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Abstract

The lack of tactile feedback and occlusion from visual tracking
systems hinders touch interaction in Extended Reality (XR) envi-
ronments. In this work, we present a method that enables touch
gesture interaction on any physical surface using smartwatch-based
inertial sensing. By using accelerometer data from a smartwatch,
our approach captures micro-wrist movements to detect seven dis-
tinct touch gestures with 91.67% accuracy via a Long Short-Term
Memory neural network. Our approach allows users to interact
with XR interfaces anchored to everyday surfaces, such as tables or
walls, while benefiting from natural haptic feedback. We introduce
a dataset collected from 20 participants to demonstrate the feasibil-
ity through a controlled study. Our findings show that smartwatch
sensing offers a low-cost, mobile, and accurate solution for extend-
ing XR input capabilities beyond the camera’s view on physical
surfaces, paving the way for more natural and privacy-preserving
interaction in future XR systems.
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1 Introduction

Extended Reality (XR) enables users to interact with digital con-
tent superimposed onto the real environment, creating immersive
experiences [31]. While first-[33] and second-wave [1] XR head-
mounted displays (HMDs) were expensive, bulky, uncomfortable,
and limited with primarily targeting industry and research, XR
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Figure 1: Leveraging accelerometer data from a smartwatch,
this work investigates seven unique touch and swipe gestures,
processed by a Long Short-Term Memory network, to enable
natural interaction within extended reality environments.

has now reached the consumer market. Recent advances in sensor-
based artificial intelligence facilitate processing inputs from ad-
vanced, always-on sensors, enabling seamless XR experiences [12].
At the same time, innovations in computing drive the improved
usability of XR HMDs (e.g., Meta Orion?).

However, the convergence toward the form factor of regular
glasses comes at a cost. Current XR glasses provide rich sensor
input and immersive audio-visual output, but the push for light-
weight, ergonomic smart glasses for all-day use comes at the cost of
shorter battery life and reduced sensor capabilities. These trade-offs
significantly impact the supported input modalities of lightweight
and XR HMDs.

To overcome these limitations, we observe trends such as battery
externalization? and sensor decoupling [17]. Following the concept
of sensor decoupling, we propose utilizing modern smartwatches
as external input sensors to enable accurate touch gesture detection.
Smartwatches, equipped with energy-efficient inertial accelerome-
ters, serve as a reliable data source for discreetly detecting wrist
movements, enabling the recognition of touch interactions and ges-
tures regardless of the surface they are performed on. Smartwatch-
based sensing gained attention as a promising alternative, with
prior studies using inertial data to recognize finger [18, 35] or on-
surface gestures [5]. Nevertheless, these works neglect are limited
to five gestures and XR-specific scenarios, where camera-based
tracking is required to execute the gestures.

Uhttps://about.fb.com/news/2024/09/introducing- orion- our-first-true-augmented-
reality-glasses
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Our research fills this gap by exploring surface-based touch in-
teraction in XR, removing the dependency on camera-based track-
ing [22, 36], and assessing the gesture detection effectivity of Long
Short-Term Memory (LSTM)-based classification [5]. We envision
scenarios where non-spatial applications, e.g., web browsers, calen-
dars, or social media apps, are anchored to physical surfaces such as
tables or walls. Yet, while common surfaces are not touch-sensitive,
hand-tracking through vision-based approaches is negatively af-
fected by the camera’s field of view, self-occlusions, or lighting
conditions [28].

We investigate how smartwatch-based accelerometer sensing
can enable efficient touch-based gesture detection in XR environ-
ments. Specifically, we propose leveraging a smartwatch’s inertial
sensors to detect and classify gestures such as taps and swipes
on physical surfaces [39], mimicking touchscreen-like interaction
(see Figure 1). This approach eliminates error-prone detection near
surfaces caused by self-occlusion, removes dependence on camera-
based tracking, and supports optimized HMD hardware design.
To validate our concept, we developed a gesture recognition sys-
tem using an LSTM neural network trained on accelerometer data
from 20 participants performing seven distinct gestures. The model
achieves over 91% classification accuracy. Our findings show that
smartwatches offer a low-cost, hands-free method for augmenting
XR interaction with direct haptic feedback [34], expanding the in-
put modality space for future systems. These findings indicate that
regular smartwatches can serve as an effective, low-cost, hands-free
augmentation for touch-based XR interaction. We conclude that
integrating smartwatch-based input expands the range of input
modalities for future XR systems. The overarching contribution of
this paper is a method that enables smartwatch users to perform
seven gestures on any surface using accelerometer data alone.

2 Related Work

The following section explains relevant previous work regarding
traditional XR input techniques and sensing modalities.

2.1 Input Techniques

Traditional input methods such as keyboards, mice [27], and touch-
screens are intuitive and widely used. Yet, these input methods
are conceptualized for interaction in 2D spaces. Consequently, the
input methods are not usable for XR, where 3D environments are
more common. In this context, previous work explored various
input techniques to facilitate the interaction in XR.

Hand-held controllers, a common commercially available input
modality [21], are an industry standard. However, they occupy the
user’s hands, limiting the overall immersion and possible input
space. As a consequence, previous work investigated using smart-
phones as a control device for XR interaction. Zhu and Grossman
[38] presented a design space that guides designers on how aug-
mented reality applications benefit from smartphone interaction
and vice versa. Knierim et al. [13] evaluated the implementation of
the design space using the smartphone as an interaction modality
for augmented reality. Their results showed that using a physical
touchscreen significantly outperformed mid-air gestures for interac-
tion. This suggests that interaction in mobile AR environments can
be enhanced by leveraging the smartphone as an always-available
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control device. Still, the envisioned interaction scenario requires
users to have a smartphone available while offering limited space
for haptic interaction.

In contrast, various researchers investigated hands-free interac-
tion. Gaze-based [19, 26] input is hands-free, but either requires
confirmation mechanisms or may fall risk to the Midas touch, re-
ducing speed and precision. Gesture-based interaction is intuitive
and accurate [16, 29], but can lead to fatigue over extended use [30],
requiring careful design of the interactive elements to conform
to the physical capabilities of humans [6]. Voice input is effective
for high-level commands but lacks spatial precision and privacy
protection and is challenged by noisy environments. Touch-based
interaction offers a precise, familiar alternative that leverages XR’s
ability to anchor digital elements to physical surfaces with hap-
tic feedback. However, current methods often depend on external
cameras or wearables and struggle with detecting touch on arbi-
trary surfaces, limiting their suitability for lightweight, mobile XR
systems. To address these limitations and explore more versatile
input methods, researchers have investigated a range of sensing
modalities aimed at enabling touch interaction without relying on
bulky external hardware or constrained environments [24].

2.2 Sensing Modalities for Input

Several XR systems investigated vision-based touch input, lever-
aging depth cameras, computer vision, and bio-acoustic sensing.
MirageTable utilizes a depth camera to enable freehand XR interac-
tion on a projected tabletop [4]. Similarly, MRTouch detects touch
interactions on flat surfaces in the field of view of the depth and
infrared camera streams from Microsoft HoloLens [36]. EgoTouch
utilizes an RGB camera usually built into XR headsets to track on-
body touch interactions in real-time using deep learning [22]. In
contrast to vision-based approaches, Skinput applies bio-acoustic
sensing to detect skin taps via an armband with specialized sensors,
enabling always-available, on-body input [9]. While these systems
successfully detect touch on surfaces or the users’ bodies, they
introduce constraints such as a limited field of view, additional
external hardware, or environmental dependencies.

Other approaches leverage wearable sensing technologies, such
as IMUs and vibration-based sensing, to detect touch interactions.
ViBand enhances smartwatch accelerometers by increasing sam-
pling rates to 4 kHz, enabling micro-vibration sensing for touch
interaction [15]. TapID employs dedicated wrist-worn inertial sen-
sors to detect surface taps and finger identification for XR applica-
tions [20], enabling dictionary-supported typing on flat physical
surfaces. Xu et al. showed that motion energy from a finger and
wrist-worn from an inertial measurement unit can be used to dis-
criminate different gestures with high accuracy, highlighting the
versatility of a smartwatch for fine-grained gesture input [37]. Alter-
natively, Oh et al. [25] introduced a ring-mounted vibration-based
system for identifying which fingers touch a surface.

Instead of requiring additional hardware, previous research in-
vestigated how the sensors of smartwatches, a wearable device that
is unobtrusively worn on the wrist, can be used to interact in XR.
Several surveys highlighted the capabilities of using smartwatches
for implicit interaction. Gomes et al. [7] conducted a literature re-
view, identifying a wide range of algorithms and sensors used for
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gesture recognition in smartwatches. The authors find accelerome-
ters and gyroscopes as the most prevalent sensors, and that LSTMs
are among the key algorithms used. However, the review reveals
that many studies focus on general or health-related applications,
lacking investigations into spatial interaction and context-specific
challenges such as those found in XR environments. Furthermore,
Horbylon Nascimento et al. [11] consolidated smartwatch interac-
tion methods that rely on gesture recognition, including applica-
tions from text input and gaming to robotic control. While they
demonstrate the versatility of smartwatches in supporting hands-
free, sensor-based interaction, they also point out a lack of consis-
tency in evaluating interaction quality and contextual applicability.

In this context, Wen et al. [35] investigated how the accelerom-
eter and gyroscope data can be used to distinguish between five
fine motor finger gestures. Similarly, Li et al. [18] compared the
classification accuracy for finger gestures using accelerometer, lin-
ear accelerometer, and gyroscope data between five classification
techniques. The authors find that the classification is feasible for
the five different classification techniques. However, both the work
from Wen et al. [35] and Li et al. [18] focus on finger gestures in the
air, missing the haptic component of surfaces. To this end, Chen
et al. [5] developed a system that recognized on-surface hand ges-
tures using only the accelerometer and gyroscope of an off-the-shelf
smartwatch, enabling intuitive and fatigue-reducing interaction
with nearby devices. The authors designed a gesture recognition
model based on a 1D convolutional neural network and evaluated
it through a user study with ten participants performing seven
distinct gestures. Their findings show that the system achieves
high accuracy, with F; scores of .992 in person-specific models,
.878 across users, and .957 when using limited personal calibration
data, demonstrating both effectiveness and generalizability. We dis-
tinguish our work by focusing on evaluating surface-based touch
interaction within XR environments. This circumvents scenarios
requiring camera-based tracking, which is limited by occlusion and
field-of-view constraints. Furthermore, we evaluate an LSTM model
(i.e., a neural network that is efficient for training a model with
time series data) rather than a 1D convolutional neural network
to classify gestures and evaluate performance on a larger, more
diverse participant sample.

2.3 Summary and Research Question

Prior work explored a variety of XR input techniques, including
hand-held controllers [21], keyboards [14], gaze-based [19, 26],
gesture-based [16, 29], and voice-based interaction. While these
approaches offer a promising interaction efficiency, they are af-
fected by limitations such as fatigue [30], occlusion, or reliance
on external hardware. Smartwatch-based sensing emerged as a
promising alternative, with studies leveraging inertial data for fin-
ger [18, 35] or on-surface gesture recognition [5]. However, these
research findings either overlook XR-specific use cases or rely on
limited evaluation settings. Our work addresses this gap by fo-
cusing on surface-based touch interaction for XR, eliminating the
need for camera-based tracking [22, 36], and evaluating an LSTM-
based recognition system with a larger and more diverse participant
group than prior efforts [5]. The gap in the literature motivates our
research question:
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RQ: To what extend can touch-based gestures on physical sur-
faces be classified using smartwatch accelerometer data?

3 System

The overall goal of this work is the development of reliable touch
gesture recognition on arbitrary surfaces for XR environments
using only the accelerometer data stream from a smartwatch. We
aim to classify different tap and swipe gestures using an LSTM
model. In the following, we describe the supported touch gesture
interactions and LSTM model architecture and provide an overview
of the hardware and software components used for the prototype.

3.1 Operationalized Tap and Swipe Gestures

The selection of tap and swipe gestures was based on existing ges-
tures used on smartphones, their practicality, their epistemological
rooting in related work [7, 11], and their relevance for interac-
tion in XR environments. Single tap (ST) and double tap (DT) are
fundamental interactions used when interacting with computing
interfaces, making them intuitive for users. The prolonged tap (PT),
adapted from the force tap, extends the functionality by enabling
sustained interaction. Swinging gestures -up, down, left, and right
(SU, SD, SL, SR), allow for directional input and are essential for
navigating content in web browsers or social media applications.

3.2 LSTM Architecture

We decided to use an LSTM architecture to classify the touch events
in combination with the smartwatch acceleration data. LSTMs re-
tain information across the few-hundred-millisecond window in
which each gesture unfolds, letting the model exploit temporal
cues that a feed-forward or purely convolutional network would
otherwise miss. We used PyTorch? to implement the neural net-
work. Previous work showed that incorporating a dropout layer
during training enhances the classification accuracy by reducing
the likelihood of overfitting [10]. As a consequence, we decided to
use a single-layer LSTM to increase the number of hidden units. We
expected this to improve the model capacity. The final hidden state
of the LSTM layer was extracted and fed into a fully connected
layer to complete the classification architecture. We appended a
Softmax layer, to sum up vectors into one. Figure 2 illustrates the
model architecture.

3.3 Implementation

To implement the study prototype, we utilized a combination of
wearable sensing and deep learning to classify the sensing data.
We captured the wrist movement using accelerometer data from
a smartwatch. The smartwatch streamed the accelerometer data
with 500 Hz via Bluetooth low energy to a central processing unit
(HP Gaming Pavilion). Then, the data was processed in real-time
by segmenting the motion sequences to extract relevant features
for classification (see Figure 3). The classification of touch gestures
was performed using an LSTM neural network described above.
The model was trained with data from 20 participants who per-
formed pre-defined gestures that included single taps, double taps,
prolonged taps, and directional swipes. The data was preprocessed

Shttps://pytorch.org
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Figure 2: Architecture of the LSTM-based gesture classification model. The input is a time steps sequence with 3 features per
frame. After reshaping and combining tensor dimensions, the sequence is processed by an LSTM layer with a hidden size of 60.
The output of the final timestep is passed through a fully connected layer and softmax activation to produce an 8-class output.

by normalizing the accelerometer data. The training process in-
cluded an Adam optimizer with a learning rate of .002, a batch size
of 32, and a single-layer LSTM with 60 hidden units. The smart-
watch accelerometer data was associated with the ground truth
labels obtained from a smartphone-based annotation system (see
Figure 3).

ﬁ
s
n}n
Detected
Accelerome(er Gesture
Touch ‘gesture I
Ground truth

Figure 3: Illustration of the system architecture. Left:
Overview of the architecture during gesture recording. Right:
Overview of the system architecture during real-time gesture
detection.

4 Dataset Collection

We evaluate the input efficiency of smartwatch-based touch ges-
tures in a controlled lab study. In total, we collected accelerometer
and touch data for 22,400 touch gestures from 20 participants. The
dataset includes 3,200 individual recordings for each of the seven
gestures, along with 3,200 additional no-interaction samples. It is
freely available for further research®. In the following section, we
describe the dataset creation in detail.

4.1 Participants

We recruited 20 participants aged between 16 and 87 years (mean =
37.8, SD = 20, 62). Eight participants self-identified as female, while
twelve participants self-identified as male. All participants were
right-handed. Participants’ body height ranged from 160 cm to
190 cm (mean = 174.45 cm, SD = 10.36 cm). The majority of partici-
pants reported not wearing a smartwatch in their daily lives. We
selected participants with varying technical expertise to generalize
our findings to different demographic populations.

4.2 Procedure

After scheduling individual time slots with each participant and
meeting in person, we began by explaining the overall course of

4https://github.com/pknierim/Wrist-Powered-Touch

the research and the objectives behind the collected data. We then
provided an overview of the required tasks. Once the informed
consent form was signed, participants completed a survey to gather
general body data and demographics. Following this, we started
the data collection process.

With the smartwatch worn on the right wrist and positioned in
the initial resting pose, participants engaged in tapping and swiping
actions as guided by the smartphone app. Each participant com-
pleted a sequence of seven different tap and swipe gestures, with 20
repetitions per gesture. A single run consisted of 140 taps and was
completed for all four poses twice in a randomized order. Between
runs, participants were allowed to take breaks as needed. Repeating
all poses was introduced to encourage variation in positioning and
reduce physical strain, eventually improving data diversity. Each
pose (cf. Figure 4) was recorded separately, generating a total of
eight data files per participant. On average, the data collection of
1,120 gestures (7 gestures x 20 repetitions x 4 poses x 2 trials) took
60 minutes. Each participant received a small reward (sweets) as a
token of appreciation for participating in this extensive process.

4.3 Task

We asked our participants to perform a series of touch interactions,
including taps and swipes while wearing a smartwatch on their
right wrist. Participants completed these tasks across four different
poses: sitting and standing with the smartphone display being hor-
izontal, tilted at 45°, or vertically aligned. The goal was to capture
variations in wrist movement to train a neural network. Partici-
pants followed instructions displayed on the smartphone, executing
1,120 taps and swipes. The participants were restricted from resting
their right hand on a surface to ensure consistency and create a
clean dataset for initial model training. This setup allowed us to
collect a clean gesture data set that is representative of short-form
interactions that are highly relevant in XR contexts.

4.4 Apparatus

The apparatus consists of a Samsung Galaxy A7 smartphone, a
Bangle.js 2 smartwatch, an HP Gaming Pavilion (Intel Core i5 9300H,
2.4 GHz, 8 GB) notebook, and two angled smartphone mounts. The
smartphone was used to display the target gesture to the user and
record ground truth touch gesture data. Only text and an icon
describing the current gesture were displayed to record unbiased
interaction (see Figure 5). No lines to follow for swipes or timing
cues for taps were shown. For different poses, the smartphone was
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Figure 4: Four different poses for data collection. (1) Sitting user interacting with a horizontal surface. (2) Sitting user interacting
with a 45°angled surface. (3) Standing user interacting with a horizontal surface. (4) Standing user interacting with a vertical

surface. The smartphone is used for ground truth recording,.

placed on either a 90-degree or 45-degree stand. The Bangle.js 2
smartwatch, worn on the user’s right wrist, streamed accelerometer
data while performing instructed touch gestures. Both the ground
truth touch data and accelerometer data were synchronized and
stored using the HP Gaming Pavilion notebook.

Figure 5: A smartphone was employed to present gesture
instructions to participants and simultaneously record the
ground truth data for performed tap and swipe gestures.

4.5 Measures

We measured the three-axis accelerometer data from the Bangle.js 2
smartwatch worn on the participant’s right wrist to detect and clas-
sify different types of touch gestures, including single taps, double
taps, prolonged taps, and directional swipes (up, down, left, right).
The smartwatch streamed raw sensor data at 500 Hz via Bluetooth
low energy to a central program running on a PC, which processed
the signals in real-time. Additionally, synchronized ground truth
touch events were recorded using an Android smartphone. All the
collected data was then used to train an LSTM neural network to
classify different touch interactions based on wrist motion.

5 Model Evaluation

Using the created dataset, we trained various models to assess
the feasibility of smartwatch-driven gesture recognition for XR. In
the following sections, we report the classification performance of
models capable of distinguishing different gesture combinations.
Specifically, we evaluate a generalized model that considers all
touch gestures (i.e., swipes and taps), as well as models trained
separately on taps and swipes.

5.1 Data Processing and Training

Before training, the data is randomized to prevent class repetition
from influencing the model. In each epoch, batches of data are
converted into tensors and fed into the LSTM model, with loss
calculated using mean square error. The Adam optimizer adjusted
the model’s internal parameters to minimize this loss. Training
data accounts for 70% of all samples, while validation data is used
periodically to track accuracy. If a lower validation loss is achieved,
the model is saved. After 50 epochs, the model is tested on the
remaining 15% of unseen data to assess final accuracy. The three
models were trained for 200 epochs, using a batch size of 32 and
a learning rate of .002, with a single-layer LSTM and 100 hidden
units, a configuration that yielded the best accuracy.

5.2 Taps and Swipes

The first model was trained on all seven tap and swipe types: single
tap, double tap, prolonged tap, up-swipe, down-swipe, left-swipe,
and right-swipe, achieving an overall F; score of .916. The double
tap and prolonged tap had the highest accuracy, both with an F;
score of .94, while the single tap had the lowest accuracy at .89,
followed by the down-swipe and right-swipe at .90. The confu-
sion matrix (see Figure 6) indicates that single taps are sometimes
misclassified as double taps, prolonged taps, or even right-swipes,
whereas double and prolonged taps are rarely confused with other
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Figure 6: Confusion matrix of the final model, which classi-
fies seven touch gestures (single tap (ST), double tap (DT), pro-
longed tap (PT), swipe-up (SU), swipe-down (SD), swipe-left
(SL), and swipe-right (SR)) along with the none (N) category.

types. The model struggles most with distinguishing between down-
swipes and right-swipes, as well as up-swipes and left-swipes, likely
due to similar hand motions. Apart from these cases, swipes were
classified with high accuracy. The training loss (see Figure 9 (or-
ange)) approaches zero toward the end, suggesting that further
training with the same input structure would not significantly im-
prove performance.

5.3 Taps

This model, trained only on the three tap types, achieved the high-
est accuracy among all models, with an F; score of .959. Like the
model trained on all interaction types, the single tap had the lowest
accuracy at .94, often misclassified as a prolonged tap due to their
similar input patterns. Double taps and prolonged taps were occa-
sionally mistaken for single taps, as shown in Figure 7. However,
the distinction between double and prolonged taps was the most
precise, with almost no confusion between them. When comparing
training loss progression, this model reached its plateau earlier
than the model trained on all interaction types. While the all-types
model stabilized at around 25,000 global steps, the tap-only model
(see Figure 9 (blue)) achieved the same loss level at approximately
20,000 steps, indicating a faster convergence during training.

5.4 Swipes

The model trained only on swipes achieved a similar accuracy to the
model trained on all interaction types, with an F; score of .916. The
most accurately classified swipe was the up-swipe at .936, while
the right-swipe had the lowest accuracy at .897, followed by the
left-swipe at .914. The confusion matrix (see Figure 8) shows that
down-swipes are most often misclassified as right-swipes, while
up-swipes and left-swipes also tend to be confused with each other.
The model performed best at distinguishing between up-swipes
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Tap Gestures Confusion Matrix, with Row-normalized Percentages
Predicted Labels
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Figure 7: Confusion matrix of the final model, which clas-
sifies three tap gestures (single tap (ST), double tap (DT),
prolonged tap (PT)) along with the none (N) category.

and down-swipes, as well as down-swipes and left-swipes, with
almost no misclassification between these pairs. Similar to the all-
types model, the none-type was sometimes mistaken for a swipe,
but misclassifying a swipe as none was less frequent. While the
training process was similar across all models, this swipe-only
model took the longest to reach minimal training loss, requiring
30,000 global steps (see Figure 9 (gray)). However, it showed the
fastest improvement during the initial training phases.

Swipe Gestures Confusion Matrix, with Row-normalized Percentages
Predicted Labels
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Figure 8: Confusion matrix of the final model, which clas-
sifies four swipe gestures (swipe-up (SU), swipe-down (SD),
swipe-left (SL), and swipe-right (SR)) along with the none (N)
category.
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Figure 9: Minimum training and validation loss trajectories
over training steps for the three evaluated models: Taps and
Swipes (orange), Taps only (blue), and Swipes only (gray).

6 Discussion

We conducted a user study to generate a dataset of smartwatch
acceleration data for seven distinct taps and swipe gestures. We
trained and evaluated an LSTM model to utilize this data for accu-
rate and efficient input detection in XR scenarios. The evaluation
results indicate that incorporating smartwatch accelerometer data
provides good recognition accuracy for simple touch inputs. In the
following, we discuss the implications of our findings.

6.1 Performance Evaluation and
Gesture-Specific Accuracy

Evaluation of the three trained models demonstrated consistently
high accuracy. Depending on the gesture set, overall accuracy is
above 91% for all models. The model trained exclusively on taps only
achieved the highest accuracy with 95.94% (91.63% for swipes only
and 91.67% for all seven gestures), confirming that distinct hand
movements can be effectively recognized. Using LSTMs proved
suitable for this classification task, eliminating the need for data
augmentation.

Despite using a lower sampling rate of 500 Hz -compared to
similar projects such as TapID [20], TapType [32], or ViBand [15],
which employ refresh rates exceeding 1,000 Hz- the LSTM models
still maintained high accuracy. The most challenging interaction
types to distinguish were left-swipes and right-swipes. This was
anticipated, given their lack of distinct wrist movement. When
utilizing smartwatch-based touch interaction, we suggest either
relying on other gestures or nudging the user, for example, visually,
to perform extended swipe gestures over an extended physical
distance.

In contrast, double taps and prolonged taps were classified with
the highest accuracy, with double taps reaching an F; score of
.973 in the tap-specialized model. This finding confirms current
interaction concepts implemented in modern smartwatches [2].
Here, the user has the option to use the single gesture (excluding
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additional assistive options) of a double tap of index finger and
thumb to navigate and confirm an action.

The swipes-only model performed well, but its accuracy was
not significantly higher than that of the general model supporting
all seven interactions, suggesting that taps were more straightfor-
ward to distinguish and contributed to overall performance. Thus,
with the current implementation, we recommend relying on tap
interactions when maximizing accuracy is critical. In scenarios
where potential misclassifications are less disturbing but an ex-
tended interaction space is required, the general model represents
an appropriate compromise.

6.2 Latency in Real-Time Classification

A critical limitation identified in this study is the latency inherent
in our real-time classification prototype. The required accelerome-
ter data window of approximately 500 ms, combined with transfer
and processing times, results in a perceptible delay. Research indi-
cates that users begin to notice delays when response times exceed
200 ms, which can disrupt the sense of direct manipulation in inter-
active applications [3]. For touch interfaces, this threshold is even
lower, with studies showing that users prefer latencies as low as
10 ms [23]. This discrepancy can affect user experience, as higher
latency leads to noticeable interaction delays.

To improve classification performance and reduce response times,
we assume that streamlining the data processing workflow and
decreasing the accelerometer data window, can further minimize la-
tency, resulting in a more seamless user experience. Ultimately, we
recommend considering minor delays when designing accelerom-
eter-based interaction detection and developing a simplified user
experience that maintains user engagement despite potential input
delays.

6.3 Novel and Sleek Hardware Design for
Privacy

Our prototype implementation and evaluation demonstrate that
smartwatches can be facilitated to effectively detect touch and swipe
interaction. In the context of mobile XR scenarios, this approach
introduces a new interaction design space while addressing existing
limitations. Notably, gestures no longer need to be performed within
the field of view of tracking systems, such as the head-mounted
visual or depth cameras.

By leveraging smartwatch-based interaction, sensors for input
are decoupled from the HMD, reducing the dependence on multiple
cameras. This, in turn, enables more compact and lightweight HMD
designs while extending battery life. Additionally, interactions can
occur without continuous environmental tracking, enhancing user
privacy by minimizing persistent camera-based monitoring [8].

6.4 Limitations and Future Work

Our system demonstrates high classification accuracy for smart-
watch-based gesture recognition, yet there remain exciting oppor-
tunities for further refinement and expansion.

Data Collection. The repetitive nature of the task posed a poten-
tial challenge to participant concentration and accuracy. However,
this was effectively mitigated through strategic measures such as
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randomizing tap types, incorporating frequent pose changes, and
providing clear progress indicators.

Variations and Personalization. Variations in tap intensity were ob-
served, presenting an interesting direction for further exploration.
Some participants applied stronger taps, which enhanced event
recognition, while others—particularly those accustomed to smart-
phone use—tended to tap more lightly, possibly due to subconscious
associations with touchscreen interactions. Rather than interven-
ing to standardize tap force, we embraced this variability to ensure
the dataset remained representative of natural behavior. Future
work could explore fine-tuning the model with individual user
data. Adaptive and user-specific models that automatically adjust
to individual movement styles and habits could further improve
classification While the system already achieves high classification
accuracy, these refinements will further improve efficiency, adapt-
ability, and real-world integration, making it more effective for XR
applications.

Gesture Set. We intentionally excluded further gestures like pinch
or drag in this initial study to focus on gestures that can be reliably
captured using a single smartwatch’s accelerometer. More subtle
gestures may require tracking fine-grained finger movement and,
in many cases, coordination between multiple fingers or hands.
These actions produce subtle motion signals that are difficult to
distinguish from wrist-mounted inertial sensing alone, especially
without additional sensors or higher-resolution input data, e.g.,
from finger-worn IMUs [24].

Our goal was to establish a feasible and reliable way of detecting
a set of foundational, expressive touch gestures and swipes—that
can be clearly identified using the available sensing modality. Future
work can expand on this foundation by exploring multi-finger and
compound gestures like pinch and drag, potentially by integrating
additional sensor data or combining wrist sensing with finger-level
instrumentation.

Integration with XR Frameworks. Our vision is to fully integrate our
smartwatch-based approach into existing XR frameworks. While
our method enables accurate and intuitive touch interactions, ac-
tual world performance in XR settings remains an open challenge.
This requires optimized data synchronization between smartwatch
input, classification, and XR rendering engine. By bridging this gap,
smartwatch-based input can expand the XR interaction system,
having the potential to become an alternative input method for
short, haptic inputs on lightweight XR glasses.

7 Conclusion

In this work, we explored the classification effectivity of gestures
on surfaces using accelerometer-based smartwatch sensing. We
demonstrated that seven touch gestures performed on physical
surfaces can be accurately classified using a Long Short-Term Mem-
ory (LSTM) neural network, achieving 91.67% accuracy (Macro-
Averaged Precision: 94.88%; Macro-Averaged Recall: 93.02%). Our
results indicate that smartwatch-based touch detection provides a
viable, low-cost, and ergonomic alternative to traditional XR input
methods, addressing common limitations such as occlusion and the
lack of tactile feedback. Furthermore, our findings demonstrate the
feasibility of integrating wearable sensors into XR as an interaction
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paradigm, providing a way for more natural and intuitive user ex-
periences. Despite the strong classification performance, challenges
remain in reducing latency for real-time applications. Future work
should focus on optimizing processing efficiency and exploring
user-specific adaptations to improve responsiveness and usability.
By extending input modalities through wearable sensing, this work
contributes to the broader vision of seamless, multimodal interac-
tion in XR environments. The approach presented here serves as a
reference implementation for further research into hybrid interac-
tion techniques that blend traditional and emerging input methods,
enabling meaningful and more accessible XR experiences through
the use of touch input.
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