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Figure 1: Overview of Tap2Stop, an intuitive, human-centered method that enables pedestrians to actively stop autonomous
vehicles by tapping. a) a child suddenly enters the path of an autonomous vehicle driving slowly in a complex environment (i.e.,
the grass blocks the detection of the moving child), b) a nearby adult taps the vehicle to stop it, and c) the vehicle interprets the
tapping intent and initiates an emergency stop. This method empowers pedestrians to become active roles in AV safety.

Abstract
Autonomous vehicles (AVs) remain imperfect in close-range in-
teractions, where sensor blind spots and unpredictable pedestrian
behavior lead to safety-critical failures. Existing emergency-stop
mechanisms are typically limited to remote operators or passengers,
leaving pedestrians unable to intervene. We propose Tap2Stop, an
externally accessible mechanism that enables pedestrians to “ac-
tively” stop vehicles by tapping on the surface. A formative study
(23 pedestrians, 8 AV developers) reveals a gap between pedestri-
ans’ desire for intervention and developers’ concerns about misuse.
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Guided by these insights, we develop a tapping-based system inte-
grating two classifiers (tapping detection and intent classification)
with a gating and accumulation mechanism to balance robustness
and reaction time. Study 1 constructs a dataset across multiple con-
ditions to train the classifiers and optimize parameters. Study 2
evaluates the system in a field study (N=18), showing promising
performance (100% detection rate, 24% false positive rate), user
acceptance, and providing insights for future bidirectional human-
vehicle interaction.

CCS Concepts
• Human-centered computing→ Interaction design process
and methods.
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1 Introduction
Accidents in real-world deployments have led to recalls of Full Self-
Driving automated vehicles (AVs) [42]. For example, a Cruise AV in
San Francisco failed to detect a pedestrian, resulting in the person
being trapped under the vehicle, and dragged over 20 feet [4]. An-
other case (Figure 1) is about a sudden appearance from a blind spot,
where an oncoming vehicle cannot see it in time to react [2]. These
incidents highlight that AVs remain imperfect. They suffer from de-
tection failures in near-field blind zones and struggle to anticipate
and respond to unpredictable pedestrian behaviors. While such
failures are rare, they raise an important question: if pedestrians
recognize immediate danger when an AV fails to react, or before it
reacts, should they have a way to actively communicate “stop”?

To explore this challenge, pedestrians can be active participants
who can interrupt the vehicle in an emergency situation (e.g., the
adult in Figure 1). Even though AVs include emergency stop mech-
anisms, such as remote-stop devices [39] or internal controls (e.g.,
driver-assistance tools [49] and emergency stop buttons [36]), these
have limitations and do not include the pedestrians. For example,
remote-stop devices are not easily accessible to general public. Pas-
sengers may not be able to perceive hazards outside of vehicle [42],
or the AV may not include passengers. As a result, pedestrians
play only a passive role in safety-critical situations, leaving them
without a means to intervene AVs, even if they can foresee impend-
ing danger or are at direct risk.

We propose Tap2Stop, an externally accessible emergency mech-
anism that enables nearby pedestrians to actively take an action.
The vehicle surface serves as a touchable interface, allowing pedes-
trians to trigger an emergency stop by tapping. By interpreting
tapping patterns via multi-feature classification, Tap2Stop infers
pedestrians’ requests. We consider this approach intuitive, as it
is similar to behaviors people already use to notify human dri-
vers, extending to AVs. The design targets close-range, low-speed
scenarios, where a vulnerable person or object may fall into sen-
sor blind spots [8, 46] and primary systems (e.g., perception or
communication) can fail. In such situations, providing a simple,
last-resort intervention can be life-saving. That is, our goal is not to
replace existing AV perception or emergency braking systems, but
to explore whether a fallback intervention channel could provide
additional value in such perception-failure scenarios. In this work,
we present an initial exploration of this interaction concept through
a prototype and a field study.

To operationalize the “tap” concept into a practical design, we
conducted a formative study (questionnaires and interviews) with

pedestrians (N=23) and AV developers (N=8), revealing a gap be-
tween pedestrians’ desire for direct intervention and developers’
concerns about misuse. This study informed two core design re-
quirements: intuitive operation under time pressure and robustness
against accidental or malicious activation.

Based on the identified requirements, we implement a tapping-
based system using two coordinated classifiers: a tapping detector
and an intent classifier that filters non-intentional and malicious
inputs. To balance robustness and reaction time, we combine their
outputs through a gating and accumulation mechanism that selec-
tively validates signals and aggregates confidence over time.

We validate Tap2Stop through two studies. In Study 1, we col-
lected a dataset of diverse tapping types from 23 participants to
train and calibrate the classifiers. We then conducted a classifier-
centered analysis to identify effective features, report accuracy,
and determine key parameters for system optimization. In Study 2,
we integrated the trained classifiers and calibrated parameters from
Study 1 with a triggering mechanism into an initial prototype of
Tap2Stop, which was evaluated through a field study with 18 par-
ticipants. We then performed a pedestrian-centered analysis to
understand how pedestrians perceive this method.

Results show that Tap2Stop showed promising performance in
situ, both in recognizing intentional stop attempts and in filtering
malicious tapping, while leaving room for further improvement
in robustness. Questionnaire results indicate that the method is
well accepted by pedestrians, leading to increased trust in AVs. We
further identify three types of feedback that AVs should provide in
response to pedestrian tapping (safety-related information, future
action guidance, and accountability), which participants requested
to support bidirectional interaction through visual or haptic cues.

Contribution Statement [53]

• InteractionTechnique.We introduce Tap2Stop, a direct phys-
ical intervention technique that enables nearby pedestrians to
stop the AV by tapping on the surface in close-range, low-speed
scenarios, unlike prior approaches based on vehicle perception
or remote control.

• Empirical Study of People. The formative study reveals a
discrepancy between pedestrians and AV developers regard-
ing external emergency stop mechanisms and derive design
requirements grounded in both perspectives.

• Artifact. We develop a tapping-based system with a dataset of
diverse behaviors and machine learning classifiers integrated
into a curated triggering mechanism that distinguishes inten-
tional stop requests from incidental or malicious inputs.

• Empirical Study of System Use.We conduct a field study
with a moving vehicle, simulated emergency scenarios, pro-
viding an initial exploration of Tap2Stop in a field setting and
uncovering user preferences for richer bidirectional feedback.

2 Related Work
This section reviews prior work from two perspectives: 1) how AVs
communicate information to pedestrians (Sect. 2.1), and 2) how
AVs interpret pedestrian intent to anticipate and avoid potential
conflicts. For the specific intent of “requesting a stop,” we further
discuss existing emergency stop mechanisms (Sect. 2.2).

https://doi.org/10.1145/3830398.3830497
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Existing research primarily focuses on communication from
vehicles to pedestrians, where AVs actively convey their state or
intention. In contrast, the reverse direction (i.e., pedestrians com-
municating with AV) is passive. Current approaches rely on sensing
systems to observe pedestrian behavior and infer intent (e.g., mo-
tion or trajectory prediction), rather than enabling pedestrians to
explicitly express their intentions. This gap motivates our work to
explore mechanisms that allow pedestrians to directly communicate
intent to AVs with an initial focus on stop requests.

2.1 Interaction between Automated Vehicles
and Pedestrians

Research on AV-pedestrian interaction mainly focused on one-way
communication from the AV to pedestrians (with Colley et al. [14]
being a notable exception as they allow bi-directional communica-
tion), which falls under the domain named external human-machine
interfaces (eHMIs) [6, 15, 16]. These interfaces are mounted on the
AV’s exterior surface and communicate with various modalities,
such as text displays on windshields [5, 26], blinking light strips
around headlights [13, 20], or robotic eyes and arms [9, 27, 28, 40].
The eHMIs typically serve two roles: 1) acting as a “virtual driver”
that communicates the AV’s status or intention when there is no
human driver [41]; and 2) functioning as an “augmented mirror,”
sharing sensory information beyond human perception ability, such
as AVs approaching from blind spots [10, 17, 25].

Although eHMIs improve communication, pedestrians still raise
concerns about trust and safety toward both the eHMI and AVs [29,
32]. Post-interviews of past research show two reasons that can
explain the concerns: 1) There is no guarantee that the eHMI will
always convey accurate information [30, 35], and 2) messages are
generated from the AV’s perspective and may not always be appro-
priate for pedestrians (i.e., no social interaction void exists) [19].
That is, one-way communication is insufficient, and pedestrians
also need a channel to express their intentions to AVs. The ability
to request an emergency stop represents a fundamental need that
could significantly improve perceived safety. However, there is a
lack of research exploring how pedestrians can convey intent to
AVs [7]. In this study, we propose a novel approach that enables
pedestrians to communicate with AVs by tapping on them.

2.2 Emergency Stop Method For Vehicles
Current emergency stop mechanisms are typically embedded as
extended features. Typical implementations are: 1) a physical red
emergency stop button located near the passenger seat [36], 2)
internal risk identification systems, which extend from the AV’s
sensing capabilities, from visual to multimodal perception [31, 38,
54], such as sound detection to identify risky events and trigger
emergency stops [1], and 3) physical mitigation equipment such
as external bumpers in the form of cushions designed to absorb
impact as a last resort [34].

However, these systems are vehicle-centered: they are highly
dependent on the AV’s decision-making systems (e.g., route plan-
ning). If these fail to recognize the danger or the passenger fails
to detect the emergency, the emergency stop systems fail accord-
ingly. To address this limitation, researchers have explored external

emergency stop approaches integrating with wireless communica-
tion network technology [55]. These systems collect road traffic
information and can stop specific AVs either automatically [21] or
through intervention by an authorized monitor (e.g., traffic control
centers) [18, 47].

Neither vehicle-centered nor remote-controlled systems allow
human pedestrians to directly trigger an emergency stop. That is, in
emergency situations, pedestrians currently lack any direct method
to communicate with the AV. In this study, we focus on close-
range, low-speed scenarios and employ a touch-based interaction
modality that enables pedestrians to communicate their intent to
the AV. We explore tapping patterns as a direct and intuitive signal
for emergency stop requests.

3 The Design Criteria
We conducted a formative study with both pedestrians and AV
developers. The findings shows pedestrians’ needs of pedestrian-
activated emergency stop method (Sect. 3.1) and developers’ con-
cerns (Sect. 3.2). We then derived “tap” as an explorable interaction
modality, together with its key design prerequisites (Sect. 3.3).

3.1 Questionnaire with 23 pedestrians
We conducted a questionnaire with pedestrians (N=23), recruited
via a public website (https://sciencepark.jp/), to better reflect gen-
eral public perceptions of AVs. None of them had experience in AV
development. Participants rated familiarity with AVs, trust in
AVs and the need for external emergency stop mechanisms
on a 5-point Likert scale (1 = strongly disagree, 5 = strongly agree),
followed by an open-ended question on how they would stop a
car in a risky situation.

Results (Figure 2) show moderate trust in AVs (M=3.48, SD=0.97),
while all participants agreed that pedestrians should be able to
stop AVs externally (M=4.87, SD=0.34). Open-ended responses were
coded into three sensory categories: visual (6 out of 23, e.g., gestures
or gaze), auditory (10 out of 23, e.g., screaming, shouting or special
voice commands), and haptic (6 out of 23, e.g., physical contact such
as knocking or kicking). Other than human sense, remote control
methods were suggested (9 out of 23), including smartphone-based
control (6 out of 23), where users input a predefined code to stop a
nearby AV, and roadside buttons (3 out of 23), inspired by pedestrian
crossing signals to stop vehicles at intersections.

3.2 Interview with 8 AV developers
We then interviewed 8 AV development researchers, including four
senior researchers from academia and industry, and four PhD stu-
dents with hands-on experience. Participants covered diverse areas,
including perception, planning, decision-making, infrastructure
cooperation, and simulation. They were asked about Q1) their
trust in AVs and Q2) whether pedestrians should be able to
influence AV decisions. (Actual questions are in Appendix A
and details description of their status in academia or industry and
research field are in Appendix B)

For the Trust (Q1), different from general public who gives
over borderline score (3.48/5), developers shows negative tendency
(e.g., “Not very much”, “As a developer of autonomous vehicle
technology, I still don’t fully trust self-driving cars due to their
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Figure 2: The Likert chart presents pedestrians’ perspectives on autonomous driving, measuring their familiarity with self-
driving cars, trust in the technology, and agreement about the need for pedestrian-initiated stopping capability.

shortcomings”, and “I trust AV assistants, but I’m not so confident
in L4/L5 autonomous driving.”) We found their lower trust due to
concerns about sensing and hardware constraints, real-world edge
cases beyond operational design domains, limited interaction with
vulnerable road users [33], and cybersecurity risks.

For the Measure of empowering pedestrians (Q2), responses
fell into two categories: the first was absolutely no (3 of 8), and
the second was yes, but with well-defined boundaries (5 of 8). A
shared concern was that unbounded control could enable misuse
(e.g., abuse or malicious use) and oversimplify interaction into a
binary “stop,” failing to capture nuanced intent and potentially
leading to conservative or inefficient AV behavior.

In summary, developers acknowledge current AV limitations
and the necessity of pedestrian influence for safety, but emphasize
that such interaction must prevent misuse and ensure effective
communication.

3.3 Rationale for choosing "Tap"
To identify a suitable approach for close-range, low-speed scenar-
ios, we progressively narrowed down candidate methods based on
participants’ responses.

From the pedestrian perspective, we applied the design
criteria: 1) accessibility to the general public, excluding system-
controlled approaches (e.g., traffic officer control); 2) reliable and
fast detectability by AVs, favoring auditory over vision-dependent
signals for real-time processing [24]; and 3) intuitive use without
prior training, excluding complex or time-consuming actions un-
der emergency conditions. This process identified tapping and
shouting as feasible modalities.

From the developer perspective, we identified two key
concerns: system abuse and unclear intentions. To address abuse,
the mechanism should resist malicious or unintended activation
(e.g., deliberate tapping or environmental noise). To address unclear
intentions, it should offer robust features to support intent classifica-
tion across varying urgency levels. Both tapping and shouting are
distinguishable from environmental noise and provide rich features
for classifier training.

We finally selected tapping as the emergency stop signal due to
its target specificity. That is, a problem with shouting is that target
(which vehicle should stop) is not clear when multiple vehicles

are running, while physical contact unambiguously identifies the
target vehicle.

4 Tap2Stop Development
To put the “Tapping” concept into a practical system, we first set up
the sensing hardware. We explored multiple approaches for the
hardware. Our initial design used an Arduino with multiple sensors
(e.g., sound, IMU), but its sampling rate (1 kHz) and resolution
(10-bit) were insufficient to capture high-frequency features. We
therefore attached a wireless microphone (Ulanzi, 44.1 kHz, 16-bit)
to the interior surface of the vehicle (Figure 3, blue box), enabling
reliable collection of high-quality raw audio for subsequent signal
processing.

4.1 Reliability of Tap2Stop
To enable reliable real-time operation of Tap2Stop, we identified two
key requirements based on the design criteria from the formative
study: (1) Tap2Stop should accurately distinguish intentional taps
from non-intentional and malicious inputs, and (2) Tap2Stop should
balance detection accuracy with reaction time.

To satisfy the first requirement, we developed and optimized
the tap recognition system. We first collected a tapping dataset,
then evaluated seven machine learning algorithms, selected the
best-performing model, and optimized its parameters to maximize
classification performance (Sect. 4.2).

Meeting the second requirement requires more than accurate
tap classification. While the classifiers estimate the intention from
each observation, an emergency stop is ultimately a decision that
should be made under continuous real-time sensing. Unlike offline
inference on complete tapping segments, real-time operation con-
tinuously evaluates overlapping sliding windows from an incoming
stream. At the onset of a tap, the first few windows inevitably
capture only partial observations, causing classifier predictions to
fluctuate before sufficient evidence becomes available. Triggering
an emergency stop directly from a single classifier output therefore
risks either false activations or delayed responses. To address this is-
sue, we introduce a gating and confidence accumulation mechanism
(Sect. 4.3) that aggregates evidence across consecutive windows
before issuing an emergency stop command.
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The resulting Tap2Stop system was then integrated into a real
autonomous vehicle to evaluate how pedestrians perceived and
used Tap2Stop in real-world AV interactions.

4.2 Classifier Specification
We define two classifiers in Tap2Stop that correspond to the identi-
fied requirements.

Classifier 1: Tap Detection. This classifier distinguishes tap-
ping signals from normal driving sounds, ensuring the system is
not falsely activated during regular operation.

Classifier 2: Detection of Malicious Tapping. This classifier
improves robustness by identifying non-intentional or malicious
tapping behaviors, enabling the system to respond only to genuine
stop requests.

4.3 Trigger Mechanism
The Tap2Stop trigger mechanism employs two coordinated classi-
fiers (“Malicious” and “Tap”) within a gating-accumulation archi-
tecture. The “Malicious” classifier acts as a gate (pass or discard),
while the “Tap” classifier operates within an accumulation process
that integrates confidence over time. Continuous audio is processed
in 0.1 s steps. Segments classified as malicious are discarded, and
the remaining segments are evaluated to detect tap events. Valid
tapping signals are accumulated until the confidence exceeds a
predefined threshold, triggering a “stop” command; otherwise, the
emergency stop system continues to wait. This accumulation mech-
anism helps filter out unintentional taps and environmental noise
(e.g., rain or water droplets).

The resulting gated signal is then temporally integrated using
exponential decay over a fixed number of past frames:

𝑑 (𝑡) =
𝐾∑︁
𝑘=0

ℎ(𝑡 − 𝑘) · exp(−𝜆𝑘) (1)

where ℎ(𝑡) denotes the gated confidence of the second classifier
at frame 𝑡 ,𝐾 is the temporal integration window size, and 𝜆 controls
the decay rate. A stop signal is triggered when 𝑑 (𝑡) exceeds a
decision threshold 𝜏𝐷 . Each classifier output at frame 𝑡 is computed
from a time window centered at 𝑡 , introducing an inherent look-
ahead delay of half the window length. The end-to-end latency
from tap onset 𝑡pat to the decision time is therefore:

Δ𝑡 = (𝑡cross − 𝑡tap) +
𝑇𝑤

2
(2)

where 𝑡cross is the frame at which 𝑑 (𝑡) first exceeds 𝜏𝑡 , and 𝑇𝑤
is the analysis window length.

Parameter Tuning. There are several parameters that need to
be tuned to balance detection accuracy, robustness to noise, and
system latency for real-world operation (Sect. 7.1):

• 𝜏𝑚 : gating threshold for filtering “malicious” detections
• 𝜏𝑡 : decision threshold for “triggering”
• 𝜆: decay rate controlling temporal sensitivity (short-term vs.
long-term accumulation)

• 𝑘 : time-lag index representing the number of frames in the past

To achieve this, we first optimize these parameters in Study 1
through classifier training, and then use the optimized settings
in Study 2 for real-world evaluation.

5 Study 1: Data Collection for Training
To train the classifier, we collected a tapping dataset by asking
participants to tap on a physical vehicle under various conditions.

5.1 Dataset Preparation
Training a reliable classifier requires a large and balanced dataset
across different conditions. However, collecting equivalent data on
an actual moving vehicle would require over hundreds of partic-
ipants, and the noise conditions (e.g., environmental and driving
sounds) cannot be evenly controlled in real-world settings.

Therefore, we adopt a feasible noise-overlay augmentation
method. We collected tapping data on a stationary vehicle and
augmenting it with seven types of noise. This approach allows us
to efficiently generate sufficient and balanced samples while main-
taining control over noise conditions. Then, the dataset preparation
consists of two parts.

For the first part (noise dataset), we pre-recorded seven driving
sound, including seven elements: (1) normal driving sound, (2)
driving backward with a warning alarm, (3) sudden braking, (4)
starting to drive, (5) driving with passengers talking inside, (6)
passing pedestrians talking outside, and (7) passengers clapping
inside the vehicle. These noises were intended to provide balanced
training data rather than represent the full range of real-world
driving environments.

For the second part, we recruited 23 participants online (the same
group as in the formative study questionnaire) and asked them to
imagine four scenarios (S1-S4 in Figure 3) and sequentially tap the
vehicle surface for each. The four scenarios were designed based
on concerns raised by AV developers.
• S1) High-emergency: An AV is approaching a looking away
child, and may not be detected. The participant taps to stop it.

• S2) Low-emergency: The participant has accidentally left a bag
on the road. They tap the AV to prevent potential damage.

• S3) No intent: The participant taps the slow-moving AV out of
curiosity, without any serious or specific intent.

• S4) Malicious intent: The participant discovers that tapping
may stop the AV and performs the tapping as a prank, intending
to trigger an unnecessary emergency stop.
We used a modified golf cart equipped with a sensing setup

described in (Sect. 4.1). We recruited 23 participants, among whom
22 provided valid data. Each participant received a $5 Amazon
gift card as compensation. Participants were instructed to tap a
fixed location on the vehicle surface (Figure 3), positioned directly
above the attached microphone, on a stationary vehicle across four
scenarios. To enhance ecological validity while maintaining safety,
the vehicle remained stationary, and each scenario was verbally
introduced with emotional context. Participants were instructed to
tap freely, without constraints on the number of taps or gestures to
capture natural behavior.

The final dataset consists of 616 audio clips (22 participants
× 4 scenarios × 7 noise conditions), capturing variations across in-
dividuals, scenarios, and environments. We overlaid environmental
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Figure 3: Data collection setup: A prototype equipped with an in-vehicle microphone was used to collect data across four
conditions (S1: high emergency, S2: low emergency, S3: non-intent, S4: malicious intent).

noise with an average SNR of 18 dB (5th percentile: -4 dB; 95th
percentile: 33 dB) to approximate realistic driving conditions.

5.2 Classifier Development
We evaluated seven algorithms, ranging from simple to complex.
The overlaid tapping audio was categorized into four groups: tap-
ping with 1) strong emergency intent, 2) weak emergency intent,
3) no intent, and 4) malicious intent.

We divided the analysis into four tasks. Two basic task (1&2)
evaluate the technical feasibility of the two classifiers in the
Tap2Stop system. Two advanced tasks (3&4) are progressive
classification that examine whether the system can encode more
complex information, such as different types of unintentional tap-
ping or levels of emergency.
• Basic Tasks:

– Task 1: Activation stability (Groups 1&2 vs. noise dataset)
– Task 2: Malicious tap detection (Groups 1&2 vs. Groups
3&4)

• Advanced Tasks:
– Task 3: Stop-intent detection (Groups 1&2 vs. Group 3)
– Task 4: Emergency intensity classification (Group 1 vs.
Group 2)

We first conducted feature analysis in both time and frequency
domains [23]. In the time domain [22, 37], we extracted temporal,
rhythm, and energy features to capture tap structure and intensity.
In the frequency domain [3, 45], we used frequency band and spec-
tral features to characterize energy distribution and temporal varia-
tion [50]. 29 sub-features were selected (see Appendix C). We then
performed feature augmentation (i.e., polynomial transformations
and interactions) and applied Fisher score-based selection [44] to ex-
tract the top features for each task (Table 2 in Appendix). The results
show that different feature types dominate across tasks: temporal
and rhythmic features for malicious detection, and energy/spectral
features for emergency-level differentiation. These observations
guided the classifier design. We then tested seven representative
models, ranging from simple (Logistic Regression, Naive Bayes),
moderate (SVM, Random Forest), to advanced (LightGBM, CatBoost,
TabPFN), using 3-fold stratified cross-validation.

Table 1: TabPFN results for the four tasks. Each column re-
ports the performance of TabPFN on one task.

Task 1
activation
stability

Task 2
malicious
tapping
detection

Task 3
stop-intent
detection

Task 4
emergency
intensity

classification

Accuracy 1.0000
(±0.0000)

0.8117
(±0.0136)

0.7891
(±0.0400)

0.8117
(±0.0199)

Precision 1.0000
(±0.0000)

0.8101
(±0.0178)

0.7760
(±0.0236)

0.8121
(±0.0550)

Recall 1.0000
(±0.0000)

0.8150
(±0.0152)

0.8123
(±0.0781)

0.8242
(±0.0586)

F1 Score 1.0000
(±0.0000)

0.8124
(±0.0124)

0.7923
(±0.0460)

0.8143
(±0.0102)

The accuracy, precision, and recall report of seven algo-
rithms across four tasks (in Table 3 in Appendix). TabPFN achieved
the best performance (in Table 1), with 100% accuracy in distin-
guishing tapping from driving noise (Task 1) and around 81.17%
accuracy in detecting malicious tapping (Task 2), validating system
feasibility. For more challenging scenarios (Tasks 3 and 4), such as
different types of non-intentional tapping (78.91% accuracy) and
varying emergency intensity (81.17% accuracy), performance re-
main around 80%, indicating that tapping signals encodemeaningful
contextual information.

6 Study 2: Field Study for Validation
We operated theTap2Stop in physical setting based on the result
in Study 1. According to the accuracy results across 7 classifiers
(Table 3 in Appendix), we selected two independent TabPFN
classifiers. The system processes a continuous audio stream using
1-second windows with a 0.1-second hop.

Due to the window length, it incurs a half-window look-ahead
latency. The end-to-end latency is approximately 0.42 s for emergent
taps and 0.70 s for warning taps. Based on training, we select the
parameters 𝜏𝑚 = 0.60, 𝜆 = 0.90, 𝜏𝑡 = 0.88 and 𝐾 = 20, that give
the optimization of system performance for Study 2 evaluation.

We then conducted a Wizard-of-Oz-based field study with a
moving vehicle for two purposes: 1) to validate the system design
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Figure 4: Field study setup: The left images show the four scenarios with same four conditions in Study 1 (highlight in red),
including the vehicle’s starting point and hazard placement (e.g., an infant stroller). The instructor stood between the participant
and the vehicle, partially blocking their view, and faced away as if unaware. As shown on the right, once participants noticed
the danger, they interrupted the conversation with instructor and tapped the vehicle to stop it.

and its real-world performance with the above setup; and 2) to cap-
ture users’ thoughts and feelings when interacting with a moving
vehicle through tapping on a real vehicle surface in a real-world
scenario.

6.1 Field Study Setup
We recruited a new group of participants (N=18) who did not take
part in the dataset collection. Each participant received a $10 Ama-
zon gift card as compensation. To ensure consistency, we used the
same vehicle and data collection system, allowing the previously
optimized classifier settings to be directly applied. Tapping condi-
tions were also kept consistent (highlighted in red in left part of
Figure 4), with a fixed tapping location (Figure 3) while allowing
natural variation in gesture, speed, force, and number of taps.

The study was conducted with a moving vehicle presented
as automated using a Wizard-of-Oz approach. The setup involved
three experimenters: a hidden driver (“Wizard”) controlling the
vehicle, an instructor interacting with the participant, and a coordi-
nator monitoring data collection and classifier performance.

Participants were instructed that tapping on the vehicle could
stop it and were asked to intervene when they perceived a need
to do so. To capture natural responses, we physically recreated
realistic scenarios instead of asking participants to imagine them.
We constructed four scenarios (Figure 4, left part) using specific
physical objects, following the same definitions as in the dataset:
high emergency (vehicle approaching an infant in a stroller), low
emergency (approaching a piece of luggage), and non-intent and
malicious / prank conditions (no obstacle present).

During each trial, the instructor stood between the participant
and the vehicle, partially blocking their view, and faced away from
the vehicle while pretending to be unaware of its movement. The
participant was unaware of the hidden driver and was told the
vehicle was autonomous. After the coordinator confirmed system
readiness, the vehicle began moving toward the object (e.g., stroller).
The instructor, facing away from the vehicle, continued the con-
versation with participant without reacting. Once the participant
noticed the potential danger, they typically interrupted the conver-
sation, moved past the instructor, and tapped the vehicle to stop it
(Figure 4, right part). To ensure safety, two precautions were imple-
mented. First, the vehicle was predefined to stop in all scenarios
regardless of participant action or Tap2Stop system output. Sec-
ond, participants stayed on an elevated platform above the wheel’s
radius, preventing the vehicle from reaching them.

6.2 Measurement
Before the field study, the instructor introduced the concept of
Tap2Stop (i.e., tapping enables pedestrians to actively stop the AV).
Participants then completed a before-study questionnaire as-
sessing their general perceptions of autonomous driving and the
Tap2Stop method using a 5-point Likert scale (1 = strongly disagree,
5 = strongly agree):

• Q1. I feel autonomous driving is safe.
• Q2. I trust autonomous vehicles.
• Q3. I feel autonomous vehicles are alive or have intelligence.
• Q4. I think tapping the car as a stopping method is necessary.
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Figure 5: Decision score illustrating the real-time operation of Tap2Stop across four scenarios. The x-axis represents time (s),
and the y-axis shows the cumulative decision score. The vertical line indicates tap onset, the dashed line denotes the trigger
threshold, and the colored curve shows the accumulated score.

After completing the four tapping tasks, participants answered
the “same” four questions again as post-study questionnaire.
Then, the participants were asked two open-ended questions:

• Q5. Was the tapping action intuitive to perform?
• Q6.Would you be willing to tap to stop the vehicle in the future?

7 Analysis
We analyze the collected data to evaluate system performance and
understand users’ behaviors and experiences during real-world
interaction. We first report quantitative results to demonstrate
reliable performance (Sect. 7.1), followed by an illustrative example
showing how the system operates in practice (Sect. 7.2). We then
analyze users’ feelings (Sect. 7.3) and thoughts (Sect. 7.4).

7.1 Field Study Performance
We analyze the results in two types: 1) intended taps in emergency
cases, and 2) unintended or malicious taps in non-emergency cases.

For Type 1 (intended taps), participants attempted to stop the
vehicle in emergency situations. In this case, the system is expected
to trigger a stop. We therefore report the detection rate. The system

achieved a 100% detection rate for high-emergency taps (object:
stroller; latency: 0.42,s) and 71% for low-emergency taps (object:
luggage; latency: 0.70,s). The detection rate for high-emergency
taps is 100%, suggesting that the system can recognize stop requests
under the conditions of our field study (i.e., with a moving vehicle
and environmental noise). In contrast, for the low-emergency con-
dition, accuracy is 71%, suggesting that when participants exhibit
more nuanced or uncertain intent (e.g., hesitation about whether to
stop the vehicle), the resulting tapping patterns are less distinctive,
making them more difficult to interpret as a clear stop request.

For Type 2 (unintended or malicious taps), there is no actual
emergency, and participants either tapped without intent or with
malicious intent. In these cases, the system should not trigger a
stop. We therefore report the false positive rate, defined as cases
where the system incorrectly triggers a stop. The false positive rate
was 29% for no-intent taps and 24% for malicious taps. These rates
suggest that while the safeguard against unintended activations is
acceptable, it cannot fully eliminate them.

We clarify that the results of the four tasks in Study 2 and Study 1
are not directly comparable, as one reflects a system-level evaluation
while the other evaluates a standalone classifier. The results of Study
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Figure 6: Comparison of participants’ ratings before and after the study across four same statements.

2 indicate that the system meets the design requirements. However,
the variance of participants, environmental noise, and real-world
processing conditions may increase unintended activations.

7.2 Case Study: Example of System Operation
We use one participant’s (P5’s) four tapping data as an example (Fig-
ure 5) to illustrate how the Tap2Stop gating-accumulation system
(as described in Sect. 4.3) operates in real-world setting.

Figure 5 illustrates the temporal evolution of the decision score
under four scenarios. The gray waveform indicates the input audio
signal. The vertical black line marks the tap onset, the dashed line
indicates the trigger threshold, and the colored curve shows the
accumulated score over time. For high-emergency (red curve) and
low-emergency (orange curve) taps, the accumulated score exceeds
the threshold, triggering the alert. In the no-intent case (green
curve), although some taps are detected and partially accumulated,
the score remains below the threshold, and no trigger is issued. In
the malicious case (purple curve), the malicious classifier filters
inputs before accumulation, resulting in no score increase and no
trigger. These results show that the system distinguishes valid stop
requests from non-intentional or malicious inputs while remaining
robust to false activations.

7.3 Likert Rating before vs after “Tapping”
The questionnaire analyses compared participants’ ratings before
and after interacting with the Tap2Stop system across four aspects
(perceived safety, trust in AVs, perceived intelligence, and the ne-
cessity of tapping as a stopping method) by asking the same four
questions twice.

We first assessed the normality of the paired differences using
the Shapiro-Wilk test. As the normality assumption was violated,
non-parametric Wilcoxon signed-rank tests were used for all ques-
tionnaire items.

Overall, ratings increased after the study for all four items (Fig-
ure 6). Statistically significant improvements were observed in par-
ticipants’ perceived safety when interacting with the AV (𝑝 = .0325),
trust in the AV (𝑝 = .0348), and perceived necessity of tapping
(𝑝 = .0036), indicating that direct interaction with the system posi-
tively influenced participants’ attitudes.

That is, although participants were verbally informed that tap-
ping could stop the vehicle, directly experiencing the interaction
(i.e., tapping the car and observing it stop) provided a stronger sense
of safety and trust, increasing their preference for such a stopping
method. In contrast, the increase in perceived intelligence was not
statistically significant (𝑝 = .2795).

7.4 Thematic Analysis on Thoughts
One experimenter first conducted an inductive analysis of the re-
sponses to the two open-ended questions. Responses were first
coded using keywords and short phrases capturing participants’
main reasons (e.g., instinctive, human-driver habit, effective, afraid
of damaging). Related codes were grouped into candidate themes
explaining participants’ reasons. For reporting purposes, the final
themes were organized according to whether they reflected sup-
portive or non-supportive views toward each question (i.e., reasons
supporting or opposing the intuitiveness of tapping and the will-
ingness to use). The coding results, candidate themes, and theme
names were then reviewed by the other two experimenters, and
disagreements were resolved through discussion until consensus
was reached. Representative quotes were selected to illustrate
each final theme, as listed below.

The first is the Intuitiveness of Tapping. Most participants
(13/16) considered tapping an intuitive way to request a stop. This
perception was largely attributed to the transfer of behaviors from
human-driver interactions, where similar actions are used to at-
tract attention (e.g., “tapping or shouting to stop a car is instinctive,
naturally transferred to an unmanned scenario” (P2)). In addition,
several participants described tapping as a hand-first reaction un-
der urgency, requiring little deliberate thought (e.g., “When trying
to stop it, the hand comes out first” (P8)). However, a minority of
participants (3/16) reported that tapping was not intuitive, as it
conflicted with their personal instincts, such as pushing or shout-
ing instead. These results suggest that while tapping aligns with
common human behaviors and reflexes, individual differences in
instinctive reactions remain.

The second is theWillingness to Use Tapping in the future.
Most participants (12/16) expressed willingness to use tapping as a
stopping method, describing it as immediate, simple, and effective
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(e.g., “The fastest and most effective behavior is to directly tap the
car” (P3)). Beyond its practicality, participants also valued it as a
last-resort safety option that provides psychological reassurance in
emergencies (e.g., “it leaves me a last chance to protect myself, which
gives me peace of mind” (P3)). However, a minority of participants
(4/16) were hesitant due to concerns about potential damage to the
vehicle and their own safety (e.g., “I am afraid to break the car surface”
(P5)). Some also noted that if the tap failed to stop the vehicle,
being close enough to interact could increase risk. These findings
suggest that while tapping is broadly acceptable as an emergency
interaction, perceived risks and system reliability remain critical
factors influencing adoption.

8 Discussion
We first examine the performance of the system under various
scenarios (Sect. 8.1). We then discuss two future directions from
participants’ responses: 1) the role of tap location in interaction
design (Sect. 8.2) and 2) the need for bidirectional communication
(Sect. 8.3), where AVs provide feedback to pedestrians after their
tapping.

8.1 Performance Across All Tasks
We found an interesting pattern that the detection of malicious
tapping outperformed non-intentional tapping. We speculate on
the reasons from two perspectives.

From an interaction perspective, we think of two possible
explanations. First, intentional actions (e.g., malicious or deliberate
taps) may produce more structured and distinctive patterns, poten-
tially due to increased cognitive load [51], making them easier to
detect. Second, we observed that some participants exaggerated
their taps (e.g., more forceful), creating patterns that differ from ture
emergency tapping. In contrast, unintentional taps tend to be more
random and less structured [52], often resembling low-emergency
cases, and are therefore harder to distinguish.

From an machine learning perspective, this is supported by
the distribution overlap analysis. Malicious tapping shows a lower
Bhattacharyya coefficient (0.295) and a higher Hellinger distance
(0.834) compared to non-intentional tapping (0.503 and 0.648, re-
spectively), indicating less overlap and greater separability from in-
tentional patterns. In contrast, the higher overlap of non-intentional
tapping makes it more difficult to classify.

In addition, as for the model complexity, the results indicate
that more expressive models (e.g., TabPFN) better capture differ-
ences in emergency intensity from tapping signals. To support
more nuanced intent recognition, future systems may require more
powerful models, such as deep neural networks.

8.2 Tapping Location and Localization
In both Study 1 and Study 2, participants were instructed to tap a
fixed location on the vehicle surface, directly above the attached mi-
crophone. This setup led participants to express the need for greater
flexibility in tapping location. Participants reported increased trust
and willingness to engage, but also highlighted the importance of
whole-vehicle detectability and spatial localization.

Participants noted that, in emergencies, they would instinctively
tap any reachable part of the vehicle rather than a specific location

(e.g., “I will instinctively tap whatever place I can reach.” (P11), “In
an emergency it’s hard to control which exact part of the car you hit.”
(P2)), suggesting the need for full-surface detectability. They also
expected the vehicle to infer tap location [11], as it may indicate
the source of danger. While our current prototype uses a single
microphone, future systems could incorporate multi-microphone
arrays across the entire vehicle surface to improve accuracy and
enable localization of tapping sources.

8.3 Bi-directional Communication
During the open-ended responses, participants expressed a need
for feedback beyond vehicle stopping. We grouped these into three
categories with representative quotations. 1) Safety-related feed-
back.Many participants (11/16) requested confirmation that their
tapping was detected to avoid repeated actions, and seven wanted
the vehicle to indicate its understanding (e.g., “I detected a person
ahead” ). 2) Future action feedback. A majority (12/16) preferred
information about the vehicle’s next action (e.g., “I will stop for 10
seconds”, “Please tap again when it is safe to restart” ). 3) Account-
ability concerns. Participants also raised responsibility concerns
(e.g., “Will I be blamed?”, “Do I need to compensate?” ), suggesting
the need for reassurance (e.g., “No responsibility required.” ).

We see an opportunity to connect Tap2Stop to the emerg-
ing field of eHMI design [6], including light-based signals (e.g.,
headlights, LEDs), text displays, audio feedback, motion cues, and
haptic feedback [12, 43, 48]. For example, one participant suggested
a haptic response, similar to a smartphone home button, to confirm
that the vehicle has received their intent (P7). Such bidirectional
communication can reduce information asymmetry and enhance
pedestrians’ safety and trust in AVs.

9 Conclusion
We propose an intuitive, human-centered concept that enables
pedestrians to actively stop AVs by tapping on the vehicle surface.
We translate this “Tap” concept into a practical system, Tap2Stop,
through a formative study that identifies key design requirements.

We then develop and evaluate the system through two studies.
Study 1 validates technical feasibility by collecting tapping data
and training classifiers. Study 2 investigates the usability through a
field study with a physical prototype and real participants.

Our results further suggest that tapping can encode subtle dif-
ferences in emergency intensity, highlighting its potential as an
expressive interaction channel. We envision future work exploring
Tap2Stop toward enabling safer and richer communication channels
between autonomous vehicles and pedestrians.

Open Science
Source code is available at: https://github.com/ApisXia/tap2stop
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Appendix
A Interview questions
• Q1: How much do you trust automated vehicles? Why? (E.g.,
believing that current autonomous driving technology rarely
makes mistakes.)

• Q2: Do you think pedestrians should be able to change auto-
mated vehicle decisions? Why? (For example, pedestrians could
influence the automated vehicle’s decision-making by standing
in front of it, making gestures, or touching it. How would this
impact automated vehicle operations?)

B Demographics of Interviewees
The interviewees were asked to provide a brief description of their
background and research interests. No personally identifiable in-
formation was collected.

B.1 Background
Question

Please provide a short description of your background (no per-
sonal information needed). It would be great to receive information
about your position, the duration of your current position, and your
experience level.

Responses (8)
(1) AV developer in academia.
(2) Autonomous vehicle software engineer (3+ years in indus-

try), focusing on V2X and connected solutions.
(3) PhD studentwith experience debugging real-world autonomous

vehicles.
(4) 10 months of industry experience.
(5) AV R&D manager in industry (5+ years of experience), with

over 20 years of academic research in mobile robotics.
(6) PhD student with a 3-month industry internship.
(7) Project Assistant Professor.
(8) PhD student currently undertaking an internship.

B.2 Research Interests
Question

Please describe your research interests (i.e., which aspects of
automated driving you are working on).

Responses (8)
(1) End-to-end driving, VLM, perception, planning, decision-

making, and network communication.
(2) Vehicle-to-Infrastructure (V2I) cooperation and Collective

Perception Systems (CPS) for autonomous driving.
(3) Cooperative end-to-end autonomous driving.
(4) Simulation and LLM4AD.
(5) Full-stack end-to-end systems with a hybrid safety architec-

ture.
(6) LLM, AI, and decision-making.
(7) Autoware simulation.
(8) Infrastructure.

C Sub-features selection
• Temporal Features: Zero Crossing Rate, Temporal Centroid
• Energy Features: RMS Energy, Energy Entropy, Short-Time
Energy

• Rhythm Features: Tempo, Beat Frames, Rhythm Pattern, Onset
Strength

• Frequency Band Features: Low Frequency (Energy Mean, En-
ergy Std, Centroid), Mid Low Frequency (Energy Mean, Energy
Std, Centroid), Mid High Frequency (Energy Mean, Energy Std,
Centroid), High Frequency (Energy Mean, Energy Std, Centroid)

• Spectral Features: Spectral Centroid, Spectral Rolloff Frequency,
Spectral Bandwidth, Spectral Flatness, Spectral Contrast (Mean
& Std), Spectral Kurtosis, Spectral Skewness
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Table 2: Top 5 selected augmented features with Fisher scores for each task

Task 1: activation stability (Groups 1&2 vs. Pure driving sound)

Rank Feature (Score)

Top 1 RMS Energy (10.4874)
Top 2 Low Freq. Energy Std × Spectral Skewness (5.0862)
Top 3 Spectral Kurtosis (3.3833)
Top 4 High Freq. Centroid (3.1990)
Top 5 Short-Time Energy

Mid High Freq. Energy Mean (3.1863)

Task 3: stop-intent detection (Groups 1&2 vs. 3)

Rank Feature (Score)

Top 1 Mid High Freq. Energy Std (0.8789)
Top 2 High Freq. Centroid (0.3954)
Top 3 Low Freq. Energy Std (0.3549)
Top 4 Spectral Kurtosis (0.3049)
Top 5 Low Freq. Centroid (0.3044)

Task 2: malicious tapping detection (Groups 1&2 vs. 3&4)

Rank Feature (Score)

Top 1 Mid High Freq. Energy Std (0.4697)
Top 2 Spectral Kurtosis (0.3236)
Top 3 Spectral Kurtosis

High Freq. Energy Std (0.3159)
Top 4 High Freq. Centroid (0.3003)
Top 5 Mid Low Freq. Energy Mean (0.2767)

Task 4: sentimental variation classification (Group 1 vs. 2)

Rank Feature (Score)

Top 1 RMS Energy (0.3995)
Top 2 High Freq. Centroid × Low Freq. Centroid (0.3669)
Top 3 High Freq. Energy Std2 (0.3162)
Top 4 Mid Low Freq. Energy Std (0.2773)
Top 5 High Freq. Centroid (0.2568)

Table 3: Accuracy, precision, recall, and F1 score for four tasks across seven classifiers. The first two classifier columns represent
simple baseline models, the middle two represent moderately complex models, and the last three represent more advanced
models. Bold values indicate the best performance for each task.

Logistic
Regression Naive Bayes SVM Random

Forest LightGBM CatBoost TabPFN

Task 1: activation stability (Groups 1 & 2 vs. various environmental noises)
Accuracy 0.9935 (±0.0046) 0.9968 (±0.0046) 0.9935 (±0.0046) 0.9935 (±0.0046) 0.9935 (±0.0092) 1.0000 (±0.0000) 1.0000 (±0.0000)
Precision 0.9873 (±0.0090) 0.9936 (±0.0091) 0.9873 (±0.0090) 0.9873 (±0.0090) 0.9877 (±0.0175) 1.0000 (±0.0000) 1.0000 (±0.0000)
Recall 1.0000 (±0.0000) 1.0000 (±0.0000) 1.0000 (±0.0000) 1.0000 (±0.0000) 1.0000 (±0.0000) 1.0000 (±0.0000) 1.0000 (±0.0000)
F1 Score 0.9936 (±0.0045) 0.9968 (±0.0046) 0.9936 (±0.0045) 0.9936 (±0.0045) 0.9937 (±0.0089) 1.0000 (±0.0000) 1.0000 (±0.0000)

Task 2: malicious tapping detection (Groups 1 & 2 vs. Groups 3 & 4)
Accuracy 0.6754 (±0.0143) 0.6770 (±0.0257) 0.7079 (±0.0280) 0.7614 (±0.0341) 0.7646 (±0.0160) 0.7825 (±0.0179) 0.8117 (±0.0136)
Precision 0.6762 (±0.0069) 0.7441 (±0.0434) 0.7228 (±0.0154) 0.7571 (±0.0330) 0.7652 (±0.0275) 0.7879 (±0.0073) 0.8101 (±0.0178)
Recall 0.6722 (±0.0359) 0.5422 (±0.0292) 0.6723 (±0.0596) 0.7696 (±0.0362) 0.7663 (±0.0203) 0.7729 (±0.0350) 0.8150 (±0.0152)
F1 Score 0.6738 (±0.0217) 0.6266 (±0.0280) 0.6958 (±0.0393) 0.7633 (±0.0344) 0.7652 (±0.0120) 0.7800 (±0.0213) 0.8124 (±0.0124)

Task 3: stop-intent detection (Groups 1 & 2 vs. Group 3)
Accuracy 0.6784 (±0.0362) 0.7173 (±0.0614) 0.7045 (±0.0213) 0.7013 (±0.0202) 0.7079 (±0.0353) 0.7340 (±0.0469) 0.7891 (±0.0400)
Precision 0.6706 (±0.0463) 0.7194 (±0.0754) 0.7216 (±0.0300) 0.7050 (±0.0300) 0.6891 (±0.0176) 0.7315 (±0.0195) 0.7760 (±0.0236)
Recall 0.7146 (±0.0304) 0.7333 (±0.0661) 0.6691 (±0.0291) 0.6947 (±0.0200) 0.7534 (±0.0816) 0.7339 (±0.1132) 0.8123 (±0.0781)
F1 Score 0.6903 (±0.0231) 0.7224 (±0.0510) 0.6936 (±0.0196) 0.6994 (±0.0185) 0.7186 (±0.0461) 0.7296 (±0.0646) 0.7923 (±0.0460)

Task 4: sentimental variation classification (Group 1 vs. Group 2)
Accuracy 0.6397 (±0.0225) 0.6560 (±0.0438) 0.6722 (±0.0187) 0.7827 (±0.0503) 0.7403 (±0.0157) 0.7696 (±0.0350) 0.8117 (±0.0199)
Precision 0.6238 (±0.0132) 0.6068 (±0.0274) 0.6416 (±0.0144) 0.7717 (±0.0529) 0.7325 (±0.0239) 0.7595 (±0.0440) 0.8121 (±0.0550)
Recall 0.7016 (±0.0465) 0.8835 (±0.0566) 0.7790 (±0.0379) 0.8051 (±0.0581) 0.7597 (±0.0105) 0.7920 (±0.0345) 0.8242 (±0.0586)
F1 Score 0.6601 (±0.0276) 0.7194 (±0.0380) 0.7034 (±0.0224) 0.7873 (±0.0505) 0.7455 (±0.0082) 0.7748 (±0.0335) 0.8143 (±0.0102)
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