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Using GPS technology in the collection of housdlicdvel data has been gaining
importance as the technology matures. This papeurdents recent developments in the
field of GPS travel surveying and ways in which GRS been incorporated into or even
replaced traditional household travel survey methadd details the development of a new
internet-based prompted recall survey.

A new household activity survey is presented whisbs automated data reduction
methods to determine activity and travel locatibased on a series of heuristics developed
from land-use data and travel characteristics. dlperithms are used in an internet-based
prompted recall survey which utilizes advancednmegr algorithms to reduce the burden
placed on survey respondents. The use of GPScdigation in place of traditional pen-
and-paper of telephone assisted surveys allowthéosurvey to focus on more important
and complex travel behavior questions, while autoygdhe collection of traditional travel-
pattern questions, such as routes used, locat@estad, start and end times, and others,
which have traditionally been somewhat difficultr fsurvey respondents to answer
accurately

The initial results of a small pilot study arealissed and potential areas of future
work are also presented. A small scale initiadigtinvolving five individuals showed that
the algorithms used can automatically determination, travel times, and route choice
with high accuracy while capturing additional triabehavior details, such as flexibility
measures and planning times that are not usuaityieal in travel surveys. Overall, studies
of this type should allow for easier, more accudsta collection, with a greater emphasis
on collecting more behavioral data in additiontt® tisual travel pattern information.



1. INTRODUCTION

As travel demand modeling techniques and methoo® gnore sophisticated and data
intensive there is a growing need for improved mdghof data collection. New activity-
based models tend to require data on the full igtikavel pattern of individuals and
such hard to collect information as planning tinaesl flexibility measures. As data
needs have increased, more sophisticated methoddataf collection have been
developed, represented at first by the shift froavel to activity diaries and continuing
on to the development of GPS enabled activity stinge The use of GPS data
collection has many advantages over traditionalesing methods. GPS surveys allow
for a more exact representation of spatial and tealpdata than respondents can
typically provide and have been shown to correghificant trip underreporting errors
associated with pen and paper or phone-basedtg&iviveys (Battelle 1997, Wolf et al.
2004). Finally, by reducing the respondent burtteaugh the use of automated activity
type, location, timing and travel mode identificatiroutines, GPS-based prompted recall
surveys allow a larger number of more complex qoestto be asked for a potentially
longer duration.

This study attempts to build upon the survey tegives used in the past to determine
activity-travel attributes. This work presents tesign of a GPS-based prompted recall
survey, which is implemented on a web server. Whb-based program allows survey
participants to upload collected GPS data at tlesure and generates an interactive
prompted recall survey based on the uploaded dataveys of this type have the ability
to capture a higher percentage of trips made hyishaals with potentially more accurate
timing attributes since the survey does not dependthe recall of the individual.
Additionally, GPS-based activity surveys have tlagligonal benefit of allowing full
tracking of the routes selected by the individuat fravel, information that was
previously unattainable in a timely and efficienammer. This paper first describes
previous efforts in the field of GPS-based survgyincluding using GPS to provide trip
rate corrections to activity diary surveys andrafits to completely replace the activity
diary. The data reduction routines, including dateaning and location finding
algorithms are then presented. Finally the devata of a prompted recall survey
which incorporates machine learning algorithms ®duce respondent burden is
documented.

2. PREVIOUSWORK IN GPSSURVEYING

The use of GPS data in activity and travel survgysa relatively new practice, made
possible through improvements in the technologsifiesnd the demand for more accurate
travel data. The use of GPS data began with asefidemonstration studies designed to
prove the ability to use GPS for identifying adyviravel patterns, and has branched out
to several more advanced applications in travelesung. The growth in the use of GPS
in household travel surveys has been enabled bycaoneurrent growth of the GPS
technology and its capabilities, especially theeased accuracy gained by the removal
of Selective Availability (SA) which added error titee broadcast GPS signal, as well as



developments in GPS receiver and battery technoldgyoverview of the capabilities of

the GPS system for use in transportation can bedfau Wolf (2004) and Stopher et al.

(2006). Currently, most GPS surveys are conduttdegrovide trip rate corrections to

traditional activity diary surveys. However, waskbeing done on using GPS to monitor
changes in overall travel patterns, develop passttwity-travel diaries, and to generate
interactive prompted recall activity-travel surveyBrevious work in these various fields
is discussed in the following section.

2.1 Using GPSto Supplement Household Travel Surveys

GPS data collection has been used in transportatioweying for a relatively short
amount of time. Initially, GPS data collection wased mostly to provide corrections for
trip rates obtained from traditional household &agurveys or to demonstrate the
feasibility of doing so. One of the first studigfsthis type was a proof of concept study
which supplemented the Lexington, Kentucky MPO’sigehold travel survey (Battelle
1997, Murakami and Wagner 1999). Successive sarvaye tended to improve on
some of the methodology, for example, using petssed tracking (Draijer et al. 2000),
using a follow up prompted recall survey to detemmiactors causing trip underreporting
(Wolf et al. 2004) or modeling the influences behinp underreporting (Zmud and Wolf
2003, Forest and Pearson 2005, Bricka and Bhat)20®8&évances such as these have led
to a more complete picture of travel behavior tigtodhe ability to capture all travel
modes, and have led to more appropriate surveyguleby identifying causes of
underreporting.

2.2 Replacing the Traditional Activity Diary with GPS Data Collection

Beyond using the GPS survey data to simply cothectesults of a traditional household
travel survey, there has been some effort to dpv@lBS based surveys to completely
replace the household travel survey. One of thiiesaexamples of an attempt to replace
the travel survey with passive data collection wasducted on a sample of passively
collected GPS traces for 30 participants in Atlar@orgia (Wolf 2000, Wolf et al.
2001). Other studies have attempted to build enptiocess of diary reconstruction, by
attempting to automatically identify trip purposasyvel modes or other travel attributes.
A long-term passively collected set of GPS tracesnf Sweden has been used to
automatically identify various travel attributeacluding trip purposes and estimates of
non-vehicle travel (Schonfelder et al. 2002, Axteaust al. 2004). Similarly, Srinivasan
et al. (2006) also developed an automated procefiuraletermining the basic trip
attributes from passive GPS data streams. FinglGowen and McNally (2007) also
developed an activity purpose model based on laedand individual/household socio-
demographic data. This model used classificatimhragression trees to predict activity
type from the GPS data streams for highly disagapee@ctivity types. Work has also
been done on automatically identifying travel mqdesially based on similar heuristic
rules as in Srinivasan et al. (2006) and others.



2.3 Prompted Recall Activity Surveying

An alternative to using either electronic traveartgs with GPS, or using completely
passive data collection with post-processing, isade passive data collection with some
type of follow-up survey. This is usually referremlas a prompted-recall survey, since
the passively collected GPS data is used to genardepiction of the trips and activities
the individual pursued in order to remind the indual and prompt further responses. A
variety of different prompted-recall surveys haeei conducted, both vehicle-based and
person-based which have used many different prowppstrategies. The use of
prompted-recall surveying has the advantage of requiring any respondent
participation during the trip, while also being @l capture very detailed information
about many aspects of travel and activity partiogmawhich can not be automatically
deduced. Prompted recall surveys are generallyatuthe respondent’s convenience
sometime after the data collection has been urkkrta A proof-of-concept study for
prompted-recall surveying was undertaken by Bacdhale(2001). This work used
passively collected vehicle-based GPS data to teaskmple of 10 households over a
period of 2 or 3 days. Stopher et al. (2002) gdsdormed a small pilot study using
prompted recall survey methods with automated/matrigaidentification. Much like
the previous study the daily travel patterns waspldyed on maps, but in addition, the
travel patterns were also displayed sequentiallyaimabular format, with unknown
attributes left blank for the respondents to filltoincluding the participants, trip
purposes, travel costs, location names, etc. &$fgondents also validated the identified
activities and added any stops that were missedsinflar method was used in the
prompted recall portion of the Kansas City GPS wt{\lolf et al. 2004). Proposals for
other display types for the travel prompts and uBsons of the potential strengths and
weaknesses of each type were discussed by Doltesity(2001) and Lee-Gosselin et al.
(2006), and the use of combined spatial and tenhgdsplays was recommended.

A significant development over the initial promptestall GPS studies was the move to
internet-based surveys. As mentioned above, nioteoearly prompted recall studies
involved creating maps or other displays, then imgilback to the respondents for
completion, which could involve significant delagad therefore a potential loss of the
respondent’s ability to recall the travel patteatcsurately. Therefore, work by Marca
(2002), Stopher and Collins (2005), Lee-Gosselial €2006), and Li and Shalaby (2008)
have been performed on using prompted recall singeyver the internet. All of these
studies are designed to take place over the iftesoethat in each case the individual
would perform their daily activities and the datauld later be transferred to a central
server for analysis; either by direct uploadinglef data removed from the device after
the survey is complete as in the survey by Sto@met Collins (2005), or through
continuous wireless communication as in Lee-Gasslial. (2006). In both cases, the
data is processed to identify the activities amstirom the raw GPS data stream and the
recall survey is built using the identified actyiravel episodes. A discussion of data
processing techniques for person-based GPS stcdiebe found in Lee-Gosselin et al.
(2006) and in a later section of this paper orpitagposed GPS survey.



3. GPSDATA PREPARATION ALGORITHMS

In developing a new GPS-based prompted recall stadyethod for reducing the log
data into a meaningful form was first needed. T™aga preparation routines were
designed to utilize GPS traces extracted from spallable GPS tracking devices. The
data preparation routine uses new algorithms tanctbe data, analyzes it to determine
activity locations, and validates the results wdflreries to the user. Since the study
tracks users continuously and through all traveldes) several data cleaning and
analyzing routines were created to overcome chgdiemposed by this sort of data. This
is especially true when attempting to distinguishlking travel from walking at an
activity location. The survey attempts to corrdéot this through the use of built
environment data and travel episode attributes. r@duce the raw GPS data to
meaningful activity locations, a three stage preces used by the program which
includes data cleaning, location finding and userification. The first two stages take
place with no user intervention as the data isagdal to the program. The third stage is
interactive with the user.

3.1 Initial Data Cleaning

The first step in determining activity locationstés clean up the initial data. This stage
involves removing obviously incorrect points, calid®y the well-noted urban canyon
issues, signal loss, and signal straying. To clepnthe data, two error-checking
algorithms were developed. The first routine cgctbrough all the GPS points and
evaluates the satellite fix characteristics, sushnamber of satellites and horizontal
dilution of precision, as well as the travel sp@éedemove obviously incorrect entries.
For each point, the distance and time betweendtthe previous point is calculated. If
the speed calculated using these distance and rtigesures exceeds an upper limit
threshold, currently set to 160 km/hr, then thenpas eliminated and the next point is
evaluated using the last valid point. This routateninates a common source of error,
when the tracker strays during a travel episodduoing a short duration activity.

3.2 Activity Location Aggregation Routine

Another significant challenge faced in using GR&és to determine activity locations is
in aggregating the recorded points to determineatiteal activity locations. As opposed
to many past GPS tracking studies, which were dworig with in-vehicle units or with
units that could not receive signals inside butdimhere locations were assumed at
points where the signal was lost, this study traeksrs through all travel modes and
often captures traces from inside buildings as showFigure 1. For this reason, the
locations could not be inferred from signal lossnegl A routine was therefore created to
identify activity stops from the GPS data stream.



Figure 1. Example of GPStrace around an activity location

The basic clustering algorithm used in the studfaidy straightforward. The algorithm
cycles through all of the cleaned GPS points, ahdnna point is found where the travel
speed is lower than a predefined low-speed thrdsltak flagged for further analysis to
determine if it is a part of an activity locatiofihe basic location identification procedure
sets a current point in the GPS data stream andh&=sathrough all subsequent points
until the distance between the points exceed alioid distance. If the individual was
within the threshold distance for at least thethodd amount of time then the average of
the points is used as the activity location. Hoavetf the distance threshold is exceeded
before the time threshold, or if any of the poexseed the low-speed threshold, then no
activity is identified and the next point in thetalatream is checked. The basic routine
works for identifying many locations, but as thace in Figure 1 shows, walking in the
parking lot is indistinguishable from walking tcetlactivity, if the walk mode was used.
Therefore, when the walk mode is used, as is dftencase in dense urban areas, the
routine has a hard time distinguishing betweenttaeel and activity episodes. This is
not an issue for most activities in suburban avelasre distances between activities tend
to be large and the car mode is predominantly usdéalwever, when activity spaces are
very large another issue arises; one large actvatylook like multiple small activities to
the algorithm. An example of this issue is shoWigure 2. In this figure, one activity
shown in the graphic on the left portion of theufig occupies a space roughly the same
size as the entire tour of activities shown onright. In situations such as these, many
sub-activities would be identified in the pattetrown on the left, while in actuality it
represents one related activity. It is not de$rdb question survey respondents about
locations within the same activity. For this reasoimprovements were made to the
routine to reduce the number of invalid activities.

First, it was observed that differences in urbarmfcan have a great impact on the
average size of activity locations. In order to tbe distance and time thresholds in a
meaningful manner, several rules were developeddbas assumptions about activity
spaces. The first assumption is that activity spaare constrained by the block size of
the area in which the activity is taking place. efidfore an average street block size
measure for the area is used, which is defineti@sotal street length in the Census Tract
divided by the number of intersections. This gigeseasure of the average block size in



which activities are taking place. This measuraugmented with measures of the
population and employment densities. The populatiensity further constrains the
activity space due to the observation that actilogations tend to be smaller in denser
environments. The block size and densities arebamed into one measure of activity
space through a regression equation which modelavhrage Census Block size within
the tract, so that a smaller street block sizengpleyment density or a higher population
density leads to a smaller distance threshold. félh@wving equation was estimated with
an R value of 0.86 to define the average activity spsize for the Census Tract:

JD = -7452+ 2105 =, )-0.0390F + 0.0431(E @

Where:
D = Average block size in Census Tract (ify m
Lroad = Sum of roadway length in Census Tract (in m)
Nint = Number of intersections in Census Tract
P = Population density (in persons per’km
E = Employment density (in employees per’km
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The final rules used to set the location searabstiwlds for distance and time involve the
travel mode as distinguished by the travel speddvo modes are defined in the
algorithm, slow (less than 16 km/hr) and fast (o%ér km/hr), based on the highest
expected likely pedestrian travel speed. Dependmthe mode chosen the distance and
time thresholds are varied.

After running through the cleaning and locationdfilg algorithms, the results in the
form of activity locations and travel episodes st@red in a database on the web server
tagged to the individual participant. These resalte then used to build a prompted
recall activity survey for the participants to cdetp in order to gather more information
on the full activity-travel context of the individl



3.3 Initial Location Identification Algorithm Performance

To evaluate the current algorithm, a pilot test wasinvolving 5 individuals using GPS
data loggers for an average of 8 days each. Ttaelagger recorded the location, speed,
distance and time information every 5 seconds whiedevice had a satellite fix. The
GPS data was downloaded by the survey participamdsrun through a program which
output activity patterns using the processing algors described above. The pilot test
produced a total of 220 activity observations. €ach observation day, the participants
were asked to observe each activity location idiedtiby the program and determine if
they represented actual activity locations. Aft@rds, the participants were asked to
enter the number of activities that the progranseds The numbers of valid, invalid and
missed activities were then later used to evaldlge performance of the algorithm.
During the course of the pilot study only 5 actest were identified as missed by the
participants, while 28 of the 220 identified adi®$ were marked as invalid. Comments
made by the individuals seemed to indicate thamntissed activities were generally due
to failure of the device to acquire a signal. Téeall of the initial survey test was found
by dividing the valid identified activities by thietal valid activities, which gave a recall
of over 97%. Additionally, with only 28 invalid tcities the algorithm had a precision
of 87% which appears to be an acceptable numleemnat requiring too much processing
by the individual to correct the activity-traveltgn. Based on the initial pilot test, the
algorithm appears to successfully minimize the nemmdf extraneous activity locations
while simultaneously capturing almost all of théuat activities.

4. GPS SURVEY DESIGN

After the development of the activity and travelsege identification algorithm was
completed, the routines were incorporated intonéernet-based prompted recall survey.
As mentioned before, a prompted recall survey caoethihe ease of use of passive data
collection efforts with the detailed data on adyivand travel attributes captured from a
follow-up survey. The prompted recall survey ipexsally important for collecting
information on attributes which are not automatjcalentified, such as participants in an
activity, planning horizons, schedule flexibilityeasures, and many of the underlying
reasons for decision making. However, much oftbek done on automated travel diary
creation is useful for reducing the number of goest needed in the survey, so many of
these routines are incorporated into the overalmmted recall survey design. The
following survey is designed in ASP.NET and JavgBand utilizes the Google Maps
API. Data is uploaded through the internet surseég and stored on a server. The
following section describes the various componehtde internet based survey design.

4.1 Activity and Travel Verification by Participants

An important component of the survey is the veaificn of the automatically identified
activity and travel locations by the survey papaoits themselves. Although the current
algorithm performs very well in identifying the adty locations, with approximately
97% accuracy and 87% precision in pilot tests,elze still some errors associated with



signal losses due to signal acquisition delays ser werror, bad satellite fixes and
occasional failures of the location finding algbnit. Therefore it is important to allow
the users to both remove activities which did nctually occur and to add activities
which where missed for any of the above reasonponlploading of the GPS logger
data and completion of the automated data reductiotine, a display like that shown in
Figure 3 is generated using the Google Maps API.
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onfim This Trip/A

[ confirm This TripActivity |

Figure 3. Activity-Travel User Confirmation with Map and Timeline

The activity locations and travel routes storedhim participant’s database are drawn on
the map and the users are then asked to confimanoove each episode. This interface
presents a familiar display to many users and meigdly fairly easy and intuitive to use.
The map display allows the user to drag the agtipins to correct errors with the
calculated location and also to correct errors @ased with the identified start and end
times. The map display is also linked to a timelihsplay. The use of a map linked to a
timeline gives the users a more complete spatiobeatpicture of their activity pattern
and allows for simpler correction of the scheduk, correcting locations on the map and
start and end times on the timeline.

4.3 Surveying Activity and Travel Attributes

After the verification stage is completed, the attitravel survey is started. The survey
consists of a series of questions concerning edttabutes of the activity episode, or for
travel episodes questions about mode and routeehdgcisions. The questions are
paired with a map display similar to that showninigithe confirmation portion of the

survey, except that in this stage only the actigityravel episode in question is shown on



the display to jog the individual's memory of tlegtisode. The questions are divided into
four basic groups for activities and two for traegisodes. The questions for activity
episodes involve either the activity type, indivadli participating in the activity, the
location of the activity and the timing of the adty. For travel episodes the travel route
is displayed in the map window and questions reggreither mode choice or route
choice decisions are asked.

One of the major underlying goals behind the stigdyp capture the underlying process
and dynamics of activity patterns. For this reas@my of the questions asked relate to
decision timing, i.e. when the attribute was plahnenderlying reasons for making
decisions as in the location selection and modé&frahoice questions, or flexibility
variables relating to individual participation, fimg or location decisions. These values
are fundamental to modeling efforts which attemptdescribe the actual cognitive
processes underlying activity-travel decision mgkiDoherty et al. 2004). Furthermore,
running the survey over long durations allows desions of how these processes may
change over time or in different contexts.

The first set of questions regarding the actiwyet and activity participants are shown in
Figure 4. The individual first selects the typeactivity (or multiple types in the case of
multi-purpose stops) from a list of standard atgivypes. Currently, only the purpose
for the out-of-home activities is captured in theavey, while in home activities are

simply listed as “At Home”. In addition, the indiwal selects a planning time horizon
for this activity, which is when the decision todemtake this activity was made. The
individual can choose from a variety of impulsigepre-planned time horizons as well as
“Routine” and “Unknown” options. If the activitype was chosen as “At Home” then
the remaining questions about the activity are igdo For all other activities, the “who

with”, location and timing questions are also asked

For the “who with” questions, the respondent sslebe number of involved persons,
their relation to the respondent and the interpgakdlexibility associated with the
activity, i.e. whether the participation of othevas required or not. Location choice is
another important component of the survey. Thdviddals are asked how many
locations are generally available to them for pemniog this activity, the reason for
choosing the selected location as well as the jpignmorizon for the location decision if
it is different from the timing of the participatiodecision, (e.g. | need to go shopping
tomorrow, vs. | need to go shopping tomorrow at \Malt). Finally, some questions
about the timing decisions surrounding the actiaity asked. The planning horizon for
the timing is selected in the same manner as ferldbation decision, again if it is
different than the participation decision plannihgrizon (e.g. | will go shopping
tomorrow vs. | will go shopping tomorrow at noorAdditionally, general flexibilities of
the start and end times are selected. So for atdbute of the activity some basic
descriptors are collected and then planning horawh flexibility values are input which
should further improve understanding of the undeglyactivity-travel pattern creation
process.
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0 WEC o TR del = my uestions about activity tvpe:
e ] sateme T ombra ]| | @ v
= e | 2.
0 ol 3y 1l What is the activity tvpe?
| AtHome v |

When did vou decide to PARIICIPA'[E in this activity?
| Just prior to the activity ¥

Any additional comments aboout the activity type?
i |

Questions about Who with:

Did vou participate alone or with others?
© Alone

O With Others

How many others were involved?
|‘1

Figured4. Activity Attribute Questions

The preceding discussion relates to survey questisked about the attributes of the
activities that the respondent engaged in. Howat/és also desired to capture some of
the decision processes that lead to mode and ahatiee decisions, which is possible
through the use of GPS data collection in a way ties rarely been possible in
traditional surveys. Because the exact route tletravel time and distance traveled is
known for each trip, it is relatively straightforvdato display this information to the
individual on a map and question them about thesaets that lead to the given
outcome. In the current survey, for each trip tdexl in the validation stage, the mode
and route choice questions shown in Figure 5 akeda®f the respondents. The
individuals choose the planning times and undeglyieasons for both the mode and
route choice decisions. These results, when cdupléh activity type, flexibility
measures, and other process data, can help tefutiderstand mode and route choice
behaviors in the full activity travel context oktimdividual.

[Elpilapar [ " Questions about ROUTE CHOICE:
e ==
= '31 Parkk—— When did you decide to take this

When the activi lanned
When the destination was selectad
When the mode was selected

A Just before leaving

B Some time prior to leaving

g Routine

Don't know [ remember

O ¥es (if so skip to the end)

| () No

. Burbank- A
EI¥ Bridasview I

Figure5. Route choice decison-making questions
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This section, combined with the previous data praj@an section, has described the
processes of creating a fully-automated promptedlireliary from data colleted using
GPS data loggers. However, running the survey escribed without any further
modification would still involve fairly significantespondent burden. In fact, during the
pilot study, respondents identified many areas whwere felt to be especially
burdensome. It was felt that these shortcomingddcmhibit the use of the survey for
longer term data collection. The next section dbss some techniques used to address
these shortcomings.

5. REDUCING RESPONDENT BURDEN THROUGH LEARNING

In order to further reduce the burden placed owvesurespondents to enable longer
duration surveys, the frequency and type of questmsked of participants needs to be
significantly reduced. Some routines have beeneldped to accomplish this, as
discussed previously, by automatically detectinmeattribute which would negate the
need for questioning the individual. Examplesladse routines include automated trip
purpose detection (Wolf 2000) and mode identifaati(Tsui and Shalaby 2006).
However, these procedures are less applicable fost rother attributes which are
required from the current survey. It is not obwptor example, how planning horizons,
decision variables and other attributes such asived persons could be derived from the
GPS/GIS data alone. Therefore, a learning appraacmeeded, which utilizes
information already collected in the survey to depepatterns which can predict the
various activity-travel attributes. This sectiorsalisses some background in machine
learning and some ways in which it has been appfiddavel pattern prediction as well
as propositions for using it to help reduce sumespondent burden.

In data mining and machine learning related woekchnhiques for learning sequences,
referred to as sequential associative mining, haeen extensively studied since the
original associative mining and later sequentiahing techniques were introduced
(Agrawal et al. 1993, Agrawal et al. 1995). Id&nhg patterns in traditional associative
mining relies on multiple training sets for itsypiary constraint support. With associative
sequence mining, there is a similar dependencywtpie training sequences.

One of the few examples of using learned pattermeduce respondent burden within an
actual survey occurs within the ANNE survey devebbpy Marca et al. (2002). In the
initial development of the survey, answers to prasiactivity-location questions were
stored and later used for future activity locatibm&stimate likely activity types based on
either the distance and time difference from cuiyelabeled points, or later to develop
an activity-type probability distribution over thgurvey area. This allowed likely
responses to be suggested to the user and alssugigssted for use in what the authors
termed “focused questions”, where users are orkedasbout activity locations which
are not known with high probability. Currently teeare no activity-travel surveys which
utilize data mining techniques in the survey depglent that the author’s are aware of.
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In GPS-based prompted recall surveys, understarnidengontext of a traveler and being
able to predict their likely next step can be usedelp reduce participant burden in the
form of data entry requirements. Depending ongbals and participant willingness,
there are two different ways these predictive m®delld be applied: auto population or
selective querying.

For question auto population, the predictive madelild be applied and questions about
activity or travel could be pre-populated basedtenuser’s prior history to be confirmed
or changed by the participant. Consider a scenahiere a five minute stop on the way
to the train station was identified in the GPS ddtdahe participant’s prior activity-travel
pattern showed they occasionally stopped in thtsition for coffee, this information
could be used to auto populate the activity type, énd time flexibility, and the likely
planning horizon for the activity without the paipiant needing to enter it manually. For
longer term surveys, this type of predictive modalild be incorporated to reduce the
number of questions asked in a selective queryiragjegly. Two possible approaches
would be high confidence elimination or key eveunerying. The principle behind high
confidence elimination is to eliminate any questiamere the confidence that the answer
is known is over a certain threshold. An alten&tio this more suited for longer term
surveys would be to only ask about activities @vét that are unusual compared to
known patterns. In both of these approaches, whéeparticipant still has a significant
burden early on, as the survey progresses thedebus reduced as the application learns
their behavior. While learning patterns specificat participant are valuable, due to the
amount of time necessary to observe these trendsnenting the data with the patterns
of others can likely help to reduce the initialrl@ag time.

These learning models can therefore be used teredtbsist or completely replace the
data entry requirements of the respondent. Depgrah the length of the survey and the
types of attributes required, this can help to ifigantly reduce the respondent burden,
although as mentioned the burden during the inglese of the survey could still be
somewhat large as the algorithms learn the usekslyl activity-travel patterns.
However, this could further be reduced through tise of a well designed up-front
survey of the person, which in addition to captyrsocio-demographic information
could also be used to identify common locationsiteds and routines within the
respondent’s usual activity-travel pattern.

6. CONCLUSIONSAND FUTURE DIRECTIONS FOR RESEARCH

This paper has presented the design of a new wsdrharompted-recall activity-travel

survey. The survey addresses many issues assbeitte GPS travel surveying and

attempts to overcome much of the difficulty asstdawith person-based GPS tracking.
The survey portion of the work was designed to cedespondent burden to a minimum
level in order to enable longer-term studies, whare essential for capturing the
dynamics of activity-travel decision making. laltresults show that the activity location
identification algorithms perform well, however, aluwork remains in evaluating and
improving the activity survey portion of the worklhe use of this type of survey also
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presents new opportunities and avenues for futard w both improving survey design
and developing new applications for the collectathd

The most important remaining step in the develognadérthis work is to evaluate the
effectiveness of both the algorithm and the sunwerden reduction strategies during an
actual implementation of the survey. The initilbpsample for evaluating the data
preparation algorithms was very small, incorpoatimly a total of 197 actual activity
episodes. This algorithm needs to be evaluatedawader range of subjects for longer
time periods. The effectiveness of the learnigpaihms on reducing the respondent
burden also remains to be evaluated. These lepalgorithms were incorporated with
the specific goal of making survey participatioss®nerous and hopefully increasing the
completion rate for the survey, the retention rateparticipants and the duration for
which the participants are willing to participat&he effectiveness of the current survey
design in achieving these goals, and potentialsaoéamprovement, therefore remain to
be investigated.

Another related area for potential research inwliree design of the survey questions.
More work is needed on identifying the types of gjioms that can be asked, and which
are most effective at eliciting the desired infotima without being overly complex or
confusing to participants. In addition, attemptoodd be made to determine the
possibility of collecting pre-planning data as inetCHASE data collection effort
(Doherty et al. 2004) in combination with the aitystravel survey, which would give a
more complete picture of the dynamics of the aigtischeduling process as suggested by
Doherty et al. (2001).

Beyond evaluating the actual survey design, furtherk is needed in identifying the
ways in which data collected from such surveys leamised. One potential is to use the
data collected activity location and route choiegigions to investigate the formation of
mental or cognitive maps (Golledge and Garling 20@4ich could greatly enhance the
realism of travel choice models. If the time-fraofeéhe survey is extended long enough,
a significant portion of the common places in tleespns mental map are likely to be
visited. The perceptions about quality, distanete, relating to the route or activity
locations of the individual can be compared toingab generate models of individual's
perception and mental map formation. Additionalhgw the individuals learn and
perceive their environment over time can also da@ly be observed and the data
collected can contribute to modeling of these psses. Knowledge gained during
studies of these various processes can then bbafedto improve the overall survey
design.

It is clear that much work remains in developingl aralidating long-term prompted
recall surveys using GPS data collection methodse processing algorithms described
in this paper represent important advances in aatiog the process of activity location
identification. In addition, several innovativergelying techniques involving learning
algorithms have been presented in order to furtbeuce respondent burden. Data
collection efforts of the type described here stddlp to further improve knowledge of
the dynamics of household activity and travel deos.
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