation
of the fina mean trip orientation data would be a circular histogram. Hopefully, we can show a
trip flow direction circular histogram for each day of the week and dynamicaly link them using
the Java media player. The fina result would be a vivid demondration of the variation of traffic
flow direction change in the Lexington area across a week.

A Case Study: Variationsin Travel by Days of the Week

Analytical Method used and Results

K-group Multivariate Analysis of Variance and Discriminant Analysis

Time might affect peopl€e strave choice in more then one way. An approximately complete set
of activity choice may be formed to evauate the potentia influence of time on peopl€' s activity
choice. The result derived will help us understand the tempord nature of activity spaces with
respect to the overdl mix of activities in which people participate. For instance, if we were
comparing peopl€' s activities on the two days of aweek, say, Thursday and Friday, we would
obtain amore detailed and informative breskdown of the differentia effects of time on people’'s
travel behavior if they were lit into its detailed types: pick up passenger, return home, work
place. etc. Comparing two days of aweek on totd trip counts made by a household might yield
no sgnificant difference; however, the multiple criterion measures mentioned above may make
such adifference,

Based on days of the week we reformatted the collected trip counts from the Lexington Travel
Survey Datainto groups—Monday, Tuesday Wednesday, Thursday Friday, Saturday and
Sunday. Trips counts for each day of the week were further divided based on different trip
purposes or trip types as dependent variables. Table one shows the trip types used. Because of
the limited number of trips recorded for trip types -9, 13, 14, 16, 17 and 18, they are not used as
dependent variables in this study. Withthe K group MANOV A capability provided by SPSS, we
compare the 7 groups on the remaining 13 dependent variables smultaneoudy. Our null
hypothesisfor MANOVA andysisis Ho: mMl=nP=nB8=nmd=nbd=n6=nv

(Population mean vectors are equal. Namely, there is no difference on people strave activities
across the week.)



Table 1. Activity types

Unknown

Pick Up Passenger

Drop Off Passenger
Work Place
Work-Related Business
School, College, University
Shopping

Other Errands

Eat Out

Socid or Recregtional

10 Medicd or Denta

11 Return Home

12 Rdigious Activities

13 Volunteer Work

14  Community Mestings

15 Other

16 To Day Care or Preschool
17 Go Along For The Ride
18 Work or School
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Table 2 givesthe multivariate F s from the SPSS MANQOVA run on the problem. Using 0.05 as
the criterion for rgection, the sgnificance of F indicates we should reject the null hypothesis and
conclude that peopl€ s activities differ overdl on the set of 13 trip variables.

Table2. Multivariate F'sfrom SPSSMANOVA

Multivariate Tests of Significance (S=6, M =3, N =390 1/2)
Test Name Vdue Approx. F Hypoth. DF Error DF Sg.of F

Rillas 15292 1.58530 78.00 4728.00 .001
Hotdlings 16251 1.62784 78.00 4688.00 .000
Wilks 85421 1.60697 78.00 4323.27 .001
Roys .08744

Next, we use Discriminant Analysis for describing major differences among the seven day-of-
week groupsin MANOVA. Aswe have k=7 groups and p=13 dependent variables, then the
number of possble discriminant functions is the minimum of p and (k-1), which is 6. After the
test procedure is performed for determining how many of the discriminant functions, only the
firg discriminant function remains. The coefficients for each of the trip variables of the Sx
discriminant functions are listed as follows:



Table 3: Standar dized Canonical Discriminant Function Coefficients
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Function

Activity 1 2 3 4 5 6
Pick-up passenger PURP1 114 389 | -.288 | .049 | -.227| -.392
Medical or Dental PURP10 | .307| .060 | .083 | .264| .466| .562
Return Home PURP11 | .007 | -.095| -.485]| -.816| -.391| .652
Religious Activities PURP12 | -.530| .699 | .150 | .164| .476| -.051
Other PURP15 | .140| -.249 | -.187 | .113| -.169| .274
Drop off Passenger PURP2 130 .317| .336|-.086| .052| .161
Workplace PURP3 595 -.098 | 444 | -.228| .325| -.348
Work-related Business | PURP4 | .283| .415]|-.108| .655| -.375| .033
School/College PURP5 | 259 .224| .037 | .053| .003 | -.070
Shopping PURP6 |-.057| .080 |-.013| .177| .231|-.237
Other Errands PURP7 1141 -.372| -520 | .268| .544 | -.293
Eat Out PURP8 168 | -.096 | .313| .119| -.058| .032
Social/Recr eational PURP9 |-.072|-.230| 459 | .304] -.166| .130

Ancther ussful table in discriminant andyss of MANOVA s the Structure Matrix, which shows
the correl ation between each discriminant function and each of the origina variable (in this case,

trip with specific purpose, e.g. PURPL).

Table4: Structure Matrix

Function
Activity 1 2 3 4 5 6
Workplace PURP3 | .635(*) 515 318 -.371 184 -.214
School/College PURP5 | .367(*) 246 -.128 -.117 024 .018
Religious Activities PURP12 | -.343| .614(*) .054 -.084 .360 197
Pick-up passenger PURP1 320 | .374(*) -.254 -103| -.165| -.366
Drop off Passenger PURP2 249 | .262(*) 121 -.175 110 113
Other Errands PURP7 221 | -.208| -.531(*) 148 449 -.130
Social/Recr eational PURP9 -062| -.217| .374(*) 216| -.188 154
Eat Out PURP8 207 -.058| .251(*) .064 014 071
Work-related Business | PURP4 344 .389 -.168| .518(*)| -.377 110
Return Home PURP11 247 252 -.323| -.465(*) | -.010 413
Shopping PURP6 .010 .010 -.205 094 | .309(*)| -.042
Medical or Dental PURP10 .308 .055 -.007 247 478 573(*)
Other PURP15 A37(  -.111 -.204 108 | -.069 ]| .402(*)

There are two methods for interpreting the discriminant functions:

1. Examinethe sandardized coefficients--- these are obtained by multiplying the raw
coefficient for each variable by the standard deviation for that variable,

3. Examine the discriminant function-variable corrdation (structure matrix).



Genedly, it is assumed that greater Sability of the correation exigsin smdl or-medium szed
samples, especidly when there are high or farly high interrelations among the variables. Also
the correlation gives adirect indication of which variables are most closely digned with the
unobserved trait which the canonicd variate (discriminant function) represents. Usudly, we use
the corrdlaion for substantive interpretation of the discriminant functions, but use the
coefficients to determine which of the variables are redundant given that others are in the sat.

When there are two or more discriminant functions, then a ussful device for determining
directiona differences among the groupsisto graph them in the discriminant plane. The
horizontal direction corresponds to the firgt discriminant function and thus latera separation
among the groups indicates how much they have been distinguished on this function. The
vertica dimension corresponds to the second discriminant function and thus vertical separation
tells us which groups are being distinguished in away unrelated to the way they were separated
on the firgt discriminant function. (Figure 1 shows the positions of Groups for Lexington'strave
survey datain the discriminant plane defined by Function 1 & 2 and function 1 & 3).

For interpreting the firgt discriminant function, as mentioned earlier, we use both the
Sandardized coefficients and the discriminant function-variable corrdaion. Examining Table 4
for the firg discriminant function, we see that it is primarily the two variables -- trip with PURP3
(work place) and trip with PURP5 (school, college, univerdty) that defines the function, with
PURP12 and PURP4 secondarily involved. Since the correlation for PURP12 is negétive, this
means that the groups that have higher PURPA2 trip counts scored lower on the first
discriminant.

Now, examining the standardized coefficients to determine which of the variables are redundant
given othersin the sat, we see that purpl2 and purp3 are not redundant (coefficients of -0.53 and
0.595 separatdly), but that purpl, purp6 and purp9 are redundant since their coefficients are close
to zero. Combined with the information from the coefficients and discriminant function-variable
correlation, we can say that the first discriminant function is characterized as work—school—
religious activity dominant. The three kinds of trips maximized the difference of people's

activities among the days of aweek. And on the other hand, we know that return home, shopping
and socid recregtion trips show not much variation within the period of one week. Note, from

the group centroids, it is on weekend people that live in Lexington area go to rdigious activities
and don’t go to work place or study place (school, college and university), which is obvious. We
may aso infer from the relative large positive coefficient of purplO that medical or dental trips

are typicaly made during weekdays but not on weekend.
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Post Hoc Procedures
Hotelling T2 sand Univariatet tests
After asgnificant overdl multivariate result one would like to know which groups and which
variables were responsible for that association, i.e., amore detailed breskdown. Pairwise
multivariate tests (T2's) and univariate t test are used to determine which pair of groups differs
ggnificantly on the set of trip variables. Here, we use aloose criterion, say, each at the .05 leve
for univariatet tests, to determine which kind of trips are contributing the significant pairwise
difference of peopl€ stravd pattern on two different days of the week. Some interesting results
are showed asfollows.

Pairwise activity comparison based on groups:

Thursday - Friday Not Significant
purpl pickup passenger Significant

Tuesday - Thursday Not Significant

Monday - Thursday Not Significant
purp4 work-reated business Significant

Thursday - Saturday Significant

purpl pickup passenger Sgnificant

purp3 work place Significant

purp4 work-reated business Significant
purp5 school, college, university Significant
purpll return home Significant

Saturday - Sunday Significant
purp? other errands Significant
purpl2 religious activities. Significant

Wednesday - Sunday Significant
purp3 work place Sgnificant
purpl0 medica or denta Significant
purpl2 religious activities Significant

Tueday - Saturday ~ Significant
purp3 work place. Sonificant
Monday - Tuesday Not Significant
Wednesday - Saturday Not Significant

purp3 work place Significant
purpl0 medical or dental Sgnificant
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Friday - Saturday Sgnificant
purp3 work place Sgnificant
purp? other errands  Significant
purpl2 rdigious activity Sgnificant

The mgjor difference between activities on weekdays and weekends is whether to make work-
trips. Work trips usualy go from home to a specific place then back on aregular basis, and
usudly they occur on five days per week.

It isworth noticing that peopl€ s activity-choice on Saturday and Sunday aso show contrasting
difference. Saturday time typicaly is devoted to errands compared to that of Sunday, while
Sunday’ s rdligious activity can be viewed in terms of routines. It ismore or less performed on a
weekly basis. Thusit iseasy for usto understand why the two points that represents Saturday
and Sunday on the discriminant plane are separated widely.

Ongoing Resear ch

Following this case study, we found that some of the household data in the Lexington study was
incomplete and thus we have to reduce the household set from 100 to about 80. Thisis ill a
ggnificant number. There dso gppears to be some problems with the digitized basemap; a
preliminary search through the CD-ROM obtained from DOT shows that only one of the two
counties was thoroughly geocoded. Thus, we will have to obtain an equivaent mapping of the
second county S0 that members of the activities of sample residing in that area can be fully taken
into congderation. It appears that we may aso have to obtain land- use maps and geocode the
locations of specific urban functions such as shopping centers, educationd ingtitutions, parks and
recregtiond areas, churches, and so on. This prdiminary session on evauating the cleanliness of
the dataset and transforming it to one that we can use will be followed by aMANOVA based
examination of the activity patterns, thus determining the nature of activity patterns for pecific
purposes on different days of the week. A second project will be to evaluate standard network
models that define optimal routes for origin destination pairs and trip chains and then compare
them with the trips actualy made by the sample members. Thiswill be followed by an
evauation (usng Quadratic Assignment Procedures) of which of the models most closaly
reproduce the actud dataset. A third project is to examine the daily and weekly tempora
sequencing of trips to define repetitive cycles. Two-dimensond (Spatid) Spectrd Andysiswill
be used. A fourth project will be to examine directiondity in trip making usng circular

datigics. We will examine the directiond relation between different trip types, aswel as
looking for different trip patterns for a given type on different weekdays.

Ultimately, we will focus on two aress; (1) adding afind touch to the consderable volume of
data on destination choice activity behavior as recongtructed in the past from whole or partia
week diaries, (2) evduating which of the set of prevailing optimizing network flow modds most
closdly represent the actud behavior of sample members. Thiswill provide us some hard
information on the degree to which travelers are spatidly rationa or whether other criteria
appear to be more important in choosing routes for sngle and multi- purpose trips.
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Introduction

Goals

A mgor god of Transportation Science is to enhance the effectiveness of ITS services. Recently
anumber of traffic management centers have been developed cgpable of usng multimedia
investigation techniques to analyze volumes and patterns of traffic flow. One areato which
atention is congantly turning isthat related to traffic dynamics. While there are alarge number
of means for observing traffic, research on traffic flow theory has fill lacked that essily
accessible and highly accurate geocoded database as a support for building and testing
degtination choice, traffic flow, and cyclica effectsin traffic dynamics. Part of the successful
implementation of traffic management centers depends on the adequacy and accuracy of thelr
information services. The more we know about the actua behavior of people not just in the
aggregate, but in terms of the many repetitive individud patterns that are likely to be pursued by
households living in different parts of the city, the moreit islikely thet the effectiveness of

traffic management services will be enhanced. 1t is anticipated that our examination of the
dynamics of travel behavior as reveded in the GPS generated tracking of destination choices,
will further our knowledge of severd Hill unresearched questions on repetition behavior, path
sdlection, multi-stop trips, cyclic travel patterns, and the relevance of single models for
predicting dally travel behavior.

Objectives

Our objectives are to complement and evauate knowledge gained from traditiond diary and
survey methods, by adding the effects of redl-time on-Site data collection usng GPS and in-car
computer data entry. We aso will try to recreate patterns of stops on single and multi-stop trips
and predict what routes may have been taken using correctiond network based trip alocation
models.

Behaviora Geographers are concerned with where people carry out various activities. where
they live, work, shop, use other services or find their recrestion, and how people come to their
travel-reated decisons. Traditionally, consderable attention has been given to the study of
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locational and speatia choice agpects of human activities. It is rdatively easy to study the
locationd attributes attached to peopl€e’ s activities occurring in a patid context in GIS. But what
isusudly overlooked isthe time label related to activities, which typicdly refersto aclock time
or caendar time.

Typicdly, the study of human activities may be gpproached from the perspective of a spatia-
tempora context. One innovative and well-known view is Hagerstrand' s time geography. This
approach shows that peopl€' s activities are described as trgjectories or paths defined within a
bounded region of time and space, from when and where an individua comesinto being (birth)
to the point when and where he or she ceasesto live. As a congtrained environment, time and
gpace are inseparable from the intricacies of human behavior. However, using time and space as
an gpproach is contingent upon the other condraints that operate on individuas. For examplein
the study of the reationship between time and people s daily travel behavior, at the individua
leve, it is nearly impossible to extract useful information about the influence of time on people's
choice behavior, aout the observable redism of movements made by individuds. Human
decisions about travel seem to be random, non—optimal, and to a certain extent, non-periodic, in
atempora sense. Any appearance of intervening opportunities may shatter the seemingly
reasonable behavior pattern into pieces. Red world human behavior is different from the scaed-
down controlled environment intentionaly formed in alab. Human behaviors are subject to
various physica, psychologica, socid, cultura, and other conditions.

However, It is possble for usto deve into human behavior patterns dong atime axis a an
aggregate level. Individua variaions in the perception, conception, and measurement of space
and time, variations in capability congraints, coupling congraints and authority congtraints that
are encountered by individuasin an environment are sometimes accounted for by averaging.
Concerning the tempora aspects, activities of various types are related to the frequency and
regularity with which a particular socia group choosesto participate in a specified activity. The
possible form that such regularities might take are to a certain extent determined by the regiond
characterigtics of the study area, age composition of sdected socid groups, or the local socid-
cultura environment. Typicaly, trips for different purposes, such aswork trips, socid and
recreationd trips, or shopping trips, tend to exhibit quite contrasting time digtributions.

Here, we would like to focus our study on variations of regularity of different kinds of trips
across aweek. Thistime scae, dthough relatively coarser than hour times used by other
behaviora researchers, is sufficient to reved the underlying regiond travel behaviord pattern
and satisfy our needs of trying to identify the change of trip frequency during the period of a
week.

Resear ch Area and Data Collection Method

Research Area: The study area of this research islocated a Lexington, central Kentucky. This
areaiincludes two counties— Fayette and Jessamine counties - which encompass an area of
goproximately 461 square miles with atota population of gpproximately 350,000. Travel data
are collected usng an autometic device that collected red-time sdf-reported travel-related
information aong with automatically recording GPS position information of the vehidesin use.
This new data collection method, compared to the approach of recal-interview or trave diary
that has been used alot in the past, has the advantage of accuracy. When datais entered in red-
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time, the chance of omitting very short trips or rounding trips times are greatly reduced.

The participants for this travel survey were recruited using a sample plan based on demographic
factors In addition to gender, the sampling objectives were satisfied with the following
categories.

Age 18 - 24 with no children

Age 18 - 24 with children.

Age 25 - 49 with no children

Age 25 - 49 with children

Age 50 - 64 with or without children.
Age 65+ with or without children.

During the recruitment process, efforts were made to assure some degree of geographic
digtribution among the participants within Fayette and Jessamine county planning aress. The
adjustment was achieved by dtering the recruiting telephone calling patterns based on the posta
zZip code of households.

Resear ch Plan: Much research over the last two decades has paid attention to the study of
locationa and spatia choice agpects of human activities. The development of Geographical
Information Systems (GIS) has provided an ability to produce geocoded spatial databases and
has consequently asssted in the determination of relevant variables for destination choice. The
tempora sequencing of activities has dso received increasing attention. Access to the GPS/in-car
computer data record from the Lexington study provides an opportunity to combine both real-
time data input with GPS locationd accuracy.

Typicdly the study of human activities can be approached from the perspective of a spatid-
tempora context. Following the fundamentd ideas expressed in Hagerdrand' s “Time
Geography” (1970, 1976) and those of his followers such as Lentorp (1978), and more recently
the works of Miller (1991, 1999), a spatio-tempora approach to the examination of people' s
activities should be able to focus on the correlation between daily trgjectories. Various diary
surveys have concluded that on adaily basis many activities are non-periodic, and destination
choices are difficult to rationdize. We plan in this sudy to use the GPS-based datafrom
Lexington to look in detall at the actua time peths of individuds, to determine to what extend
time-paths of individuas or groups can be best fit by Smple decison making models based on
criteria such as shortest path and least time. We aso plan to explicitly examine trip chains and
discover what regularity exists both in the periodic occurrence of smilar chains and the
sequencesin which particular activities are performed.

M ethodology

It is possible to delve into human behavior patterns dong atime axis a both an individua and an
aggregate leve. Individud variations in the perception, cognition, and measurement of space and
time, and variaions in capability congraints, coupling congraints, and authority constraints, may
be averaged to produce an aggregate constraints picture when individuas are grouped in
different ways. Activity petterns are related to the frequency and regularity with which particular
socid groups choose to participate in those activities. A possible form that such regularities
might take isto a certain extent determined by the study areaitsdf, demographics of the loca
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population, and the sociocultura environment. For different groups it appears that quite different
patterns of work, socid, recreationa, and shopping trips occur (Jandlle et a 1998).

In this study we plan to focus on variations or regularity of different kinds of trips across a seven
day period. Thistime scale can reved the underlying local patterns and help to identify changes
of trip frequency and episodic intervas of trip making over the weekly period.

Our methodology is a pioneer method of data collection compared to the diary recdl-interview
approached often used in data collected on travel behavior. It is suggested that the GPS and redl-
timein-car computer recording of travel purposes will have a considerable advantage in terms of
accuracy and should not suffer from misrecdl, ddliberate or other forms of misstatements. In
particular, one of the mgor problemsin many trave diary sudiesis the omittance of very short
trips or the rounding of trip times to selected timeintervals. GPS recording can provide more
accurate locationd information and can tie it more precisdy into specific times.

Since time can effect people stravel choicesin different ways, the first step in our methodology
isto create an gpproximately complete set of activity choicesin order to evauate the potentia
influence of time on peopl€ s actions. This provides the basic tempord framework of the
samplée' s activity spaces. Thiswill dlow us to make comparisons say between the tempora
pattern and activity structure on Thursday as compared to Friday, or Sunday as opposed to
Wednesday. The specific classes of activity in the Lexington data included trips to pick up
passengers, work trips, return home trips, shopping, religion, drop off passengers, work related
business, trips to schooal, college, or university, eating out, socia or recreationd, medica or
dentdl, and other errands.

Comparing dl possible combinations of two daysin aweek with respect to household travel
behavior, may or may not yield significant differences between the two patterns (e.g. maybe
Monday and Friday events will be corrdated, while Sunday and Wednesday will not). Using
multiple criterion measures such as the K-group multivariste andyss of variance (MANOVA)
and discriminate andlysis however can help determine if differences do exig.

Based on the days of the week the next step isto reformat the collected trip counts from the
Lexington travel survey datainto seven daily groups (Sunday through Saturday). Trip counts for
each day of the week will then be further divided based on different trip purposes or trip types as
dependent variables. Using the K-group MANOV A capability we can compare 13 different
variables smultaneoudy for each of the seven working days with a null hypotheses of no
sgnificant difference between the patterns produced on any given day. In other words, the null
hypothes's suggests there is no sgnificant difference between peopl€ s activities across the seven
days of the week. While anumber of travel diary studies have given empiricd evidence that trip
making varies Sgnificantly on different days (e.g. Hanson and Huff, 1982, 1983, 1985, 1988;
Timmermans and Golledge, 1990), to our knowledge no datistical testing has been put forward
that explicitly measures the degree of coincidence of trips across such a seven day period. We
anticipate we will rgject the null hypothesis and support the genera hypothesis that people's
activities differ over the set of 13 trip variables and the seven week days.

Following this we will use discriminate analysis for describing magor differences among the
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seven day groups previoudy used in the multiple analysis of variance. Using seven week days
and 13 trip purposes the number of possible discriminate functions is Six. The coefficients for
eech of the trip variables on the Six discriminate functions will then be examined. The structure
matrix will aso be examined to show the correlation between each discriminate function and
each of the origina trip purposes. Generdly it is assumed that grestest ability of the function
variable correations found in the sructure matrix exist in smal or medium szed samples,
especidly when there are high or fairly high interrdations among the variables. Also the
corrdations give adirect indication of which variables are most closely aigned with the
unobserved trait which the cononoca variables (discriminate function) represents. We will also
determine variable redundancy. A useful device for determining directiona differences among
the groups when two or more discriminate functions exist is in to graph them in the discriminate
plane. In the horizonta direction, correspondents of the first discriminate function and laterd
separation among the groups indicates how much they have been differentiated on the basis of
this function. The verticad dimension corresponds to the second discriminate function and tells
which groups are being differentiated in away unrelated to the way that they were separated on
the firgt discriminate function. We will use this grgphica display method to search for other
regularities among variables and groups. This should help us decide which trip purposes are
related to other trip purposes on which particular day or days of the week. This exploresthe basic
nature of multi-purpose or multi-stop trips, as wel as giving ingghts on trip sequendng.

2
Findly, post-hoc procedures using Hotelling's T and univariate T tests will be undertaken. This
is doneto find out which groups and which varigbles are responsible for the overall association

found in the discriminate andlyss. Hotelling's multivariate tests (T2) and univariate T-tests
determine which pair or groups differ sgnificantly on the set of trip varigbles. This should
highlight which days of the week are most Smilar to each other and which trip purposes are most
frequently repesated on those days to create the patterns of smilarity.

We will dso use Factor Andysis to examine the rdations among the set of random variables
observed or counted or measured, which are associated with trips. In this case, we view the trips
recorded in the Lexington area as a trip group. Obvioudy, each trip made by a household will be
an ‘individud entity’ within this group. The random variables of the st to be andyzed

asociated with trips may cong st of any atributes on which the individud trips of the group
differ. With transportation problems, the random variables we are most concerned with are
probably trip time, trip length, and trip purpose. The contributing factors could be trip types, day
of week on which the trip happened, and so on.

A Case Study: Variationsin Travel by Days of the Week

Analytical Method used and Results

K-group Multivariate Analysis of Variance and Discriminant Analysis

Time might affect people stravel choice in more then one way. An gpproximately complete set
of activity choice may be formed to evauate the potentia influence of time on people s activity
choice. The result derived will help us understand the tempord nature of activity spaces with
respect to the overdl mix of activities in which people participate. For instance, if we were
comparing peopl€e s activities on the two days of aweek, say, Thursday and Friday, we would
obtain amore detailed and informative breskdown of the differentid effects of time on people' s
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travel behavior if they were it into its detailed types. pick up passenger, return home, work
place. etc. Comparing two days of aweek on totd trip counts made by a household might yield
no sgnificant difference; however, the multiple criterion measures mentioned above may make
such adifference.

Based on days of the week we reformatted the collected trip counts from the Lexington Travel
Survey Datainto groups—Monday, Tuesday Wednesday, Thursday Friday, Saturday and
Sunday. Trips counts for each day of the week were further divided based on different trip
purposes or trip types as dependent variables. Table one shows the trip types used. Because of
the limited number of trips recorded for trip types -9, 13, 14, 16, 17 and 18, they are not used as
dependent variables in this study. With the K group MANOV A capability provided by SPSS, we
compare the 7 groups on the remaining 13 dependent variables smultaneoudy. Our null
hypothesisfor MANOVA andysisis Ho: mMl=nP=nB8=nd=nbd=n6=nv

(Population mean vectors are equa. Namely, thereis no difference on people strave activities
across the week.)

Table 1. Activity types
Unknown
Pick Up Passenger
Drop Off Passenger
Work Place
Work-Related Busness
School, College, University
Shopping
Other Errands
Eat Out
Social or Recregtiona
10 Medica or Dentd
11 Return Home
12 Rdigious Activities
13 Volunteer Work
14  Community Megtings
15 Other
16 To Day Care or Preschool
17 Go Along For The Ride
18 Work or School

QDOO\ICDU'I-h(}t.)l\)l—‘“'D

Table 2 gives the multivariaie F s fromthe SPSS MANOVA run on the problem. Using 0.05 as
the criterion for rgection, the sgnificance of F indicates we should reject the null hypothesis and
conclude that peoplé€ s activities differs overdl on the set of 13 trip variables.
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Table 2. Multivariate F'sfrom SPSSMANOVA

Multivariate Tests of Significance (S=6, M =3, N =390 1/2)
Test Name Vdue Approx. F Hypoth. DF Error DF Sg.of F

Rllais 15292 1.58530 78.00 4728.00 .001
Hotdlings 16251 1.62784 78.00 4688.00 .000
Wilks 85421 1.60697 78.00 4323.27 .001
Roys .08744

Next, we use Discriminant Analysis for describing mgjor differences among the seven day-of-
week groupsin MANOVA. Aswe have k=7 groups and p=13 dependent variables, then the
number of possble discriminant functions is the minimum of p and (k- 1), which is 6. After the
test procedure is performed for determining how many of the discriminant functions, only the
firg discriminant function remains. The coefficients for each of the trip variables of the Sx
discriminant functions are listed as follows:

Table 3: Standardized Canonical Discriminant Function Coefficients

Function

Activity 1 2 3 4 5 6
Pick-up passenger PURP1 114 .389 | -.288 | .049 | -.227| -.392
Medical or Dental PURP10 | .307| .060 | .083 | .264| .466| .562
Return Home PURP11 | .007 | -.095|-.485|-.816| -.391| .652
Religious Activities PURP12 | -.530| .699 | .150| .164| .476|-.051
Other PURP15 | .140 | -.249|-.187| .113| -.169| .274
Drop off Passenger PURP2 A130| .317| .336|-.086| .052| .161
Workplace PURP3 595|-.098 | 444 | -.228| .325]| -.348
Work-related Business | PURP4 | .283| .415|-.108 | .655| -.375| .033
School/College PURP5 | .259| .224| .037 | .053| .003| -.070
Shopping PURP6 | -.057| .080 |-.013| .177| .231|-.237
Other Errands PURP7 1141 -.372 | -520| .268| .544 | -.293
Eat Out PURPS 168 | -.096| .313| .119]| -.058| .032
Social/Recr eational PURPO | -.072|-.230| .459| .304]| -.166| .130

Another useful table in discriminant andyss of MANOVA is the Structure Matrix, which shows
the corrdation between each discriminant function and each of the origind varidble (in this case,
trip with specific purpose, e.g. PURPL).
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Function
Activity 1 2 3 4 5 6
Workplace PURP3 | .635(*) 515 318 -.371 184 -.214
School/College PURP5 | .367(*) 246 -.128 -.117 .024 .018
Religious Activities PURP12 | -.343| .614(*) .054 -.084 .360 197
Pick-up passenger PURP1 320 | .374(*) -.254 -.103| -.165| -.366
Drop off Passenger PURP2 249 .262(*) 121 -.175 110 113
Other Errands PURP7 221 | -.208| -.531(*) 148 449 -.130
Social/Recr eational PURP9 -062| -.217| .374(*) 216| -.188 154
Eat Out PURPS 207 | -.058| .251(*) .064 .014 071
Work-related Business | PURP4 344 .389 -.168| .518(*)| -.377 110
Return Home PURP11 247 252 -.323| -.465(*) | -.010 413
Shopping PURP6 .010 .010 -.205 094 | .309(*)| -.042
Medical or Dental PURP10 .308 .055 -.007 247 478 .573(*)
Other PURP15 A37] -111 -.204 108| -.069 | .402(*)

There are two methods for interpreting the discriminant functions:

1. Examinethe sandardized coefficients--- these are obtained by multiplying the raw
coefficient for each variable by the standard deviation for that variable.
2. Examinethe discriminant function-variable correlation (structure matrix).

Generdly, it is assumed that greeter stability of the correlation existsin smdl or-medium szed
samples, epecidly when there are high or fairly high interrelaions among the variables. Also
the corrdation gives adirect indication of which variables are most closdly digned with the
unobserved trait which the canonica variate (discriminant function) represents. Usudly, we use
the corrdlation for substantive interpretation of the discriminant functions, but use the
coefficients to determine which of the variables are redundant given that others are in the sat.

When there are two or more discriminant functions, then auseful device for determining
directiond differences among the groupsisto graph them in the discriminant plane. The
horizonta direction corresponds to the first discriminant function and thus lateral separation
among the groups indicates how much they have been digtinguished on this function. The
vertical dimension corresponds to the second discriminant function and thus vertica separation
tells us which groups are being distinguished in away unrelated to the way they were separated
on the firgt discriminant function. (Figure 1 shows the positions of Groups for Lexington’s travel
survey datain the discriminant plane defined by Function 1 & 2 and function 1 & 3).

For interpreting the firgt discriminant function, as mentioned earlier, we use both the
sandardized coefficients and the discriminant function-variable corrdaion. Examining Table 4
for the firgt discriminant function, we see that it is primarily the two variables -- trip with PURP3
(work place) and trip with PURPS (schooal, college, university) that defines the function, with
PURP12 and PURP4 secondarily involved. Since the correlation for PURP12 is negetive, this
means that the groups that have higher PURP12 trip counts scored lower on the first
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discriminant.

Now, examining the slandardized coefficients to determine which of the variables are redundant
given othersin the sat, we see that purpl12 and purp3 are not redundant (coefficients of -0.53 and
0.595 separately), but that purpl, purp6 and purp9 are redundant since their coefficients are close
to zero. Combined with the information from the coefficients and discriminant function-variable
correlation, we can say that the first discriminant function is characterized as work—school—
religious activity dominant. The three kinds of trips maximized the difference of people's

activities among the days of aweek. And on the other hand, we know that return home, shopping
and socid recrestion trips show not much variation within the period of one week. Note, from

the group centroids, it is at the weekend that people who live in the Lexington area go to

religious activities and don’'t go to work place or study place (school, college and university),
which is obvious. We may dso infer from the rative large postive coefficient of purpl0 that
medica or dentd trips are typically made during weekdays but not on weekend.
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Post Hoc Procedures
Hotelling T2 sand Univariatet tests
After aggnificant overdl multivariate result one would like to know which groups and which
variables were responsible for that association, i.e., amore detailed breskdown. Pairwise
multivariate tests (T2's) and univariate t test are used to determine which pair of groups differs
ggnificantly on the set of trip variables. Here, we use aloose criterion, say, each at the .05 level
for univariatet tests, to determine which kind of trips are contributing the significant pairwise
difference of peopl€ stravel pattern on two different days of the week. Some interesting results
are showed asfollows.

Pairwise activity comparison based on groups:

Thursday - Friday Not Significant
purpl pickup passenger Significant

Tuesday - Thursday Not Significant

Monday - Thursday Not Significant
purp4 work-related business Sgnificant

Thursday - Saturday Significant

purpl pickup passenger Significant

purp3 work place Significant

purp4 work-reated business Significant
purp5 school, college, university Significant
purpll return home Significant

Saturday - Sunday Significant
purp? other errands Significant
purpl2 religious activities. Significant

Wednesday - Sunday Significant
purp3 work place Sgnificant
purpl0 medica or denta Significant
purpl2 religious activities Significant

Tuesday - Saturday ~ Significant
purp3 work place. Sonificant

Monday - Tuesday Not Significant
Wednesday - Saturday Not Sgnificant
purp3 work place Significant

purpl0 medical or dental Sonificant

Friday - Saturday Sonificant
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purp3 work place Sonificant
purp? other errands  Significant
purpl2 religious activity Sgnificant

The mgor difference between activities on weekdays and weekends is whether to make work-
trips. Work trips usudly go from home to a specific place then back on aregular basis, and
usudly they occur on five days per week.

It isworth noticing that peoplée s activity-choice on Saturday and Sunday aso show contrasting
difference. Saturday time typicaly is devoted to errands compared to that of Sunday, while
Sunday’ s religious activity can be viewed in terms of routines. It is more or less performed on a
weekly bagis. Thusit is easy for usto understand why the two points that represents Saturday
and Sunday on the discriminant plane are separated widely.

Time Series Analysis

Application of time seriesanalysison the data

The original GPS recorded data were formulated to aformat suitable to time series andyss. The
sampling interva is chosen to be one hour. Therefore one whole week period is divided into a
series of consecutive hour intervas (168), starting from the midnight of the former weekend,
ending on the midnight of current weekend. The Dataiis composed of the hourly time label

within one week and the number of trips happened during that one-hour interva. We divided the
data based on trip purposes associated with a particular trip for the convenience of further
andyss. Intotd, there are eight trip types under consderation. They are Working trip, Eat-out
trip, College trip, Socid or recregtiond trip, Medica or dentd trips, Religious trips, Go-home
trip and Shopping trip. Unix Verson S-plusis used to perform the time series andysis task.

There are two generd approaches to anayzing time series. Oneisto use time domain methodsin
which the vaues of the process are used directly. The other isto use frequency domain methods.

Frequency methods investigate the periodic properties of the process. In this study, we used both
the two approaches to address a series of questions related to trip frequency, trip characteristics

of various trip types and schedule relationship between different trip types.

Asthefirst step, we use the extracted data to plot time series plots for each trip type presented
above. These plotslook like the traditiond bar plots. But whét is different is that the x axis we
saw now ison atempora scale of 168 hours rather than just a quantitative scae. By comparing
the amplitudes of the time series plots of the eight trip types, we may obtain an impression of the
relative intengty of their trip occurrences. Results show that among the eight trip types, Go-
home trip has the highest intengity then followed by work trips. Medica or denta trip and
religious trips happened least frequently on trip and go-work trips happened most frequently as
home and work place is the center of one person’s activity space. The two places are the two
maost important components in the spatia environment within which peopl€' s activities occur.
Go-work is more or less the daily routine performed, at least on weekdays. And Go-homertrip
must be the ending trip of atrip series with origin at home, no matter what trip typesthe trip
series gtart with and how the trip series are composed (Fig. 2).



121

Socid or recregtiond trips mainly occur during the early night (Figure 3). The highest pesk ina
week appearsat 5 o' clock on Friday, and secondarily as Saturday and Sunday noon pesks. If we
look at the trip distribution for each day, we may find that the tripcount distribution presents
reverse F distribution during weekdays (a little exception on Wednesday, which has two peaks).
Usually the biggest bulge appears a evening on weekdays, but on weekends the distribution

looks more like an F didtribution -- the biggest bulge appears at noon and decrease gradudly as
time goes. This change indicates the relaxed time schedule on weekends.

Autocorrelation

Autocorreation is an important tool for describing the tempora dependence structure of a
univariate time series. The max lag chosen for the eight trip typesis 35 hours. For dl these trip
types, there exists a 24-hour maximum pogitive autocorrdation in ther plots (Figure 4).
However, the degree of correlation varies with the change of trip types. For those trip types
performed more on adaily bass, like go-work, eat-out, go-home, socid or recreationa and
shopping activities, the 24-hour correlation is more obvious. For trip types performed more or
less sporadically, the feature of 24-hour autocorrelation is not obvious, like college, religious and
medicd or dentd trips. For college trips and medica or dentd trips, this 24-hour autocorrelation
islessthan 0.3. For religious trips, this 24-hour autocorrdation islessthan 0.1. Rdigioustrip
shows its second- maximum autocorrelation at a 2-hour lag, which may be explained with the
clustered religious activities on Sunday morning.

Cross-correlation between different trip types

Cross correlation is used in our research to study the mutua relationship between two different
types of trips. We ran the cross correlation function provided in S-plus for three activity-type
pairs - eat-out trips and go-to-work trips, socid or recreationa trips and shopping trips, return-
home trips and shopping trips. The results are shown in the following (Figure 5, 6 and 7).

The cross-correlation plot between eat-out trips and go-work trips (Figure 5) shows that eat-out
trips has the maximum correlation with go-work trips at -6 hour lag, which indicates that eat-out
trips typicdly lags behind go-work trips by 6 hours. These “working lunch” trips usualy occurs
at 1 or 2 0'clock in the afternoon.

Smilarly, the cross-corrdation plot between return-home trips and shopping trips (Figure 7)
shows no fixed schedule relationship between the two. Shopping behavior could happen ether
before return home trip or after it. Thisresult seemingly does not make sense & first glance.
However, congdering the flexibility associated with return-home activity and its extensive
relaionship with other types of activities, it is possble (possibly shopping is usudly part of a
multiple purpase trip or trip chain).

Spectral Analysis

In the last part, we used cross-correlation for sudying the relationship between different types of
trips. We got ardative vague picture of the “before’ or “after” relaions of them in terms of
schedule. But it doesn't tell us how their periodicity isrelated. We turned to spectral gpproach,
which is better able to separate short-term and periodic effects.



Figure 8 shows an example of our results. Note for every type of trips-- return-home, go
shopping, socid or recregtiond activities, go-to work, and eat-out, the frequency 1 (onetrip
made per day) iswithin the 95 percent confidence interva. They are performed at least once a
day. Work trips, compared to other types of trips, are sgnificant (falls within confidence
intervas) within more frequency dots-- 1, 2, 3, and 4. Eat-out trips are Sgnificant within dots 1,
3, and 4. Socid or recregtiond trips are sgnificant within dots 1, 2, and 3. However, return-
home trips and shopping trips are only significant at frequency 1. They are performed only once

aday.

When we examine the coherency plat, the results are not so exciting, as only the frequency of
1/day isastrong sgna common to al of the five trip types. The coherenceis high there and
coherence and phase are determined very precisely (Figure 8, 9, 10). At high frequencies thereis
little information, and coherence can not be fixed a al precisdy. For return-home trips and go
shopping trips, their frequencies do not even precisely couple at 1/day frequency (Figure 8).

Problem with using time seriesanalysis

The theory of time seriesis based on the assumption of second-order Stationarity after removing
any trend. Thus second moments are particularly important in practica analyss of time series. In
our time series decomposition plots, we saw the resdua components are not strictly stationary.

Thus it means the application of the auto-correlation, cross-correlation, and spectra andysison

our data may not be appropriate.

The second issue isthet if we would like to uncover the features of peopl€e’ s activities across the
week period using time series analysis, multiple samples of weekly activities should be needed.
Unfortunately, as funding for the Lexington travel survey project was limited, there were not
enough GPS-integrated devices and labors for sampling for a continuous period of more than one
week. The flaw detriments the credibility of our results.

Discussion and Conclusions

Regularitiesin Trip Periodicity

Aswhat is supposed to be found, there exist considerable differencesin travel behavior between
weekdays and weekends. However, past researchers have ignored the difference between
Saturday and Sunday. Sunday is characterized with most (relative to other day-of-the-week)
depressed travel-activity intendty. But Saturday is not. Mogt time of Saturday is devoted to
relaxing or “clean-up” activities -- finish something that hasn’'t been done over the week.

Even among weekdays, when peopl€' s activities seem pretty routinized because of work or study
congraints, such differences dso exis. The variability of activity pattern on weekdays mainly
comes from the flexibility associated with noon, early afternoon or evening time dot. Activities
performed in these time dots may be egt-out, shopping, socid or recreationa activities-- these
activities are typicdly less obligatory.

Asfor trip intengty, we found an asymmetrica bell curve exigtsin trip counts plot across the
week. It peaks on Thursday and falls on the lowest point on Sunday. This indicates peopl€'s
activities are indeed influenced and shaped by a certain indtitutiond period like the week As
many socid inditutiona rules are made based on the period, it affects peopl€' s decison making
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on dlocation of time. Furthermore, the travel behavior of the former days may affect that of next
day-of-week. Inertiaexists in change of people’s activity intensity across the week.

Note Friday in our MONOVA andysis shows its importance in terms of peopl€’ s dlocation of
time on travel. The phenomenon has never been reveded in former researches. Combined with
the research results derived from time series anadlysis part, we tend to attribute the increase of
time spent on travel to the increase of time spent on shopping and socid or recreationd
activities.

The time series analysis part revealed the periodicity associated with each type of trip. Mot
types of trips are performed on a routine basis across the week period-- at least once a day--
except religious and denta or medicd trips. Some trips tend to be performed more frequently
during aday (such aswork trips, socid-recreationd trips, or eat-out trips) than other types of
trips (such as return-home trips and shopping trips).

Defectsthat liein GPS collected data

In the process of compiling and using data collected with the GPS-integrated device, we found
the data collection procedure and technique are yet to be sufficient to meet the up-to-date needs
of behavior and transportation research.

In the Lexington travel survey, travel data are collected in agenerd way in terms of the sampling
method used. Sampled households are spread evenly throughout the study area. And the sampled
people in the househol ds evenly come from different age groups. But due to some reason, the
socio-demographic information associated with each sampled driver is not completely recorded,
which impedes us from continuing to relate the revealed travel pattern to various socio-
demographic factors.

In addition, the collected travel records are restricted to travels made with motorized vehicles.
Short trips made by bicycle or on foot are ignored and not recorded. Thisis due to the fact that
the sze and weight of GPS-integrated device made individuas difficult to trave with them when
biking or walking. Power supply is aso a problem.

Sometimes, the respondent smply forgot to turn on the recording device and enter the trip deta
into it. That causes usto lose some trip information too. In cases that the trip is rdatively short,
the GPS module may not gain enough time to get a positiond fix for the record. What is
recorded isjust a bunch of usdessinformation and has to be discarded during the map-matching
phase. About 97 percent of the GPS collected trips finally got matched up in digita maps. 87
percent of the corrupted trips have distances less than 0.16 kilometers. This meansthat alot of
short trips were missed. Therefore, when using a GPS-integrated device for collecting travel
data, we fixed the problem of “human memory mafunction”, but introduced “machine memory
malfunction”. Furthermore, athough more than 1800 trips are traced and recorded, when
breaking trips into different trip types, the trip counts are not statisticaly large for anayss.

Another problem with the dataset is the classification schemafor activities (Table 1). The
classfication schemais easy to use for survey (Snceit isagenerd classification) but not
necessarily good for research purpose. For example, amore detailed classfication schemeis



needed for researcherswho are interested in time-budget sudies. 1t will be ablessng if future
travel surveys could adopt some standardized schemas and fits the trips made by the respondents
into more detailed classes. Thisis essentia for making comparative studies possible and will

make researchers able to examine the dataset in a more comprehensive way.

Following this case study, we found that some of the household data in the Lexington study was
incomplete and thus we have to reduce the household set from 100 to about 80. Thisis ill a
sgnificant number. There dso gppears to be some problems with the digitized basemap; a
preliminary search through the CD-ROM obtained from DOT shows that only one of the two
counties was thoroughly geocoded. Thus, we will have to obtain an equivaent mapping of the
second county so that members of the activities of sample residing in that area can be fully taken
into congderation. It gppears that we may aso have to obtain land- use maps and geocode the
locations of specific urban functions such as shopping centers, educationd ingtitutions, parks and
recreationa areas, churches, and so on. This preliminary session on eva uating the cleanliness of
the dataset and transforming it to one that we can use will be followed by aMANOVA based
examination of the activity patterns, thus determining the nature of activity paiterns for specific
purposes on different days of the week. A second project will be to evauate standard network
modd s that define optimal routes for origin destination pairs and trip chains and then compare
them with the trips actudly made by the sample members. Thiswill be followed by an
evauation (usng Quadratic Assgnment Procedures) of which of the models most closely
reproduce the actual dataset. A third project isto examine the daily and weekly tempord
sequencing of trips to define repetitive cycles. Two-dimensond (Spatid) Spectrd Andysiswill
be usad. A fourth project will be to examine directiondity in trip making using circular

daigics. We will examine the directiona relation between different trip types, aswell as
looking for different trip patterns for a given type on different weekdays.

Ultimately, we will focus on two aress, (1) adding afina touch to the consderable volume of
data on destination choice activity behavior as recongructed in the past from whole or partid
week diaries, (2) evduating which of the set of prevailing optimizing network flow modds most
closaly represent the actua behavior of sample members. Thiswill provide us some hard
information on the degree to which travelers are atialy rationa or whether other criteria
appear to be more important in choosng routes for Sngle and multi- purpose trips.
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The Sex Factor in Weekly Travel Behavior

Research Report Draft By Janyu (Jack) Zhou

After we performed MONOVA and DISCRIMINANT analysis on the Lexington travel dataasa
whole without considering sex difference among the drivers in each household, we decided to

take the sex factor into our congderation. The problems that interest us are: does male and
femdes trave behavior follow asmilar pattern within a one-week period? Which kind of travel
activity dominates the weekly travel pattern of male or femae respondents?

The origind travel survey data on the Lexington CD was partitioned and compiled into two

parts. One part conssts of trips made by mae drivers only and the other part congsts of trips
made by female drivers only. For each set of compiled data, we repeet our previous andysis, i.e.,
we performed MONOVA and DISCRIMINANT on them respectively, and then the results were
graphicdly illustrated on the DISCRIMINANT planes.

Two kinds of errors were involved during the data complication process. One was that we have
the GPS trip information but the driver sex data are missing. The other isthat driver sex dataare
available but the driver actualy did not experience driving during the sampled period. Between
the two kinds of errors, error one brings more damage to our research conclusion. Asan
illustration, when compiling the travel distance data, we lost 523 data records because of error 1,
and 26 data records because of error I1. Finaly, the total number of trips made by male driver is
1567 and the total number of trips made by female driver is 1179. In tota, we have 2746 trips. In
comparison, before we partitioned the trip data, there are 3295 tripsin totd.

To our surprise, when the travel survey data are andyzed based on sex, no significant travel
behavior difference were found across the sample week period. None of the four multivariate
tests we performed shows significance beyond 5 % for trips made by male drivers and trips made
by femde drivers. Thisindicates that in generd the behavior of both mae drivers and femae
drivers (with or without passengersin the vehicle) is pretty consstent across the week period.

Asfor trave frequency, we found the main travel difference across the week for mae drivers
mosily comes from the Go-To-Work trip, with asignificance level of 0.026. But for femde
drivers the main difference mainly comes from the work-related business trip, with asgnificance
leve of only 0.006. This could imply the fact that the jobs performed by women in our sample
more or less requires business travel or in other words, their jobs sometimes need them to make
such trips. In terms of travel duration (travel time), we found the main travel difference for mae
amply comes from the socid or recregtiond traves, with asgnificance level of 0.028. But for
femae, the Stuation is totdly different. The main trave difference can only be atributed to
shopping trips and return-home trips, with a significance lever of 0.043 and 0.004 respectively.
In mogt families, maes play dominant rolesin bringing money to home. Socid or recregtiond
events are rare during the busy week but important to their travel pattern. In contrast, shopping
shows itsimportant role in women'stravel patterns. Many of the past researches also suggested
chained trips are often made by women. The chained trip could be a multipurpose trip made
when work is over, in most times with shopping as one of the ams. This may explain why the
ggnificance leve of return-home tripsis high too. In terms of travel distance, we didn't find any
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type of travel activities sgnificantly contributes to the overdl travel difference across the week
for both the mae and the femde. It indicates that the activity scopes of our respondents (either
mae or femde) are roughly smilar in magnitude for the thirteen types of travd activities

For further andys's, we used SPSS to find out the discriminant functions of our data. The week-
day groups centroids of the data were computed via the discriminant functions and plotted on the
DISCRIMINANT planes. The following diagrams (Figure 1 and Figure 2) indicate our results
for trips made by maes and trips made by femaeswhen only trip frequency is consdered. From
the diagrams, we can see that both the male and the femae have highest trip frequency on
Thursday. Females have nearly the same low trip frequency on Monday and on Friday. But
maes have a higher trip frequency on Monday then on Friday.

Figure 1.
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Figure 2.

Group Centroids of Trips Made by Women (Frequency)

& Group Centroids|
E-

Discrim Il

1

Discrim |

Figure 3 and Figure 4 indicate our results for trips made by maes and trips made by femaes

when travel timeis considered. We can see from the diagrams that both the mae and femde
travels more time than any other day- of-the-week.

Figure 3.
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Figure 4.

Group Centroids of Trips Made by Women (time)
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Figure 5 and Figure 6 indicate our results for trips made by maes and trips made by femaes
when travel distance is consdered. The diagrams show that femaes travel longer distances on
Thursday than any other day-of-the-week with Saturday averaging the next longest. But for
males, Tuesday shows more importance in travel distance. Saturday featured with no much
longer travel distance than Sunday.

Figure 5
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Figure 6

Group Centroids of Trips Made by Women (distance)
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2. Route Sdlection in Trave --- Shortest Path?

It is not a common practice for people to take the shortest path toward their destination. A loca
road network typicaly consgs of different types of roads. Highways or freeways, asthe
backbones of the local network, provide the most fast and efficient transportation routes for local
residents. In comparison, the loca mgor roads, though sometimes being pardld to the
highways, have more treffic lights along the routes. These traffic lights are potential impendence
for local resdents using them as part of their travel routes, particularly if there are no highway
dternatives. In the case that the destination is located on the other sde of a highway, part of the
highway may be used as part of the trave route. Here ahighway servestwo rolesin the local
region. Firgt it divides the locd region basicdly into two parts and serves as the boundary of the
loca sub-regions. Second it may be part of afast transport channel between two local sub-
regions it bisects. Thus when people who live in one sub-region want to travel to destinations
located in another sub-region, and there is no direct mgor road from the origin to the destination,
they usualy make a zigzag routing choice. Thet is, a the beginning travelers take the collector
road to get on the mgjor local roads, then follows part of the highway; after exiting the highway
they switch to the local mgor roads again, findly reaching the destinations using collectors.

Using the ARCVIEW network module to compute the shortest path between the origin and the
destination of a recorded path from the Lexington travel survey, the route chose by ARCVIEW
includes many local road segmentsin the travel route. Some of the road segments even belong to
the class of collectors. However, rea routes taken by the sampled households obvioudy put
emphasis on travel time. The roads of higher levels are used a a maximum aong the sampled
route. The number of intersections expected to be encountered along the route tends to be
minimized. Actudly ARCVIEW dso provides multiple options for customizing its shortest path
computation. It allows a user to add average speed information to each road segment in the road
network database. And aturn table could aso be added to provide the information about how
much time it is going to take to turn from one segment of road into another segment of road or if
some types of turns are prohibited at the intersection. The above additiona information could be

137



138
incorporated into shortest path computation in ARCVIEW to minimize the travel time rather
than travd distance. Unfortunately, our database includes information only on the road types and
speed limits. Therefore the distance is used as an optimization goa only when computing the
shortest path computation in ARCVIEW.

Thefollowing is one of afew typical examplesthat come from our research. Figure 7 shows a
return-home trip. The route taken by our respondent starts from Clays Mill near Merrimac and
ends a Hanniba near Clemens, asindicated by the blue lines. The red line shows the shortest
path route computed by ARCVIEW network module based on travel distance. Aswe can see
from the graph, the mgor difference between the real-life route and the shortest route is that redl-
life route takes the most of advantage out of the high levels of roads. The respondent took the
nearest path for getting to amain arteria of the loca road network and then traveled part of the
highway before findly getting on the main arteria leading to home. In contradt, the shortest path
didn’t use the highway, but traveled along way on collectors before turning into the main arterid
leading to the home.

Figure 7.

Hereis another example. Figure 8 shows a Go-to-School, College or Universty trip. Thetrip
garts from RockBridge near Tates Creek and ends at Tates Creek School. Again the blueline
indicates the redl route taken by our respondent and the red line indicates the shortest route
computed by ARCVIEW. In this case, our respondent didn’t exactly make the maximum use of
highway along his way to Tates Creek School, but only part of the north-south highway. In
contrast, the shortest route automeaticaly computed by ARCVIEW chose mostly the local
arterids and collectors.



Figure 8.

One thing that needs to be mentioned in our research isthat not every route recorded by GPS
exactly reflected the actua route taken by our respondents. The GPS modules used in the
Lexington Travel Survey do not have the built in smoothing function enabled. When the GPS
ggnds are temporarily lost become functiond again sometime later, the lost parts of the track
are smply replaced by aline connecting the last valid data point before sgnd loss and the newly
vaid data point after the sgna is back on. Figure 9 shows atypicd example of this case. Note
the segment indicated by the arrow line does't follow any redl road in the loca road network. It
issmply aline ssgment between the last vaid data point before the GPS signd islost and the
newly vaid data point right after the GPS signd is back on (indicated by the squares). Thisline
segment doesn't correspond to any part of the local road network.
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Figure 9.
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Decomposition of Trip Time Series
Decomposition plots of trip time series are generated from SPLUS, which show the
decomposition of atime seriesinto a cyclic component in addition to the residud (irregular
component). Activity trends are dso shown in these plots (top to bottom: Data, Trend, Seasond,
Irregular). Thiswill help usin finding the travel pattern associated with a particular trip type.
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Social or Recreational Trip Decomposition
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Spectral Analysis

We used cross-corrdation for studying the relationship between different types of trips. We got a
relative vague picture of the "before’ or "after” relations of them in terms of schedule from
correlation andysis of time series. But it doesn't tell us how the periodicities of different types of
activities are reated. We turned to spectra gpproach, which is better able to separate short-term
and periodic effects.

These diagrams are generated from SPLUS. The periodogram is conventionaly defined as the
modulus-squared of the discrete Fourier Transform. If the input time series contains periodic
structure, then the periodogram can be caculated for any frequency, and displays the presence of
asnusoid near one frequency vaue as a distinct peak in the spectrum. Coherency plots help us
to analyze if two different activity types being measured at the sampled interva have the same or
closdly related frequencies. We didn’t use phase spectrum in our andysis. It is abyproduct when
using SPLUS for spectrum analysis for time series data. It could be useful in other cases.
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Route Selection
The collected travel data was andyzed on the per-trip basis for route sdlection sudy. Thethin
linesin these diagrams indicate the actud route taken by the respondents. And the thick lines
represent the shortest path between the origin and destination computed by ARCVIEW network
andyss module. The arrows on the linesindicate the travel direction. One or two diagrams show
only thethin line. The resson is Smply that the shortest path computed by ARCVIEW isthe
same as the actud route traveled.
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Compilation of shopping trip series across the week: autocorrelation and
crosscorrelation

To compile the origind data for time series andys's, we divide a day-of-week into 24 one-hour
intervalsin anaturd way. Based on the start time of atrip, we dlocate it into the one-hour
intervals and accumulate the trip counts. Results were formulated into excdl tables for exporting
to other gatistica software to do further anadlysis. In the attachment is the shopping trip seriesin
the Excdl table format. Asindicated, the first column isthe label for the valid shopping trips
from 1 to 168 happened during the week. The second column shows the day of week on which
trips happened. The third column isthe ordered hour interva in the particular day of week. The
rightmost column indicates the number of trips thet falsinto the time interva.

The excd table was used to generate a diagram of the variations of shopping trip count across the
week directly using Excd program. Two types of such descriptive diagrams were generated: line
graph and bar graph. As a supplement, we exported the data into SPLUS too. An autocorrelation
diagram was aso generated from SPLUS, which help us to examine the periodic characterigtic of
the particular type of travel activity under study. For example, the autocorrelation diagram of
shopping trip time series clearly indicates the 24-hour positive corrdation and 12-hour negative
correlation among the trips.

Both SPSS and SPLUS were used to generate cross-correlation between different activity types.
In our paper, we decide to use SPLUS to support our conclusion since it dlows us more the
flexibility in generating the diagram. However, SPSS output aso has its advantage. As we can
see, the exact cross-correlation vaues and the standard error at each lag step are listed right
beside the cross-corrdation plot. We examine the spot where the maximum cross-correlation
pikes happen in the plot to identify the time relationship between different activity types.

Shopping trips

No.  day of week hour count
1 1 1 1
2 1 2 0
3 1 3 0
4 1 4 0
5 1 5 0
6 1 6 0
7 1 7 0
8 1 8 4
9 1 9 2
10 1 10 3
11 1 11 4
12 1 12 4
13 1 13 5
14 1 14 2
15 1 15 2
16 1 16 5
17 1 17 3



158

18
19
20
21

18

19

20

21

22
23
24

22

23

24

25

26

27

28

29

30

31

32

33

10
11
12
13

34

35

36

37

14
15
16
17
18
19
20
21

38

39

40

41

42

43

44

45

22
23
24

46

47

48

49

50

51

52

53

54

55

56

57

10
11
12
13

58

59

60

61

11

14
15

62

63



159

16
17
18
19
20
21

64

65

66

67

68

69

22
23
24

70

71

72

73

74

75

76

77

78

79

80

81

10
11
12
13

82

83

84

85

14
15
16
17
18
19
20
21

86

87

88

89

90

91

92

93

22
23
24

94

95

96

97

98

99
100
101
102
103
104
105
106
107
108
108

10
11
12
13



160

14
15
16
17
18
19
20
21

110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155

22
23
24

10
11
12
13

14
15
16
17
18
19
20
21

22
23
24

10
11



161

12
13
14
15
16
17
18
19
20
21

156
157
158
159
160
161
162
163
164
165
166
167
168

22
23
24

Return Home trips

count

hour

day of week

No.

10
11
12
13

10
11
12
13

14
15
16
17
18
19
20
21

14
15
16
17
18
19
20
21

14
15

13

11

12

22
23
24

22
23
24
25
26
27
28
29
30



162

31

32

33

10
11
12
13

34

35
36

12

10

37

10

14
15
16
17
18
19
20
21

38

39

40
41

13

42

43

11

44
45

46

22
23
24

47

48

49

50
51

52

53
54
55
56

57

10
11
12
13

58
59

60
61

14
15
16
17
18
19
20
21

62

63
64
65
66

12

13

10

10

67

16

68
69

22
23
24

70
71

72
73
74
75
76



163

77
78
79
80
81

10
11
12
13

82

83
84
85

10

14
15
16
17
18
19
20
21

86
87

22

14
19

88

89

90
91

92

93
94
95
96
97

22
23
24

13

98
99
100
101
102
103

104
105
106
107
108
109

10
11
12
13

14
15
16
17
18
19
20
21

110
111
112
113

13

13

114
115
116
117
118
119

22
23
24

120
121
122



164

123
124
125
126
127
128
129
130
131
132
133

10
11
12
13

14
15
16
17
18
19
20
21

134
135
136
137
138
139

12

10

140
141
142
143

10

22
23
24

144
145
146
147
148
149

150
151
152
153

10
11
12
13

154
155
156
157
158
159

10

14
15
16
17
18
19
20
21

160
161
162
163

12

14
11

164
165
166
167
168

22
23
24



CCF

MODEL :

HOME with SHOPPING

1.0

-1.0

20 -14 -8
47 11

Lag Number

MOD_2.

165

Confidence Limits

- Coefficient



Cross Correl ations: HOVE

Lag

1 1 1 1 1 1 1 1 1 1 1
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Pl ot

Tot a

Cross Stand.
Corr. Err.
-.070 . 082
-.132 . 082
-.313 . 082
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-. 466 . 081
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Shopping Trip Count per hour Through the week
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College trips
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Medical or Dental Trips

0
e EEEEN NS SN EEEEEEEEEEENEEEEEEENEEEEEEENENE

Hours sequence within one week

Religous Activities

0
=es N EESEEEEEEEEEEEEEEEENEEEEEEEEEEEEEEEER

hour sequence within one week

172



Return-home Trips
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Loss of short trips in GPS-recorded trip distance data

The difficulty we met in trying to apply multivariate anadlysis to trip distance detais thet the
GPS-recorded trip distance data are not complete. Due to GPS signd |oss under some
circumstance, the time that the data collection device needs to gain fix for GPS equipment and
occasiond sysem mafunction, alot of tripsin origind datafile do not contains enough vaid

GPS points to define their trip distance. Only 1984 out of 3266 trips have distance records. Most
of distance-missng tripsin our dataset typicaly are very short trips, as what the trip duration

time shows. In our andysis, wefill the distance-missing trips with distance 0. Since these trips
aretypicaly very short trips, we expect the analysis result won't be subject to big change even
with more accurate data.

hh id dvino  tripno gps dis map _dis drvrpurp strtdate  stopdate

002 01 001 0 o 7 10/3/96  10/3/96
002 01 002 0 o 7 10/6/96 10/6/96
002 01 003 0.2751 042 ©6 10/6/96 10/6/96
002 01 004 7.4174 701 7 10/7/96  10/7/96
002 01 005 1.7134 1755 7 10/7/96  10/7/96
002 01 006 8.3684 851 11 10/7/96  10/7/96
002 01 007 0 0O 9 10/7/96  10/7/96
002 01 008 0 o 7 10/7/96  10/7/96
002 01 009 1.7793 18 11 10/7/96  10/7/96
002 01 010 0 0O 9 10/8/96 10/8/96
002 01 011 0 0 11 10/8/96 10/8/96
002 01 012 0 o 7 10/8/96 10/8/96
002 01 013 0 0 11 10/8/96 10/8/96
002 01 014 0 O 8 10/8/96  10/9/96
002 01 015 0 o 7 10/9/96 10/9/96
002 01 016 0 o 7 10/9/96 10/9/96
002 01 017 0 0 11 10/9/96 10/9/96
002 01 018 0 0O 6 10/9/96 10/9/96
002 01 019 0 0 11 10/9/96  10/9/96
002 01 020 0 o 7 10/10/96 10/10/96
002 01 021 0 o 7 10/10/96 10/10/96
002 01 022 0 0 11 10/10/96 10/10/96
002 01 023 0 0O 9 10/10/96 10/10/96
002 01 024 0 0O 9 10/11/96 10/11/96
002 01 025 0 0O 9 10/11/96 10/11/96
002 01 026 0 0 11 10/11/96 10/11/96
002 01 027 0 o 7 10/12/96 10/12/96
002 01 028 0 o 7 10/12/96 10/12/96
002 01 029 0 0 11 10/12/96 10/12/96
002 02 001 0 0O -9 1/1/04 10/7/96
002 02 002 0 0 -9 10/14/96 10/14/96
003 01 001 0 0O -9 10/14/96 10/14/96
003 01 002 0 0O -9 1/1/04 10/20/96
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