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Figure 1: We propose a multimodal approach to evaluate user-defined gestures for motorcycle handlebars, such as tapping,
swiping, rotating, or applying pressure. By analyzing the consensus of these gestures, we derived a gesture set optimized for
interacting with motorcycle handlebars.

Abstract
The increasing digitalization of motorcycle cockpits presents a
safety-critical challenge: when interacting with apps and services
for communication, entertainment or navigation, one has to take
away the hands from the steering handlebar. Hence, such secondary
tasks compete with the primary task of riding the motorcycle. We
address this conflict by systematically eliciting, structuring, and
evaluating a user-defined and safe gesture set for touch interac-
tions on the motorcycle handlebar. A Gesture Elicitation Study was
conducted with 20 participants in an experimental setup. Gesture
proposals were captured multimodally using video and capacitive
sensors. The analysis of user consensus was performed on three lev-
els: conceptual (based on a developed taxonomy), visual-algorithmic
(based on hand trajectories), and tactile-algorithmic (based on ca-
pacitive sensor data). Themain result reveals a discrepancy between
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the analysis methods: only the visual consensus on motor execu-
tion correlated significantly with users’ subjective ratings. This
work provides two main contributions: first, it delivers the method-
ological insight that concrete motor execution is a crucial factor in
deriving user-defined gesture sets. Second, it presents an initial, em-
pirically validated gesture set as a foundation for designing future
interaction concepts in the motorcycle context.

CCS Concepts
• Human-centered computing→ User studies; Interaction de-
vices; Gestural input.

Keywords
Gesture elicitation study, gesture input, motorcycle, handlebars

ACM Reference Format:
Marvin Reuter, David Petersen, Kevin Krüger, Moritz Schmidt, and Matthias
Böhmer. 2026. Hands on the Bars: A Multimodal Gesture Elicitation Study
for Motorcycle Handlebars Comparing Visual, Tactile, and Conceptual Con-
sensus. In Proceedings of the 14th Nordic Conference on Human-Computer
Interaction (NordiCHI ’26), October 03–07, 2026, Vaasa, Finland. ACM, New
York, NY, USA, 10 pages. https://doi.org/10.1145/3829807.3829847

https://orcid.org/0009-0002-2406-1433
mailto:marvin.reuter@th-koeln.de
https://orcid.org/0009-0001-5933-3294
mailto:david.petersen@th-koeln.de
https://orcid.org/0009-0005-7799-7333
mailto:k.krueger@brehmer.gmbh
https://orcid.org/0009-0002-7414-2215
mailto:m.schmidt@brehmer.gmbh
https://orcid.org/0000-0001-8402-4859
mailto:matthias.boehmer@th-koeln.de
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3829807.3829847
https://doi.org/10.1145/3829807.3829847


NordiCHI ’26, October 03–07, 2026, Vaasa, Finland Reuter et al.

1 Introduction
The interaction between rider and motorcycle is shifting from
purely mechanical control to managing digital cockpits. Modern
powered two-wheelers are increasingly equipped with TFT dis-
plays, navigation systems, and infotainment features. While these
systems offer comfort, they introduce safety risks if they compete
with the primary driving task, that is, keeping their hands on the
steering wheel.

Unlike in cars, where drivers can temporarily take hands off the
steering wheel for mid-air gestures or touch interactions, motor-
cycling requires a permanent physical coupling for stability and
control. Statistics show that the risk of fatal accidents for motor-
cyclists is drastically higher compared to car occupants, making
distraction and physical stability critical factors [11]. Taking a hand
off the handlebar to operate a touch screen or small buttons is inher-
ently unsafe, especially during dynamic riding maneuvers. Current
alternatives like helmet headsets still require manual input, for ex-
ample through buttons on the helmet itself or suffer from reliability
issues in noisy environments when using voice input. Given that
maintaining physical contact with the handlebars is paramount for
stability, the handles themselves present a promising surface for
integrating additional interaction capabilities.

While Gesture Elicitation Studies have established interaction
sets for AutomotiveHCI and CyclingHCI [2, 4, 20, 27], the specific
context of powered two-wheelers remains underexplored. Motor-
cycles differ from bicycles in speed and ergonomics, most notably
the throttle on the right handle, which constraints right-hand inter-
actions. Transferring existing gesture sets is therefore not directly
feasible. To address this gap, we conducted a multimodal gesture
elicitation study with 20 participants using a realistic stationary
motorcycle setup. We elicited gestures for safety-critical, comfort,
and infotainment functions. Beyond the elicitation metrics pro-
posed by Vatavu and Wobbrock [22] and Vatavu [21], we employed
a novel analysis approach by comparing three levels of consensus:
conceptual (what users intend to do), visual (how users move), and
tactile (what sensors measure).

In our research we address the following research questions:

• Which gestures can be used to interact with a motorcycle
without conflicting with the primary task of riding it?

• How can a set of gestures be elicited and validated in a
context where physical safety is critical?

With this research, we make two contributions: First, we present
a user-elicited gesture set specifically designed for the ergonomics
of powered two-wheelers, prioritizing safety. Second, we provide a
comparative analysis of conceptual (agreement rate), visual (traject-
ory-based), and tactile (sensor-based) consensus. We demonstrate
that visual consensus is a more reliable indicator of user perception
than conceptual agreement rates.

2 Related Work
We build upon established methodologies in gesture elicitation and
extend interaction research from the car and cycling domains to
powered two-wheelers.

2.1 Gesture Elicitation and Analysis Metrics
The Gesture Elicitation Study methodology, formalized by Wob-
brock et al. [25], has become standard for designing user-centered
gesture sets. A core component of this method is the calculation
of a consensus metric to identify the most guessable gestures [21–
23, 26]. As suggested by Wobbrock et al. [25], this is achieved using
the Agreement Rate (AR), which relies on researchers manually
classifying gestures into semantic categories.

However, Vatavu [21] argues that the agreement rate differs from
study to study due to different taxonomies defined by researchers.
They introduced the Dissimilarity Consensus, a metric that analyzes
the actual geometric and kinematic similarity of gesture trajectories
using Dynamic Time Warping [19]. This distinction is critical for
our study: while AR captures what users intend to do (the mental
model), dissimilarity measures capture how they actually perform
it. Our work provides an empirical comparison of these two metrics
in a safety-critical environment.

Furthermore, elicitation studies often suffer from Legacy Bias,
where users transfer interaction patterns from familiar technologies
to new contexts [17]. We analyze this bias to distinguish between
non-experienced riders transferring touch gestures and experienced
riders transferring mechanical operating patterns.

2.2 Gestural Interaction in Transportation
To reduce visual distraction and maintain rider safety, exploring
gestural inputs and haptic feedback has become an important area
in vehicle research [3, 12, 18]. Building on this premise, performing
human-computer interaction tasks while operating a vehicle has
critical safety implications.

In the car domain, research has explored mid-air gestures to
reduce visual demand and control infotainment systems [7, 16].
Angelini et al. [2] performed an elicitation study for gestures on
the steering wheel, identifying a vocabulary of tapping, swiping,
and pressing gestures. Research by Lee et al. [14] further confirmed
the potential of these interactions. These studies demonstrate the
feasibility of using gestures on the steering wheel to interact with
infotainment systems without requiring the driver to reach into
mid-air. However, while car drivers can temporarily release their
grip on the steering wheel or change their hand position with-
out immediately losing stability, motorcyclists face much stricter
physical constraints.

In the CyclingHCI, early research highlighted the fundamen-
tal dangers of smartphone use while riding, demonstrating that it
leads to increased cognitive load and diminished riding performance
[6, 10]. In response, in subsequent studies researchers explored the
suitability for gestures as a safer input modality while riding a bicy-
cle: Tan et al. [20] proposed BikeGesture, a set of micro-gestures for
urban cycling through elicitation and performance studies. Their
findings confirmed both the technical feasibility and user accep-
tance of such interactions. Similar user centered approaches were
followed by Caon et al. [4], Xiao and He [27], and Geißler et al. [8],
who developed gesture sets specifically tailored to cyclists.

Other works expanded this focus to specialized interaction forms:
Matviienko et al. [15] investigated the feasibility of complex tasks,
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such as text messaging during the ride, while Dancu et al. [5] in-
troduced Head-Up Displays (HUDs) to enhance safety and provide
visual feedback for gestural inputs.

While these studies provide valuable insights into gesture-based
interactions, their findings cannot be directly applied to all two-
wheelers without further investigation. Despite the visual similarity
of the input device, the transfer of interaction concepts to a different
ergonomic and dynamic context requires the consideration of the
specific vehicle characteristics. While bicycles share the handlebar
form factor with motorcycles, the control dynamics and ergonomics
differ. Cyclists operate at lower speeds and do not manage a throttle
with their right hand. The rotating throttle on motorcycles perma-
nently occupies the rider’s right hand, creating an asymmetric
interaction constraint that previous cycling studies do not address.

Confirming this research gap, a systematic literature review by
Villarreal-Narvaez et al. [24] found no reported gesture elicitation
studies for powered two-wheelers. Thus, no empirical elicitation
study has specifically targeted the powered two-wheeler context,
leaving a gap regarding which interactions are perceived as safe
and effective while motorcycling.

3 Study Design
We conducted a user study guided by a gesture elicitation protocol
by Wobbrock et al. [26] which was extended by the production
method proposed by Morris et al. [17]. To ensure external validity
while maintaining experimental control, the study was performed
on a stationary motorcycle with a simple, single frame simulation
setup.

3.1 Study Setup
The study setup consisted of a KTM 790 Adventure motorcycle1,
fixed on a stand to ensure stability while allowing participants to
take an authentic riding posture, see Figure 2. A 50-inch display po-
sitioned in front of the motorcycle presented a first-person driving
situation to provide visual context.

Simulated
Situation

Mirror

Capacitive
Handle

Camera
Light

Figure 2: Annotated study setup. The setup is symmetrical,
i.e. the mirror, grip, camera and light is present on both the
left and right side of the motorcycle.

1https://en.wikipedia.org/wiki/KTM_790_Adventure

We instrumented the handlebars with two complementary sys-
tems, on the right-hand handlebar and left-hand handlebar, to cap-
ture interactions multimodally.

3.1.1 Tactile Capture. To investigate gestures on the handlebar
without interfering with the primary riding task, we developed a
custom capacitive sensing prototype integrated into the handlebars.
The tactile capture employs self-capacitance technology [9], cho-
sen for its possible integration into the original handlebar design
(e.g., the current heating foil concept). This allowed for a physical
integration that preserved the original handlebar diameter, haptics,
and foil concept.

The sensor design is based on the established principle of linear
capacitive electrodes 2. To detect changes in a finger’s position
as a continuous change in the capacitive coupling, this principle
arranges multiple capacitive electrodes along an axis. Each handle
is equipped with an array of 14 triangular copper electrodes in a
2×7 configuration (see Figure 3). This specific design was chosen
to evaluate sliding gestures while minimizing the electrode count
to reduce signal processing overhead for potential embedded appli-
cations: as a finger moves across the handle, the shifting contact
area between the electrodes allows for the detection of incremental
inputs.

In preliminary tests, we iteratively validated this layout using
copper foil prototypes to determine the optimal balance between
hardware complexity and signal resolution for both simple swiping
and complex multi-finger patterns. The final sensor, implemented
as a flexible printed circuit (FPC) and wrapped around the handle,
recorded data at a sampling rate of 20 Hz.

3.1.2 Visual Capture. Two cameras (Logitech c930e) weremounted
on the motorcycle to record the usage of the handlebars from a
bottom view. A mirror was used to simultaneously capture the
top view with the same camera, ensuring full visibility of finger
movements for manual analysis.

3.2 Referents
Selecting the actions for which gestures should be proposed is a
fundamental component of a gesture elicitation study because it
defines the scope of the gesture vocabulary. In the following, we
use the term referent for these actions, as introduced by Wobbrock
et al. [25]. Our goal was to cover a broad spectrum of typical inter-
actions performed while riding, encompassing both vehicle control
and infotainment system. We based our selection on the referents
defined by Xiao and He [27] and extended them to include interac-
tions specific to the motorcycle context. To elicit a diverse range of
gesture inputs, the selected referents represent distinct interaction
categories: binary functions (e.g., toggling music playback), stepped
control (e.g., adjusting volume), and spatial navigation tasks (e.g.,
zooming a GPS map). Because interaction methods like using smart-
phones or infotainment systems require riders to take their hands
off the handlebars, which presents a high safety risk, we included a
larger proportion of infotainment-related referents. Furthermore,
we included an open-ended task allowing participants to define

2https://ww1.microchip.com/downloads/aemDocuments/documents/TXFG/
ApplicationNotes/ApplicationNotes/Capacitive-Touch-Sensor-Design-Guide-
DS00002934-B.pdf

https://en.wikipedia.org/wiki/KTM_790_Adventure
https://ww1.microchip.com/downloads/aemDocuments/documents/TXFG/ApplicationNotes/ApplicationNotes/Capacitive-Touch-Sensor-Design-Guide-DS00002934-B.pdf
https://ww1.microchip.com/downloads/aemDocuments/documents/TXFG/ApplicationNotes/ApplicationNotes/Capacitive-Touch-Sensor-Design-Guide-DS00002934-B.pdf
https://ww1.microchip.com/downloads/aemDocuments/documents/TXFG/ApplicationNotes/ApplicationNotes/Capacitive-Touch-Sensor-Design-Guide-DS00002934-B.pdf
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Figure 3: Capacitive sensor design with 7 layers of paired tri-
angles. Conceptual visualization of how touching the sensor
on different positions results in sensor activation percent-
ages.

an additional referent of their choice and propose a corresponding
gesture. This approach aimed to uncover novel use cases and al-
ternative gesture mappings beyond our initial selection. The study
included a total of 12 defined referents (see Table 1). During the
elicitation process, these referents were presented both verbally
and textually. To provide contextual grounding, each referent was
accompanied by a static image depicting a realistic riding scenario.
Finally, to mitigate order effects, the presentation sequence of the
referents was randomized for each participant.

Infotainment Safety Comfort Misc

Play music Repeat nav.
announ.

Turn signal
(left)

Cruise
control

User-
defined

Accept call Increase
volume

Turn signal
(right)

Grip
heating

Reject call Zoom GPS
map

Hazard
lights

Table 1: Overview of gesture referents by category.

3.3 Procedure
The study followed a within-subjects design and took on average
28 (SD = 7.63) minutes per participant. To ensure a consistent proce-
dure across all sessions, we developed a desktop application using
Compose Multiplatform for executing our study procedure, collect-
ing information from the participants, recording the two time-coded
camera videos and logging sensor data simultaneously3.

The procedure was divided into three clearly defined phases: an
introductory phase for participant preparation, the gesture elicita-
tion phase for data generation, and a concluding phase.

During the introductory phase, participants provided informed
consent regarding data recording and completed a demographic
questionnaire. Subsequently, the purpose of the study was ex-
plained: participants were explicitly instructed to generate multiple
gesture proposals for each referent and think-aloud. Crucially, they
were asked to keep their hands on the handlebars while perform-
ing the gestures. This constraint was implemented to prioritize
safety by eliciting interactions that do not require releasing the
grips. Furthermore, technical details regarding the underlying sen-
sor technology were withheld to prevent technical bias, ensuring
that participants’ proposals were not artificially constrained by
assumptions about the system’s capabilities. To familiarize partic-
ipants with the study, a practice run was conducted using a task
not included in the study.

The gesture elicitation phase followed an adapted approach
based on Morris et al. [17]. In this protocol, participants first gener-
ated a divergent set of possible gestures and subsequently identified
their preferred proposal. Once selected, participants performed the
gesture repeatedly; this procedure aligns with the methodology
described by Vatavu [21] to ensure consistency. Finally, participants
evaluated their favored gesture on 7-point Likert scales based on
four criteria: goodness of fit, complexity, memorability, and safety.

3.4 Participants
We recruited 20 participants (19 male, 1 female) aged 18 to 67 years
(𝑀 = 34, 𝑆𝐷 = 14.7), and 18 of them were right-handed, 1 was
left-handed, and 1 was ambidextrous. The recruitment strategy
aimed for a mixed-experience sample to investigate the influence
of domain knowledge on interaction preferences. Based on self-
reported riding frequency, the sample consisted of:

• Riders (N=12): Participants with experience in operating
powered two-wheelers (motorcycles or scooters).

• Non-Riders (N=8): Participants with no prior experience
in operating powered two-wheelers, relying primarily on
mental models from bicycling or general technology usage.

3.5 Analysis
In our analysis, we adopted a twofold approach: a conceptual anal-
ysis to classify each proposed gesture based on a taxonomy and
an algorithmic analysis based on data recorded from the camera
and capacitance sensors. This methodology allows us to compare
participants’ intended gestures (conceptual) with their physical
execution (algorithmic). Furthermore, we incorporated participant
ratings and riding experience to investigate potential discrepancies

3Source code: https://github.com/moxdlab/HandsOnTheBars
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thumb swipe 
(28)

2x

index double tap 
(19)

index swipe 
(13)

rotate hand  
(13)

pressure, single (14)  
 or both hands (12)

2x

thumb double tap 
(10)

2x

two finger double tap 
(10)

full hand swipe 
(8)

two finger swipe 
(7)

multi finger double tap 
(10)

2x

Figure 4: Most frequently proposed specific gestures (gestures that have been proposed at least 6 times). The number in
parentheses represents the frequency of the proposed gesture. All gestures in the graphics shown were performed with the left
hand.

and to determine whether subjective evaluations correlate with the
objective agreement and similarity of the gestures.

Video recordings were manually classified. We developed a tax-
onomy based on Wobbrock et al.’s [26] taxonomy to classify ges-
tures by form, handedness, and direction. To ensure the reliability of
the taxonomy and classification, two raters independently classified
a subset (20%) of the gestures. The resulting inter-rater reliability
(Cohen’s 𝜅 >= 0.89) indicates a high reliability in all dimensions,
see Table 2. A subsequent discussion clarified the discrepancies and
refined the taxonomy.

Based on this classification, we calculated the agreement rate
(AR), which quantifies the degree to which participants chose the
same semantic category for a referent [22].

To measure consensus based on actual motor execution rather
than semantic labels, we also applied the Dissimilarity Consensus
(DC) metric [21].

• Visual trajectories: To analyze the kinematics of the elicited
gestures, we employed the computer vision framework Me-
diaPipe Hands [28]. This allowed us to extract 21 3D hand

landmarks from the video footage frame-by-frame, resulting
in spatial trajectories.

• Tactile profiles: The raw capacitive values from the 14 sensor
channels (per handle) formed temporal touch profiles.

For both modalities, we used dynamic time warping to compute
the pairwise dissimilarity between all gesture samples for a given
referent. Dynamic time warping allows for comparing time-series
data of varying speeds, making it ideal for gesture analysis. We then
calculated the consensus growth rates (𝑟 ) to quantify how strongly
the group converged on similar motion patterns. We utilized the
growth rate 𝑟 derived from the 𝜏𝐶 curve because it provides a
standardized, scale-independent measure of how quickly consensus
forms among participants. This makes the metric highly robust
against individual outliers in the dynamic time warping distances
[23].

4 Results
Across the 20 participants and 12 referents, 238 trials were per-
formed. During the elicitation phase, participants proposed a total

Dimension Classes Cohen’s Kappa (𝜅) Rating acc. to Landis and Koch [13]

Form Swipe, Tap, Rotate, Pressure change, Pinch, Combination 0.89 Almost Perfect
Handedness Unimanual, Bimanual symmetric, Bimanual asymmetric 1.00 Almost Perfect
Direction Directional, Undirected, Path-oriented 1.00 Almost Perfect

Table 2: Taxonomy for the categorization of gestures and their rating.



NordiCHI ’26, October 03–07, 2026, Vaasa, Finland Reuter et al.

0.0 0.1 0.2 0.3 0.4 0.5
Agreement Rate (consens)

turn signal left
turn signal right

reject call
accept call

increase volume
repeat navigation announcement

play music
activate cruise control

zoom map
activate hazard lights
activate grip heating

0.39
0.35
0.31
0.30
0.24
0.24
0.21
0.19
0.18
0.18
0.13

low consens
medium consens
high consens

(a) Conceptual Consensus (Agreement Rates)

0.0 0.1 0.2 0.3
Growth Rate r

turn signal right
turn signal left

activate cruise control
accept call

activate hazard lights
reject call

play music
increase volume

zoom map
activate grip heating

repeat navigation

r = 0.34

r = 0.24

r = 0.22

r = 0.20

r = 0.18

r = 0.18

r = 0.18

r = 0.18

r = 0.16

r = 0.15

r = 0.12

(b) Visual Consensus (Camera)

0.0 0.1 0.2 0.3 0.4 0.5
Growth Rate r

turn signal right
play music

activate cruise control
reject call

turn signal left
zoom map

activate hazard lights
accept call

repeat navigation
increase volume

activate grip heating

r = 0.52

r = 0.42

r = 0.36

r = 0.32

r = 0.32

r = 0.28

r = 0.27

r = 0.26

r = 0.26

r = 0.23

r = 0.21

(c) Tactile Consensus (Capacitive)

Figure 5: Agreement rate (𝐴𝑅) for conceptual analysis and growth rates (𝑟 ) for visual and tactile analysis. Error bars indicate
95% CI.

of 400 gestures. From this, 238 preferred gestures were selected by
the participants and subsequently included in the final analysis.
The recorded data comprises 16.1 hours of video material.

The analysis was conducted in two steps. First, all selected ges-
tures were manually classified based on the taxonomy (see Table 2).
Second, we performed a consensus analysis to quantify agreement
and investigated correlations with user ratings.

4.1 Gesture Preferences
We aggregated the distinct gesture types to determine the most
practical gestures for a gesture set. The most frequently recurrent
gestures included interactions with the thumb, index finger, two
fingers, multiple fingers, or the whole hand; the most frequently
used gesture forms were tapping, swiping, squeezing, and rotating.
Figure 4 shows the most popular gestures, ordered by frequency.

4.2 Gesture Characteristics and Influence of
Experience

To identify patterns and similarities among the proposed gestures,
we analyzed the frequency of specific gesture characteristics. In

terms of form, swiping (33%) and tapping (27%) were the most
frequently proposed interactions. Regarding the active body part,
participants primarily utilized the whole hand (27%) and the thumb
(22%). Analysis of the used hands revealed that the vast majority of
gestures were performed unimanual (84%). Specifically, the left hand
was the dominant effector (57%), while the right hand accounted
for 28%. Bimanual interactions made up 16% of the proposals, all of
which were performed symmetrically. Regarding directionality, 55%
of the elicited gestures were static (undirected), while 45% involved
a specific directional vector (e.g., swiping or rotating).

We investigated the influence of domain knowledge on gesture
choice by correlating self-reported riding experience with gesture
characteristics (see Figure 6a). Spearman’s rank correlation revealed
a significant positive correlation between motorcycle experience
and the use of pressure-increasing gestures (𝜌 = .17, 𝑝 = .010).
Experience was negatively correlated with interactions such as
tapping (𝜌 = −.16, 𝑝 = .011), pressure-decreasing (𝜌 = −.15, 𝑝 =

.025) and rubbing (𝜌 = −.13, 𝑝 = .05). This indicates that there
are differences in the gestures proposed by motorcyclists and non-
riders.
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4.3 Consensus Analysis
To quantify the level of consensus among participants, we analyzed
the three distinct metrics: conceptual, visual, and tactile consensus.

4.3.1 Conceptual Consensus. We calculated the agreement rate
(𝐴𝑅) for each referent using the formula formalized by Vatavu and
Wobbrock [22], categorizing the results into low, medium, and high
(see Figure 5a). The highest conceptual consensus was observed for
the referents Activate turn signal (left) (𝐴𝑅 = 0.39) and Activate turn
signal (right) (𝐴𝑅 = 0.35), which were classified as high agreement.
The referent Activate heated grips reached the lowest score (𝐴𝑅 =

0.13). The mean agreement rate across all referents was 𝐴𝑅 ≈ 0.25,
indicating a medium level of agreement.

4.3.2 Visual Consensus. Figure 5b shows the calculated growth
rates based on the Dynamic TimeWarping algorithm. All calculated
growth rates were statistically significant (𝑝 < .01) indicating the
fit between the logistic function to the r-C curve. The Activate turn
signal (right) referent achieved the highest growth rate (𝑟 = 0.34),
followed by Activate turn signal (left) (𝑟 = 0.24). Activate heated
grips (𝑟 = 0.15) and Repeat GPS navigation announcement (𝑟 = 0.12)
showed the lowest growth rates.

The growth rates indicate that participants exhibited the highest
kinematic similarity for turn signal referents. In contrast, refer-
ents such as activate heated grips and repeating navigation an-
nouncements resulted in the lowest growth rates, reflecting high
divergence in motor execution among participants.

4.3.3 Tactile Consensus. We applied the same dissimilarity analysis
to the temporal profiles recorded by the capacitive sensors (𝑝 < .01
for all growth rates). Activate turn signal (right) has the highest
growth rate (𝑟 = 0.52), Start music has the second highest growth
rate (𝑟 = 0.42). The referents Increase volume (𝑟 = 0.23) and Activate
heated grips (𝑟 = 0.21) reveals the lowest growth rates (see Figure
5c).

The activate turn signal right referent elicited the most consis-
tent tactile profiles, implying a highly uniform grip interaction. In
contrast, increasing the volume and activating heated grips showed
the lowest growth rates, suggesting that users proposed different
gestures for these referents.

4.4 Gesture Ratings
As shown in Table 3, participants rated the selected gestures high
across all dimensions (scale 1-7): Safety (𝑀 = 5.75, 𝑆𝐷 = 1.13),
Complexity (𝑀 = 5.68, 𝑆𝐷 = 1.15), Memorability (𝑀 = 5.68, 𝑆𝐷 =

1.17), Goodness of Fit (𝑀 = 5.29, 𝑆𝐷 = 1.38). The average thinking
time (time until proposing the first gesture) was 32.4 seconds (𝑆𝐷 =

20.2).
To investigate whether the referents have an influence on the

rating, we performed a one-way ANOVA between the referent and
rating dimensions. The one-way ANOVA revealed a significant
effect of the referent on Goodness of Fit (𝐹 (10, 207) = 6.08, 𝑝 < .001)
and Memorability (𝐹 (10, 207) = 4.69, 𝑝 < .001). Post-hoc tests
(Tukey’s HSD) showed that the referents Activate turn signal (right)
and Activate turn signal (left) were rated significantly higher than
Play music, Repeat navigation announcement, Activate cruise control
and Activate heated grips. Table 4 summarizes the results of the
post-hoc analysis.

The analysis indicates that the gestures used to activate the turn
signals were rated significantly higher than the other referents in
terms of memorability and goodness of fit.

Dimension Mean (M) SD Median Cronbach’s
Alpha (𝛼)

Goodness of Fit 5.29 1.38 6.0 0.87
Safety 5.75 1.13 6.0 0.79
Complexity 5.68 1.15 6.0 0.86
Memorability 5.68 1.17 6.0 0.87
Thinking Time (ms) 32360 20248 27780 –

Table 3: Descriptive statistics and internal consistency (Cron-
bach’s 𝛼) for each evaluation dimension (scale 1-7) and think-
ing time (in ms).

4.5 Correlation of Metrics with User Perception
In evaluating how well the distinct consensus metrics predict user
satisfaction, we correlated the agreement rate, visual growth rates,
and tactile growth rates with the subjective ratings (see Table 5).
The visual consensus showed significant positive correlations with
user ratings: Higher visual similarity correlated significantly with

Memorability Goodness of Fit

Task vs. TS Left vs. TS Right vs. TS Left vs. TS Right

Accept Call n.s. 1.20 [0.09, 2.31]* 1.57 [0.27, 2.87]** 1.65 [0.37, 2.93]**
Grip Heating n.s. 1.30 [0.19, 2.41]** 1.67 [0.37, 2.97]** 1.75 [0.47, 3.03]***
Play Music 1.42 [0.30, 2.55]** 1.65 [0.54, 2.76]*** 1.72 [0.42, 3.02]** 1.80 [0.52, 3.08]***
Reject Call n.s. 1.35 [0.24, 2.46]** 1.52 [0.22, 2.82]** 1.60 [0.32, 2.88]**
Repeat Nav. 1.37 [0.25, 2.50]** 1.60 [0.49, 2.71]*** 1.92 [0.62, 3.22]*** 2.00 [0.72, 3.28]***
Cruise Control n.s. n.s. n.s. 1.30 [0.02, 2.58]*

Note: TS = Turn Signal. Values represent Δ𝑀 [Lower CI, Upper CI].
* 𝑝 < .05, ** 𝑝 < .01, *** 𝑝 < .001. n.s. = not significant (𝑝 > .05).

Table 4: Comparison of Tasks vs. Turn Signals: Mean Differences (Δ𝑀) and 95% Confidence Intervals
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(b) Correlation between thinking time and goodness of fit.

Figure 6: Correlation analysis of user experience and performance, showing (a) the impact of driving experience on gesture
form and (b) the relationship between thinking time and goodness of fit.

Dimension Conceptual Consensus (AR) Visual Consensus (DC) Tactile Consensus (DC)

Memorability 0.47 0.80** 0.40
Goodness of Fit 0.46 0.73** 0.38
Complexity 0.33 0.63* 0.39
Safety -0.01 0.47 0.28
Thinking Time -0.55 -0.64* -0.28

Table 5: Pearson-Correlations (r) for the three consensus metrics averaged per task (N=12). Significance levels: ∗𝑝 < .05, ∗∗𝑝 < .01

Memorability (𝑟 = .80, 𝑝 < .01), Goodness of Fit (𝑟 = .73, 𝑝 < .01),
and Complexity (𝑟 = .63, 𝑝 < .05). Furthermore, visual consensus
was negatively correlated with thinking time (𝑟 = −.64, 𝑝 < .05).
Consequently, the kinematics of the gesture are significantly corre-
lated to the participants’ ratings.

5 Discussion
The results of this study provide a comprehensive view of user-
defined gestures for motorcycle handlebars. While specific referents
showed high agreement across all metrics (conceptual, visual, and
tactile), others demonstrated discrepancies between users’ seman-
tic intent and their physical execution. Beyond these theoretical
insights, the findings of this study served as the foundation for
synthesizing the user proposals into a concrete gesture set.

5.1 Methodological Implication
One finding of this work is the discrepancy between conceptual
consensus and visual consensus. While standard elicitation metrics
(agreement rate) successfully categorize the semantic intent of
users [21, 26], they failed to predict the subjective quality of the
gesture. In contrast, visual consensus was a predictor for goodness
of fit, complexity, and memorability. This suggests that in safety-
critical domains, users may agree on a concept, but if the motor
execution varies (low visual consensus), the interaction is perceived
as less suitable. For future gesture elicitation studies, we argue that
researchers should not solely rely on semantic classification but

must analyze the homogeneity of the physical motion to validate a
gesture set.

5.2 Design Implications
Based on the proposed gestures, the ratings, and the specific con-
straints of the motorcycle cockpit (throttle control, clutch), we
derive the following design guidelines for future powered two-
wheelers interfaces:

(1) Due to the permanent engagement of the right hand with
the throttle, the gesture set must focus primarily on the left
hand to maintain vehicle stability.

(2) We observed that experienced riders prefer physical meta-
phors (pressure/pushing), while non-riders prefer digital
metaphors (tapping). A robust gesture set should combine
these: using physical-style gestures for vehicle functions (e.g.,
swiping for turn signals, mimicking the mechanical switch)
and digital-style gestures for infotainment (e.g., tapping for
music), utilizing the users’ existing mental models from both
domains.

(3) To prevent accidental activation due to vibrations or road
bumps, we propose using double-taps for critical discrete
functions, requiring a higher level of intentionality than
single taps.

Furthermore, the absence of a significant correlation between
visual consensus and perceived safety indicates that high consensus
does not inherently guarantee a safe interaction. This suggests
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that while users may converge on identical gestures, it does not
automatically translate to a subjective feeling of safety while riding
a motorcycle.

Althoughwe identified certain correlations between participants’
domain knowledge and their proposed gestures, we chose to de-
velop one unified gesture set. This choice was motivated by the
consistently low correlation coefficients found in all dimensions
during analysis, which imply that domain-specific differences are
not strong enough to support separate gesture sets.

Regarding visual-spatial tasks such as zooming the GPS map,
we note that despite the availability of a gesture, such visually
demanding interactions should ideally be restricted to stationary
situations to maintain rider safety.

Based on the study results and resulting design guidelines, we
propose the set of gestures for interacting with a motorcycle handle,
as summarized in Table 6. A visual representation of the core gesture
forms (swipe, tap, rotate, and pressure) is illustrated in Figure 1.

Action (Referent) Recommended Gesture

Turn signal (left/right) Horizontal thumb swipe (left hand)

Activate hazard lights Symmetric multi-finger double tap
(both hands)

Accept call Two-finger double tap (left hand)

Reject call Full hand swipe outward (left hand)

Play music Thumb double tap (left hand)

Adjust volume (+/-) Vertical index finger swipe (left hand)

Activate grip heating Squeeze both grips (bimanual
pressure)

Zoom GPS map Rotate left grip (Throttle-like motion)

Activate cruise control Squeeze left grip (unimanual
pressure)

Repeat navigation announcement Full Hand double tap (left hand)

Table 6: Proposed gesture set mapping motorcycle interac-
tions to specific gestures. Referents (like increase and de-
crease volume) were grouped because of their symmetric
execution.

5.3 Comparison with AutomotiveHCI and
CyclingHCI

Our results both align with and differentiate from existing research
in AutomotiveHCI and CyclingHCI. Similar to car steering wheel
interactions [2], we found a strong preference for thumb- and
pressure-based gestures. However, while car drivers can temporar-
ily release their grip for certain dominant gestures without immedi-
ate danger [2], the safety-critical physical coupling on a motorcycle
strictly prevents this.

Compared to CyclingHCI, our findings confirm the fundamental
preference for micro-gestures that allow users to maintain perma-
nent vehicle control [4, 20]. Yet, the specific motor executions differ
significantly: while cyclists frequently use individual fingers or

include brake levers for input [4, 20], our participants predomi-
nantly utilized the thumb or the whole hand exclusively on the grip.
Most importantly, motorcycle interactions were heavily restricted
to the left side. This divergence highlights the unique ergonomic
constraints of motorcycles, demonstrating that while the princi-
ple of handlebar micro-gestures transfers from cycling, powered
two-wheelers require their own empirically derived gesture set.

5.4 Limitations
Our study has limitations that should be addressed in future work:

First, the gender ratio (19 male, 1 female) was imbalanced. While
this might be comparable to the current demographics of motor-
cycle / license ownership [11], future developments - especially
eventual gesture recognition systems - must ensure evaluation on
a diverse sample population to ensure optimal performance for all
potential users.

Second, the study was conducted in a laboratory environment
with a fixed, standing motorcycle for safety reasons. Real-world rid-
ing introduces factors like vibration, wind, and a higher cognitive
load, which could affect gesture execution performance. Further-
more, participants did not wear motorcycle gloves to allow for
precise computer vision tracking. Future iterations should evaluate
the gesture set in real-world use with protective clothing.

Finally, the lack of correlation between tactile consensus and
user ratings might be attributed to the chosen sensor design. A
higher-resolution sensor grid could detect more subtle pressure
patterns that align better with how users perceive them.

6 Conclusion
With this work, we presented a multi-modal gesture elicitation
study specifically targeting the constraints of powered two-wheelers.
By conducting the gesture elicitation study, we were able to elicit
gestures and propose a specific gesture set for interacting with
functions, apps, and services of a motorcycle. We identified a clear
preference for unimanual, left-hand interactions that allow riders
to maintain a secure grip on the handlebars, respecting the safety-
critical nature of riding a motorcycle.

Methodologically, we showed that the agreement rate failed to
predict user preference. Instead, the visual consensus based on
kinematic trajectory similarity emerged as a superior predictor
for perceived complexity, goodness of fit, and memorability. These
findings advocate for a paradigm shift in gesture research: mov-
ing from purely semantic categorization to the analysis of motor
execution. The key reason for this integration is our finding that
high conceptual agreement (what users intend to do) can mask
high kinematic variance (how they physically perform it). If motor
execution is not analyzed, designers risk implementing systems
that fail in real-world usage, as the physical variance of a gesture
significantly reduces the user’s perceived safety and goodness of
fit.

Future work must develop a system that can recognize these
hands-on-bar gestures and then evaluate them in dynamic riding
scenarios with protective gear. As a further step, this work should
be extended to the systematic elicitation of haptic gesture sets and
feedback patterns (e.g., as discussed by Alvina et al. [1]).
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