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Abstract: In recent years, there has been collected evidence suggesting that increased usage of
navigation assistance systems has a harmful effect on spatial cognition, including spatial knowledge
acquisition. Previously, we proposed a potential remedy called Free Choice Navigation (simulation
study). This novel navigation approach aims to provide the user with more freedom while navigating,
and simultaneously give fewer navigation instructions. This approach also aims at increasing
engagement with the environment and fostering spatial knowledge acquisition. We conducted a
human-subject study with 48 participants comparing Free Choice Navigation with the widespread
Turn-by-Turn approach on the outskirts of Vienna, Austria. The study showed the viability of our
navigation system in real urban environments, providing fewer navigation instructions compared to
the Turn-by-Turn approach (relative to the number of traversed junctions). Fewer instructions and
forced engagement with the environment, however, did not result in differences concerning spatial
knowledge acquisition, but interestingly, Free Choice Navigation users (without a map) could extract
spatial configuration information similarly well as Turn-by-Turn users having a map. Moreover,
we provide evidence that people are interested in learning more about their environments and are
willing to walk longer routes to achieve it.

Keywords: wayfinding; free choice navigation; spatial knowledge acquisition; pedestrian navigation
system

1. Introduction

Navigation is an everyday task performed by billions of people. It is composed
of wayfinding (the cognitive aspect of planning the route towards the destination) and
locomotion (e.g., body movement while avoiding obstacles) [1]. Sometimes, this task has
to be conducted under time pressure (e.g., going to a meeting or catching a bus). On the
other hand, there are situations, such as going for a walk or visiting a city as a tourist, in
which the user would have time to pay attention to the environment. In both scenarios, a
smartphone device is commonly utilized as a wayfinding assistance system to reach the
desired destination. There is increasing empirical evidence suggesting an adverse impact
of these systems on spatial cognition. Mitigating this potentially adverse impact is the topic
of current research (e.g., [2–5]).

In a previous work [6], we proposed a navigation approach called Free Choice Navigation
(FCN) that, among other things, attempts to mitigate these adverse effects. The core idea of
FCN is to provide the user with more freedom while navigating compared to a predefined
route, as the user has to make own decisions at several junctions. By this, we expect more
engagement with the environment. Free Choice Navigation attempts to balance the number
of free choices, given instructions, and the route length. An agent-based simulation study
showed promising results regarding the number of free choices and the arrival rate for
our navigation approach [6]. At more than 50% of all junctions, agents could freely decide
which street segment to take. Depending on the city (Mexico City, Vienna, and Djibouti
City), between 90% and 95% of the agents found their destination successfully.
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Following up on these promising simulation results, we conducted a real-world study
in Vienna, Austria, comparing our navigation approach with the widespread Turn-by-Turn
(TBT) approach. This study allows for assessing the impact of FCN on spatial knowledge
acquisition (SKA), an aspect that was not part of the simulation study. Furthermore, it
allows for validating the simulation results obtained previously. The contribution of our
work is sixfold (order reflects importance):

1. We provide empirical evidence that participants can reach the destination successfully
with our novel system approach (FCN);

2. We show that FCN leads to less navigation instructions (relative to the number
of traversed junctions). This gives potentially more time for interaction with the
environment;

3. We provide empirical evidence that FCN in its current form does not impact spatial
knowledge acquisition in comparison to TBT;

4. We show that FCN users have high configuration knowledge, although no map
is provided.

5. We present data demonstrating that people are willing to take longer routes while
obtaining more freedom and/or spatial knowledge in return and;

6. We present the first application of the Route Selection Framework [7] in a real-world study.

We would like to stress that Free Choice Navigation is intended for use in situations
with no time pressure. As our approach is rather complex, we provide high-level informa-
tion about its mechanics (see Sections 2.2 and 4.3.2). For detailed algorithmic information,
we refer to the paper that introduces the technical details [6].

2. Related Work

We will discuss three strands of related work. First, we discuss the widely used TBT
approach with its potential negative impacts on spatial cognition. Second, we discuss
potential improvements of this approach to remedy these effects. Finally, we discuss other
navigation approaches that are not exclusively based on turn instructions, such as beeline
navigation or Free Choice Navigation. Where applicable, we report on the influence on
spatial knowledge acquisition.

2.1. Turn-by-Turn Navigation and Its Disadvantages

The Turn-By-Turn (TBT) navigation approach is based on instructions given at turning
points. It is widely used by pedestrians, cyclists, and car drivers (e.g., Google Maps
Navigation), and it comes in many shapes (e.g., [8–11]) such as annotated paper maps,
mobile maps indicating the route or augmented reality (AR) cues placed in the environment.
Besides auditory instructions played at turning points (e.g., [10]), there have also been
further non-visual approaches, trying to navigate users through the environment without
the need to refer to a display for instructions. Giannopoulos et al. [12] introduced GazeNav,
a gaze-based navigation approach providing vibrotactile feedback whenever the correct
street segment was gazed at. Although this navigation approach is efficient in reaching the
destination, there is empirical evidence supporting that the usage of navigation assistance
systems, mainly based on the TBT approach, may have an adverse effect on various aspects
of spatial cognition.

Hejtmánek and colleagues showed that participants who spend more time with a GPS-
like map acquire less accurate spatial knowledge in a virtual environment [13]. Furthermore,
participants with less time spent on a GPS-like map walked shorter routes without the
help of an assistance system. Ishikawa [14] concluded that users with increased usage
of navigation systems tend to travel less efficiently without GPS-based assistance, have
lower spatial abilities regarding mental rotation, and show inferior knowledge about the
structure of the walked routes. Ruginski and colleagues [15] found a detrimental indirect
influence of using GPS-based navigation aids on environmental learning by influencing
spatial transformation processes such as mental rotation [16] and perspective-taking [17].
Dahmani and Bohbot, like Ishikawa [14], assessed the frequency of use of GPS-based
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navigation systems [18]. Their results show that users with more experience have worse
spatial memory while navigating without such a device. Furthermore, their findings
suggest the decline of spatial memory with extensive use of navigation assistance systems.

Research suggests that these problems originate from the need to divide our attention
between the navigation system and the environment. Consequently, this permanent back
and forth movement impairs spatial memory [19]. Another influencing factor is the degree
of automation the system provides. If the human user does not need to pay attention and
only passively follows the instructions, it may not acquire as much spatial knowledge as
with a lower automation level [20].

While comparing the TBT approach with a paper map, which provides a holistic
overview of the area, researchers have found that users of digital aids learned less about
their environment than paper map users (e.g., [21,22]). Therefore, many researchers have
proposed modifications to the TBT approach to remedy the above-mentioned adverse
effects. One approach is to enhance the turning instructions with additional information
about landmarks [23] and, in turn, render them more engaging. Providing more contextual
information about the environment is another option [2]. Further improvement suggestions
include the enhancement with haptic feedback [24]. Instead of modifying the instructions,
the environment may be enriched with virtual global landmarks facilitating the orienta-
tion [25]. Besides trying to enhance the TBT navigation approach with further information,
there are navigation approaches aiming to reduce the overall number of turn-by-turn
instructions (e.g., [26]) or avoiding them.

2.2. Alternative Navigation Approaches

The TBT approach has, per definition, a completely predefined route, as turning
actions are imposed on the user. Alternatives to this approach give the user more freedom
regarding route selection by not using an entirely predefined route.

One of them is the so-called beeline navigation, which is based on the least-angle strat-
egy [27]. This strategy assumes that users favor options with the least angle with respect
to the (believed) destination. Robinson et al. and Dobbelstein et al. implemented this
approach by indicating the beeline with vibrotactile feedback [28,29]. Both implementations
led participants successfully to the destination while allowing for free movement to explore
the experiment area. Savino and colleagues compared TBT with two different variants
of beeline navigation for cyclists [30]. One provides only the beeline to the destination,
whereas the second provides additional visual cues if the beeline and the shortest path
street segment differ. The second approach made participants more confident. For a leisure
scenario, participants preferred the beeline approach over TBT.

Another alternative to the traditional TBT approach is the spatial augmentation sound
system proposed by Clemenson and colleagues [31]. It acts as an acoustic compass that
guides the user towards the destination without explicit instructions. For this reason,
audio beacons are employed, which adapt in sound as a function of distance and angle
to the user. In a user study, the users of this system pointed more accurately to different
destinations than TBT users. This approach was originally developed to help visually
impaired individuals. A similar approach was proposed by Albrecht et al. [32].

Haosheng and colleagues proposed Potential Route Area (PRA) navigation [33]. The
PRA is the area covered by routes no longer than a threshold leading from the current
position to the destination. Similarly to our approach, the already walked route is taken
into account, but, in contrast to our approach, the environmental spatial abilities are of
no importance for this approach. The user is equipped with a digital map highlighting
the PRA and landmarks. The idea of this approach is; as long as the user stays within
the highlighted area, the destination should be reached within the predefined distance
threshold. The area is updated frequently and no instructions are given. The study showed
that users of the PRA system draw better sketch maps in terms of route likeness and survey
likeness [34] compared to Google Maps participants. Regarding the pointing accuracy to
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the start point and the number of drawn points of interest in the sketch map, there was no
significant difference between both groups.

The Free Choice Navigation approach was proposed in our previous work [6]. It aims
for more freedom of choice and engagement with the environment while trying not to
exceed a maximum route length. The core idea is to provide the user with two pieces of
information at the beginning; the beeline direction and distance to the destination. No
further information is given to the user before the navigation task starts. As the user
moves, the accompanying system tries to predict whether the user needs assistance, i.e.,
any information that facilitates reaching the destination. This prediction is based on the
environmental spatial abilities of the user, the complexity of the upcoming junction and
the until now traversed route. The system estimates the user’s orientation and spatial
confidence based on the user’s environmental spatial abilities. With this information,
the system can assess whether the user will take a reasonable street segment, given the
already walked distance and the maximum allowed distance. If the probability of taking
a street segment resulting in a detour above a certain threshold is high or the user is one
street segment away from the destination, then a navigation instruction for the upcoming
junction is issued. The given assistance can be of any type: visual (screens), auditory
(earphones), haptic (vibration motor), etc. The assistance can also be a TBT instruction
but does not have to be one. Potentially, it is an indication of the destination, like in the
beeline approach. While there is no need for assistance, the user is confronted with the
environment, a situation that is expected to support spatial knowledge acquisition [35].
Furthermore, in this situation, the user has to decide which street segment to take. This
work presents the first implementation of this navigation approach in a real-world setting.
For more details, we refer to the paper that introduces the technical details [6].

3. Research Questions and Hypotheses

In this section, we will present the research questions and justify our hypotheses
regarding the outcome of our study. Several research questions result from our previous
findings [6] in which we compared Turn-By-Turn (TBT) and Free Choice Navigation (FCN)
approaches through a simulation study. All research questions but one, consider the
differences between both navigation approaches. The last research question (RQ5) concerns
people’s willingness to take longer routes if knowledge about the environment or decision
freedom is gained. The answer to this question will contribute to the discussion of whether
navigation systems should focus on other functionalities than efficiently guiding from a to
b, e.g., enhancing spatial knowledge acquisition (e.g., [5]). With our study, we attempt to
address the following research questions:

• RQ1: Does the FCN approach lead fewer people (%) to their destination than TBT?
• RQ2: Does the FCN approach lead to fewer navigation instructions than TBT?
• RQ3: Does the FCN approach lead to better spatial knowledge acquisition than TBT?
• RQ4: Does the FCN approach yield longer routes or a higher number of route instruc-

tions for users with lower spatial abilities than for users with good spatial abilities?
• RQ5: Are people willing to take longer routes if they gain freedom of choice or learn

more about the environment?

The hypotheses and rationales behind the conducted statistical tests are found in
Table 1. The tested hypotheses are divided into six groups: effectiveness and efficiency
(RQ1 and RQ2), spatial knowledge acquisition (RQ3), spatial abilities in FCN (RQ4), user
experience (User Experience Questionnaire (UEQ) [36]), workload (NASA Task Load Index
(NASA TLX) Raw [37]), and usability (System Usability Scale (SUS) [38]). RQ5 is not specific
to any of the two navigation systems and is, therefore, not considered in Table 1. The tests
used to approximate spatial knowledge acquisition are described in Section 4.4.2.
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Table 1. An overview of the hypotheses analyzed; column HG refers to the group of hypotheses:
Eff2 = effectiveness and efficiency, SKA = spatial knowledge acquisition, SA-FCN = spatial abilities in
FCN, UEQ = User Experience Questionnaire, NASA = NASA TLX Raw and SUS = System Usability
Scale. Column DV presents the subdimension(s) tested. TBT refers to Turn-by-Turn, FCN to Free
Choice Navigation and HIGH and LOW to participants with high and low environmental spatial
abilities (median split).

HG DV Alter. Hypoth. Rationale

Eff2 Arrival Rate FCN < TBT Because of its first implementation and its novelty,
we expect a lower arrival rate for the FCN group (in
line with our simulation [6])

Eff2 # instructions FCN < TBT As FCN is meant to give the user more freedom, i.e.,
less instructions are expected.

SKA Judgment of relative
direction FCN < TBT As in the FCN condition, there is no need to divide

the user’s attention between a device and the envi-
ronment, we expect a smaller error.

SKA Distance
Estimation (error) FCN < TBT See Judgment of relative direction.

SKA Abstract
Route Drawing FCN < TBT The map is visible in the TBT condition map and

should help with memorizing turns.
SKA Route Drawing (Map) FCN < TBT We expect TBT users to draw more accurate routes,

because they see the route on a map in this condition.
SKA # Points of Interest FCN 6= TBT On the one hand, FCN users need to actively look

around, and on the other, TBT users have a map with
POIs, therefore, we expected no difference.

SKA Points of Interest
Configuration Similarity FCN < TBT As TBT users see POIs on the map, we expect these

to have a higher configuration similarity (bidimen-
sional regression).

SA-FCN Route length and # instructions HIGH < LOW As FCN users have to use their environmental spatial
abilities, we expect participants with low self-report
sense of direction to perform worse.

UEQ Attractiveness FCN > TBT Due to the novelty of the navigation approach, we
expect FCN to be more likeable.

UEQ Depandability FCN < TBT As FCN participants have to partially depend on
their environmental spatial abilities, they are more
likely to feel uncertain.

UEQ Stimulation FCN > TBT See Attractiveness.
UEQ Novelty FCN > TBT See Attractiveness.

NASA Mental
Demand FCN > TBT We expect higher mental demand for FCN users,

as they need to rely on their environmental spatial
abilities.

NASA Physical
Demand FCN > TBT As FCN participants are expected to walk longer

routes, we expect higher physical demand for
FCN users.

NASA Temporal
Demand FCN 6= TBT As participants in both conditions are instructed

to conduct the task at normal pace, we expect no
difference.

NASA Performance FCN > TBT See Mental Demand (higher performance score
means failure).

NASA Effort FCN > TBT See Mental Demand.
NASA Frustration FCN > TBT Due to the novelty of the wayfinding approach, we

expect FCN participants to show an increased level
of frustration.

NASA Overall FCN > TBT See Mental Demand.
SUS Overall FCN < TBT We expect the usability of the FCN system to be

lower, because of its first implementation and its
novelty.

4. Experimental Design

In this section, the experimental design is presented with all its decisions. These
include the selection of experiment routes, participants, navigation conditions and the
procedure description. The original experimental design was discussed with the Pilot
Research Ethics Committee of TU Wien and was improved accordingly. The participants
were acquired in two batches. First, friends and acquaintances were asked (snowball
sampling). Once this source dried up, more than 2000 emails were sent to PhD students
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and post-docs of several universities in Vienna. Through these two steps, 50 participants
were acquired in total. Two of them were excluded due to language problems (insufficient
knowledge of German to understand the experiment task). The participants were not paid,
but were offered to participate in a lottery (one prize of EUR 400). Initially, we planned an
equal distribution of 26 participants per group, but we had to stop the data collection earlier
due to re-emerging COVID-19 restrictions. This resulted in a slightly unequal distribution
(FCN = 26, TBT = 22). Assuming α = 0.05, effect size = 0.8 (i.e., a large effect), power = 0.8
and equal sample size in both groups, the a priori calculation with the software G*Power
resulted in a sample size of 21 participants per group. As we expected data loss, we decided
to collect a sample of 26 participants per group.

4.1. Data and Software

As the experiment area, the outskirts of Vienna were selected (district Liesing). The
outskirts were selected to assure unfamiliarity with the environment. The data needed
to build the graph of the experiment area were extracted from OpenStreetMap (OSM)
(https://www.openstreetmap.org, last accessed 20 June 2022). The OpenStreetMap data
were not completely up-to-date. In consequence, junctions and street segments were
added manually. The updated graph had 865 junctions and 1250 street segments and
formed the basis to find all possible routes for the experiment using SageMath 9.1 and its
SubgraphSearch function (https://doc.sagemath.org/html/en/reference/graphs/sage/
graphs/generic_graph_pyx.html, last accessed 30 January 2022). Several junction char-
acteristics (e.g., regularity) were calculated using the Intersections Framework [39]. The
remaining characteristics were implemented in Python 3.6.

4.2. Route Selection

We applied our previously developed route selection framework [7] to find suitable
routes within the experiment area. In total, three different routes were chosen to decrease
potential biases [40]. First, a route population needs to be defined. To limit the number of
potential routes, we considered shortest paths only, composed of 18 junctions (according
to OSM data) and between 550 and 750 m long. This allows for routes with a reasonable
length from a research economics perspective and a sufficient number of junctions, i.e.,
potential turning points. There were 23,296 potential routes in the experiment area meeting
these criteria. The above-mentioned framework finds representative routes for a given
area with specific characteristics. The framework ranks routes according to a score that
expresses the deviance from an average route given specific categories. The lower the
score, the better a route resembles a hypothetical average route in the experiment area. The
following five high-level categories with their features were used to calculate the score
value for each route [7]:

1. Segment-length-related features: (a) average segment length, (b) median segment
length, (c) standard deviation of segment lengths, (d) total route length

2. Cardinality of junctions: (a) average number of options at junctions, (b) number of
n-way junctions (e.g., 3-way and 4-way junctions) along the route

3. Frequency of turn types: number of right, left and non-turns along the route
4. Regularity of junctions: average angle for n-way-junctions (deviation from a regular

n-way junction, for more details see [39])
5. Point-of-Interest (POI)-related features: (a) average POI number at junctions, (b) stan-

dard deviation of POI number at junctions, (c) average POI uniqueness [41] at junc-
tions, (d) standard deviation of POI uniqueness at junctions, (e) POI per meter along
segments, (f) standard deviation of POI per meter along segments

The score calculation can be parameterized in order to reflect the relevance of categories
for a given study design. The weights for the five high-level categories were not equal,
as the study focuses on spatial knowledge acquisition. Therefore, the presence of points
of interest was the most important feature (weight = 0.4). Furthermore, the frequency of
turn types was important to avoid prevailing no-turns along the route (weight = 0.3). The

https://www.openstreetmap.org
https://doc.sagemath.org/html/en/reference/graphs/sage/graphs/generic_graph_pyx.html
https://doc.sagemath.org/html/en/reference/graphs/sage/graphs/generic_graph_pyx.html
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remaining three high-level categories, segment-length-related features, cardinality of junctions
and regularity of junctions were considered equally important with a weight of 0.1. The
high-level category related to points of interest needs further explanation, as there is
no agreement about what a point of interest is, and many definitions exist (see [42] for
an overview).

4.2.1. Points of Interest

For our experiment, we initially considered every OSM object bearing the amenity
tag (e.g., bars, restaurants, churches) as a potential point of interest. After a preliminary
analysis and several in situ checks, a few values were excluded from this set because they
were not perceivable as points of interest (e.g., rubbish tips and benches). The following
values for the key amenity were excluded: waste_basket, waste_disposal, recycling, grit_bin
and bench. Furthermore, parking-related features were also excluded (“amenity” NOT
LIKE ’%parking%’) because parking places are barely noticeable (Google Street View and
in situ check) as fences or shrubs often cover them. The same filtering was applied to
polygonal POIs transformed into point features by calculating the polygon’s centroid.
Moreover, bus stops, downloaded from overpass-turbo (https://overpass-turbo.eu/, last
accessed 20 June 2022), were added as points of interest to the data set. Having the POI
dataset ready, every POI was snapped to the nearest street segment and to the nearest
junction. With this information, the features mentioned above can be calculated. A buffer
around junctions or street segments was not used in order to avoid counting POIs more
than once and having POIs not assigned to any street segment or junction.

4.2.2. Choosing Final Routes

The flexibility of the framework allows for defining a target route instead of the
average one [7]. Given our goals (e.g., having as many POIs as possible), we set certain
features of the target route to values different from the average. The number of right, left,
and non-turns should be balanced and equal for all three features. Furthermore, the three
POI-related features regarding the average (5 a, c and e) were set to the maximum available
in the data, as we are interested in having as many POIs as possible. Features regarding the
standard deviation (1c, 5 b, d and f) are set to the minimum to have POIs well distributed
over street segments/junctions on the route and to avoid very long segments. For all other
features, the data mean was used. Based on this target route, the weighted Euclidean
distance (aka score) between all 23,296 potential routes and this target route was calculated.
The smaller the score, the more similar the routes are. Having calculated the score for every
potential route, three routes were selected iteratively:

1. Choose the route with the lowest Euclidean distance to target route from the remaining
route population (Step 1)

2. Check if the route follows a main road only. If yes, exclude it and go to Step 1)
3. Check if the route has enough turning points. If not, exclude it and go to Step 1)
4. Check if the route has enough POIs (Google Street View and in situ checks). If not,

exclude it and go to Step 1)
5. Check if the route starts/ends in a dead-end. If yes, exclude it and go to Step 1)
6. Check if the route’s start or end point lies in an area accessible only through one

street segment, meaning participants will know a part of the route before the actual
experiment starts. If yes, exclude it and go to Step 1)

7. Check if the route crosses parking areas. If yes, exclude it and go to Step 1)
8. Check if the route leads through allotments gardens. If yes, exclude it and go to Step 1)
9. Check if the route leads through subways. If yes, exclude it and go to Step 1)
10. Add the route to the final route list
11. Generate two buffers (200 m and 800 m) around all routes in the final route list and

create the difference polygon between both buffers. The two buffers are employed to
avoid crossing routes and to keep the walking distance between two routes reasonable.

https://overpass-turbo.eu/
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12. Limit the route population to routes within the difference polygon and not intersecting
with the smaller buffer

13. Repeat until three routes are found.

The suitability of the three similar (according to the route selection framework) routes
was verified in situ before the experiment. One of the three experiment routes was assigned
randomly to each participant. The selected routes are presented in Figure 1.

Route 1
Route 2

Route 3

Figure 1. The three final routes in the experiment area located in Liesing (outskirts of Vienna, Austria).
The inset map shows the location of the experiment area within the administrative boundary of
Vienna. Background map OpenStreetMap.

4.3. Conditions

In this subsection, we describe the two navigation conditions (between-subject design),
namely Turn-by-Turn (TBT) and Free Choice Navigation (FCN). For safety reasons, all
participants were accompanied by the experimenter at all times. While walking, the
experimenter logged further data with a custom kotlin app on an Android tablet. In both
conditions, the participants received audio instructions via a single Bluetooth earbud (to not
block environmental sounds such as cars). The experimenter carried the second earbud. A
trial ended once the participant reached the destination within 150% length of the shortest
path (success), or it was interrupted if this was not possible anymore due to the walked
route so far (failure).

4.3.1. Turn-by-Turn and Application Choice

In the Turn-by-Turn (TBT) approach, an instruction is given at every turning point
along a predefined route. A very popular application offering TBT navigation, Google
Maps, could not be used because the underlying data are not freely available, and it
is different from our data basis in the FCN condition (OSM). Therefore, the navigation
systems would not be fully comparable. Several smartphone apps offer OSM-based Turn-
by-Turn navigation. However, we excluded many due to shortcomings such as no audio
instructions (https://maps.me/, last accessed 22 June 2022), aggressive map matching
(https://www.sygic.com/gps-navigation, last accessed 22 June 2022), and uncontrollable
intermediate navigation instructions (https://osmand.net/, last accessed 22 June 2022.
Finally, the app Organic Maps (https://organicmaps.app/, last accessed 22 June 2022) was
chosen, which is similar to MapsMe, but offers audio instructions.

https://maps.me/
https://www.sygic.com/gps-navigation
https://osmand.net/
https://organicmaps.app/
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In our scenario, these instructions are issued by the application Organic maps via
earbuds. To ensure high positional accuracy, a Global Navigation Satellite System (GNSS)
receiver manufactured by PPM (model 10xx-38) was attached to the experiment smartphone
(OnePlus 5T) held by the participant. The map orientation changed according to the device
orientation (see Figure 2a). The task was to follow the indicated route using the application
and its audio instructions.

(a) (b)

Figure 2. Experiment setup: (a) Organic Maps interface with a track-up orientation and 2D buildings;
(b) Participant with mounted sensors. The laptop powers the IMU (inertial measurement unit) that
tracks the participant’s head movements. The eye-tracker is used to verify the map drawings of the
participants. The pictures do not show the experiment area (illustration purposes only).

4.3.2. Free Choice Navigation

In this condition, the Free Choice Navigation approach [6] was implemented through
a custom Android application operated by the experimenter. This approach aims for more
freedom while navigating, simultaneously assisting the wayfinder in difficult situations.
In the beginning, the participants received two pieces of information: the direction to
the destination, marked by a red arrow on the ground, and the beeline distance to the
destination. While the participant was walking, the FCN system decided at every junction
whether assistance was needed. This decision was based on environmental spatial abilities
(derived from the Santa Barbara Sense of Direction Scale (SBSOD) questionnaire), the
walked route so far, and the situation at the next junction (e.g., distance to destination,
number of options, possible detours).

The task was to find the unknown destination with the assistance of the Free Choice
Navigation system. As one of the aims of FCN is minimizing the information provided to
the user, the destination was kept unknown, as there was no graphical interface that would
have facilitated the communication of the destination. The experimenter stressed that the
destination could not be missed because the system would notify the participant on arrival.
Furthermore, the experimenter underlined that the destination is a junction and underlined
that it is not a point of interest (e.g., church, supermarket, bus stop). While the FCN
approach is not tied to any particular method of conveying route instructions, we selected
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auditory TBT instructions due to comparability with the TBT condition and widespread
use (e.g., “turn left!”). If the system supported the participant with an instruction, it was
valid only for the current junction and not for the upcoming ones (e.g., go straight ahead).
Additionally, the instruction “turn around” was explained as a 180◦ turn and a walk back to
the previous junction. The participants were asked to follow the issued instructions.

4.4. Procedure

This subsection describes the complete procedure with all its questionnaires and tasks.
It consists of an online and an in situ part. The entire experiment, including documents,
task descriptions and questionnaires, was conducted in German; however, as there is no
official translation of the NASA TLX questionnaire, the original was used, and if needed, an
unofficial translation was provided (https://www.keithv.com/software/nasatlx/nasatlx_
german.html, last accessed 20 June 2022).

4.4.1. Online Part

The online part started with the experiment description and the informed consent
regarding the recorded data. The participants then had to answer questions about demo-
graphics (sex and age), usage of navigation aids in unknown environments, spatial strate-
gies (in German Fragebogen Räumliche Strategien [43]), sense of direction (SBSOD) [44]
and psychological traits [45]. Furthermore, participants were asked to what degree they
would be willing to accept walking longer routes (0–100% longer) for each of the following
two reasons: (1) if they would gain more control over the walked route, compared to a
predefined route; (2) if they would gain more knowledge about the environment. The
completion of the online part took between 15 and 25 min.

4.4.2. In Situ Part

The in situ part took place on the outskirts of Vienna (Austria), in Liesing (see Figure 1).
Exclusively persons who visited Liesing no more than once throughout the last year were
allowed to participate in order to ensure unfamiliarity. None of the participants was a
resident of the experiment area. Before the experiment started, the informed consent
was signed, and the assigned condition was explained to the participant. The sensors
were then attached to the participant (see Figure 2b). The experimenter explained the
task again, and the first trial started if no further questions were left. Once the trial
ended (destination reached or not possible anymore to be reached within 150% of the
shortest path), the participant filled out three questionnaires regarding the workload
(NASA TLX [37]), the usability (System Usability Scale [38]) and the user experience
(User Experience Questionnaire [36]). Subsequently, a battery of four tests was used to
approximate spatial knowledge acquisition.

First, staying at the destination, the participant was asked to look in the direction
of the starting point (judgment of relative direction) and estimate the walked distance.
While pointing to the starting point, the experimenter stood 2 m behind the participant and
measured the direction with a digital compass app (https://play.google.com/store/apps/
details?id=com.vincentlee.compass, last accessed 17 October 2022). The next task was to
draw the walked route abstractly (abstract route drawing task). The experimenter stressed
that the order and number of turns were important, not metric or absolute information. In
this task, participants were also asked to indicate junctions at which they walked straight
ahead, i.e., a non-turn. The following two tasks consisted of drawing the walked route and
remembered points of interest (POIs) on a map with streets only. The start and end points
were also indicated on the map. The experimenter underlined that every remembered
detail of the environment could be a POI, e.g., the color or the architectural style of a
building, a bus stop or a pedestrian crossing. After the last spatial knowledge acquisition
task, the participant conducted an additional task about wayfinders’ orientation. These
data were collected in the same study to minimize the number of rides to the experimental
area and to reduce time effort considerably. As this additional task always took place after

https://www.keithv.com/software/nasatlx/nasatlx_german.html
https://www.keithv.com/software/nasatlx/nasatlx_german.html
https://play.google.com/store/apps/details?id=com.vincentlee.compass
https://play.google.com/store/apps/details?id=com.vincentlee.compass
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the navigation task with TBT or FCN, it did not influence the study results and is thus
irrelevant to this work.

After a short debriefing, participants were allowed to ask questions regarding the
experiment and the research questions. If no questions were left, the experiment ended at
this point. The completion of the in situ part took between 90 and 120 min.

5. POIs—Data Cleaning

The participants had to draw POIs on a map. In order to analyze them, data cleaning
was needed. While we excluded overly generic entries (e.g., “building”), POIs referring
to specific details (e.g., “yellow building”) were considered. Points, lines, and polygons
were valid shapes for a POI. We additionally excluded entities not located along the
route or visible from a distance, which participants likely knew due to their way to the
experiment. Furthermore, we considered non-permanent objects [46,47] such as a parked
yellow motorbike or temporary placed furniture on the sidewalk as valid POIs for the
analysis, since they represent a memorized detail of the environment. To obtain real-world
coordinates of the POIs, the paper map with the marked POIs was georeferenced with QGIS
3.14 [48] to match the OSM map. If the drawn POI was not present in the OSM map, the eye
tracking video was used to extract the position (potentially missing features in OSM). If the
POI was not present on the map and no video was available, then the location derived was
based on the experimenter’s memory. If the drawn POI was found neither on the map nor
in the video (or experimenter’s memory), it was excluded from the analysis. Polygon-like
features were only valid if delineated completely (e.g., park and public swimming pool).
To convert valid polygons and lines (e.g., railway lines) into point features, their centroid
was used.

6. Analysis and Results

In this section, we present the study results regarding our research questions and
hypotheses (see Section 3). If not stated otherwise, the number of participants equals
48 (FCN—26 (10 females), TBT—22 (10 Females)). Given that there are potentially large
individual differences [49,50] in spatial abilities, we compare the answers (SBSOD question-
naire) of both groups in order to ensure that any significant difference will not originate
from differences in environmental spatial abilities. A Wilcoxon–Mann–Whitney test did
not show a significant difference (Z = −1.37, p = 0.17) between the FCN (M = 0.58,
SD = 0.12) and the TBT (M = 0.64, SD = 0.17) groups regarding self-reported spatial
abilities (scaled to the interval [0;1]). As OSM was used as the underlying data, the walked
and drawn routes were snapped to the OSM network before the analysis. We analyzed
(Data analysis was conducted using GNU R v4.2.1 and its packages dplyr v1.0.9 [51], stringr
v1.4.0 [52], coin v1.4.2 [53], tidyr v1.2.0 [54], Cairo v1.6.0 [55], ggplot2 v3.3.6 [56], stringdist
v0.9.8 [57], SimilarityMeasures v1.4 [58], geojsonR v1.1.0 [59], BiDimRegression v2.0.1
[60].) the resulting dataset with respect to six groups of hypotheses (see Table 1). For all
statistical tests, we used Wilcoxon–Mann–Whitney tests due to the non-normality of the
data (Shapiro–Wilk tests and Q-Q plots). In order to avoid inflation of α-errors, we applied
corrections to the p-value according to Holm [61] (baseline α = 0.05).

Besides comparing the two navigation systems, we analyze people’s general will-
ingness to take longer routes. Finally, we scrutinize the impact of environmental spatial
abilities (SBSOD, median split) on route length and the number of received instructions in
the case of the FCN condition (see Section 3 and Table 1).

6.1. Arrival Rate and Number of Instructions

All participants (22) in the TBT condition reached the destination, whereas, in the FCN
condition, 23 out of 26 (88.46%) participants were successful. Next, we compare the relative
(normalized by the number of traversed junctions) and the absolute number of received
instructions. We consider the relative number of instructions because FCN users should
traverse more junctions, given their freedom. With the FCN (M = 0.4, SD = 0.15) approach,
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participants had significantly fewer (Z = −3.18, p < 0.001) instructions than the TBT group
(M = 0.56, SD = 0.11), relative to the number of traversed junctions. Regarding the
absolute number of instructions, there was no significant difference (Z = −2.15, p = 0.016—
Holm correction) between both groups (TBT: M = 6.95, SD = 1.29; FCN: M = 5.88,
SD = 2.36).

6.2. Spatial Knowledge Acquisition

In this subsection, we present the results regarding spatial knowledge acquisition:
judgment of relative direction (JRD), walked distance estimation, abstract route drawing,
route drawing on a map, and drawing points of interest on a map (see Section 4.4.2 for
details on tasks).

6.2.1. Pointing to Start Point and Distance Estimation

For both tasks, we calculated the absolute deviation of the estimation from the true
value (i.e., under- and overestimation were considered equally). There was no significant
difference (Z = 0.25, p = 0.803) between FCN (M = 24.5◦, SD = 27.88◦) and TBT
(M = 17.95◦, SD = 14.09◦) regarding the JRD task. For the distance estimation task,
the sample size is 44 (26 FCN, 18 TBT) because 4 participants in the TBT condition saw
the walking distance at the beginning of the navigation task. The rest was not aware
of the walking distance. Regarding the estimation of the walked distance, there was no
significant difference (Z = −2.13, p = 0.017—Holm correction) between both groups (TBT:
M = 252.67m, SD = 282.36m; FCN: M = 135.35m, SD = 121.53m).

6.2.2. Abstract Route Drawing

Having collected the data, we found that the concept of a junction varies considerably
among participants (see potential future work in Section 9). Therefore, we only analyze
turns but do not consider drawn junctions at which the route was continued (no turn).
First, we compare the number of turns drawn with the actual number of turning points
during the trial (absolute value). There was no significant difference (Z = 0.230, p = 0.815)
between the FCN (M = 1.28, SD = 1.43) and the TBT (M = 1.23, SD = 1.45) groups
regarding the number of drawn turns compared to these actually walked. Second, we
compare the sequence of turns (right, left, and turn around) with the walked sequence
using the Levenshtein distance, a widespread measure in natural language processing
successfully employed to compare route sequences in [62]. One drawing from the FCN
condition was excluded, because the turning points were not appropriately marked with
letters (R—right, L—left) (n = 47). Again, there was no significant difference (Z = −0.19,
p = 0.852) regarding the Levenshtein distance between the walked turn sequence and the
drawn one between FCN (M = 1.52, SD = 1.48) and TBT (M = 1.59, SD = 1.47).

6.2.3. Route Drawing on Map

A route similarity metric is needed to compare the walked route with the drawn
one on a map. As the drawn trajectories do not have a temporal component, we will not
consider similarity measures accounting for the temporal data dimension [63]. Toohey and
Duckham compared four similarity measures for routes and provided an R package for
the calculations [64]. The four compared measures are: Fréchet distance (FD), dynamic
time warping (DTW), longest common subsequence (LCSS) and edit distance on real
sequence (EDR). We exclude the Fréchet distance because back and forth movements
are not allowed in this similarity measure [64], but several participants walked a street
segment twice. From the four mentioned measures, Su and colleagues [63] found that
DTW and LCSS can handle different types of transformations, whereas EDR and FD do not.
According to Tao and colleagues [65], DTW and FD were more in line with their human
expectations while conducting a series of tests (e.g., bird routes). As we already mentioned,
we excluded FD and, in consequence, compared the walked routes with the drawn routes
on a map with DTW. The lower the DTW score, the more similar both trajectories are. There
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was no significant difference (Z = 2.67, p = 0.004—Holm correction) between the FCN
(M = 572.19, SD = 797.36) and the TBT (M = 375.32, SD = 1281.52) groups regarding
the DTW score between drawn and actually walked routes.

6.2.4. Points of Interest on Map

Regarding points of interest (POIs) drawn by participants, we analyze the absolute
number and the configuration similarity applying bidimensional regression. There was
no significant difference (Z = −1.25, p = 0.211) between the FCN (M = 5.88, SD = 1.83)
and the TBT (M = 7.59, SD = 3.69) groups regarding the number of drawn POIs on
the map. We applied bidimensional regression, proposed by Tobler [66], to assess the
configuration similarity between the drawn POIs and their true locations. We use the
R package bidimregression [67], which builds on Friedman’s work [68] and offers as well
significance tests proposed by Nakaya [69]. To calculate any statistics, at least 4 pairs of
coordinates are needed [69], therefore, we consider only participants with at least 4 valid
(see Section 5) drawn POIs, i.e., we base our analysis on n = 42 participants (FCN = 23,
TBT = 19). For each valid (at least four valid POIs) participant, the R2 coefficient was
calculated. The R2 coefficient expresses the configuration similarity between the drawn
POIs and their true locations. A Wilcoxon-Mann–Whitney test did not reveal a significant
difference (Z = −0.8, p = 0.426) regarding the configuration similarity between FCN
(M = 0.87, SD = 0.22) and TBT (M = 0.9, SD = 0.22).

6.3. Workload and User Experience

In this subsection, we will analyze the differences between FCN and TBT regarding
user experience (UEQ), workload (NASA TLX Raw) and usability (SUS) (see Table 1).

6.3.1. SUS

One missing value in the System Usability Scale questionnaire was replaced with the
most frequent answer (mode) for the affected question [70]. Between FCN (M = 83.94,
SD = 8.89) and TBT (M = 81.02, SD = 12.69) there was no significant difference found
(Z = 0.56, p = 0.574). Both navigation systems fall into the second-highest category “A” in
the Sauro–Lewis SUS curved grading scale [71].

6.3.2. UEQ

In total, two of the six subdimensions, perspicuity and efficiency, will not be analyzed
because questions 21 and 23 were not answered in the FCN condition, as no graphical
interface was present. In total, five values were missing, which were replaced by the mode
(see, again, [70]). We used the analysis tool [72] provided by the authors to assess the
hedonic quality (stimulation and novelty) of both systems. FCN has a very high hedonic
quality (excellent stimulation and good novelty), whereas the TBT approach provides a
below average hedonic quality (below average stimulation and bad novelty). A series
of Wilcoxon–Mann–Whitney tests showed significantly better results for FCN for the
subdimensions stimulation and novelty (see Table 2). The subdimensions attractiveness
and dependability did not show a significant difference.

Table 2. Inferential statistics for the User Experience Questionnaire. Significant results are boldfaced.
FCN refers to the Free Choice Navigation condition and TBT to the Turn-by-Turn condition. The
subdimensions perspicuity and efficiency are left out due to missing data.

Dimension p-Value Z-Value Alter. Hypoth.

Attractiveness 0.014 2.21 FCN > TBT
Dependability 0.301 −0.52 FCN < TBT
Stimulation 0.001 3.07 FCN > TBT

Novelty <0.001 4.66 FCN > TBT
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6.3.3. NASA TLX Raw

There was no significant difference (Z = 2.52, p = 0.006—Holm correction) in reported
mental demand between FCN participants (M = 8, SD = 4.35) and TBT users (M = 5.32,
SD = 3.24). The remaining subdimensions of the NASA TLX questionnaire did not reveal
significant results either (see Figure 3 and Table 3). Additionally, no significant difference
concerning the overall task load (sum) was found between both wayfinding methods.

Figure 3. Mean values for NASA TLX Raw items for FCN (blue) and TBT (brick), error bars represent
95% confidence intervals.

Table 3. Inferential statistics for the NASA TLX Raw comparison. FCN refers to the Free Choice
Navigation condition and TBT to the Turn-by-Turn condition.

Dimension p-Value Z-Value Alter. Hypoth.

Mental Demand 0.006 2.52 FCN > TBT
Physical demand 0.853 −1.05 FCN > TBT

Temporal demand 0.427 0.79 FCN 6= TBT
Effort 0.492 0.02 FCN > TBT

Performance 0.168 0.96 FCN > TBT
Frustration 0.074 1.44 FCN > TBT

Sum 0.075 1.44 FCN > TBT

6.4. A Wish for Freedom and Learning

In the online part of the study, all potential participants were asked about the increase
in route length (in %) they would accept if they (1) gain more control over the route (in
contrast to a predefined route) or (2) learn more about the environment. These answers will
shed light on whether subjects would value wayfinding assistance not based on shortest-
path guidance. As these are general questions, which are condition independent, they
were asked before the experiment to avoid potential bias. In total, 81 potential participants
finished the online part (48 signed up for and finished the in situ part) and replied to both
questions. The answers show an interest in having more freedom while navigating and/or
learning about the surrounding environment (see Figure 4). A paired Wilcoxon test showed
that participants have a preference for longer routes (V = 251, p < 0.001) in order to learn
more about the environment (M = 61.41%, SD = 30.23%) rather than accepting longer
routes to gain control over the route (M = 48.27%, SD = 30.65%).
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Figure 4. Boxplots with jittered data points of longer routes (%) participants are willing to take to
have more (1) control over the walked route or (2) knowledge about the environment.

6.5. Environmental Spatial Abilities and Performance in FCN

In this subsection, we scrutinize whether self-report environmental spatial abilities
(SBSOD) impacted the performance in the FCN condition. As a proxy for the performance,
we will consider route length, the absolute number of instructions and the relative number
of instructions (normalized by the number of traversed junctions). The arrival rate would
be a performance indicator, but there were not enough participants who did not finish the
trial successfully. As the three routes have different lengths, the walking distance of each
participant is normalized by the shortest path length of the corresponding route. The 23
successful participants in the condition FCN were split into two groups regarding their
environmental spatial abilities (median split into groups low and high). No significant
difference was found (Z = −0.28, p = 0.782) between participants with low (M = 1.18,
SD = 0.14, n = 12) and high (M = 1.21, SD = 0.19, n = 11) environmental spatial abilities.
Additionally, there was no difference found regarding the absolute (Z = 0.56, p = 0.58) nor
the relative (Z = −0.03, p = 0.98) number of instructions.

Taken together, our analyses reveal: (1) Participants assigned to the FCN condition
received fewer instructions (normalized by the number of traversed junctions) than those
using the TBT system; (2) There was no significant difference between both groups in terms
of spatial knowledge acquisition; (3) The FCN navigation system was rated higher in terms
of stimulation and novelty (UEQ); (4) As a reason for walking longer routes, learning more
about the environment is preferred over controlling the exact route.

7. Discussion

The rationale behind FCN is to provide users more freedom to make route decisions
while navigating. As the decision-making process about which street segment to take is not
fully outsourced to the navigation system (as in TBT), we expected more engagement and in-
teraction with the environment and, consequently, increased spatial knowledge acquisition.

The most important capability of a navigation system is to successfully guide users
to their destinations. Regarding the arrival rate (RQ1), the FCN approach (arrival rate
88.46%, 23/26 participants) is less effective than the TBT approach (arrival rate 100%).
The superiority of TBT over FCN, regarding the arrival rate, is in line with our previous
simulation study [6]. One participant did not interpret the given navigation instruction
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correctly and took a wrong turn. In the case of two further participants, our system did not
give any instruction at a junction because, according to our model [6], the participants were
still well oriented, but apparently they were not and took the wrong street segment, i.e., the
actual participant’s knowledge about the direction towards the destination (belief vector)
and the modeled one did not correspond, and an instruction should have been issued at
this junction. Although the modeled belief vector works reasonably well most of the time,
it requires further revision and improvement (discussed in Section 9).

On the other hand, FCN succeeded in giving more freedom to the user (RQ2). FCN
participants had to make their own decisions at more than 50% of the traversed junctions,
which is, again, in line with our previous work [6]. Not only did the users have to make their
own decisions at several junctions, they were also provided with fewer instructions relative
to the number of traversed junctions. Furthermore, less navigation system use favors
more forward and backward glances [73], and, therefore, the environment is potentially
observed more attentively. Parush and colleagues concluded that forcing participants to
engage with the environment can lead to better spatial knowledge [74]. In consequence,
we hypothesized that users would direct this attention to the environment and, in doing
so, enhance their spatial knowledge acquisition (RQ3). The collected data do not support
this hypothesis. We did not find a significant difference between the two systems for any
of the spatial knowledge acquisition tasks. Although there was no significant difference
regarding SKA, we want to highlight some tasks. FCN participants estimated the walked
distance on average better by ca. 115 m than TBT participants, which suggests the value
of FCN for proprioception. TBT users traced their route on a map more accurately than
FCN participants. This was expected because a map was always visible during the trial.
While we hypothesized that the presence of the map with the route (TBT) would facilitate
memorizing the turns, no difference between both conditions was found. Perhaps TBT
participants did not often look at the map. This can be answered with the eye-tracking data
collected but not yet analyzed (see Section 9). Regarding the number of drawn POIs, we
expected no difference as TBT users had a map with POIs, and the FCN users had to actively
look around and remain attentive while navigating. TBT participants drew on average
1.7 POIs more (insignificant difference like in [33]) suggesting that forced engagement with
the environment might be insufficient grounds to improve landmark memory, which is in
contrast to the work by Parush and colleagues [74] suggesting that keeping users attentive
may lead to better spatial knowledge. Both groups had a similarly high configuration
similarity of the drawn POIs. This was unexpected, as FCN users had no map to see the
POIs put into relation. This is of particular interest and suggests that people can compensate
for a missing map that provides this type of information. Regarding the JRD task, our
data did not reveal any difference between both systems. This is in line with [33], but in
contrast to [31], although in both works participants had the freedom to choose their own
routes. Therefore, more analysis is needed to understand where this difference potentially
originates from.

The missing improvement in spatial knowledge has several potential reasons: (1)
The users need more support, e.g., a map display on demand [74], although other results
suggest that audio-only instructions can lead to comparable spatial knowledge acquisition
such as smartphone or AR-based navigation [8]; (2) The users may also need information
between junctions to improve orientation and trust [75]; (3) The user needs more time to
familiarize with the FCN navigation approach to have more trust in the system; (4) Making
own decisions does not guarantee enhanced spatial knowledge acquisition, although it
has the potential to do so [33]; (5) Making own decisions does not mean full engagement
with the environment and looking around in all directions [73]. It is also possible that the
participants were only attentive around the junctions but not in between.

There was no significant difference regarding the workload (NASA TLX Raw). Con-
trary to our expectations, FCN participants did not report a significantly higher mental
demand than TBT participants. This would be in line with the work of Haosheng and
colleagues [33], in which participants also had to make their own decisions at junctions.
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According to the NASA TLX results, FCN participants did not feel an increased physical
demand—despite an average increase in route length of 19%. This suggests that moder-
ately increased walking distances (in the FCN condition on average 19%, compared to the
shortest path) can be used for further purposes without increasing the physical demand
considerably. This is in line with people’s willingness to take longer routes (see Section 6.4).
We also expected that FCN participants would experience increased levels of effort, frus-
tration, and performance (the higher, the greater the sense of failure), but the data did not
reveal significant differences with respect to TBT. In order to explain these results, further
work with interviews after the trial is needed to obtain more in-depth information about
the users’ perception of the system. According to our expectations (see Table 1), the FCN
system was rated higher regarding attractiveness, novelty, and stimulation (UEQ). A high
score in stimulation shows that our system is motivating. Although we predicted a lower
score for dependability in the FCN condition because of the uncertainty if an instruction
will be given at the next junction, the dependability of the two navigation systems did not
differ. This outcome suggests that, although FCN users did not know the exact mechanism
behind the system, they did not feel less secure than TBT users. On the other hand, the
dependability of Organic Maps is possibly lower than in the case of Google Maps, to which
most users are accustomed to. Regarding the usability (SUS), both systems did not show
any difference; however, both systems have potential for improvement as they fall into the
second-highest category “A” in the Sauro–Lewis SUS curved grading scale [71] and not
into the highest one. Therefore, we conclude that the FCN navigation system demonstrates
an acceptable performance regarding user experience and usability.

In our previous work [6], we hypothesized that FCN would be more difficult for users
with low environmental spatial abilities (RQ4). The arrival rate would be one indicator,
but there was not enough data, i.e., there were not enough participants that did not finish
the trial successfully. Another proxy can be the length of the walked route and the number
of received instructions. Longer routes would indicate more difficulties in reaching the
destination, and an increased number of instructions would indicate more assistance by
the system and less independent navigation. As no difference was identified regarding
these two features, we cannot conclude that people with low environmental spatial abilities
experience more difficulties than those with high environmental spatial abilities while
using Free Choice Navigation. This is not in line with our previous simulation results [6] in
which agents with lower environmental spatial abilities reached their destination less often.
One possible explanation is that our simulation did not model spatial cognition profoundly.

The online survey on the willingness to take longer routes (RQ5) showed that learning
about the environment is more desirable than gaining control over the route as a reason for
taking longer routes (see Figure 4). As the average answer to the question about learning
the environment was 61%, it suggests that people are interested in becoming more familiar
with and gaining more knowledge about their environments. This is an argument in favor
of works on navigation systems enhancing spatial knowledge acquisition, as long as this
aspect is an add-on to an acceptable arrival rate.

Taken together, we have seen the potential of Free Choice Navigation to provide
wayfinders more freedom while navigating. This might also increase serendipity effects
(e.g., they encounter new features in the environment). Based on informal post-experiment
conversations, we have the impression that our approach can be combined with gamifica-
tion: Several FCN participants expressed that they liked the approach because it felt akin
to a scavenger hunt. Similarly, creativity during wayfinding might be stimulated as one
participant claimed to have oriented herself based on a specific cloud, albeit the person had
no experience in orienteering sports.

8. Limitations

Several limitations apply to our work. The first aspect relates to the point in time at
which participants received the instruction to turn around. Having made a decision leading
to such a “go back” instruction, users are only informed about this wrong decision at the
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upcoming junction in the current implementation. An updated implementation could, for
example, notify users shortly after the junction at which such a decision was made. This
would save walking distance and probably increase the number of successful participants
in the FCN condition. We did not implement this improvement in order to keep the results
comparable with the simulation study [6]. The modeling of the environmental complexity
for a junction influences the FCN navigation approach, as a higher environmental complex-
ity leads, broadly speaking, to more difficulties in taking an appropriate street segment
according to our model [6]. Therefore, further modeling approaches (e.g., [76,77]) need to
be tested because we believe that a more realistic measure for environmental complexity
would improve the FCN approach, as difficult junctions could be identified better and the
system would assist the user more accurately. Regarding the analysis of the TBT approach,
one limitation is that we did not control which points of interest were visible at which
zoom level. This selection, determined by Organic Maps, may have had an impact on the
acquisition of spatial knowledge. Having said this, while participants could have changed
the zoom level, the majority of participants did not change it at all.

As people were unfamiliar with the concept of FCN and there was no graphical display,
their trust in the system was somewhat limited. Therefore, a longitudinal navigation study
seems to be a better choice to familiarize users with the FCN approach, potentially increase
their trust in the system [78] and meet pedestrian needs [79].

9. Conclusions and Future Work

In this study, we implemented a first prototype of the Free Choice Navigation (FCN)
approach and compared it with the widespread Turn-by-Turn (TBT) approach. The study
showed that participants can be guided successfully to their destinations and, at the same
time, receive fewer navigation instructions in comparison with the TBT approach (relative
to the number of traversed junctions). Fewer instructions and forced engagement with
the environment, however, did not result in differences with respect to spatial knowledge
acquisition, but it is worth mentioning that FCN users (without a map) can extract spatial
configuration information as well as TBT users equipped with a map. Moreover, we
provided evidence that people are interested in learning more about their environments
and are willing to walk longer routes to achieve it. Finally, we present the first real-world
use of the route selection framework [7], which can guide researchers having to select one
or more routes between several thousand ones. Regarding future work, there are several
potential directions to follow.

The FCN approach can be further improved by implementing turn-around instructions
to avoid unnecessary detours. The collected data allows for updating several assumptions
we made in the initial model [6], making the model more accurate. Notably, the additional
task in which participants had to conduct several pointing tasks is valuable for improving
the belief vector [6] in our model. In this study, auditory TBT instructions were used. In
further studies, other types such as smartphone-based instructions, augmented reality
cues [4,80] or vibrotactile feedback [28] could be used to convey useful information at
junctions if assistance is needed. The head-mounted augmented reality approach seems
to be the most promising one, as the user does not need to look at an additional screen.
Furthermore, the destination can be made always visible (beeline approach), as geographic
objects can be visualized quite accurately outdoors [81]. If auditory instructions are used
again, they can be altered by adding additional information [2,82]. Instead of dividing
the environment at junctions, spatial chunking [83] could further decrease the number
of instructions issued. Furthermore, the prediction mechanism behind FCN can be com-
bined with the conceptual framework of Jin and colleagues [84] to better model route
choice behavior.

Another interesting research question regards the perception of junctions by users,
as we observed different notions among participants. Not all junctions identified by the
underlying OSM data were perceived as such. Another example is a roundabout, which
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can be considered one 5-way junction or five 3-way junctions. Therefore, a human-subject
experiment will scrutinize the perception of junctions.
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