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Figure 1: Our immersive application visualizes racing data in 3 different ways: with conventional line charts (left), with situated
3D graphs on a racing track (middle) and in a hybrid way by combining the line charts and the situated visualization (right).

ABSTRACT

This paper presents an exploratory study of expert behavior while
analysing spatio-temporal data in an immersive environment for
the racing engineering domain. The analysis of moving-object data
has become crucial in diverse fields, including sports analysis, lo-
gistics and autonomous navigation. This data provides valuable
insights into events occurring at specific points in space and time,
enabling professionals to make informed decisions. For example,
in motorsports, race engineers rely on spatio-temporal data and
vehicle telemetry to identify key events and optimize performance.
However, conventional stacked line charts used by race engineers
offer limited spatial association. Effective visualization techniques
that incorporate the spatial context are essential to fully understand
and interpret the complex nature of moving-object data. To address
this, we propose novel immersive designs for analyzing motorsports
data. Our study uses a critical task in racing engineering—comparing
cornering performance of two drivers to document patterns of behav-
ior of expert analysis. Experts used conventional charts, situated
3D graphs and a hybrid with both options within an Immersive
Analytics environment. Results demonstrate the potential of our
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approach. All experts preferred the hybrid visualization combining
conventional and situated approaches. In the short study period, ex-
perts found value in the situated approach to understand differences
in distances between events.
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1 INTRODUCTION

The analysis of spatiotemporal data can help to understand behav-
ior not only of moving objects like vehicles but also of animals or
humans [2, 21, 24, 32]. Collecting and understanding spatiotempo-
ral data, like trajectories, is also an important task in the athletic
and sports field to analyze and improve performance [42, 43, 58].
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Presenting such data in an easy and intuitive way can be challeng-
ing. Research has been done on that topic and concepts like the
space-time cube or great wall of space-time have been developed
and allow effective visual analysis [20, 45].

Recently, also the potential of immersive technologies was exam-
ined to visualize and present large amounts of data. This research
has shown [29, 39, 56] that immersive technologies, like Virtual Re-
ality (VR), can have benefits like better spatial understanding, rich
semantic interaction, peripheral awareness, and large information
bandwidth.

In this paper, we focus on the visual analysis of racing data in the
motorsport domain. Nowadays the collection and analysis of data in
motorsports is a very common technique, not only used in Formula
1 but also in club sports championships and karting [38]. Data
acquisition systems can provide a large amount of measurement
data that the engineer needs to know about the car’s behavior.
This data can for example include engine performance, tire wear
or track conditions. By understanding this data, engineers can
find the potential for improvement of the car’s performance, like
finding the most suitable setup of the car for a specific scenario.
It can also help to identify areas where driver’s can improve their
technique or driving style. The acquisition and analysis of data is
not only common but also crucial in this domain, where even small
improvements in performance can make a significant difference
[38]. There exist software solutions that aim to support the analysis
process of racing data. Examples of such software are SGB Sports
Software ! and Canopy Simulations 2. This software is used on
computers with traditional screens. To visualize the data usually
line charts are used in combination with other techniques, like
visualizations of the racing track from the top (bird’s eye view) or
camera recordings from the driver’s perspective.

In our work, we make use of the potential of VR and visualize
racing data in an immersive way. Our research’s focus is to explore
the effect of the immersive environment as such, and alternative
visualizations on the analysis process of racing engineers. In this do-
main, an immersive approach can provide the following advantages
compared to traditional desktop platforms: we can visualize the
actual racing track in perceived real-life size, and present the data
directly on the racing lines, enabling the engineers to see the data
directly where it was generated. We assume that this encourages a
better contextual understanding and improved data interpretation
when experts can relate the data directly to specific parts on the
track and allows them to experience the data in a more intuitive and
comprehensible manner. Therefore, we conducted a user study with
five racing engineer experts. Our goal was to understand the usage
and effectiveness of an immersive data visualization environment
for their tasks. The experts were initially exposed to traditional
visualizations, which they already know from their desktop solu-
tions. To explore the effects of our proposed solution, they were
then exposed to situated visualizations (referred to as sitVis), which
make use of a real-life size racing track and data visualizations
directly on the racing line. Finally, they were asked to work in a
hybrid environment where both visualizations were available in
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order to investigate their preferences and observe which one they
would use for which purposes.

Our work contributes to existing research by introducing a sitVis
technique in the field of immersive analytics for racing team engi-
neering to explore spatiotemporal time series data. Making use of
immersive sitVis techniques is new in this domain of sports. We
propose combining the situated immersive visualization techniques
along with the traditional visualizations in order to allow users to
take advantage of combined capabilities. Furthermore, we evaluate
sitVis in combination with traditional visualization techniques in re-
gard to the added value for experts in the race engineering domain
and investigate the preferences of usage for specific tasks. Thanks
to experts feedback we were also able to make out new promising
fields of application in the motorsports domain that would bene-
fit from our approach. Even though we apply the sitVis and the
combined visualizations in a specific domain of race engineering,
our work advocates for the exploration and the potential use of
analogous immersive techniques in other domains dealing with
time series data.

2 RELATED WORK

Data analysis remains one of the primary challenges in the athletic
and sports fields. A key problem is understanding the performance
of individuals, and the interrelations of teams. While there are
different types of measurements and analysis methods possible,
there are no general solutions yet. Recently, Visual Analytics (VA)
has been used to analyze sports data [33, 42], allowing experts to
visualize and study the performance of players and teams. However,
with the significant increase in the volumes of data that can be
recorded, and features that can be computed, visualizing remains a
challenging task. VA merges automated analysis with interactive
visualization [15, 23], utilizing machine analysis for data processing
[44]. VA is commonly used for analyzing multi-dimensional big
data, enabling users to analyze data from various perspectives.

Tactics analysis is an important task in the athletic field [42, 43].
Wang et al.[50] developed a VA tool called Tac-Simur. It enables
experts to analyze players’ tactics and performance in matches to
identify player patterns. Their tool enables experts to understand
the tactics and strength of each player, which can be used to enhance
players’ performance. Another tactic analysis tool using VA was
developed by Wu et al. [53] specifically for racquet sports. This
tool provides athletes with valuable insights into their opponents’
playing styles, allowing them to identify systematic weaknesses
and develop effective counter-strategies during matches.

2.1 Immersive Analytics

Observing the growing need to handle enormous quantities of
data, immersion has been advocated for data visualization over two
decades ago [47] due to its ability especially to display spatial scale,
and provide spatial immersion. Immersive Analytics (IA) improves
large-scale visualization, enabling users to navigate through the
data intuitively [13, 25, 29, 39].

IA provides opportunities to explore data and replay events
recorded in digital twins. The term immersion refers to the extent
to which the system delivers a convincing sensory input, replacing
normal perceptual sensations [40]. IA techniques can represent
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Figure 2: Distance plots with lap overlays. From top to bottom,
Velocity, Throttle, Brake. The first corner is marked. Note
the binary treatment of throttle and brake.

large amounts of abstract data, which may not have physical or spa-
tial qualities [13]. Such data can have qualities that are not directly
observable in reality, e.g., spatial [1, 4, 14], temporal [11, 31], multi-
dimensional [17, 18], or graph/network [27, 28]. While visualization
research has traditionally been skeptical of using 3D, recent percep-
tual research provided compelling evidence of the advantages of
immersive analytics for presenting 3D visual representations, such
as maps [57], parallel coordinates [9], scatterplots [34], provided
the visualizations are designed for the new medium.

In general, 3D data visualization is used in IA as a new means to
analyze data, enabling us to present a digital twin of the physical
world. There are two common types of IA representation: abstract
and sitVis. Abstract visualization has no spatial correlation with
the scene environment [35], while sitVis is presented in a reference
to space and time [19].

Abstract representation has been widely employed in IA in re-
cent years [3, 17]. Researchers examined the visualization effect
and parameters for individual [54] and collaborative analysis [26].
Cordeil et al. [16] developed IATK (Immersive Analytics Toolkit),
simplifying to authorize and present data in immersive environ-
ments.

Using presently stable technology, sitVis can precisely register
to the referent in space. Researchers used the perceptual represen-
tation of sitVis to present data in virtual and augmented reality
[22, 52]. sitVis commonly used for Spatiotemporal data [46, 55],
multidimensional data [37, 59], and streaming data [48, 49, 51], to
enhance data understanding.

With the provided digital twin in immersive environments, spa-
tial data became one of the main beneficial visualizations in IA
[32, 56]. Over the past few years, with the increased interest in
trajectory data in IA, a number of studies have been conducted
to examine the benefits and design pipelines for trajectory imple-
mentation in IA [10, 20, 21, 58]. Shuttlespace [58] Ye et al. also
implemented an immersive analytics application in the sports do-
main. They make use of VR and trajectory visualization to support
badminton coaches in their analysis process.

2.2 Analysis of Racing Data

Race engineers generally have an excellent understanding of ve-
hicle mechanics and dynamics. They may face the analysis of the
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same data with different roles: engineering the car, or coaching and
trouble shooting the drive. We concentrate on the second aspect.

A racing car includes numerous sensors delivering readings con-
tinuously to a telemetry system. The engineer analyses the vehicle
and the performance by looking into corresponding telemetry chan-
nels. The telemetry is broken into laps counted with a sensor when
passing the starting line. In collaboration with a high-tech automo-
tive engineering provider, this study uses telemetry data obtained
with an industry gold-standard racing simulator. The main goal
of the analysis is understanding, comparing and improving track
racing performance by professional drivers. The simulator delivers
clean data at 100Hz. Analysis is carried out predominantly on line-
charts (time and distance plots), X-Y charts and histograms [38]. For
a moving object, distance and time are related by velocity. Indeed,
the distance plot expands fast sections of the track and compresses
slow sections compared with the time-plot [38].

To analyze performance, the race engineer usually takes a refer-
ence lap. This can be the fastest lap in a stint, the fastest lap of the
series or session. It is important that the lap is done with the same
car. Comparisons make up for (95%) of the analysis work, which is
done by overlaying graphs from separate laps [38]. The engineer
would plot a velocity profile over distance as a basis for comparison.
This is the outcome. To analyze what leads to this outcome, one
needs to look at the input: throttle pedal, brake pressure and steer-
ing. A racing car needs to be operated at the physical limits of grip
to be fast. The lateral acceleration of the car provides information
about this. Fig. 2 illustrates these as per Segers J. [38], concretely:

Velocity (Speed): Most analyses use the velocity graph as ref-
erence because it is the end result and reflects any changes
in vehicle set-up or driving style. An experienced engineer
finds locations on the track with the velocity graph.

Throttle: Throttle pedal position is expressed in percentage
(0% : completely off pedal, 100% full-throttle).

Brake: The brake channel records the amount of pressure put
in the brake pedal. Brake pressure must be built up quickly
to reduce the loss of time. The brake and throttle should
have a binary, inverse relation. Usually, the brake data refers
to the pressure, in our case we use the brake (pedal) position
as this information was provided by the dataset (see section
4.1 for more information regarding the dataset).

Steering angle: It records the angle at which the steering
wheel is turned, expressed in deg. or steering rack travel
in mm, with 0 : vehicle traveling straight. In our application,
a positive value indicates a left-hand turn.

Lateral acceleration (referred to as latA): It measures cor-
nering force as the g-force or acceleration perpendicular to
the car’s center line. As with steering, positive latA indicates
a left turn. The latA is used to analyze handling behavior
and absolute cornering power.

The data mentioned above is most commonly used for analysis
of performance and coaching, that is why we decided to focus on
these channels for our first study.

2.2.1 Racing line. The path traversed by the racing car around the
race course is called racing line. An optimal racing line exist that
allows a car with specific physical properties to traverse the track
with the lowest possible time [5]. Note that optimal in this case
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Figure 3: Cornering a right angle corner. With a late apex,
brake has to be aggressive, corner is slower, but exit speed is
higher.

refers to time. In principle optimal lines exist that minimize fuel
consumption, maximize energy recovery, optimize brake usage or
tire wear, and so on. A racing strategy requires the team to be able
to balance these. Qualifying requires lower lap times and is the topic
of this discussion. Here, the racing line is the compromise between
the shortest path and the path that leads to achieving the highest
speeds [7], and depends on factors such as the track geometry,
the vehicle’s aerodynamics, power characteristics, tire degradation,
and grip[12]. Calculation of the racing line is a bounded optimiza-
tion problem that requires taking into account track geometry and
vehicle dynamics [36]. The professional driver performs such opti-
mization constrained by perceptual and motor capabilities [41].

2.2.2  Cornering. The optimization of the racing line stretches the
radius of turns by spanning the width of the track. Fig. 3 shows two
possible lines to traverse a corner, where the driver enters from the
left and exits at the bottom. In green, the geometric apex is defined
by a perfectly circular path. In red, the driver turns in later and hits
a late apex. Often, the fastest solution minimizes the time for both
corner and subsequent straight [41]. For the purpose of analysis, a
corner is broken down in corner entry, which is the deceleration
marked by the aggressive application of the brake, the apex, and
corner exit, which marks the acceleration phase [8]. The points
and form in which the driver brakes, the grip and downforce while
steering, the point when the driver gets on the throttle, all these
and other factors determine success in cornering.

2.2.3 Implications for spatiotemporal data. Cornering exploits the
full width of the track. On the approach at full throttle the car posi-
tions on the outside. The aggressive application of the brake leads
a drastic reduction of speed to carefully position the attack on the
apex. Going over the apex at the right speed to wind the car across
to the outside at full throttle again. The race engineer analyzes the
telemetry charts to determine the application of the brake at entry,
the frequency and form of steering and the application of throttle.
The points in space at which these events occur in reference to the
track have a major influence in the outcome.

3 IMMERSIVE ANALYTICS DESIGN

To implement an application that visualizes racing data in an im-
mersive environment we made use of the Unity 3D engine 3 and the

3https://unity.com
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Mixed Reality Toolkit (MRTK)*. We designed the application for the
HP G2 Omnicept headset >. To visualize line charts we incorporated
the *E2Chart’ unity asset from Ice Pond Studio ® and adapted it to
fit our needs.

We derived the applications requirements from our experts feed-
back. The following 5 channels need to be included, as they are most
commonly used by the experts: velocity, brake, throttle, steering
and latA. Also, they need to be able to highlight points of interest,
e.g. the braking point. Additionally, we decided to focus on one
subtask specifically: cornering analysis. This allows them to spent
more time with the task and we are able observe their behaviour in
more detail. We also confront them with just two laps to compare,
instead of letting them choose out of a pool of laps like they are
used to. This, again, increases the time they can spent for the task
and we can make sure that the laps have significant differences.

3.1 Visualization Types

The application offers three ways to visualize racing data. The first
method involves conventional line charts, a representation of the
data that racing experts are familiar with. The second method, on
the other hand, involves a sitVis using 3D graphs that are displayed
on a racing track. This approach offers an immersive experience for
the users, allowing them to see the data in context with the space
where the data was generated. We assume that this encourages a
better contextual understanding and improved data interpretation
when experts can relate the data directly to specific sections or
parts of the track and allows them to experience the data in a more
intuitive and visually comprehensible manner.

Additionally, the application offers the possibility to combine
both conventional and sitVis types, giving the users more flexibility
in exploring and analyzing the data.

3.1.1  Abstract Visualization. Our first visualization type is abstract
which makes use of conventional line charts and is inspired by data
representations that experts in the field are already used to. The
familiar visualization should make the expert feel comfortable and
encourage them to act naturally. This allows us to observe how
experts typically analyze the information so that we can better
understand their thought processes, decision-making strategies,
and patterns of interpretation.

We created a line chart for each data channel: velocity, brake
position, throttle position, steering angle and latA. Section 4.1 pro-
vides more information regarding the used dataset. As shown in
Figure 1 (left) a chart shows the data of 2 laps. In the industry it
is common to use green for the reference lap and red for the sec-
ond lap, this is why we also decided to choose this color coding
in our application. We are aware that it is not an optimal solution
for users with color-vision deficiency but we wanted to stay as
close as possible to the industry standard. The x-axis represents the
value, such as km/h (velocity), percent (brake and throttle position),
degree (steering angle) or newton (latA), while the y-axis displays
the distance covered since the start of the curve. The data is plot-
ted against distance and not against time as it is more valuable to
compare the data at the same spot in the track. For datasets in this

*https://github.com/microsoft/MixedRealityToolkit-Unity
Shttps://www.hp.com/us-en/vr/reverb-g2-vr-headset-omnicept-edition.htm]
®https://assetstore.unity.com/packages/tools/gui/e2chart-147893
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Figure 4: In each condition the users are able to select points
in the visualization. To highlight the points persistently they
can also pin the points. In the hybrid visualization (right) the
visualizations are linked. This means a point marked in the
chart is also marked in the sitVis and vice versa.

domain, overlaying data against time does not provide any useful
insights, as events happening at the same time could be taking
place at different locations, and the traces tend to diverge over the
length of the lap [38]. It also ensures a fair comparison with the
sitVis, where the data is shown directly on the location where it was
generated. The individual line charts for each channel are combined
on a large billboard (Figure 1 left), offering further information like
a heading that indicates the corner of the track and the overall lap
time for each lap. Section 3.2 describes what kind of interactions
the abstract visualization offers to the users.

3.1.2  Situated Visualization. Our application also offers the possi-
bility to present the racing data in a situated approach. We want
to show the exact same data as in the abstract visualization just in
relation the track and the racing line. The user should be able to
perform the exactly same analysis tasks.

The given dataset (see section 4.1) includes the position of the
racing car which is used to extract the racing line. Like in the ab-
stract visualization, we present two laps to be able to compare them.
The racing line of the reference lap is shown in green while the
other line is colored in red (to match with the abstract visualization).
We also extracted and visualized the track limits. Unfortunately we
had to interpolate points from the given dataset, therefore the limits
are not 100% accurate but we want to overcome this limitation for
future projects.

There has already been done research in visualizing trajectories
in immersive applications [20, 21, 24, 58]. When we created our
sitVis, we thought about the following: As the new kind of visual-
ization and probably also the technology is quite new to the experts
we wanted to stay close to the traditional abstract visualization
as possible to avoid overwhelming the users. We also wanted to
keep the relation to the racing line clearly visible. This is why we
decided to use simple 3D graphs on the corresponding racing lines.
The shape of the graphs look familiar to the experts usual chart
visualization and are just expanded in length and bent according to
the curves course.

As all data channels are visualized on the corresponding racing
lines, the view gets cluttered and it gets hard to distinguish the
individual data channels. Figure 1 (middle) shows how the channels
are presented on the racing lines. A solution would be to distribute
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the plots spatially to divide them more clearly. We decided to solve
this problem in two ways: Different alignment of the graphs and
a menu to toggle visibility. We chose a vertical alignment for all
channels that just consist of positive values and have no reference
to a left or right direction. These channels are velocity, brake and
throttle position. The remaining channels, steering angle and latA,
are plotted horizontally (flat on the racing track) as their values
do relate to a left or right direction (plus or minus values) and we
think that it also gives the viewer a better understanding of the
presented values. We also created a menu, that allows the user to
control the visibility of each data channel and lap. Compared to the
chart visualization, this creates additional steps to see and analyse
all data channels, but we think the advantages of seeing the data at
the space where it was generated out-weights the disadvantage of
the additional steps. The menu is also shown in Figure 1 (middle).
The different buttons of the menu are color-coded according to their
corresponding channel, which makes it easier to distinguish them
and select/deselect the desired graph. Additionally it also offers the
possibility to toggle the visibility of all channels of a lap. The menu
can be easily accessed by pressing a button on the left controller.
The user can then simply select the channels that they want to see
or hide.

In the abstract visualization, we could color the data lines in
green and red to reference the corresponding lap. In the sitVis all
the channels of one lap are plotted on the corresponding racing
line. When more channels are shown, users could get confused by
what graph shows what information. That is why we decided to use
different colors for the data channels. We chose one color for each
channel, where the reference lap (green lap) has a brighter tone of
color and the red lap is kept in a darker shade. To still be able to
easily distinguish the laps, we create a small outline on each plot
in green or red. Figure 1 (middle) shows the sitVis in more detail.

3.1.3  Hybrid: Chart and Situated Visualization. The third visual-
ization type combines the data representations of the first two
conditions: abstract and sitVis. Figure 1 (right) shows the layout of
the third condition, where the billboard is positioned next to the
racetrack where the sitVis are shown. By combining the traditional
line chart with the sitVis on the race track, we give the user the
flexibility to choose how they want to explore and analyze the data.
Confronting experts with this visualization gives us the possibility
to observe how they would include the different visualization types
in their analysis process. If they favor one visualization over the
other or if there is a preference of visualization for specific tasks.

3.2 Locomotion and Interactions

We make use of both controllers to enable basic interactions and
movement possibilities [6]. The user is able to move freely in all
directions, allowing them to see the scene also from a higher view-
point. To enable a faster movement and change of perspective we
also created two predefined teleportation points: inside and outside
of the corner.

To interact with the presented data, the application offers the
following interaction possibilities: select point, pin point (to mark
a point persistently), and cancel point. Once a point is selected
with raycast selection, details about the point are visualized. In
the hybrid visualization, we linked both visualization types [30]: A
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Figure 5: Relative body and head movement (angular) for
each user and condition. It shows that the experts moved the
most in S, followed by H and A. The A condition concentrates
all information in a packed figure. Participants only need
to fly in front of it. In S the points of interest are clearly
separated and participants need to move in the environment
to inspect them.

point that is selected in the chart is also selected in the sitVis and
vice versa. Figure 4 shows what a selected/pinned point looks like
in the different visualization types.

4 EVALUATION

The goal of the study is to observe the patterns of behavior of the
participants during performance analysis in the comparison of two
laps: a fast one (reference) and a slower lap. As mentioned before
(Section 3) we focus on observing the task of cornering analysis.

We organized the study in three conditions: abstract, situated,
and hybrid. The abstract visualizations present the information in
line charts, a common format experts use for analysis in their daily
business. The focus was to observe how participants work with
sitVis and whether they transfer behavior learned in situated to
hybrid visualizations.

4.1 Dataset

The dataset used for the evaluation was collected with a profes-
sional driver using a motorsports industry gold standard racing
simulator. The simulation environment comprises the physics sim-
ulation software VSM, used for bench-marking in motorsports (e.g.,
Formula 1), the graphics simulation software Fastlap 7, and the
simulator hardware. The latter consists of a Formula 3 cockpit sup-
ported by hexapod motion platform mounted in front of a 210deg
6m radius screen. The physics simulation software drives the mo-
tion platform in synchrony with the graphics. The dynamics model
simulation can deliver up to 800 channels of vehicle telemetry from
vehicle sensors at 100 Hz. We used data commonly used for analysis
of performance and coaching, the input (throttle, brake pressure,
steering) and the performance (velocity, lap time, distance, and latA)
and the vehicle position in 2D used to extract the racing line.

The data were collected following a protocol for physiological
data collection while driving in different conditions: normal, cog-
nitive load, physical load, wet track. After getting familiar with
the track, the driver was asked to drive ten laps as fast as possible
while staying in the track (qualifying session). For the purpose of
this paper, only data from session normal and wet track were used
because of the significant difference in performance. Wet track is
simulated by the physics and graphics environment. Three pairs
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of laps were used for performance comparison, each pair having a
lap from normal and a lap from wet track session. This choice was
made to ensure the existence of a clear difference in the driving
patterns. Participants were not informed of the type of conditions,
instead the instructions were to compare two different laps, a fast
and a slow lap and draw conclusions.

4.2 Participants

Five experts (M) took part in the study (see table 1). Two of them
with 20+ and one with about 9 years of experience as racing engi-
neers analyzing vehicle and driver performance. One junior expert
has 5 years of experience as motorsports computer scientist devel-
oping simulation software. The experts volunteered their time to
discuss the analysis process and to participate in the study. The
experts are familiar with the type of data, which they use in their
daily routine work. But, they were not familiar with this particular
dataset.

4.3 Procedure

Each participant had a schedule of max. 2h for the study. Studies
were conducted in five different days. They were first introduced to
the study: In this study you will be analyzing cornering performance
of two driven laps on a single corner. The goal is to study which
information is needed and how you access it. They signed a consent
form describing effects of using HMD for VR and were instructed
to stop should there be any discomfort. Participants filled out a
demographics questionnaire and started the study. There, they were
asked about the analysis task in the context of analyzing cornering
performance:

e How would you define a braking point? What information
is important to compare around a braking point?

e How would you define/identify the apex? What information
is important to compare at the apex?

e How would you define/identify the exit? What information
is important to compare at the exit?

In each case, we referred information within: throttle, brake,
steering, velocity, latA, distance time.

The mentioned points (braking point, apex, exit) are important
points to analyse when looking at cornering performance. Every
expert can have their own definitions and assessment of what is
important to consider at that points. That is why we had to make
sure that we are aware of the experts assessment scheme.

After the questionnaire about analysing cornering performance,
participants were instructed to wear the HMD and handed over
the controls. We encouraged them to give feedback and speak their
thoughts out loud. A brief training was carried out with a reduced
environment showing the track, one lap only in the specified corner.
Participants were introduced to the controls and allowed to practice
the following in order: i) camera navigation controls (turning, flying,
teleporting to vantage points), ii) marking POIs in line-chart, iii)
situated layer menu (on/off, activating data layers), iv) pointing and
marking POIs in sitVis .

After the training session, the actual study started. It was split
in three conditions: i) abstract (A), ii) situated (S), iii) hybrid (H).
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Table 1: Five experts participated in the study. The table lists
their age and experience (in years) in the racing domain.

User0 User1l User2 User3 User4
Age 51 48 39 33 43
Experience | 27 25 5 9 18

Condition A represents the condition the experts are most familiar
with, as it shows the information in stacked line-charts. Experts
analyze data in desktop applications in their normal business. It
was decided that this condition is shown in the immersive setting, a
billboard in VR, to avoid the effect a different control modality may
have on behavior, and to constrain the actions to those available in
our demo. S presented information onto the track only. In H, the
linechart billboard is combined with the situated information.

The three conditions were shown to all participants in the same
order: A-S-H. The reasoning for this choice was that experts perform
their task in an environment similar to A and having A as the first
condition allowed them to familiarize with the task faster. S holds
some previously unseen elements, but by the time they start with
it, they know how the trial unfolds. H is our target condition, as we
believe participants would use different tools for different purposes.
We intend to find out which tools they use when having all options
available. Having done A and S before H allowed participants to
experience their strengths and weaknesses and then deploy them
in H. We varied the used data among conditions but not among
participants. Thus, all participants saw the same two laps in A, a
different set of two laps in S, and another set in H. Each condition
was carried out once as we preferred to give the experts more time
in each session to let them talk more freely instead of rushing them
through. Due to this approach we were not able to gain a high
number of trials but we got more insights on the individual experts
thought processes.

Each condition included a trial showing the cornering perfor-
mance of two different laps (L0, L1) (see Sec. 4.1) with four tasks:

T1. Marking the braking point in L0 and L1 and comparing
telemetry information at this point.

T2. Marking the apex in L0 and L1 and comparing telemetry
information at this point.

T3. Marking the exit in L0 and L1 and comparing telemetry
information at this point.

T4. Summary and recommendations to improve the performance
of the slowest lap.

The tasks are aligned to the usual analysis process where experts
examine the different parts of the corner. It is important to note, that
this procedure was put in place as a scaffold for the study, but was
not strict. The analysis was a fluid process. If a participant moved on
to discuss the next points without marking e.g. the braking points,
the experimenter would intervene asking the participant to please
mark the braking point in each lap, and then continue.

After going through the analysis of important points, the partic-
ipant was asked to conclude with a summary and recommendation.
Participants were encouraged to take breaks after every session.
After the study the participants were asked which condition they
liked the most.
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The whole session was video recorded from the HMD view-
point (screen capture and audio). We recorded the users’ position
and viewpoint (translation, rotation) throughout the study as well
as interaction with the different assets that make the tools (in-
teraction with the menu: show, activate/deactivate data/lap, in-
teraction with data: select, pin, cancel, and type of visualization
(abstract/situated)).

4.4 Apparatus

The study was run in an experiment room (20m?) equipped with
a desk and two chairs for the experimenter and participant, and
with sufficient free space for moving (14m?). The practice and trial
sessions were done standing. The application was deployed in a
HP Reverb G2 Omnicept and driven by a desktop PC with a NVidia
RTX 3080 GPU.

5 RESULTS

The user study was set to be approx. 45m. Participants took between
28m and 59m in VR, where two decided to take a break (5m) before
the last session and three participants went through all sessions
without a break.

The study questions provided a loose structure organizing the
exploration of spatiotemporal data for racing in points of interest
and the measures that are important to compare - a sort of scaffold
for the study. Due to the subjectivity of the task and the low number
of trials, there is no measure of accuracy in performance (each
expert follows a slightly diverse definition of what is important).
Instead, for the purpose of assessing performance, we will inspect
agreement (or lack thereof) in proposed recommendations and also
assess their confidence when they marked the points of interest.
As the participants were encouraged to speak their thoughts out
loud we could clearly detect when they felt insecure or irritated.

5.1 Definitions & Used Information

Experts gave definitions for the points of interest before the ex-
periment as mentioned in section 4.3. We would like to find out: i)
should we expect a unified interpretation for each point? ii) what
information experts believe is important to analyze at each point. 4
experts define the braking point as the position on the track where
the driver presses the brakes (where the pressure starts). One ex-
pert defines it as the position where the brakes are pushed more
than 50%. There were more differences when defining the apex: 2
participants define it as the closest location of the racing line to
the (inside) border of the track, the three other experts define it as
the position with minimum speed at the corner, or where latA is
at min/max. The exit was 2 times defined as a point: One expert
defines it as the point where the driver is starting to apply the
throttle and stops steering, the other describes it as the point where
the driver is back at 100% throttle. The 3 remaining experts define
it as a range: Once, from apex to 100% throttle, once from 100%
throttle to end of curve (sector) and once from throttle at about 30%
to 100%. As diverse as the definitions are also the data channels that
the experts use to analyze the points. They uniformly use the brake
channel and check the distance to the apex as well as the intensity
and continuity of the braking. Most of them (4 experts) also use
the speed as a reference, steering was mentioned 3 times and latA
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once. An important information that is checked by 4 experts at the
apex is the velocity. For two of the experts the racing line and the
positioning of the apex within the track is crucial. The steering
angle and latA is also considered by two experts. A channel that
is used by all experts at the exit is the throttle, further important
information (for 3 experts) is velocity , while latA and steering are
considered by 2 experts. One expert also looks at the brake pressure.

5.2 Qualitative Observations

As expected, the participants were used to the abstract visualization
and had no problems getting into it and solving the task. When
first confronted with the sitVis, they needed time to get used to it.
Nevertheless, two participants made positive remarks like 'It’s good,
I like the visualization. It shows me how he’s braking in which part
of the track and at the same time I see in which line’ and ‘This is
nice (...) you can clearly see this guy brakes later’. This indicates
that the participants recognized and appreciated the visualization
of the data in spatial relation to the track. While no participant had
problems finding the braking point and exit, the detection of the
apex was more difficult for 4 of the 5 experts. They made comments
like "This task here is tricky’. P2 made this comment also in the
abstract condition. A reason for this can be that the visualization
appears more expanded in length due to the larger occupying space.
This makes it harder to detect the minimum of a graph (e.g. of
velocity) compared to the traditional line chart. An exception is
P3 who was not able to mark the apex in the abstract charts as he
required the racing line in relation to the track to solve the task.

All participants mentioned that they preferred the hybrid vi-
sualization. Although there were individual differences in which
visualization was used more for selecting the points (see Figure
8), all experts mentioned they like the possibility to combine both
visualizations and to see marked points on the chart as well as
on the track. For the overall comparison and summary, the chart
was preferred as it gives the experts a better overview of the data,
as they can see the data in a more compressed view. P2 explicitly
mention that he preferred the sitVis for the brake and throttle and
the chart for detecting the apex. He said: ‘Here you can see it better’
[pointing at sitVis of throttle] ‘for the exit this type of visualization
is better’. P1 almost exclusively used the sitVis and stated that he
preferred to explore the new kind of data representation over work-
ing with what he is already familiar with. Even P0, who used the
abstract visualization more extensively than the other participants
still used the sitVis to confirm his assessment. P3 mentioned in the
beginning of H that he will use the abstract visualization as he is
used to it but started to use the sitVis from task 2 till the end (as he
preferred to see the racing line). Experts also mentioned the value
of collaboration that they see in the sitVis. Especially when working
with drivers they feel like that this techniques has great potential
to enhance the communication and understanding between the
different user types.

All the participants agreed in their recommendations for the
drivers, e.g. braking later and with more intensity. There were just
small individual differences, e.g. one expert mentioned additionally
to reduce the gap between brake and throttle what others didn’t.
For us, this was no surprise as we intently selected laps with a clear
difference.
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Figure 6: The diagrams show the gaze duration for objects,
measured from eye-tracking (unit: number of frames). The
left figure combines condition Abstract (A) and Situated (S)
while the right figure presents the results of condition H. The
table below shows the mean and standard deviation results.
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Figure 7: The total number of interactions for each condition.
Most interactions were performed in condition S, followed
by H and A. In A the experts possessed more confidence
and marked points without questioning it. In S and H they
felt more insecure at the apex and needed multiple tries
mark the point. Another reason for the difference is also that
the experts liked to explore the new visualization type and
marked points out of curiosity. In H they also liked to mark
points in the chart to see where the point is located in the
sitVis and vice versa.

5.3 Motion analysis and attention

We analyze movement in the VR environment to investigate the
process of exploration and head movements for the possible de-
ployment of attention. Figure 5 shows the amount of movement of
participants within the VR environment for each condition exclud-
ing the teleportation. Users moved more in the VR environment in
conditions (S and H) where the situated visualisations were active.
A similar trend can be observed from the head angle movement
presented in Figure 5 (right). The A condition concentrates all in-
formation in a packed figure. Participants only need to fly in front
of it. The condition where most of the movement happens for all
participants is S. Clearly, in S the points of interest are separated
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and participants need to move in the environment to inspect them.
But also, S is the first time participants experience the situated
representation and therefore they explore more. PO started "whoa!,
you know, one spends 20 years looking at things one way [referring
condition A]...this is so nice [referring condition S while flying]”.
The more extensive need of controls that are needed for the S can be
problematic for people that have less experience in VR. This could
also be observed in our study. For 3 out of 5 participants it was
easier to adjust to the VR environment. P3 for example experienced
more head movement than the others in the situated approach as
he needed time to get used to the controls. He preferred to move his
head instead of using the rotation control. This let to some discom-
fort and at the beginning of H he announced to solely use the charts.
Interestingly he then still used the sitVis but only once he reached
a good observer position where no movement was necessary (see
Figure 8).

An exhaustive eye tracking analysis is left for future work. How-
ever, we aggregated information of what data objects in the ana-
lytics environment were more time in focus for each user. Figure
6 summarizes the number of frames that a user looked at a par-
ticular visualization in A, S, or H. With it, we intend to anticipate
the strategies users deploy for analysis. Figure 6 (left) compares A
and S. The channels that most in focus in A are brake and throt-
tle. Whereas latA and steering receive less attention in S. Figure 6
(right) compares abstract and situated within the H condition. In
this case, it is interesting that latA was more in focus in the sitVis,
but steering not that much. During the study we noted that latA
was often used as a control value when the position of the apex was
not clear. This insecurity and possibility to check the correctness
(thanks to the chart) could explain the more extensive use of this
data channel in the sitVis of H.

5.4 Behavior and strategies

We also analyzed interactions to unveil what information users
relied upon for solving their tasks. Figure 8 illustrates user interac-
tions over time (normalized) in conditions H and it shows which
channels were used to mark points as well as which channels and
when were made visible for the sitVis. In H both abstract and sitVis
were present. Each user relied on different visualization, all of them
combined interactions in both representations to solve the tasks. P0
relied more heavily on the abstract visualization but still used the
situated to explore the data even further. P1 used the sitVis almost
exclusively. He stated that he liked to explore the new kind of data
representation and only checked the chart once, when marking the
apex. P2 used both visualizations, while he preferred the situated for
marking the braking point and exit and the abstract visualization
for determining the apex. P3 interestingly preferably used the sitVis
more often although he announced in the beginning of the session
that he prefers the charts (as less movement is necessary). Once he
had a good view on the situated, where no movement was needed,
he preferred it over the abstract charts. P4 used both visualizations
to solve the tasks, but relied more heavily on the abstract for the
summary task as it presents the data in a more compressed view.
Figure 7 presents the amount of interactions on each data channel
for each condition. It shows that more interactions happened in S,
followed by H and A. This is due to the stronger confidence that
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experts possessed in A - they marked points without questioning it.
In S and H they felt more insecure at the apex and needed multiple
tries to mark the point. But another reason is that the experts liked
to explore the new visualization type and marked points out of
curiosity. In H they also liked to mark points in the chart to see
where the point is located in the sitVis and vice versa.

6 DISCUSSION

We proposed designs of an IA technique for motorsports experts,
for the task of comparing cornering performance of two laps. This
is a common task for racing engineers and we invited 5 experts to
an analysis session to investigate how they access information with
our novel tool. Participants analyzed three cases using different
techniques: a conventional line chart, a sitVis that presents the data
on the track, and a hybrid that combines both visualizations. Before
starting, they defined points of interest (Pol) and intentions for
analysis.

We hypothesized that having analyzed data for more than 20
years with a conventional mode and after only 20m of using sitVis
and being exhausted from working in VR for ca. 30m, in the last
condition, participants would return to the methods they are con-
fident with. Our assumption turned out to be wrong. Although
two experts relied more heavily on the abstract visualization, all
experts made use of the sitVis. One expert even almost exclusively
marked points in the sitVis. Despite the short exposure to sitVis,
participants understood its value.

6.1 Favourite Condition: Hybrid

All users preferred the Hybrid Condition. Two of them already
mentioned it during the analysis, e.g., user 1 said ‘it’s good to have
both’. After the session they were also asked about which condition
they liked the most.

The main advantage of the hybrid representation is informa-
tion granularity and as it offers both, the overview and the details.
The conventional chart compresses all the information at a glance,
whereas the situated expands the information onto the track for
details. The hybrid visualizations enables the users to take advan-
tage of both granulates. Another interesting granular effect of the
hybrid mode is that depending on the visualization (situated or
abstract), the signal compression is different. The abstract visual-
izations have less space to present the entire signal and thus the
signal is more compressed. Whereas the sitVis can occupy much
more space and thus the signals are more expanded. This allows
the users to explore in more detail the sitVis and still have e more
compact view of the abstract visualizations which might make it
easier to precisely locate the minimum points.

Although experts are used to the chart representation, they still
liked to have the racing line in relation to the track available. Even
the experts who relied more heavily on the abstract representation
still used the sitVis in their analysis. The hybrid condition gave
them the opportunity explore the new data representation with
support of the visualization that they are familiar and confident
with.
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Figure 8: User interactions for the hybrid condition. The vertical dotted lines represent the start of a task. The channels that
participants stated are relevant for solving the task in the pre-questionnaire are highlighted for those tasks. The time (x-axis)
is scaled from the beginning to the end of the session within a condition and the absolute time (in minutes) is printed along the
start of the task. Each expert had individual preferences regarding what type of visualization they used to interact with. P0, for
example, relied more heavily on the abstract visualization, while P1 relied more heavily on sitVis. Despite these individual
differences all experts mentioned they like the possibility to combine both visualizations and to see marked points on the

chart as well as on the track.

6.2 Limitations

Despite the positive feedback we still believe that there are short-
comings in the proposed designs. One important direction for im-
provement is facilitating the comparison by making differences
more explicit and emphasizing them. For instance, computing and
plotting the difference between two channels (e.g., brake L0 - brake
L1). Differences between points are also important. For instance,
when marking points, it would be important to compute and reg-
ister differences with the previous point marked. We also realized
that it can be beneficial to mark ranges (e.g. for the exit). Addi-
tionally, the sitVis could be improved in a way that makes less
interactions (show/hide) needed and allows to observe more data at
once. Then, also more data could be presented on the track.Besides
more data regarding the car, also human telemetry of the driver
(e.g., muscle activity, eye tracking) would be relevant to explore.
Moreover, the proposed solution addresses an isolated subtask. The
racing engineer has to observe the performance at a larger scale,
look at the full lap, and look at collections thereof. Our work was
intended to scaffold that which requires attention to spatial details.

6.3 Potential Extensions

Future work will focus on exploring potential solutions regarding
the previously mentioned limitation as well as exploring other ideas
to further improvement. One aspect of exploration would be the
adaptive situated visualisation based on the viewpoint of the user.
For instance, if the user is looking from above, the visualisation
will be dynamically adjusted for different representation based on
the viewpoint (e.g., heatmaps).

Additionally, we plan to explore a replay mode representation
where a virtual car would replay the whole track and the user could
observe it either from the driver’s or third person’s perspective.
Such a mode could foster collaboration between the racing engineer
and the driver. Our experts already saw great potential in this regard:
they believe our approach could enhance the communication and
collaboration between drivers and race engineers.

Our locomotion and interaction system can be supported by a
proxy (or a world in miniature) to give users quick selection for the

track or to highlight points. Additionally, gaze interaction can be
used to invoke the Details on Demand (DoD) view for quick data
exploration.

As sports analysis often considers trajectories and their inter-
actions [42, 43, 58], our work could be extended to other fields of
motorsport. For instance, in air races where track limitations are
less constricted, or non-speed competitions where the trajectories
are more important to overcome obstacles. Moreover, we think
our approach could also be used in other domains. Other factors
could be optimized, like fuel consumption, e.g. by analyzing driving
behavior in the mining industry.

7 CONCLUSION

This work deals with the analysis of spatio-temporal data related
to moving objects. Motorsports experts face the task of uncover-
ing potential for improvement of a drivers or cars performance by
comparing their maneuvers on the track. We proposed designs for
immersive analysis of motorsports data and studied how and when
experts rely on sitVis that hold a reference to space. When they
used abstract visualizations, they still preferred to have situated
available for validation. We presented advantages and limitations;
and offer a view of the next avenues for research. Our work sug-
gests that the use of situated immersive visualization and especially
when combined with traditional visualizations can be beneficial
in exploring time series data in the motorsports race engineering
domain. As such, it advocates for exploring the potential use of
similar situated immersive visualization techniques for analytical
purposes of time series data for experts in other domains.
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