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Abstract: The use of smartphone tracking is seen as the way forward in data collection for travel
behavior studies. It overcomes some of the weaknesses of the classical approach (which uses paper
trip diaries) in terms of accuracy and user annoyance. This article evaluates if these benefits hold
in the practical application of smartphone tracking and compares the findings of a travel behavior
survey using smartphone tracking to the findings of a previous paper survey. We compare three
phases of the travel behavior study. In the recruitment phase, we expect smartphone tracking to make
people more willing to participate in surveys, given the innovative nature and reduced burden to
participants. However, we found the recruitment of participants equally challenging as for classical
methods. In the data collection phase, however, we observe that participants entering the smartphone
tracking survey are much more likely to complete the data collection period than when using paper
trip diaries. Because of the limited burden, the risk of drop-out from the survey is significantly lower,
making the actual data collection more efficient, even for longer survey periods. Finally, in the data
analysis phase, the travel behavior indicators derived from smartphone tracking data result in higher
average trip rates, shorter average trip lengths and a higher share of active modes (bike, walking)
than the results from the paper survey. Although this is explained by more complete and more
consistent trip registration, this finding is problematic for comparability between surveys based on
different methods, both for longitudinal monitoring (comparability over consequent surveys) and
for benchmarking (comparability over geographical areas). Therefore, it is crucial to clearly report
the applied data collection methods when describing or comparing travel indicators. In surveys,
a combined approach of both written trip diaries and smartphone tracking is advised, where each
method can complement the shortcomings of the other.

Keywords: travel behavior surveys; trip diary; smartphone GPS tracking; mobility indicators

1. Introduction

Insight into an individual’s mobility behavior is a key element for urban mobility
planning. Understanding the drivers behind people’s mobility choices (destination choice,
mode choice, route choice, etc.) is essential in creating adequate conditions to fulfil their
travel needs and to stimulate them towards more sustainable travel behavior. These insights
are applied in transport planning in order to assess the impact of spatial and infrastructural
projects on future traffic and mobility, for example, by using traffic models. This way,
investments in mobility systems can be evaluated and optimized according to the expected
behavioral impact.

Traditional methods for the collection of data on individual trip behavior are “self-
reporting”, which means that people are asked to report their daily trips during a survey
period of several days. This can be achieved by means of paper reports (“trip diaries”) or
telephone surveys. For each trip, the most important variables are registered, typically
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including the travel purpose, mode, origin/destination, time of departure/arrival, trip
length, etc.

These methods have important drawbacks. So far, many studies [1,2] have shown
that data collected in this manner systematically deviated from actual travel behavior.
An important issue is that part of the information is likely to be lost due to the delay
between the actual trip and the time of completing the trip survey. Typically, trip surveys
are recorded at the end of the day. This can heavily influence the accuracy of the reported
departure/arrival times and trip distances. Time durations are typically rounded to 5 or
15 min values and distances are rounded to 5 or 10 km values [3]. Car drivers tend to
underestimate their travel times, and public transport users tend to overestimate their
travel times [4]. Another issue is the difficulty in accurately reporting locations (origin,
destination) and routes followed during trips, due to the limitations of survey instruments.
This issue can be overcome by integrating computer-assisted web interviewing (CAWI);
however, this increases the burden on the user. Indeed, these survey methods require a great
deal of effort from the respondent, which has been mitigated to some extent by replacing
the original paper-and-pencil interview (PAPI) with computer-assisted personal interviews
(CAPI, face-to-face interviews), computer-assisted telephone interviews (CATI) and, later,
computer-assisted web interviews (CAWI) [5]. These techniques help respondents to
understand the questions asked and recall the trips they had during the day [6]. Still,
however, the resulting burden is reported to cause a loss of motivation and undesired
side-effects such as a typical decrease in the reported number of daily trips during the
survey period [7,8], due to underreporting of short trips [1,9–11] and participants dropping
out from the survey [12,13]. As a consequence, traditional survey methods use relatively
short survey periods of several days [14,15].

The introduction of the Global Positioning System (commonly referred to as GPS)
started an important revolution in the collection of trip data. By logging GPS-tracked data,
an enormous amount of detailed information on the positions of devices together with
corresponding time stamps became available, offering a massive potential to fill some of the
gaps that were not covered by traditional data-gathering methods. The use of GPS enabled
the reporting of exact origins and destinations and of exact times of departure and arrival.
In addition, routes themselves was logged, including detailed information on intermediate
points, enabling the monitoring of travel speed. On top of this, data was collected without
any interference by the respondent, allowing round-the-clock monitoring, even for longer
periods. This type of logging became known as “passive logging”.

However, GPS logging has two major shortcomings. Firstly, since initially GPS devices
were typically installed in vehicles, the gathered data only reported on the use of that
specific vehicle, covering only a unimodal part of an individual’s trip behavior. Vehicles
could also be used by more than one individual, distorting the one-to-one relationship
between individual users and logged travel data. The use of portable handheld GPS
devices offered a solution to this issue [16] but required the effort and discipline from the
respondent to continuously carry the device with him/her and to regularly charge the
device. Forgetting the device —by mistake or out of convenience— or running out of battery
resulted in unreported gaps in trip data. Secondly, a drawback of GPS logging is the lack of
information on aspects like trip purpose and travel mode. This introduces new challenges
in reconstructing this information in retrospect, either by means of additional surveys [17]
or by interpreting the data using logical rules, e.g., using speed information [18] or GIS
information [19]. Interpretation of the data is divided into several partial problems which
have been approached using different methodologies [18,20–25]. Splitting the continuous
GPS logging into separate trips by detecting origins and destinations is based on dwelling
times at a location. The determination of the travel mode is primarily based on speed
characteristics during the trip, which can be further regularized with additional GIS data
(e.g., about public transportation networks and rail networks) or accelerometer data [26].
Trip purpose is estimated using land-use maps or by analyzing individual trip chaining
(a sequence of trip segments between a pair of anchor activities “home” and “work” or
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“school” [27]). These methodologies yield good results for determining trip ends and travel
modes, but the quality of the estimation of trip purposes remains poor [28].

New horizons have opened up with the popularity of the smartphone, offering similar
features as those of portable GPS devices but with additional sensors (accelerometer,
Bluetooth, Wi-Fi, Near Field Communication (NFC), System User Interface (UI)) that avoid
typical problems of GPS devices such as signal loss (in buildings, “urban canyons” or
during the warm-up time when finding the initial position) [29]. An analysis of time gaps
in data collection [30] shows that these losses mainly involve gaps with limited duration.
Additional sensors offer a more solid base for, e.g., travel mode determination [31]. Some
of the disadvantages mentioned apply to a lesser degree, as carrying a smartphone has
become a habit and is, therefore, considered less of a burden. This reduces the risk of
non-reported trips or uncharged batteries.

In addition, smartphones offer the opportunity of running dedicated mobile applica-
tions or apps, optimizing the practicality of trip registration through the application’s user
interface. Various smartphone apps have been developed with various logging strategies.

One essential design choice is whether trip registrations are activated manually by
the user (“active logging”) or rely on automatic trip detection by the app itself. In the
case of active logging, the user manually activates and deactivates the registration of a
trip [32]. This option requires discipline and dedication of the user to register every single
trip during the test period, although the burden remains limited [33] when reporting is
restricted to short entries at the very moment of departure and arrival. Still, the quality
(completeness) of data collection depends on the user’s motivation and dedication. In the
case of “passive logging”, the smartphone app uses the input from various sensors to decide
when a trip has started or ended and automatically starts and ends registration accordingly.
This reduces the burden on the user, but the correctness of the detection algorithm is
determining for the quality of the data, with the risk of over- or underreporting trips in case
of missed starts/stops. A review of emerging trends in household travel surveys [34] points
to the exploration of more passive data enhancement as a way forward to supplement
household surveying efforts. However, a comparison of 17 smartphones apps for travel
diary collection [35] indicated that purely passive apps are not ready for rollout and that
active contribution from respondents is still highly recommended. We note that, in this
context, the “burden” on the user should be interpreted in a broader sense than merely as
the manual handling of registrations. As the collection, processing and communication of
data from various sensors drastically impact battery consumption, battery-saving strategies
also represent an essential challenge related to the potential of mobile-sensed mobility
behavior [36–38]. An unexpectedly low or completely flat smartphone battery may be
another hurdle for users, urging them to stop participation in the survey.

A second important feature is the possibility for users to annotate additional trip
characteristics (like trip purpose, travel mode or the number of persons undertaking the
same trip), which cannot be measured by smartphone sensors (e.g., impossible to detect if
the person was travelling with company, e.g., children, or was transporting any luggage
during the trip) or can only be estimated implicitly from the data (e.g., the transportation
mode is related to speed and acceleration data; the trip purpose may be linked to the time
of day or the destination location). As many of these aspects are crucial in understanding
people’s transportation decisions (departure time, transport mode choice, trip destination,
etc.), many tracking apps allow the user to annotate these trip characteristics, in order to
have more accurate information than that obtained by deduction from sensor data. The
downside is that the annotation poses an additional burden on the participant. Therefore,
it can be offered as a voluntary option instead of as an obligatory action by the user. For
the same reason, instead of prompting the annotation immediately at the start or end of a
trip (ensuring immediate and most correct information), it may be delayed until a quieter
moment (e.g., every evening).

Another feature of smartphone tracking is whether the user has the opportunity to
control and correct trip registrations afterwards. The user can improve the quality of the
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data by adding trips (in case of missed trip starts), by shortening trips (in case of missed trip
ends), by defining trip legs (splitting a multimodal trip into separate trip legs per transport
mode) or by correcting trip attributes (in case of automated assessment of attributes like
transport mode, trip purpose, etc.). Especially in case of passive logging, this check avoids
the dependency of the quality on technical processes for data collection (automated trip
detection, travel mode assessment) and data enhancement (e.g., filtering, interpolating
missing parts of trips, map matching). Also, in case of active logging, this allows the user to
correct for possible mistakes in the manual handling of registrations. As described in [39],
low-level data inaccuracies propagate throughout processing stages and affect derived
information. Again, however, consideration is needed between data quality, on the one
hand, and the required effort from the user, with the related risk of drop-out from the
survey, on the other.

As a result, smartphone tracking is considered a valid method for performing travel
behavior surveys [29,40,41], mainly because of the automated collection of a large amount
of detailed data on spatiotemporal trajectories and related information without the use
of time-consuming and expensive surveys and with great flexibility in designing the
survey—overcoming some of the limitations of traditional surveys in terms of the re-
quired commitment from the participants and inaccurate or incomplete information [29].
Some limitations are the required IT expertise, the relatively short battery life and the
cost of transferring data—although these limitations are becoming less important with
technological development—and possible sampling problems due to uneven distribution
of mobile phones in society [42,43]. Two groups of applications of smartphone tracking
are distinguished in [29]. One group focuses on technical and methodological aspects, in
order to verify and enhance the accuracy of the method. The second group focuses on the
application of travel behavior data for analytical purposes [37,44] or for the needs of public
policies (see [45] for an extensive overview of research domains; specific applications, for
example, apply to bicycle safety and bicycle comfort [46–49] or the mobility impact of the
COVID-19 pandemic [50,51]). On a larger scale, the French standard mobility observa-
tion mechanism has been revised towards a modular architecture with a core comprising
optimized household travel surveys and options that react to changing needs and opportu-
nities, one of which is the use of smartphone applications as a fully fledged method of data
collection [52].

Direct comparisons between traditional paper surveys and smartphone methodol-
ogy mostly relate to the accuracy of data collection and processing steps (trip start/stop
detection, travel model assessment, etc.) [30,53–56]. Nahmias-Biran et al. [57] presented
comparative analyses between travel surveys using the FMS platform (Future Mobility
Sensing, smartphone-based survey) and face-to-face interviews in Singapore and Tel-Aviv.
The analyses showed that FMS data were more accurate, more complete and richer than
those obtained from traditional surveys. More specifically, the FMS survey data had higher
resolution and better accuracies regarding times, locations and paths, better represented
out-of-work and leisure activities and revealed large day-to-day activity pattern variability,
which was not captured by the one-day snapshots obtained with the traditional surveys.
FMS also captured travel and activity that were underreported in the traditional surveys,
such as multiple stops in a tour and work-based sub-tours. A similar comparison between
a traditional survey and a GPS-based survey in Phoenix, Arizona [58], reports on the
known issues of underreporting of trips and travel time rounding in traditional surveys.
The most significant magnitude of differences between trips rates in the traditional and
FMS-based surveys—up to almost 85%—was for non-home-based trips. Large differences
were observed for motorized modes due to apparent underreporting of intermediate trips
in home- and work-based travel tours. This circumstance was also reflected in the trip
length distribution by purpose and mode between the two surveys with underreporting of
short trips in the traditional survey.

Some works of research have compared the methods specifically from the perspective
of respondents. Roddis [59] reported the evaluations by respondents who simultaneously
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completed a survey using both methods. The participants reported a higher degree of con-
fidence in the accuracy of the automated data collection, a higher level of survey enjoyment
because of the graphical design of the survey but also a higher survey difficulty (mostly
referring to the validation and correction of the recorded data). A similar evaluation of a
smartphone travel survey [60] reveals that the perceived “ease of use” and “usefulness”
have a significant, positive impact on the level of respondents’ “satisfaction” and “con-
tinuance intention” toward respective travel surveys. These findings highlight that while
most travel survey apps currently focus on data collection, it is important to provide useful
information and services to survey participants (e.g., their energy consumption, active
calories burned and vehicle emissions) to motivate them to participate in surveys.

In this article, we want to broaden this comparison from an operational viewpoint:
do the reported strengths also reflect in the execution of a travel behavior study based on
smartphone tracking? Therefore, we evaluate the method on the level of a complete data
campaign, focusing on the expected impacts of the smartphone technique in three specific
stages of the campaign:

- During the recruitment of participants, one would expect smartphone tracking to
make people more willing to participate in surveys, given the innovative nature and
reduced burden;

- In the data collection phase, one would expect that participants entering the smart-
phone tracking survey are much more likely to complete the data collection period,
given the reduced burden compared to paper trip diaries;

- More detailed and more complete registration is expected to result in more reliable
indicator values for travel behavior indicators.

We evaluate the three aspects by comparing the findings of a test survey utilizing
smartphones with the results of a traditional approach using a paper trip diary. After
explaining the set-up of the experiment (Section 2), we describe and discuss the findings
for each of the three aspects (Section 3) before summarizing the conclusions in Section 4.

2. Materials and Methods

Like many authorities, the Walloon region, the southern part of Belgium, has a tradition
of regular travel behavior surveys in order to monitor various aspects of mobility in the
area and to understand the drivers behind the behavior. Recent travel behavior surveys
have been performed at the national level in Belgium in 1999 (MOBEL, Daily Mobility in
Belgium [61]), 2010 (BelDaM, Belgian Daily Mobility [62]) and 2017 (MONITOR, [63]), also
covering the Walloon area. Additional surveys for the Walloon area took place in 2002 and
2004 (ERMM, Regional Mobility Survey of households in Wallonia).

The different surveys share a similar approach in order to ensure comparability be-
tween consecutive surveys and to allow for longitudinal insights. The surveys consist
of a paper trip diary, collecting information (travel mode(s), purpose, passengers, etc.)
about all trips of the participant during one reference day, which is complemented by a
socio-demographic survey on the level of both the individual and the household, in order
to link the individual mobility behavior to the person’s socio-demographic profile.

The major challenge of the surveys concerns the representativity of the sampled
population, as a consequence of the difficulty in reaching certain subgroups and of the
decreasing participation rate of contacted persons. Experiments are, therefore, undertaken
to test alternative survey methods based on CAPI, CATI and CAWI.

One of the experiments has also been dedicated to travel behavior studies by means
of smartphone GPS tracking. The project GPSWAL was organized by IWEPS (Walloon
Institute for Evaluation, Forecasting and Statistics) in 2016–2017 in order to explore the
potential and limitations of GPS tracking for this purpose and to evaluate the possible
impact of the survey methods on the final results and indicators for mobility in the Walloon
region.

For the data collection, the Android-based smartphone application CONNECT was
used, which was developed at Ghent University [30] with specific attention paid toward
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user friendliness in terms of ease of use, graphical attractivity and optimized battery usage.
Various settings for the location accuracy and the sampling frequency of the location points
were tested during the development period.

CONNECT integrates the registration phase (the collection of some basic personal in-
formation like age, gender, household type, professional status, driving license, postal code
of home and work location) so that no additional contacts or surveys are needed, thereby
avoiding demotivation or drop-out of participants. After installation and registration, the
app can be used in two modes:

• In the “survey” mode, the participant manually initiates and terminates the registration
of a trip at the start and upon arrival. In this case, the user also immediately enters the
transport mode and purpose of the specific trip, resulting in complete and reliable trip
information (see Figure 1);

• The “background” mode applies automatic trip detection in order to decide au-
tonomously about the activation and deactivation of smartphone tracking, without
need of the participant to interfere with the app. In this case, the transport mode is
estimated during the processing of the data (out of four modes: pedestrian, bike, mo-
torized and other), resulting in segmented trip activity (time and estimated distance)
with one out of four detected transport modes. Trip segments belonging to one trip
are recorded as such. In the background mode, no information about trip purpose is
available.
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By combining both modes, minimal levels of data collection and data quality are
guaranteed for all participants who have at least installed the CONNECT app, since the
“background” mode ensures automatic data registration. This mode limits the burden
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on the participant to carry his smartphone during all trips and ensure that the battery is
regularly charged. More motivated participants are free to apply the “survey” mode and
invest some effort in collecting data with even better quality. Even if participants do not use
the “survey” mode for all trips or for all seven survey days, it still contributes to a better
and more complete dataset. Moreover, even in background mode, the user does have the
possibility to consult, validate and correct his/her registered trips to improve the quality
of the collected data. This is specifically relevant for the transport mode (confirmation or
correction by the user results in a higher reliability compared to the value estimated by the
algorithm) and trip purpose (addition by the user provides additional information which
cannot be assessed by the algorithm).

Because of the ease of use, participants in GPSWAL were asked to keep the app
installed (and, thus, log their trips) for a survey period of seven days, compared to a typical
survey period of one to three reference days in surveys employing written trip diaries.

During the official survey period, which lasted from 13 October 2016 to 30 May 2017,
237 individual users participated in the survey by installing the CONNECT application to
track their trips.

In this article, we evaluate the feasibility of smartphone GPS tracking for the purpose
of travel data collection, based on the GPSWAL smartphone survey.

The collected raw data (GPS locations) collected by CONNECT were aggregated into
trips and trip legs, which were cleaned by means of map matching. Based on the trip char-
acteristics, a transportation mode was automatically assigned per trip leg, distinguishing
four categories: bike, foot, motorized modes and other. Further background information on
data processing in the CONNECT app and the supporting data platform MOVE is found
in the publications [30,39,47,64,65].

Erroneous registrations (false starts, missed stops, missing GPS data) were filtered by
a set of rules:

• Trips or trip legs with a distance = 0;
• Trips or trip legs with Duration ≤ 0;
• Trips or trip legs with distance < 100 m;
• Trips or trip legs with distance > 100 km.

The resulting dataset for the official survey period consisted of 10.395 trips, totaling a
distance of over 121.000 km. This dataset was used to assess travel behavior indicators for
the evaluation described in the following step.

For the evaluation of the data collection campaign, we considered three phases of data
collection:

• The recruitment of the participants;
• The completion rate of the survey;
• The impact of smartphone tracking on the resulting travel behavior indicators.

The last aspect is described by comparing the results of the GPSWAL project (applying
smartphone tracking) to the results of the BELDAM and MONITOR studies (using a paper
trip diary).

This comparison is made for 5 of the indicators covered in the BELDAM report:

• Trip rates;
• Modal split;
• Trip purpose;
• Trip distance;
• Trip durations.

The main differences between both results are described in a qualitative way, and the
possible role of the survey methodology as a cause for these differences is considered.

When comparing results between surveys, BELDAM has two advantages over MON-
ITOR. First of all, the BELDAM report analyzes a wider set of mobility indicators, such
as trip length distribution and trip duration, which are not or very partially analyzed
in public MONITOR reports. Secondly, MONITOR only reports results for the whole of
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Belgium, whereas BELDAM reports specific results for the Walloon region in the south of
Belgium, which is also GPSWAL’s study area. This is essential as the southern (Wallonia)
and northern (Flanders) regions of Belgium have very different travel behavior, e.g., be-
cause of the flatter and more urbanized context of Flanders. On the other hand, a limitation
of BELDAM is the 7 year time gap between BELDAM and GPSWAL, possibly introducing
social, demographic and infrastructural changes, to name a few.

When discussing the results for mobility indicators between the surveys, we mainly
compare BELDAM and GPSWAL as both evaluate the same detailed indicators, specifically
for the Walloon region of Belgium. In addition, BELDAM and MONITOR are compared to
describe the evolution over the period of 2010–2017, but this comparison can only be based
on the average values for all Belgians.

3. Results and Discussion

We structure the results and discussion around the following three stages in our
traffic behavior survey campaign: the recruitment of the candidates, the cooperation of
participants during the survey (completion rate) and the eventual transport behavior
indicators.

3.1. Recruitment of Participants

A typical initial challenge in the organization of travel behavior surveys is the recruit-
ment of participants. It is methodologically important to obtain a representative sample of
the total population; underrepresentation of specific subgroups requires specific attention.

A specific challenge, however, is the response rate of contacted candidates: not all
contacted persons will necessarily participate in the survey. From earlier experiences with
surveys based on written trip diaries, it is known that the response rate is low. For the
BELDAM survey, the response rate (for the whole of Belgium) was 13% for the people
contacted by post and 17% for people contacted for a face-to-face survey. A mixed approach
increased the response rate to 30%. If we compare these results to the OViN survey in the
Netherlands (Onderzoek Verplaatsingen in Nederland [66]), the response rate for CAWI
surveys is similar (18.9%), but personal methods have a much higher effect than those
employed in BELDAM, with 47.7% for CATI and 50.2% for CAPI. In the German Mobility
Panel [67], 15% of the targeted persons completed the trip diary (having the choice between
a paper survey or a web-based survey via desktop, smartphone or tablet).

The initial set-up of the GPSWAL aimed to incorporate the representativity of the
sample during the recruitment phase. In order to meet an objective of 1200 participants
in the survey, a stratified sample of 7000 persons were selected from the national register,
taking into account the response rate of the latest BELDAM survey and the availability
rate of Android smartphones. This group was first contacted by a personal invitation letter
(13 October 2016) containing a link to the registration website. Several measures were taken
to stimulate participation, such as a proper GPSWAL website, a helpdesk reachable by
telephone or e-mail, a prolonged project period to allow more candidates to find a suitable
survey period, clarification on the measures used to ensure data privacy and reminder
mails to explain the importance of the survey and to ask for justification in case of non-
participation. Privacy protection appeared to be a major concern withholding people from
the survey. In a second phase of recruitment, recruitment was extended to all volunteers
willing to cooperate, allowing open large-scale contacts by various communication channels
(like e-mails and leaflets within the networks of participating partners). This way, the initial
goal of achieving a representative sample was attenuated in order to increase the total
sample size and investigate the technical aspects of data collection by smartphone and of
further processing and analysis of the data. Indeed, this raises the concern of representativ-
ity as recruitment strategy and collection methods affect respondent characteristics [59,68]
in terms of socio-demographic characteristics and related mobility attitudes [51,69–72].

As a result of the recruitment campaign, the CONNECT IWEPS application has been
downloaded from the Google Play store 385 times since the start of the project, of which
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67 downloads happened during the development and testing phase. Since the start of the
official campaign, the app has been downloaded 318 times (note that the number of actual
users is lower, as some users performed multiple downloads from one single imei-code
and not every download leads to an installation of the app).

Table 1 gives an overview of the GPSWAL data activity in the official survey period,
as used in further analysis:

Table 1. Summary of the GPSWAL data collection process.

Users Trips Trip Legs Kilometers

Official survey period 237 10,395 14,047 121,008
First campaign 110 3689 4827 46,673
Second campaign 145 6709 9232 75,034

Over the whole project, 237 people used the CONNECT app (meaning that 1 download
on average resulted in 0.75 installations) to register their trips (note that this is lower than
the sum of the two campaigns as some users participated in both campaigns). This number
is very low, compared to the target of 1200 users and to the effort invested in recruitment
(initial contacting of 7000 candidates, followed by open contacting of a broad audience),
especially considering the innovative aspect of the smartphone survey and its decreased
burden on the participant. On the other hand, however, the required availability of a
smartphone, specifically running on Android, can be a limiter, certainly among specific
target groups. On the other hand, a comparable field trial in Stockholm [73], wherein
130,000 people were contacted, resulted in 1559 people showing interest in participating
and 495 actually signing up for the field trial. Three likely reasons were mentioned by
the authors: some of the users possibly just wanted to have more information about the
research project and did not see it as signing up for a field trial; iPhone users at first wrongly
received information that they could not participate, after which the app was suddenly
accepted and published on the App Store; and some candidates were not Android or
iPhone users and, therefore, could not participate (mainly Windows Phone users).

The experience of the GPSWAL campaign indicates that the recruitment of participants
maintains a crucial element in the success of the travel behavior study. Even when applying
a modernized and more user-friendly method, possible survey respondents need to be
convinced into participation. A simple (reminded) invitation by e-mail did not suffice
for GPSWAL, although the only action needed was to install the smartphone application
and register to the app. Stronger methods, for example, by personal contact via telephone
or a face-to-face or motivating communication strategy, remain necessary to increase
the response rate. This experience confirms the finding in [34,41], that the challenge of
increasing participation in household surveys is one of the emerging trends in household
travel surveys.

3.2. Completion Rate of the Survey

After participants have started the survey, a second challenge arises in keeping them
motivated to persist until the end of the survey period. Typical phenomena are drop-out
(participants terminating the survey during the survey period) and fatigue (decreasing num-
ber of reported trips during the survey period, e.g., because of respondents—deliberately
or not—forgetting to report short trips). It was expected that smartphone GPS tracking
would exclude the risk of fatigue because of automatic trip registration, which ensured
consistent data quality throughout the entire survey period. Drop-out remained possible
(by uninstalling the app before the end of the survey period) but seemed less probable as
the burden on the respondent is drastically reduced compared to classical methods (paper
survey, CATI, CAWI, CAPI). Two important causes of hindrance for the user were battery
consumption and data usage, which were both increased by the tracking app (use of GPS
and other sensors, data processing and transmission). Unexpected battery drainage or loss
of data connection may be sufficient reasons for frustration causing the user to uninstall
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the application, which is exactly why the app was optimized for these criteria during the
testing phase.

In the following paragraphs, we discuss the completion rate of the survey based on
two indicators: the number of days with trip registrations and the use of the “survey mode”
and tool for trip correction.

3.2.1. Number of Days with Trip Data

The most crucial indicator for the completion rate is the number of days per user
during which trip data were collected. The request to respondents was to keep the tracking
app installed for one week (which is much longer than the one reference day required in
earlier Walloon trip behavior surveys).

The user activity in Figure 2 is measured by the period (total number of days) during
which a device reported measurements (location points). A total of 94% of devices reported
more than one day of activity, 83% reported more than three days, while 69% of devices
reported more than seven days of mobility behavior. These findings are in line with
Hong [58], reporting that many participants collected three or more days of data and some
participants verified up to eight days, despite participants only being required to collect
and verify two days of data. They conclude that many users are willing to continue running
the app and could be incentivized to verify additional days.
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Taking into the account that traditional travel behavior studies usually consider one
to three days of mobility behavior to collect survey data [74], the smartphone-based data
collection approach seems successful. We refer to the findings from the Walloon MOBWAL
survey, a trip diary survey, organized in parallel to GPSWAL, wherein 961 respondents
agreed to participate in the survey, resulting in 426 submitted trip diaries, of which only 274
were analyzed after the validation process (for reasons of incompleteness or inconsistency),
resulting in a completion rate of 29%. It is also meaningful that 14 participants of GPSWAL
continued registering trip data even after the closing date of the official survey campaign.
Earlier research [57] has found longer survey periods to be relevant in revealing day-to-day
activity pattern variability.

Ensuring reporting continuity (travel behavior covered for several consecutive days)
is, of course, dependent on several factors including user motivation and discipline, which
can be stimulated by the provision of different incentives during the campaign. Mon-
tini et al. [75] offered EUR 150 as incentive to participants of their campaign. This can be
considered as compensation for annoyances like carrying a charger with them and the
occasional flat battery or time invested in checking and correcting their data. However,
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they report that even in such a case, participants did not always fulfil their commitment
to actively record mobility behavior. During GPSWAL, no incentive scheme was used
and recruitment relied on using different communication channels to attract volunteers. A
survey by Maruyama [76] illustrates that participation rate declines greatly if no reward is
provided, compared to the same survey with a reward, especially for young people. How-
ever, an associated risk is that such a reward may affect the travel behavior, as participants
may feel obliged to report (many) trips.

For better insight into reporting activity during the GPSWAL project, we examine the
first and the last logging days for each user and eventual reporting time gaps, i.e., empty
days in their active period during which no positioning data were received. A total of 51%
of users had no time gaps in the reported data (continuous logging), while 49% showed
gaps (non-continuous logging). Out of the devices that had gaps in their observed mobility
behavior, 38% (19% of all users) had only one day of missing data, 28% (or 14% of all
population) had two or three days of missing data and 33% (or 16% of all population) had
more than three missing days, while 18% (8.8% of all population) had more than seven
days of missing data (Figure 3). In total, 66% of the non-continuous devices (84% of all
population) showed gaps smaller than three days. It should be noted that non-continuous
logging means that there were no “background” logging data available for that given
period, meaning that no trips were performed, that the device was turned off or out of
battery, or that users switched off location services for the app during that period. This
last option is standard in mobile apps (in order to protect user privacy, but also to prevent
battery drain) and is inherent to any app-based data logging methodology.
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3.2.2. Use of the CONNECT Survey Mode and Correction Option

Within the GPSWAL campaign, different modes of data collection were supported by
the CONNECT application. In background mode, the app monitors movement activity
and automatically starts logging when outdoor transportation is detected.

Two additional features are available for the user to improve the quality of the collected
data. As these require manual intervention by the user, their application can be considered
as an indicator of the user’s motivation:

• The survey mode allows users to manually record their trip during travel, resulting in
a higher accuracy in terms of location data as GPS logging is activated during travel;

• Direct feedback on trip details by the user is enabled through the travel diary option in
the CONNECT app, providing users with an overview of their weekly travels, where
trip data can be edited by correcting errors in detected trip information (e.g., travel
mode) or by adding additional information (e.g., trip purpose). In this case, edited
information is stored in the database as a “trip revision” and stored next to the original
data, so that modifications are traceable.
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Tables 2 and 3 give an overview of trip edits introduced by users for trip segments
collected in “survey” and “background logging” app modes (data including the testing
period before the official survey). “No revision” means that no revisions were made by
the user and “Revised” indicates that users made edits on trip metadata. Overall, 101 out
of 237 users corrected at least one trip leg (regardless of whether the initial trip data were
collected in “survey” or “background” mode).

Table 2. Number of trip segments collected in “survey” mode.

Transport Mode No Revisions Revised Total

Foot 138 4 142
Bike 27 0 27
Motorized 562 7 569
Unknown 0 0 0
Total 727 11 738

Table 3. Number of trip segments detected in “background” mode.

Transport mode No Revisions Revised Total

Foot 3477 962 4439
Bike 865 382 1247
Motorized 5972 1473 7445
Unknown 236 0 236
Total 10,550 2817 13,367

A total of 5% of the total number of trip segments were collected in “survey” mode,
i.e., manually recorded by the user during travel. Of the automatically recorded trip
segments collected in “background” logging mode, however, 21% were manually corrected
or modified by the users. This number is high and provides proof that the combined
methodology of automated tracking and user feedback on recorded trips gives added value.
This value goes in line with those reported in the literature [5], where, on average, 22%
of trips required additional clarifications in order to be correctly interpreted. In survey
mode, the number of corrections is much lower (<2%), as the trip attributes were already
manually inserted by the user.

3.3. Travel Behavior Indicators

Based on the data from the GPSWAL survey, five relevant travel behavior indicators
were evaluated and compared to the results of the paper-based BELDAM survey.

3.3.1. Trip Rate

Trip rate or the number of trips made by a user during the day is a significant element
of any mobility study. There is an ongoing debate in the scientific literature regarding
the transferability of these values between traditional data collection findings and mobile-
sensed ones. Some empirical results indicate that mobile sensing provides more detailed
observation of individual mobility behavior and that traditional techniques can underesti-
mate trip rate by up to 22% [9,37]. However, other studies have found comparable results
between mobile-sensed and traditionally collected trip rates [24].

The GPSWAL data reveal an average number of 3.54 trips per day per user, consisting,
on average, of a total of 4.9 trip segments (where trip segments are the parts of a trip,
travelled with different modes), meaning that the average trip is constructed out of 1.38 trip
segments.

Compared to the BELDAM statistics for the same area [74], where trip rate is reported
to be 3.2 trips per day, the GPSWAL results reveal a value approximately 10% higher. The
result corresponds with [57], wherein smartphone-based registration results in a 19.4%
higher trip rate than a traditional survey, which is explained by a more complete detection
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of trips, not only of short walk trips but also of motorized trips. Sammer [11] even notes an
underreporting of 27% in terms of the daily number of trips.

This increase cannot be attributed to the time gap between 2010 and 2017, as it is
contrary to the Belgian trend found between the BELDAM and MONITOR surveys, re-
porting a decreasing trip rate from 2.4 trips per day for BELDAM (average for all Belgians,
including non-mobiles reporting 0 trips on a survey day) to 2.2 trips per day for MONITOR.
Therefore, a similar explanation with reference to the more continuous and automated trip
detection of smartphone tracking seems applicable.

The average number of trips per weekday per user in the GPSWAL dataset is 3.55 while
the average number of trips on weekend days is slightly lower (3.21). Similar variations can
be found in other studies based on mobile sensing [37], as individuals show more mobility
activity during the weekdays (work and school related), while during the weekend they
tend to exhibit more stationary behavior.

3.3.2. Trip Distances

Figure 4 shows the distribution of trip distances for trips collected during the GP-
SWAL project, compared to the distribution as reported in the BELDAM statistics. When
comparing, a higher share of trips with very short trip distances (up to 2 km) is observed in
GPSWAL compared to the BELDAM results. This higher share (around double values) of
short trips in mobile-sensed studies is regularly reported [28,54,77]. This finding also goes
in line with previous studies which found that respondents tended to underreport small
trips in traditional travel diaries/surveys [10,11].
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Again, this difference is contrary to the Belgian trend found between 2010 and 2017,
reporting an increasing average trip length from 12.3 km in BELDAM to 16 km in MONI-
TOR. Therefore, the increase in GPSWAL trip distances can be linked to the smartphone
tracking technology which, on the one hand, excludes the human factor of underreporting
and, on the other hand, ensures more complete trip registration, regardless of the travel
mode or distance.

3.3.3. Trip Durations

Figure 5 shows the results for trip duration by transport mode class. Light bars
represent values obtained from the GPSWAL dataset, while the dark ones indicate values
from official statistics (BELDAM). It should be noted that mobile-sensed data show higher
average trip durations for active transport modes (mainly walking trips and partially
biking trips) than official statistics, while trip durations for motorized transport modes are
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comparable. These findings are in line with the Belgian trend found between 2010 and
2017, reporting an increasing average trip duration from 22 min in BELDAM to 27 min
in MONITOR. It is, therefore, impossible to determine if and to which extent the use of
smartphone tracking has affected the measurement of trip durations.
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3.3.4. Trip Purposes

Figure 6 shows the reported share of trip purposes according to GPSWAL and BEL-
DAM data. Note that in GPSWAL, the trip purpose was reported for only for 32% of
trips.
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Compared to the official statistics (BELDAM), a higher percentage of work-related
trips is observed in GPSWAL. On the other hand, the trip purposes “school”, “restaurant”
and “walk” have a total share of 11% in BELDAM. These differences may be partially due to
an overrepresentation of a professional population in GPSWAL and partially by a different
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classification of trip purposes in both surveys. In GPSWAL, the purposes “restaurant” or
“walk” belong to the category “recreation” (which, indeed, is considerably higher than
in BELDAM: 13% opposed to 4%) or “other” (which amounts to 4%), while school trips
would fit in the class “work”.

3.3.5. Modal Split

Modal split describes the share of different transport modes within the whole set of an
individual’s trips. Modal split can be assessed at the level of trip segments (distinguishing
the different transport modes used within a multimodal trip) or at the level of trips (where
multimodal trips as a whole are assigned to the main transport mode during the trip,
i.e., the one with which the longest distance for that trip is made or the one that was
assigned to the longest trip segment within the trip).

Figure 7 compares the modal split values for the GPSWAL data at the trip segment
level (left) and at the trip level (middle). Results for modal split at the trip level show a
higher share of motorized transport modes, which seems aligned with the assumption that
more often these are the main transport modes of a trip, while biking and walking are more
often secondary parts of multimodal trips.
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As BELDAM only enquires about the main transport modes of a trip, it only provides
modal split values at the trip level (Figure 7 on the left). In comparison, GPSWAL reports
higher shares for active transport modes (walking and biking) than BELDAM.

For biking, this may be partially due to the Belgian trend found between 2010 and
2017 reporting an increasing share of trips by bicycle in Belgium from 8% in BELDAM
to 12% in MONITOR. However, this growth is expected to relate mainly to the Flemish
part of Belgium which offers more favorable conditions for cycling (flatter, urbanized area),
as MONITOR reports a bicycle share of 18% of all trips in Flanders, opposed to 2% in
Wallonia [63]. The differences can also be related to the more complete detection of these
(shorter) trips by smartphone registration, which tend to be forgotten or omitted in regular
trip diaries. However, the difference may also be related to an overregistration of, for
example, short displacements inside a building, which are strictly not to be considered as
“trips”.
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3.3.6. Comparability of the Indicators between the Surveys

The final objective of the travel behavior survey is to gain insight into (average) travel
behavior, describing how and why people plan and make their trips using typical indicators
referring to the number of trips and their lengths and durations or on the use of different
available transport modes. An essential aspect of the feasibility of new survey methods
is the impact on the derived mobility indicators and the resulting comparability against
surveys based on classical methodologies. Comparability between surveys is essential both
for longitudinal monitoring (comparability over consequent surveys) and for benchmarking
(comparability over geographical areas).

To answer this question, we evaluated some typical indicators based on the GPSWAL
data and compared them against the reference values found in the earlier BELDAM study
(based on written trip diaries). We selected BELDAM as a reference in order to compare
results for the same geographical area (the Walloon region of Belgium), although this
selection induced a 7-year time period between both surveys. Therefore, the differences
between both surveys needed to be interpreted with the behavioral trends over this period.
In general terms, we found that smartphone tracking results in higher average trip rates,
shorter average trip lengths and a higher share of active modes (biking, walking) than
the paper survey. These effects can be related to more complete and more consistent trip
registration by automatic trip detection, as data quality is determined by the technical
quality of the smartphone tracking application and further data processing, regardless
of users’ motivation or dedication. This avoids some of the known issues in trip diaries,
like the underreporting of trips—deliberately or not—especially affecting shorter trips,
which are more likely to be by bike or on foot. However, there may also be an impact of
erroneous registrations, for example, oversegmentation of longer trips or registration of
short displacements which are not actual trips (e.g., walking inside a building).

4. Conclusions

In this study, we have evaluated the feasibility of smartphone GPS tracking for the
purpose of travel behavior studies. This technique offers some technical answers to the
known limitations of the classical travel diary approach. The data quality and completeness
can be determined by the smartphone application and additional data processing and,
therefore, do not depend on the cooperation and motivation of respondents. As a result,
more detailed and consistent data are collected, while the burden on the respondent is
drastically reduced.

We have evaluated whether the innovative technique has an effect on the organization
and outcomes of surveys.

As the smartphone tracking for this test used automatic background tracking, the effort
demanded from the respondent was minimal after installing the smartphone application
(the only requirement being to carry the smartphone during all trips, which has become a
habit for many people by now). The reduced burden on participants was expected to be
one of the main advantages of the new technique, compared to the more labor-intensive
paper trip diaries. One would expect contacted persons to be more willing to enter the
survey (increased participation rate) and to persevere until the end of the survey period
(increased completion rate).

As to the participation rate, the recruitment campaign proved very cumbersome.
Eventually, the initial set-up aiming at a stratified sample was relaxed to an open enrolment
in order to increase the number of respondents. People’s willingness to participate in this
type of (completely voluntary) survey remains low, even if the effort required is relatively
lower.

However, the completion rate in the survey proved high. Although the survey period
(registration for 7 days) was longer than that of most traditional travel behavior studies
(typical survey period of 1 to 3 days), 69% of the participants recorded more than 7 days of
mobility behavior, compared to a completion rate of 29% in a parallel 3-day paper survey.
Moreover, automatic trip detection ensured consistent data quality throughout the survey
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period, whereas classical survey methods typically tend to cause fatigue towards the end
of the survey period.

Finally, we observed that automatic and continuous trip registration affects the result-
ing travel behavior indicators, in terms of higher average trip rates, shorter average trip
lengths and a higher share of active transportation modes (biking, walking).

Even though this is the result of more complete and more consistent trip registration,
the impact that the selected methodology has on the survey outcomes raises concerns on
the comparability between surveys based on different data collection methods.

Based on these findings, some important advice can be formulated:

- It is important to be aware of the challenge of recruiting participants. The reduced
burden on the user does not result in the anticipated increased willingness to par-
ticipate. Dedicated communication or even campaigning is required to attract and
motivate interested candidates. As described in [73], “it was also learned that de-
ploying a smartphone application as a tool for collecting travel data required more
support than expected. It is similar to launching a product, which should involve a
multidisciplinary team, not only designers of the questionnaire and support system,
but also for example staff making the interface more user-friendly”;

- Once participants had entered the survey, however, we observed a higher willingness
to complete the survey. Whereas in MOBWAL, only 29% of the participants completed
the requested 3-day survey period, in GPSWAL, 83% registered at least 3 survey days
and 69% even registered 7 or more days. The reduced burden leads to a more efficient
execution of the survey and offers opportunities to perform longer survey periods;

- As the methodology affects indicators’ values based on the survey, it is essential
to document in detail the full process of data collection, data processing and data
analysis, delivering reproducible results. These aspects need to be taken into account
when describing or comparing results from different studies. Also, Prelipcean [78] and
Bonnel [79] raise the issue of a lack of transparency and standardization when using
(semi-)automated travel diary collection systems and the inability to understand and
compare results and performances between systems or methods;

- In order to account for these methodological differences, a combined approach of both
written trip diaries and smartphone tracking is advised such that each method can
complement the shortcomings of the other. Smartphone tracking has strong assets
in terms of quality (exact locations, distance, duration, etc.) and period of the trip
registrations but has its limitations in terms of trip characteristics (trip purpose or
transport mode need to be inferred from sensor data). These aspects are better covered
via trip diaries which, in return, are more laborious for participants. As applied
in the GPSWAL test, the annotation of trip characteristics can also be integrated in
smartphone apps but this increases the burden on users. The combined approach
can contribute to improved insight on the exact methodological impact. Bradley [41]
suggests that this combined approach can be used to transition gradually from diary-
based to (more) smartphone-based methods across years.

With this research, we want to highlight the importance of comparing surveys con-
ducted by different methods, not only on a technical level, but also from the viewpoint
of the practical set-up and execution of the travel survey campaign. Existing research is
limited and often based on comparing results between non-concurrent surveys, as is also
the case here when comparing results from BELDAM and GPSWAL surveys. Ideally, results
should be compared between integrated surveys covering the same period, area, sampling,
etc., which would constitute a step forward to the described work plan but requires a
large set-up in terms of effect, cost, communication, etc. With our research, however, we
want to highlight that technical evolution with more detailed, more complete and less
laborious data collection does not solve all issues (e.g., recruitment of participants) and
even introduces new challenges (e.g., comparability and standardization between surveys).
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