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on the pedals and brakes, cadence sensors, and phone-embedded motion sensors, across controlled and in-the-wild tracks.

Abstract

Despite their ubiquity, bicycles remain largely unexplored as a
space for personalization and cyclist-aware solutions. Since cycling
is inherently a behavioral activity, we investigate its potential as
a biometric trait for continuous identification and personalization.
For this, we mounted multiple sensors on a regular bicycle and
conducted an outdoor experiment (N=16) across two sessions on
two cycling tracks: a short, controlled track and a long, in-the-
wild setup. This design enabled us to examine how stable cycling
patterns are across sessions and how well individuals can be distin-
guished in controlled versus real-world conditions. Our findings
demonstrate the feasibility of leveraging cycling behavior for con-
tinuous identification and personalization, achieving identification
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accuracies of up to 94.3%. We discuss the implications of these re-
sults for real-world deployment, as well as the challenges posed
by environmental factors, rider variability, and the need for robust
and unobtrusive sensing solutions.
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1 Introduction

Cycling has emerged as a key area within HCI research, motivated
by its potential to promote sustainable, healthy, and safe mobil-
ity. Prior work has investigated how to support cyclists through
multimodal feedback [55], smart assistance systems [53], and im-
mersive simulations [11], while also highlighting the complexities
of studying behavior and perception in dynamic, real-world envi-
ronments [22, 79]. Despite advances in cycling systems, bicycles
remain largely non-personalized and unaware of their users. Unlike
other personal devices such as smartphones or smartwatches, they
cannot identify riders or adapt to individual preferences and needs.
This absence of user-awareness limits personalized support, such as
assistance levels, feedback modalities, or safety interventions based
on the rider’s experience, fitness, or behavior. As cycling technolo-
gies evolve, there is a growing need to treat bicycles as interactive
systems, capable of recognizing, adapting to, and protecting their
riders in a dynamic and user-centered approach.

In this context, behavioral biometrics are emerging as a promis-
ing approach for adaptive and user-aware cycling systems. Unlike
traditional authentication methods, behavioral biometrics leverage
patterns in users’ actions, such as movement, posture, or interac-
tion style, that are often implicit, continuous, and difficult to repli-
cate [23, 30, 65]. This makes them particularly suitable for dynamic
environments such as cycling, where hands-free and unobtrusive
recognition is essential. By capturing and analyzing behavioral
signals, such systems can enable personalized assistance, adjust
settings in real-time, and, crucially, distinguish between authorized
and unauthorized users. This dual function enhances both the us-
ability and security of bicycles, supporting context-aware safety
interventions tailored to the individual, while offering protection
against potential misuse. As sensor technologies and onboard pro-
cessing capabilities become more accessible, integrating behavioral
biometrics into cycling holds great potential for advancing intelli-
gent, rider-centric mobility solutions.

In this paper, we explore the idea of capturing cycling behav-
ior by embedding multiple sensors (accelerometers, cadence, and
force sensors) on key components of the bicycle (the pedals, steer-
ing, and wheels) (Figure 1). This setup enables the collection of
rich, fine-grained behavioral data that reflects the rider’s unique
movement patterns and interaction dynamics with the bike. To
evaluate this approach, we conducted a study (N=16) involving
realistic riding scenarios across two distinct tracks: a short (~114
m) lemniscate and enclosed track designed for controlled condi-
tions, and a long (~1495 m) outdoor track representing real-world
variability. These settings enabled us to capture behavioral signals
under diverse environmental conditions, supporting controlled and
field-level data collection. Objective performance metrics highlight
the strong potential of cycling behavior as a form of behavioral
biometric, with an average accuracy reaching up to 94.2% for the
short track. We also observe a major change when evaluating the
behavior between sessions, with accuracy dropping to an average of
33.2%. This is also common with the other behavioral traits, where
accuracy performance drops with intra-session evaluations [23].
Additionally, participants expressed strong interest in the concept
of sensor-embedded bicycles for behavioral identification, with
most indicating they would be interested in acquiring such a bike.
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These subjective findings highlight both the practical challenges
of cycling as a biometric and the potential openness to integrating
sensing technologies into everyday riding. These insights confirm
the cycling behavior’s ability to continuously and implicitly iden-
tify the riders and provide a valuable foundation for understanding
user intent, habits, and context. We propose a novel approach to
investigating cycling as a behavioral biometric and present the first
empirical study of its feasibility for continuous implicit identifi-
cation. Our findings show that steering and pedaling dynamics
provide the strongest identification cues, informing minimal sensor
configurations for real-world deployment.

2 Related Work

In this work, we investigate cycling as a distinctive behavioral
trait built on two pillars of previous work: (1) cycling in Human-
Computer Interaction and (2) biometric-based identification.

2.1 Cycling in HCI

Cycling has been widely studied in HCI as a means of promoting
sustainable, safe, and healthy mobility. Research has primarily fo-
cused on improving safety, with studies investigating how cyclists
receive warnings, navigation assistance, and traffic-related informa-
tion. Habib et al. identify three key components that shape cycling
performance-behavior, workload, and perception-all of which di-
rectly impact cyclists’ safety [25]. Various feedback modalities have
been explored to support cyclists, including visual cues [42], audi-
tory cues [5, 42], and vibro-tactile feedback [32, 41, 42, 54, 61, 62].
In addition to safety, cycling is also recognized as an effective form
of healthy mobility [26, 31] and a beneficial exercise for improving
overall health [17, 18, 24, 73, 74]. While researchers have derived
valuable insights into designing CyclingHCI systems [56], the field
continues to face significant challenges [44].

Tracking and analyzing cycling behavior require defining the
relevant data sources and measurement techniques. Various sensor-
based approaches have been used to capture physiological and
behavioral data, including hand gestures and head movements
for interaction and safety [19, 43, 61]. Cycling behavior has been
studied using bicycle ergometers in VR exergames [27, 51] and by
attaching custom sensors to existing (indoor) bicycles for motion
and exertion tracking [6, 7, 28, 57]. Gamification and interactive
training systems further leverage real-time sensor data, particularly
in indoor cycling setups [4, 15], where cycling behavior is measured
using sensor-equipped direct-drive and on-wheel trainers [9] or
even a smartphone-based approach [15]. Beyond individual sensors,
bike trainers have been augmented with additional actuators to sim-
ulate real-world cycling dynamics [45-47, 50, 75]. These systems
extend to bicycle simulators, integrating screens or VR to enable
controlled studies of cycling behavior [9, 37, 41, 68, 75], includ-
ing research on motion sickness reduction [50]. As an extension,
tandem-based simulators have been introduced to explore future
cycling experiences with self-driving bicycles [46, 48, 76] and in-
teractions with other cyclists and road users [69, 70], as well as
AR applications in cycling [49]. The integration of physiological
sensors has further enhanced CyclingHCI by providing real-time
data, including vital signs [12, 16], vision enhancement [8], and
posture support [6]. Systems have also explored real-time heart rate
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visualizations [3, 70], stress [13, 67] and fatigue assessment [34, 64],
helping to adjust and improve fitness levels dynamically [20]. Fur-
ther, fabric-based sensors have been developed to track a cyclist’s
position, cadence, and knee joint angle [78]. However, the accuracy
of physiological data collection in real-world cycling remains an
open challenge. Electrodermal activity and heart rate variability
as stress indicators have shown inconsistent reliability in outdoor
settings [10, 40, 60], raising concerns about the robustness of such
measurements.

While prior work has investigated tracking various cycling met-
rics for interaction, feedback, and training in CyclingHCI, individual
cycling behaviors have not yet been explicitly explored for iden-
tification purposes. Integrating sensor technology and onboard
computing, the potential for leveraging cycling behavior as a bio-
metric trait becomes even more relevant. This paper builds on these
findings by investigating cycling as a behavioral biometric, using
sensor-equipped bicycles for continuous implicit identification.

2.2 Behavioral Biometric Identification

Biometric systems are designed to recognize individuals based on
distinctive physiological or behavioral characteristics [29, 30]. Tra-
ditional physiological biometrics, such as fingerprints [66], iris
scans [52], and facial recognition [36, 80], have been widely adopted
across security domains due to their high accuracy and reliability.
While behavioral biometrics focus on how individuals perform cer-
tain actions rather than what they are. Common examples include
keystroke dynamics [59, 81], mouse movements [14], gait [71], and
touchscreen interactions [35]. These traits are often more subtle,
context-dependent, and suitable for unobtrusive monitoring, mak-
ing them ideal for scenarios where continuous authentication is
desired [33, 58, 77]. Recent work has also explored behavioral sig-
nals in multimodal interactions, leveraging combinations of motion,
posture, and device interaction to enhance recognition accuracy
while preserving user comfort and natural behavior [1].

Unlike traditional authentication mechanisms that are invoked
at discrete moments (e.g., login), continuous and implicit identifica-
tion systems operate in the background, validating user identity in
real-time as a natural part of interaction [2, 38]. Such systems are
particularly useful in mobile, wearable, and ubiquitous computing
environments, where users frequently move across contexts and de-
vices [72]. By leveraging behavioral signals that require no explicit
action, these methods offer a seamless balance between security
and usability. However, achieving robustness and scalability in
real-world conditions remains an open challenge, particularly with
noisy data, environmental variability, and ethical considerations
surrounding transparency and consent [1, 39, 63].

2.3 Motivation and Research Questions

While previous work has leveraged cycling data for performance
analysis, training support, or safety monitoring, no prior work has
directly and systematically investigated cycling behavior as a be-
havioral biometric for continuous and implicit user identification.
Behavioral biometrics offer the potential for seamless and privacy-
aware personalization, yet most research has focused on activities
such as walking, typing, or smartphone interaction. Cycling, as
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a naturally rich and periodic motor activity, remains an underex-
plored source of identifiable behavioral patterns, particularly in
realistic, outdoor conditions and on non-electric bicycles. Motivated
by this gap, we explore the idea of capturing cycling behavior in
real-world scenarios using a bicycle equipped with sensors. We ana-
lyze this data to evaluate the feasibility of rider identification based
on movement patterns, to enable secure, adaptive, and user-aware
cycling systems with the following research questions (RQs):

RQ1 To what extent can cycling behavior be used as a behav-
ioral biometric for continuous and implicit user identifica-
tion?

RQ2 Which behavioral features contribute most to identifica-
tion accuracy, and how can this knowledge guide the design
of minimal and practical sensor configurations for real-world
deployment?

3 Investigating Cycling as a Behavioral
Biometric Identifier

Guided by our research questions, this work explores the feasibil-
ity of cycling behavior as a behavioral biometric for continuous
and implicit identification. We propose a proof-of-concept system
that augments a bicycle with unobtrusive sensors to capture a
rider’s unique interaction patterns during real-world cycling. This
approach is rooted in the hypothesis that individuals exhibit con-
sistent, distinguishable cycling behaviors that can be recognized
through fine-grained motion and force data collected at various
points on the bike. Furthermore, by analyzing feature importance,
we aim to understand which aspects of cycling behavior contribute
most to identification accuracy, informing the design of minimal,
scalable sensor configurations.

3.1 Study Design

We designed a within-subject study to investigate the feasibility
of using cycling behavior for continuous, implicit identification
in both controlled and real-world environments. Each participant
completed a series of rides on two distinct tracks. First is a short,
enclosed track that offered a stable and controlled setting, enabling
consistent data collection with minimal external disturbances. Sec-
ond is a long, outdoor track that introduced natural variability in
terms of terrain, movement, road inclination, patterns, and envi-
ronmental noise. This dual-track design allows us to explore how
well cycling behavior can be captured and analyzed across eco-
logically diverse contexts. While environmental factors such as
weather conditions (e.g., sunny, windy, rainy, and snowy) were
not systematically controlled, they varied naturally between ses-
sions and participants. This variation adds ecological realism to the
dataset and enables us to assess the robustness and generalizability
of identification models under real-world noise.

To evaluate the effectiveness of our approach, we focused on
both objective performance metrics and subjective user feedback.
The primary dependent variable is identification accuracy, which
reflects the system’s ability to recognize individual riders based on
their cycling behavior. This is quantified using standard classifi-
cation metrics, including accuracy, precision, recall, and F1 score.
These metrics allow us to evaluate the feasibility of cycling behavior
as a biometric trait for continuous and implicit user identification.
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Additionally, we analyze feature importance scores derived from
the model to determine which behavioral signals (e.g., pedal torque,
cadence patterns) contribute most to identification performance. To
complement the system-level evaluation, we collected subjective
feedback from participants using post-ride questionnaires. Partici-
pants were asked to rate aspects such as comfort and acceptability
of being identified based on cycling behavior. This feedback offers
insight into the usability and user acceptance of the proposed sys-
tem and informs future design considerations for deploying such
technology in everyday cycling scenarios.

3.2 Apparatus

To capture cycling behavior, we equipped a bicycle (wheel diam-
eter = 27 inch) with publicly available sensors positioned at key
interaction points, including the pedals, handlebars, and wheels
(Figure 1). This setup was designed to capture both upper- and
lower-body engagement, reflecting behavioral traits such as pedal-
ing rhythm, steering input, and braking force [21]. A smartphone
(Apple iPhone 12, iOS 17) mounted on the handlebars acted as
the central recording unit. Using a customized version of an open-
source cycling application (QuantiBike'), it collected motion data
from the phone’s accelerometer, gyroscope, and GPS, while also re-
ceiving data from external sensors via a TCP server [47]. The pedal
sensors consisted of 50 kg CZL635 load cells (RobotShop) integrated
into custom pedal mounts and connected to ESP32-WROOM-32
microcontrollers (Espressif) equipped with Wi-Fi. Each circuit in-
cluded an INA125P amplifier and a 3.7 V 1200 mAh Li-Po battery.
The sensors measured pedaling force and transmitted values at 10
Hz without interfering with natural cycling behavior. The brake
sensor was implemented as a flexible pressure sensor made of Velo-
stat/Lingstat conductive film with copper tape leads, enclosed in
a protective leather cover and attached directly to the brake han-
dle. It measured braking force as voltage changes and wirelessly
transmitted the readings to the phone. A Garmin Speed Sensor 2
was mounted on the hub to capture cadence and wheel rotation.
The smartphone served as the central data logger, receiving inputs
from the brake, cadence, and pedal sensors through Wi-Fi. External
sensors were synchronized to the phone via timestamps. All devices
are commercially available or open-source. All data streams, includ-
ing pedals, brakes, cadence, and phone motion, were synchronized
and logged by the QuantiBike app using timestamped key-value
messages. All participants used a single, consistently equipped bi-
cycle to ensure that observed differences reflected individual riding
styles rather than hardware variation.

3.3 Cycling Tracks

To evaluate cycling behavior in both controlled and naturalistic
conditions, participants cycled along two predefined tracks. The
first was a short track representing a controlled setting. It followed
a lemniscate (co-shaped) path with a total length of approximately
114 meters, designed to capture steering maneuvers in both left
and right directions. Situated in a flat, unobstructed area, the track
enabled consistent and repeatable runs without external interrup-
tions.

!https://github.com/Nomandes/quantibike
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To simulate in-the-wild, realistic conditions, we defined a long
track measuring approximately 1495 meters. This route followed
an actual bicycle-friendly path around the university campus, ex-
posing participants to variable terrain, pedestrian presence, and
environmental noise. It also included both upward and downward
slopes, providing a more authentic cycling experience. Both tracks
are shown in Figure 2(b). This combination of tracks allowed us to
capture steering patterns in both directions, investigate intra-user
consistency in controlled environments, and examine behavioral
variation in real-world conditions. For both tracks, we labeled the
route with numbered sections to structure the paths and enable
fine-grained reference during guidance and post-ride feedback col-
lection. Participants were guided along these predefined, sectioned
paths to ensure consistency across runs.

3.4 Study Procedure

Upon arrival at the study site, participants were welcomed and
provided with an overview of the study. They first completed an
informed consent form, followed by a short demographics ques-
tionnaire. To counterbalance potential order effects, eight partic-
ipants began with the long track and seven with the short track.
For each assigned track, participants were instructed to ride the
instrumented bicycle in their normal cycling style. For the long
track, the experimenter guided participants along the predefined
route, which was divided into labeled sections to ensure consistent
navigation and enable precise reference during post-ride feedback
and analysis. For the short track, participants were instructed to
complete five consecutive laps of the lemniscate path. After com-
pleting both tracks, participants filled out a post-ride questionnaire.
This captured subjective feedback on their overall experience, any
problems encountered, and specific sections of the track they found
uncomfortable. Additionally, participants rated the comfort of the
mounted pedal and brake sensors. The procedure was repeated for
each participant on a second day, with an average interval of 36
days between sessions. The second session followed the same track
order assigned on the first day, but did not include the post-ride
feedback questionnaire.

3.5 Participants

We recruited 16 participants (age range: 19-37 years, M = 25.75, SD
= 5.2; 4 female, 12 male, none self-identified otherwise) through
university mailing lists and personal networks. Participants also re-
ported their weight (M = 81.25 kg, SD = 19.69; range: 50-125 kg) and
height (M = 177.43 cm, SD = 11.7; range: 154-198 cm). Participants
were also asked about their cycling habits and bicycle ownership.
Regarding frequency of use, most participants (7 out of 16) reported
infrequent bicycle use (cycling less often). A smaller group reported
frequent usage, with 2 participants cycling several times a day, 2
cycling 3-5 days per week, and 1 cycling 1-2 days per week. Four
participants indicated they never cycle, were unsure, or chose not to
respond. In terms of ownership, seven participants owned a regular
bicycle, while nine did not own any bicycle (regular or electric). No
participants reported owning an electric bicycle. Participation was
voluntary, and each participant received a reimbursement of 10€
for their time. Informed consent was obtained from all participants
per institutional ethical guidelines.
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Figure 2: (a) Close-up of the bicycle setup: the brake sensor (left) and the embedded sensing unit (right). (b) Study routes: the
short controlled track (left), and the longer in-the-wild track (right) with 7 and 14 labeled sections, respectively.

4 Data Analysis

For each participant, we collected one recording of the short track,
which included five repetitions, and one recording of the long track.
Following a visual inspection of the recorded data, two participants
were excluded due to faulty recordings. This resulted in a dataset
of 168 files, corresponding to 14 participants across two sessions
(10 short-track files and 2 long-track files per participant).

Table 1: Overview of extracted feature sets.

Feature Set Description

All Combination of all extracted features (sensor, frequency,
and cycling-specific).

Sensor Statistical descriptors (mean, std, min, max, IQR) from
accelerometer, gyroscope, and quaternion signals.

Frequency  Spectral features—dominant frequency, total spectral
power, and entropy—computed via Welch periodogram
for IMU signals.

Pedals Left-right force imbalance (mean, variability) from pedal
load cells.

Brake Braking frequency (rising edges) and duration ratio from

brake pressure sensor.

4.1 Preprocessing

We filtered out irrelevant sensor channels (e.g., magnetic field,
phone battery, and raw acceleration including gravity), retaining
only motion, orientation, and cycling-specific signals (e.g., user
acceleration, gyroscope, quaternions, pedal weight, cadence, veloc-
ity). This ensured that subsequent analysis relied solely on features
directly related to cyclists’ movements rather than device metadata
or environmental noise. To address noise in the time-series signals,
we applied signal-specific smoothing strategies. For fast-dynamic
channels (accelerometer, gyroscope, and quaternion orientation),
we used a Savitzky-Golay filter with a window length correspond-
ing to approximately 1.5 s and a polynomial order of 2. This choice
preserves local peaks and micro-variations in cycling motion while
attenuating high-frequency sensor noise. For slower signals, such
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as GPS-based velocity, latitude/longitude, altitude, cadence, and
pedal weight, we applied a rolling mean filter to smooth out jitter
while retaining long-term trends. This mixed filtering approach
reflects best practices in multimodal sensing, where preserving
the fine structure of high-frequency dynamics and stabilizing low-
frequency contextual signals are essential for accurate behavioral
modeling.

4.2 Feature Extraction

After preprocessing, we transformed each lap of the short track and
each long track into a compact numerical representation by extract-
ing a set of descriptive, frequency, and cycling-specific features.
The resulting feature vector summarizes the cyclist’s behavior per
session while discarding route-dependent signals such as GPS coor-
dinates (latitude, longitude, altitude) and mobile phone meta-data.
Each dataframe was thus reduced to a single feature vector, which
formed the basis for our machine learning analyses.

We selected sensor descriptive features for motion (user acceler-
ation, gyroscope) and orientation (quaternions). For each signal,
we computed mean, median, standard deviation, minimum, max-
imum, and interquartile range (IQR), resulting in 78 features. We
also calculated vector magnitudes (e.g., acceleration magnitude,
angular velocity magnitude) and their descriptive statistics (N=4).
Next, we derived frequency-domain features to capture periodic
patterns in cycling dynamics. Specifically, we computed the dom-
inant frequency (Hz), spectral entropy, and total spectral power
from the acceleration and gyroscope signals using Welch’s method,
resulting in a total of 21 frequency features. These features char-
acterize rhythmic pedaling-like oscillations, variability, and the
energy distribution in the frequency spectrum. Finally, we consid-
ered four cycling-event features to reflect behavioral aspects of bike
control. From the binary brake sensor, we extracted the number
of braking events (rising edges from 0 to 1) and the ratio of time
spent braking relative to the total lap duration. For pedal force,
we quantified left-right symmetry (mean and variability of rela-
tive imbalance). Summarized in Table 1, this feature set balances
general signal descriptors with domain-specific cycling measures.
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The resulting vectors capture both short-term dynamics (e.g., pedal
stroke oscillations) and higher-level behavioral patterns (e.g., brak-
ing frequency, pedal symmetry), providing a rich representation of
individual cycling behavior.

4.3 Statistical Analysis

We examined whether features varied between participants using
a one-way Kruskal-Wallis test and corrected p-values with the
Benjamini-Hochberg false discovery rate (FDR, a = .05). Cliff’s §
was computed as an effect size. Model performance differences
between evaluation conditions (e.g., within-session vs. cross-track)
were tested using paired permutation tests (10 000 sign flips) with
95% bootstrap confidence intervals. All tests were non-parametric
due to the small sample size and non-normal feature distributions.

4.4 Classification and Evaluation Metrics

Given the limited sample size, we chose the Random Forest (RF)
classifier (Nesrimarors=200, random_state=42), due to its ability to
handle mixed features without scaling, and its robustness to out-
liers. For evaluation, we performed a traditional approach of within-
(same day) and between-sessions for a more profound understand-
ing of the biometric trait performance. As for metrics, we are eval-
uating the performance in terms of accuracy and F1-score. Default
parameters were used without extensive tuning, and overfitting was
minimized through leave-one-lap-out cross-validation and strict
separation of training and test sessions.

5 Results

We report our findings across three perspectives: (1) within-session
performance, where models are trained and tested on repetitions
from the same day and track; (2) between-session performance,
which evaluates cross-day generalization by training on one ses-
sion and testing on the other; and (3) subjective feedback on par-
ticipants’ impressions and experiences. This structure allows us to
not only establish baseline identification accuracy under controlled
conditions, but also to assess robustness across sessions and to
contextualize the results with qualitative insights from users.

5.1 Within-Session Performance

We first examined classification performance within the same ses-
sion, where conditions remained consistent. This serves as a base-
line for the feasibility of cycling-based identification under con-
trolled circumstances. First, we evaluated the performance of the
short tracks. Across the five repetitions, we performed a 5-fold
cross-validation (leave-one-lap-out).

As shown in Table 2, classification accuracies on the short track
were consistently high. Using all features, the model reached 94.3%
accuracy (F1-score = 0.93) on Day 1 (confusion matrix is seen in
Figure 3) and 90.0% (F1-score = 0.88) on Day 2. Comparable results
were obtained with sensor-only features (94.3% / 0.93 on Day 1;
95.7% / 0.94 on Day 2) and with sensor+cycling features (92.9% /
0.91 on Day 1; 94.3% / 0.93 on Day 2), suggesting that steering and
motion signals carry most of the discriminative power. In contrast,
single modalities such as pedal-only (72.9% / 0.68 on Day 1; 64.3% /
0.56 on Day 2), frequency-only (57.1% / 0.51 on Day 1; 51.4% / 0.44
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Confusion Matrix — Dayl — All Features — Short Track Cross Validation
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Figure 3: Confusion matrix for Day 1 cross-validation.

on Day 2), and especially brake-only (5.7% / 0.01 on Day 1; 15.7% /
0.08 on Day 2) provided weak identification performance.

When extending to cross-track evaluation within the same day
(short—long denotes training with short track data and testing with
long track values, or vice versa (long—short)), accuracies dropped
notably. For example, all features achieved 42.9% / 0.33 when trans-
ferring from short—long, but only 21.4% / 0.14 from long—short
on Day 1(42.9% / 0.32 vs. 18.6% / 0.10 on Day 2). This asymmetry
indicates that patterns learned on the controlled short track gen-
eralize partially to the long track, while the variability of the long
track does not transfer back as effectively. Across feature subsets,
sensor+frequency features showed the highest relative robustness
under cross-track conditions (35.7% / 0.27 short—long; 24.3% / 0.18
long—short on Day 1; 50.0% / 0.41 and 21.4% / 0.14 on Day 2). To-
gether, these results demonstrate that cycling behavior is highly
discriminative within a session and that the short track captures
more stable and transferable patterns. Additionally, comparing the
short and long tracks provides insights into the trade-off between
controlled and naturalistic conditions.

Feature Importance. Analysis of feature importance suggested
that the most informative features were primarily derived from
quaternion signals (capturing steering and orientation), followed
by pedaling measures such as symmetry and applied force. Rotation-
rate statistics also appeared among the higher-ranked contributors,
whereas braking and speed-related measures played only a minor
role. Cadence-based features showed limited contribution, indicat-
ing that cadence alone may be less distinctive for identifying riders
under the current setup. These rankings should, however, be inter-
preted cautiously, as feature importance can vary with dataset size
and model configuration. Future work should investigate which
feature groups remain stable across sessions to better understand
their long-term discriminative effect.
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Table 2: (Accuracy / F1) Results on Day 1 and Day 2. The Results are shown in terms of average cross-validation across the five
repetitions of the small track (Short), and between tracks, training with short track laps and testing with the long track lap
(Short—Long), and vice versa (Long—Short). Values rounded to three decimals.

Feature Set Day 1 Day 2
Short Short—Long Long—Short Short Short—Long Long—Short

All 0.943/0.926  0.429/0.333 0.214/0.143  0.900/0.876  0.429/0.321 0.186 / 0.099
Sensor only 0.943/0.926  0.357/0.279 0.257/0.205 0.957/0.943  0.357 / 0.262 0.243/0.163
Frequency only 0.571/0.510  0.143/0.052 0.071/0.016 0.514/0.439  0.143/0.071 0.071/0.010
Sensor + Frequency 0.929/0.912  0.357/0.274 0.243/0.184 0.929/0.914  0.500/0.410 0.214/0.139
Sensor + Cycling 0.929/0.912 0.357 /0.267 0.243/0.224  0.943/0.926 0.357 /0.262 0.229/0.135
Frequency + Cycling 0.857/0.838  0.429/0.319 0.171/0.113  0.729/0.679  0.286 / 0.167 0.171/0.087
Cycling (Pedals+Brake) 0.743/0.710  0.429/0.326 0.300/0.226  0.657/0.595  0.286/0.171 0.229/0.170
Pedals only 0.729/0.679  0.286 /0.219 0.314/0.228  0.643/0.564  0.357 / 0.250 0.171/0.085
Brake only 0.057/0.009  0.214/0.092 0.071/0.025 0.157/0.081  0.000 / 0.000 0.086 / 0.030

5.2 Between-Session Performance

Next, we assessed performance between sessions, training on day 1
and testing on day 2. This reflects the robustness of cycling behavior
over time and under varying environmental conditions. As shown in
Table 3, performance decreased notably when models were trained
on one session and tested on the other. On the short track, using all
features yielded 20.0% accuracy (F1 = 0.11) when training on Day1
and testing on Day2, and 34.3% (F1 = 0.31) in the reverse direction
(Day2—Day 1). Sensor-only features performed at a similar level
(21.4% / 0.15 and 37.1% / 0.29), while frequency-only and multi-
feature combinations, such as frequency+cycling, reached slightly
higher values in one direction (e.g., 25.7% / 0.18). However, single
modalities like pedals (12.9-34.3%) and brakes (8.6—14.3%) remained
close to chance. On the long track, cross-day transfer was even more
challenging. With all features, the classifier achieved only 21.4%
(F1 = 0.16) for Dayl—Day2 and 14.3% (F1 = 0.10) for Day2—Day1.
Across subsets, no configuration exceeded 25% accuracy, and brake-
only features consistently collapsed to chance level. In summary,
these results show that cycling behavior exhibits strong potential as
a behavioral biometric within sessions, but faces challenges across
sessions. Feature-level analyses reveal that certain signals remain
consistently informative, offering directions for minimal sensor
setups and more robust designs.

5.3 Subjective Feedback

Participants generally reported positive experiences with the cy-
cling task, as shown in the stacked Likert chart Figure 4. Regarding
overall satisfaction, 12 out of 16 participants (75%) rated their experi-
ence as mostly or completely satisfying. Comfort ratings were more
mixed: 8 participants described the ride as somewhat to very com-
fortable, while the remainder reported neutral or uncomfortable
experiences. In terms of control, pedaling was more frequently de-
scribed as effortful, with 9 participants rating it as somewhat to very
difficult, while only 4 considered it somewhat or very easy. Braking,
on the other hand, was consistently perceived as smooth, with 11
participants indicating it was very or extremely easy. Regarding
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physical effort, responses were balanced, with 6 participants re-
porting little effort, 6 moderate effort, and 4 high effort, suggesting
that while the task was manageable for most, certain sections re-
quired significant exertion. Despite these challenges, participants
expressed strong interest in the sensor-augmented bicycle concept,
with 10 participants indicating they would be somewhat to very
interested in acquiring such a bike.

When asked to indicate if any specific sections of the cycling
tracks caused discomfort, fatigue, or other issues, participants re-
ported minimal problems on the shorter route. Fourteen partici-
pants explicitly noted “No issues”, with only two reporting difficul-
ties in Section 7 (e.g., “There was a bump on the ground to protect
cables”, (P3, M, 31y)). In contrast, participants identified multiple
problematic areas within the longer route. Section 12 (9 mentions)
and Section 5 (8 mentions) emerged as the most frequently reported
problem areas, largely due to the slope present in this part of the
track. Participants emphasized the challenge of cycling uphill and
downhill, for example: “It was difficult to cycle uphill without stand-
ing on the bike” (P2, M, 23y) and “In Section 12 there was a slope
which made it almost impossible to ride the bike.” (P4, M, 23y). Ad-
ditional reports concerned Sections 2, 1, 4, 13, 14, and 3, though
these appeared less frequently (1-4 mentions each). As illustrated
in the maps shown in Figure 2(b), these labels correspond to spe-
cific points along the track where physical or ergonomic challenges
were concentrated. Such exertions are important to acknowledge,
as they may have influenced participants’ cycling behavior. For
future biometric analyses, these segments may warrant special
consideration or exclusion to ensure more consistent and reliable
behavioral assessment.

6 Discussion

This work represents an exploratory first step towards establishing
cycling as a behavioral biometric. While the results are promising,
we emphasize that this work is an early investigation designed to
scope feasibility and to motivate larger-scale, more diverse studies
in the future.
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Table 3: Between-session performance (Accuracy / F1). Models trained on Day 1 and tested on Day 2, and vice versa, on short

and long tracks.

Feature Set Short Dayl—Day2 Short Day2—Dayl Long Dayl—Day2 Long Day2—Day1l
All (Fo) 0.200/ 0.108 0.343 / 0.306 0.429 / 0.342 0.357 / 0.238
Sensor only 0.214/0.153 0.171/0.148 0.143/0.071 0.071/0.048
Frequency only 0.243 / 0.202 0.300 / 0.228 0.071/ 0.036 0.214/0.179
Sensor+Frequency 0.200/ 0.120 0.243 / 0.225 0.286 / 0.202 0.214/0.143
Sensor+Cycling 0.200/ 0.108 0.343 / 0.306 0.429 / 0.342 0.357 / 0.238
Frequency+Cycling 0.257 /0.181 0.214/0.196 0.214/0.112 0.214/0.143
Cycling (Pedals+Brake) 0.157 / 0.126 0.200 / 0.162 0.214 / 0.143 0.286 /0.214
Pedals only 0.129 / 0.100 0.171/0.120 0.143 / 0.095 0.143 / 0.064
Brake only 0.086 / 0.026 0.100 / 0.044 0.143 / 0.064 0.071/0.029
The ride was comfortable| 50% [ 191% | 31% robust performance. Adopting cycling as a biometric trait opens

Pedaling felt difficu 623 i 12% 2% the door to personalized adjustments for the rider (e.g., saddle
Overall cyeling experience was good 38% e | 6% height, preferred route recommendations), which may not only

Braking felt difficult 6% 0?4: - 94%

Percentage

M stongly Disagree [¥] Somewhat Disagree [7] Somewhat Agree Il Strongly Agree
Disagree Neutral Agree

Figure 4: Subjective feedback for the quantitative questions.
The ranges are highlighted.

6.1 The Potential of Cycling as a Biometric Trait

In this work, we investigated our primary research question (RQ1):
To what extent can cycling be used as a behavioral biometric for
continuous and implicit user identification? To address this, we con-
ducted an empirical study by instrumenting a conventional bicycle
with sensors on the pedals, brake, and frame to capture cycling
dynamics. Our results demonstrate the potential of cycling as a
distinctive behavioral trait, with within-session identification accu-
racies reaching up to 94.3%. At the same time, transferring models
from the controlled short track to the long, uncontrolled track led
to a clear drop in accuracy (42.9%). This degradation is likely due
to additional sources of variability in the in-situ track (e.g., road
slopes, unexpected stops, or traffic interactions) that were absent
from the controlled setup and differed across sessions.

Behavioral Drift. Like most behavioral biometrics, cycling is sub-
ject to behavioral drift, i.e., performance decline across sessions [23].
Interestingly, we did not observe a consistent decrease when train-
ing and testing on the same track type (short-to-short or long-to-
long across days), suggesting that core aspects of cycling behavior
remain relatively stable over time. This strengthens the case for
cycling as a feasible behavioral identifier. We anticipate that contin-
uous data collection, together with awareness of contextual factors
(e.g., environment, physical state, or riding purpose), could mitigate
drift effects and ultimately improve identification robustness in
real-world deployment.

Despite between-session variability, continuously capturing and
updating cycling profiles could yield increased accuracy and more
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improve comfort but also enhance the overall cycling experience.
Beyond personalization, more critical use cases are conceivable:
with continuous training and context-awareness, the bicycle could
unobtrusively verify its rider’s identity, enabling anti-theft applica-
tions that provide continuous protection without additional effort
from the user.

6.2 Cycling Components’ Impact on
Identification

Our second research question (RQ2) asked: Which behavioral fea-
tures contribute most to identification accuracy, and how can this
knowledge guide the design of minimal and practical sensor configu-
rations for real-world deployment? Our feature importance analysis
revealed that steering and orientation dynamics, captured through
quaternion-based measures, consistently dominated across sessions.
Pedaling-related measures, particularly symmetry and pedal weight
distribution, provided complementary cues that further enhanced
user separability. By contrast, braking and cadence-based measures
contributed relatively little, likely because braking occurs infre-
quently and cadence signals were less distinctive across individuals.

These findings have direct implications for practical deployment.
They suggest that reliable identification can be achieved with a
minimal sensor setup consisting of motion sensors mounted on the
bicycle frame or handlebars, combined with pedal force sensors.
In contrast, additional instrumentation such as brake sensors or
cadence monitors may not be necessary, simplifying system design
and lowering deployment cost. Importantly, this also means that
identification relies on signals already generated during natural
riding, without requiring riders to change their behavior.

6.3 Potential Use Cases

Understanding a rider’s identity through cycling behavior opens
several promising application areas. The first is personalization.
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If a bicycle can implicitly recognize its rider, it could automati-
cally adjust to individual preferences, such as suggesting preferred
routes to regular destinations or, in the case of electric bicycles,
adapting motor assistance based on previously observed riding
patterns. A second use case is security. Continuous identification
enables behavioral biometric locks that complement or even replace
traditional mechanical locks. Unlike one-time authentication mech-
anisms, such a system could continuously verify that the bicycle is
used by its legitimate owner, providing unobtrusive and ongoing
protection against theft. We note, however, that this approach may
limit a bicycle to a single registered rider unless multi-user models
are explicitly considered. Beyond individual use, cycling biometrics
could also support group dynamics. In scenarios where multiple
bicycles are equipped with sensors, rider identities and behaviors
could be shared within the group to coordinate collective activities
(e.g., monitoring group cohesion, adapting assistance to maintain
pace, or providing safety alerts). Together, these examples high-
light the breadth of opportunities for cyclist-aware systems that go
beyond identification to personalization, safety, and coordination.

6.4 Limitations and Future Work

Despite the thorough investigation, several limitations must be
acknowledged. The study was conducted with a limited number of
participants across only two sessions, which limits the ability to
examine long-term stability (i.e., the behavioral drift) and generalize
across larger populations. In addition, while participants naturally
varied in their clothing and footwear, we did not systematically
investigate the effect of such factors on identification performance.
Finally, our setup employed a specific sensor configuration on a
single conventional bicycle, which may limit generalizability to
other bicycle types or sensor placements.

Future research should expand this investigation by recruiting
a larger and more diverse participants and by conducting studies
across varying cycling environments. Longitudinal deployments
with longer temporal gaps between sessions are needed to assess
the long-term stability of cycling biometrics, and to develop nor-
malization or adaptation strategies that mitigate session-to-session
variability. Systematic investigations of clothing, footwear, and en-
vironmental conditions would provide a deeper understanding of
their impact on performance. Ultimately, in-the-wild long-term
deployments will be essential to evaluate the scalability of cycling
biometrics for real-world applications in personalization, safety,
and security.

7 Conclusion

In this paper, we presented an exploratory study investigating cy-
cling as a behavioral biometric. By equipping a conventional bicycle
with unobtrusive sensors and evaluating rider identification across
controlled and in-the-wild tracks, we demonstrated that cycling
dynamics can serve as distinctive behavioral signatures. Our re-
sults showed strong within-session performance, confirming the
feasibility of this approach, while also revealing challenges such
as performance drops in cross-track and cross-session evaluations.
Feature analyses further indicated that steering and pedaling dy-
namics contribute most to identification accuracy, pointing toward
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minimal and practical sensor configurations for real-world deploy-
ment. These findings establish cycling as a promising behavioral
biometric trait that can support both personalization and secu-
rity applications. While our study was limited in scale, it offers
a valuable first step toward scalable, in-the-wild deployments of
cycling biometrics. Future work should expand to larger partici-
pant groups, varied environments, and longer time spans to better
understand stability, ecological robustness, and user acceptance. By
highlighting both opportunities and challenges, this work provides
a foundation for developing rider-aware bicycles that adapt to their
users, protect against misuse, and enrich the cycling experience.
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