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Figure 1: 𝜇Dpad is a wrist-worn device that detects one-hand directional thumb microgestures for microinteraction-style input:
thumb swipes in four directions (akin to a D-pad) as well as pinch close/open and wrist rotation for continuous control during
pinching. 𝜇Dpad’s sensing system integrates an inertial measurement unit (IMU) and an 8-channel spatial optical sensor,
reflecting an emerging smartwatch sensing configuration that we use here to collect a multimodal dataset and establish baseline
microgesture recognition performance.

Abstract
Gestures provide a natural interaction modality for mobile and
wearable devices. However, most prior work focuses on macro
gestures involving large wrist or arm movements, which are fa-
tiguing and socially conspicuous. In contrast, microgestures, subtle,
low-effort finger movements that can be performed one-handed
and without visual attention, offer a promising alternative but re-
main significantly harder to sense and recognize. In this work, we
present a large-scale multimodal dataset for wrist-based microges-
ture recognition, collected with an integrated wearable prototype
that combines an IMU with an 8-channel spatial PPG sensor con-
figuration similar to one emerging in commercial fitness watches.
Because such devices typically do not expose raw optical signals,
our goal is to provide the community with a resource for studying
whether spatial PPG can capture the minute tissue deformations
associated with microgestures. Our dataset comprises 25 hours of

This work is licensed under a Creative Commons Attribution-NonCommercial-
NoDerivatives 4.0 International License.
ICMI ’26, Napoli, Italy
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2318-6/2026/10
https://doi.org/10.1145/3776574.3831197

synchronized IMU and PPG recordings from 66 participants, includ-
ing 9 hours of aligned video annotations, and captures substantial
variability in users, hand poses, and execution styles. To estab-
lish reference performance, we benchmark a range of recognition
pipelines and present a simple multimodal baseline. This baseline
already shows that adding spatial PPG improves microgesture de-
tection over IMU-only sensing, reaching 83.7% accuracy with a
3.7% false-positive rate, while also underscoring that microgesture
recognition remains substantially harder than recognizing coarser
macro-gesture vocabularies. By releasing the dataset, we aim to
enablemore substantive algorithmic advances toward practical, low-
effort, and socially acceptable microgesture interaction on future
wrist-worn devices. Project page: siplab.org/projects/microDPad.
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→ Sensor devices and platforms.
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1 Introduction
Hand gesture recognition is a key technology for enabling intuitive
interaction in mobile and wearable computing [7, 10, 11]. Beyond
explicit touch input, wearable sensors support interaction through
hand and finger gestures [9, 29, 30]. Prior work demonstrated ges-
ture input for domains such as robotic teleoperation [15, 16, 37],
communication [28, 71], and user interface control [12]. However,
much of this literature focuses on macro gestures or static hand
poses. Macro gestures require larger hand or finger movements,
which can be fatiguing and visually noticeable in social settings.

In contrast, subtle microgestures—small, low-effort gestures—
offer an appealing alternative [2, 63]. These quick, eyes-free finger
movements can enable socially acceptable control for tasks such as
media playback, notification triage, and lightweight UI navigation,
but reliably sensing them remains difficult. Compared with macro
gestures, microgestures are comparatively underexplored: prior
systems often rely on specialized hardware, target narrow gesture
vocabularies, or are evaluated on limited datasets.

A wide range of sensing modalities has been explored for gesture
recognition, including cameras [44, 68], EMG [13, 24, 58], radar [34],
and sonar [30]. Many of these approaches have been successful for
larger macro gestures, but reliable detection of subtle microgestures
remains unresolved. While some methods achieve strong perfor-
mance, they often depend on specialized hardware or remain diffi-
cult to deploy robustly in everyday use. For example, camera-based
methods are sensitive to occlusion, viewpoint changes, and the
requirement that the hand remain within the field of view [18, 59].

Our goal is therefore to study microgesture recognition using
sensingmodalities that are already integrated into commodity wear-
able devices. Inertial measurement units (IMUs) and photoplethys-
mography (PPG) sensors are widely available in modern wearables
and offer complementary sensing capabilities. IMUs capture global
motion dynamics and have been widely used for gesture recog-
nition, particularly for larger macro gestures [10, 29, 40, 66]. Still,
their effectiveness for fine-grained microgestures is limited, as sub-
tle finger motions are easily confounded by placement variability,
motion artifacts, and sensor noise.

PPG sensors, commonly used for heart-rate monitoring, measure
changes in blood volume and tissue deformation at the skin [3, 52].
While primarily used for physiological sensing, their sensitivity to
local pressure and deformation patterns makes them a promising
signal source for capturing finger motion. Prior work has begun to
explore PPG for gesture recognition [13, 56, 70], demonstrating its
feasibility. Yet, these approaches typically rely on single-channel
PPG signals and focus on larger, more distinct gestures. In con-
trast, modern wearable devices often provide multi-channel PPG
measurements, which capture spatially distributed deformation
patterns and may offer richer information for resolving subtle mi-
crogestures.

Together, IMU and PPG provide complementary information,
combining global motion cues with local deformation signals for
microgesture recognition. Yet subtle wrist-based microgestures on
commodity sensors remain insufficiently understood: most prior
work targets macro gestures, relies on specialized hardware, or uses
small-scale evaluations, and no established benchmark exists for
combining IMU and multi-channel PPG for this task.

In this paper, we address this gap primarily by contributing a
benchmark dataset for wrist-based microgestures, alongside a sys-
tematic empirical study and a simple real-time multimodal baseline.
We introduce a large-scale dataset comprising synchronized 6-axis
IMU and spatially distributed 8-channel PPG recordings from 66
participants, totaling 25 hours of sensor data and 9 hours of aligned
video annotations, collected with an integrated wearable prototype
that reflects an emerging sensor configuration in commercial fit-
ness watches. Because such devices typically do not expose raw
optical signals, we created this corpus to enable the community
to study how multi-channel spatial PPG can contribute to subtle
microgesture recognition. Using this dataset, we benchmark es-
tablished methods, including feature-based models (e.g., SVM and
Random Forest) and deep architectures (e.g., VGG, ResNet, U-Net,
and Transformers), to analyze the impact of sensor modality, model
design, and user variability. We further present 𝜇Dpad as a straight-
forward multimodal baseline that combines deep learning-based
event detection with Hidden Markov Model (HMM) temporal de-
coding for continuous recognition of directional thumb swipes and
pinch open/close events. This baseline achieves 78.6% accuracy
with a false-positive rate of 5.3% in online gesture detection.

We further demonstrate its practical applicability through in-
teractive prototypes supporting both discrete input and contin-
uous control. Despite these results, performance remains below
that of systems targeting macro gestures, highlighting the intrin-
sic difficulty of microgesture recognition. We therefore position
the released dataset and benchmark as the paper’s main contri-
bution, intended to support more substantive future advances in
multimodal wearable microgesture recognition.

In summary, we make the following contributions:
(1) A large-scale multimodal microgesture dataset for com-

modity wearables.We present 25 hours of synchronized wrist-
worn sensor data from 66 participants, including 6-axis IMU and
8-channel spatial PPG recordings of directional swipe, pinch,
and rotation microgestures across varied arm orientations. For
9 hours, we also provide synchronized RGB hand video.

(2) A systematic benchmark of sensor modalities and recog-
nitionmodels for microgestures. Using this dataset, we com-
pare classical and deep models for fine-grained microgesture
recognition, including SVMs, Random Forests, VGG, ResNet,
U-Net, and Transformers. We show that multi-channel spatial
PPG complements IMU, especially for users where IMU-only
recognition is less reliable.

(3) 𝜇Dpad, real-time multimodal baseline.We introduce a hy-
brid pipeline that fuses 6D IMU and 8-channel PPG signals
for continuous recognition of directional thumb swipes and
pinch open/close events. It combines a learning-based event
detection with Hidden Markov Model temporal decoding for
online robustness. The baseline reaches 83.7% accuracy, and
with personalization improves accuracy to 88%.
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2 Related Work
Ourwork explores gesture recognition systems that leverage sensor-
based devices, focusing on swiping gestures as a form of directional
microgestures. We target mobile and wearable microinteractions
where input should be quick, low-effort, and robust to everyday
contexts, and where camera-based sensing may be unavailable or
undesirable.

Gesture recognition is the process of identifying and interpret-
ing physical gestures, which are meaningful body movements such
as motions of the fingers, hands, arms, head, or full body. These
gestures convey information or facilitate interaction with the envi-
ronment. [10] The field spans a wide range of applications, such
as medical rehabilitation [48], sign language recognition [28], and
mobile and wearable interaction. Immersive systems (e.g., VR) also
make use of gesture-based input [4, 41], but they are not the primary
focus of this paper.

2.1 Hand Gesture Recognition
Hand gesture recognition has become a prominent research area,
leveraging a wide range of sensing modalities. Cameras excel in
hand tracking but suffer from occlusions and processing typically
requires more compute [19, 64]. Acoustic signals have also been
shown to help for gesture recognition [20, 21] but could suffer
in real-world applications with background noise. Other research
used signals from infrared (IR) sensors [17, 26], electromyogra-
phy (EMG) [24, 57, 67], pressure sensors [23], radar [34], stretch
sensors [49], magnetic sensors [8, 43], bio-capacitive sensing [53],
photoplethysmography (PPG) [13, 50, 56]. However, many of the
works on gesture detection with PPG sensors focus on macro ges-
tures; we extend this line of research by proposing efficient and
low-fatigue directional microgestures.

Among all sensing modalities, inertial measurement units (IMUs)
are particularly noteworthy for their affordability, low power con-
sumption, and extensive integration into consumer-grade wearable
devices. As a result, IMUs are widely used for capturing motion-
based hand gestures, particularly those related to arm and hand
movements [29, 54, 65, 66].

While IMU-based approaches build a good baseline for accurate
gesture recognition, many researchers use a hybrid approach where
they combine the IMU sensors with another sensor such as EMG [57,
67], and FMG [47]. Wand et al. [56] used a combination of PPG,
FMC, and accelerometer to recognize a set of 12 hand gestures,
giving a detailed analysis of the contribution of each sensor to the
model’s prediction. However, their gesture set features primarily
macro gestures such as wrist flexion or extension. In our work, we
focus on dynamic directional microgestures.

While early gesture recognition techniques such as dynamic time
warping (DTW) [35] and hidden Markov models (HMM) [39] were
successful in recognizing relatively simple gestures that followed
predictable, smooth trajectories, they are limited in their ability
to capture the complexity of more intricate or expressive gestures.
These methods excelled with minimal data but struggled when
dealing with gestures involving non-linear movement or high vari-
ability. To overcome these challenges, newer methods have been
introduced, often relying on large datasets of predefined gestures,
enabling the use of more sophisticated models. Another class of

gesture recognition models are traditional classifiers like support
vector machines (SVMs) and tree-based methods [17, 20]. Recent
work has mostly been investigating deep learning architectures for
gesture recognition, as they do not require manual feature engi-
neering but learn relevant features from the data directly. These
technologies include convolutional neural networks (CNNs) and
recurrent neural networks (RNNs) [19, 68].

2.2 Microgestures
Microgestures, subtle and precise hand or finger movements, en-
able efficient, non-intrusive interactions, making them ideal for
applications requiring seamless input. However, their small scale
presents challenges in accurate sensing and classification.

Extensive research has been done to explore the space of single-
handed microgestures [5, 22, 31]. Many of these microgestures
are thumb-to-volar (palm) interactions [46, 62, 69], which benefit
from a large surface area on the palm. This enables large sets of
gesture, which can be used for input modalities such as typing [32]
or interactive touch surface [45, 60].

On the other hand, thumb-to-index microgestures focus on in-
teractions between the thumb and the index finger. An example
includes actions like rubbing the thumb against the radial side of
the index finger [27, 32, 45, 60]. These gestures can be classified
using static [27] or worn [55] cameras, sensors such as capacitive
rings [9, 60], IMU-equipped rings [33], magnetic contacts embedded
in gloves[45], or small wearable sensors which are placed at the
fingertips [25]. To our knowledge, no existing solution recognizes
these thumb-to-finger swipes.

3 Sensing Principle
Wrist-worn IMUs are effective for detecting taps and coarse hand
motions [1, 10, 29, 40, 61, 66], but often insufficient to resolve subtle
finger microgestures such as directional swipes. These gestures
produce only weak wrist rotation and limited inertial signatures,
making them difficult to distinguish using IMU signals alone.

We focus on IMU and PPG because both sensingmodalities are al-
ready well established in commodity wearable hardware—including
smartwatches and fitness trackers, and increasingly multi-channel
PPG systems in devices such as the Apple Watch and Huawei
Watch—making them attractive building blocks for deployable mi-
crogesture recognition. Our approach complements IMU sensing
with spatial PPG measurements. While PPG is typically used for
heart-rate monitoring, it is also sensitive to local tissue deformation
and pressure changes at the skin [3, 52]. During fine finger motion,
tendon and muscle activity in the forearm causes small, spatially
varying deformations beneath the worn device. We hypothesize
that these deformation patterns provide discriminative cues for
microgesture recognition that are not captured by IMU alone.

3.1 Sensing Hardware
We developed a wrist-worn prototype that records and streams
synchronized IMU and PPG signals (Figure 4). The device uses
a QMI8658 6-axis IMU on a Waveshare ESP32-S3-LCD board to
capture acceleration and angular velocity at 112Hz. A second mi-
crocontroller (XIAO ESP32-S3) relays the data to a host computer
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Figure 2: Overlaid signals from our gesture set. The opaque line is the barycenter of all corresponding signals from three
different participants. The transparent lines are recordings with a high similarity to the barycenter.
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Figure 3: Spatial PPG sensing used by 𝜇Dpad. Interpolating eight photodiode readings over a one-second gesture window reveals
non-uniform reflectivity changes (a deformation “pattern”) that complements wrist IMU features for classifying directional
thumb microgestures. Green and IR PPG channels are encoded into the green and red RGB values.

over serial. For optical sensing, the prototype integrates an Analog
Devices MAX86177A PPG module, also sampled at 112Hz.

We chose 112Hz as it provides sufficient temporal resolution
for our window-based classifier and online decoding, while keep-
ing data rate and computation low for wearable deployment. The
PPG sensor is mounted on the dorsal wrist and uses eight photodi-
odes arranged in a circular layout. We modified the MAX86177A
photodiode layout to span a diameter of 2 cm, increasing spatial cov-
erage under the device. All components are housed in a 3D-printed
enclosure and attached with a flexible wrist strap.

4 Gesture Vocabulary
Following our motivation for low-effort, socially acceptable mi-
crointeractions, we designed a vocabulary of thumb-to-index-finger
microgestures for wearable input (Fig. 2). It includes four directional
thumb swipes (up, down, left, right), pinch close and pinch open
events, a side tap, and wrist rotation during a held pinch.

This vocabulary supports both discrete and continuous control.
The swipes enable navigation and menu interaction, pinch events
provide command-like triggers, and wrist rotation during a held

Figure 4: 𝜇Dpad hardware prototype integrating a 6D IMU
and an 8-channel spatial PPG sensor. The circular photodiode
layout captures local deformation patterns under the device
that help disambiguate directional thumb swipes.

pinch supports actions such as scrolling, scrubbing, or scaling. All
gestures rely on small finger motions and self-contact, making them
suitable for eyes-free use without requiring large arm movements.

At the same time, this gesture set is challenging for wrist-based
sensing. Unlike macrogestures, micogestures produce only weak
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Figure 5: 𝜇Dpad pipeline. A window-based multimodal classifier maps IMU+PPG windows to class probabilities, which are
decoded over time with an HMM to enforce plausible transitions and improve robustness for online microinteraction input.

inertial signatures and subtle local tissue deformations, and some
classes differ mainly in the direction of a small thumb movement.
While prior work has explored thumb-to-fingermicrogestures using
rings, gloves, cameras, or fingertip sensors, we are not aware of
prior work targeting this class of directional microgestures using
only wrist-worn commodity sensors such as IMU and PPG.

5 Dataset and Recording Procedure
To evaluate the proposed sensing approach, we collected a large-
scale multimodal dataset from 68 participants (29 female, 39 male;
mean age 24.7±2 years).We excluded 2 participants due to hardware
issues during recording and filtered out 6 outlier participants in our
evaluation, resulting in a final cohort of 60 participants used in our
evaluation. The dataset comprises 25 hours of time-synchronized
6-axis IMU and 8-channel spatial PPG signals, totaling 28,000 ges-
ture samples and 16,000 negative samples. Participants performed
randomized gesture sequences under controlled prompt timings.
To ensure real-world robustness, data was collected across two
distinct arm postures: with the arm bent at 90 degrees in front
of the body, and with the arm fully extended and resting at the
side. We additionally collected negative samples of non-gesture
everyday actions, such as typing, handwriting, and object grasping.
For 9 hours of the dataset, we recorded synchronized RGB video of
the participants’ hands. We utilized this video footage to manually
verify and refine the prompt-based labels, resulting in high-fidelity
annotations where only 0.8% of labels required adjustment. This
synchronized video subset provides a foundation for future research
into multimodal video-sensor gesture detection.

5.1 Safe and Responsible Innovation Statement
After consultation with our institution’s ethics committee, the
study was determined not to require formal IRB review. Partic-
ipants provided written informed consent, participated voluntarily,
could withdraw at any time, and consented to public release of

anonymized sensor data and hand-only videos. They were com-
pensated USD 12.50 for a 30-minute session. Released data exclude
faces and other personally identifiable information. The dataset is
intended for research on wearable microgesture detection and not
for identification, surveillance, or other privacy-invasive applica-
tions.

6 Benchmarking Microgesture Recognition
To rigorously evaluate microgesture recognition on our dataset,
we frame the task as both an offline window-based classification
problem (for benchmarking architectures) and a continuous online
detection problem (for real-world applicability).

We implement several baselines from prior work, ranging from
classical feature-based algorithms (SVM [29], Random Forests [17,
20]) to deep convolutional neural networks (ResNet [10], VGG [10],
U-Net [14]) and modern Transformer architectures [42].

6.1 𝜇Dpad Architecture
𝜇Dpad utilizes an intermediate-fusion, VGG-style 1D CNN to pro-
cess the multimodal streams. As shown in Figure 5, it processes
raw IMU and PPG windows through dedicated feature extractors.
Each extractor comprises six convolutional blocks (Conv1D, Batch
Normalization, LeakyReLU) with interspersed dropout and max-
pooling. To capture the complementary nature of the modalities,
the extracted features are concatenated and passed through two
fully connected layers to predict gesture probabilities. The resulting
highly efficient model contains 670k parameters.

Preprocessing and Training. To ensure the model learns robust
features directly from raw data, we do not apply hand-designed
filtering. Signals are simply z-normalized per channel and zero-
padded to a fixed window length of 150 samples. To build robust-
ness against sensor displacement and varying execution speeds, we
apply spatial augmentations (IMU scaling and 3D rotation) and tem-
poral augmentations (Gaussian window shifting to mitigate label
timing inaccuracies). The network is trained using cross-entropy



ICMI ’26, October 05–09, 2026, Napoli, Italy Hauptmann et al.

Algorithm 1 Online decoding pipeline combining window-based
classification, HMM sequence decoding, and RSC activity gating.
Require: stream of IMU+PPG samples; packet size 𝑁 = 32; win-

dow length𝑊 = 150; refractory 𝜏 = 300ms.
State: ring buffer of last𝑊 samples; previous 𝑅𝑆𝐶𝑡−1; HMM
state.

1: Append the new packet to the ring buffer and extract the last
𝑊 samples.

2: Compute class probabilities o𝑡 = 𝑓𝜃 (x𝑡 ) with the window-based
classifier.

3: Update the HMM with observation o𝑡 and decode the current
state via Viterbi.

4: Compute an activity gate using the rate-of-change score:
𝑅𝑆𝐶𝑡 =

𝑅𝑆𝐶𝑡−1
1.6 +∑

𝑖∈{𝑥,𝑦,𝑧} |𝑎′𝑖,𝑡 |.
5: Emit a gesture event when (i) the HMM state is non-negative,
(ii) 𝑅𝑆𝐶𝑡 > 𝑡peak = 2, and (iii) the refractory period 𝜏 has
elapsed.

loss with label smoothing [36, 51] to reduce overconfidence and
improve generalization. A comprehensive breakdown of network
hyperparameters, augmentation ranges, and optimization details is
provided in the Supplementary Material.

6.2 Continuous Online Detection Pipeline
For real-time applications, system robustness against false positives
is more critical than sheer offline accuracy. Window-based CNN
classifiers are not inherently shift-invariant [6] and are susceptible
to spontaneous misclassifications during continuous non-gesture
activities [29, 40]. To transition 𝜇Dpad from isolated window classi-
fication to real-world streaming input, we implement a multi-stage
decoding pipeline (Algorithm 1).

HMM Sequence Decoding. Our gesture set exhibits strict sequen-
tial dependencies (e.g., a pinch close is followed by a pinch open). We
incorporate a Hidden Markov Model (HMM) as a post-processing
step to enforce these plausible transitions. By treating the CNN’s
output probabilities as observations, we decode the most likely
gesture state sequence in real-time using the Viterbi algorithm.

Tracking Continuous Pinch States. By explicitly modeling the
pinch closed state within the HMM, 𝜇Dpad extends discrete ges-
tures into continuously controllable interactions. Once a pinch is
detected, 𝜇Dpad activates a Madgwick filter [38] to track relative
wrist rotation. This allows intuitive, one-handed control over tasks
like scrolling or scrubbing, where angular velocity translates di-
rectly to interaction speed.

Activity Gating. To enable the reliable detection of gestures oc-
curring in quick succession while suppressing noise, we employ
a rate-of-change score (RSC) as an activity gate, coupled with a
temporal refractory period.

7 Results
We evaluate all models using a rigorous Leave-One-Subject-Out
(LOSO) cross-validation scheme to test generalization to unseen

Table 1: Model architecture comparison (mean ± std.). The
VGG-stylewindow-basedmodel used by 𝜇Dpad performs best
on this dataset, outperforming alternative deep architectures
and feature-based baselines.

Model Accuracy F1 Score

ResNet 82.1% ± 2.9 74.3% ± 2.0
U-Net 80.3% ± 3.4 71.6% ± 2.6
Transformer 62.0% ± 5.8 48.0% ± 2.0
Random Forest 61.9% ± 8.4 48.9% ± 2.5
SVM 64.7% ± 7.9 53.5% ± 2.9
𝜇Dpad (early fusion) 83.4% ± 2.9 76.6% ± 2.3
𝜇Dpad (ours) 83.7% ± 2.6 77.0% ± 2.3

𝜇Dpad (fine-tuned) 88.0% ± 5.5 82.6% ± 7.3

users. Ablation studies utilize an 8-fold cross-validation split (allo-
cating 6/8 of participants for training, 1/8 for validation, and 1/8
for testing). We primarily report accuracy and macro F1-score.

7.1 Benchmarking Architectures and Modalities
Comparison of Machine Learning Classifiers. To establish a base-

line for our multimodal dataset, we benchmarked several archi-
tectures. As shown in Table 1, 𝜇Dpad (our VGG-style 1D CNN)
achieved the highest accuracy at 83.7%, outperforming alternative
deep networks and classical feature-based methods. An early fusion
variant of 𝜇Dpad performed comparably (83.4%), while ResNet and
U-Net achieved 82.1% and 80.3%, respectively. The Transformer
baseline struggled on this dataset (62.0%), likely due to the limited
sequence length of the microgesture windows.

Traditional machine learning models performed poorly, with
SVM and Random Forest yielding accuracies below 65%. The sub-
stantial gap in F1-scores between convolutional deep learning mod-
els (71.6%–77.0%) and traditional approaches (48.0%–53.5%) high-
lights the need for deep feature extraction for subtle microgestures.
The higher standard deviations observed in traditional models in-
dicate poor generalization across different users. Finally, because
microgestures are highly individual, adding brief user-specific cali-
bration (fine-tuning with 20 samples per class) effectively bridges
this cross-user gap, pushing 𝜇Dpad’s accuracy to 88.0%.

Ablation of Sensing Modalities. To understand the value of multi-
modal fusion for microgestures, we evaluated the individual and
combined contributions of the sensors (Table 2). Accelerometer data
alone achieved 80.8% accuracy, significantly outperforming the gy-
roscope (73.1%). Combining both IMU sensors improved accuracy
to 82.9%, confirming their complementary kinematic features.

Conversely, unimodal spatial PPG (green and IR channels) showed
limited effectiveness (47.1%), indicating that optical sensing of sub-
surface tendon shifts is insufficient for standalone gesture detection.
However, fusing all modalities (IMU+PPG) yielded the best overall
performance at 83.7% accuracy and 77.0% F1-score, while simulta-
neously decreasing cross-user variance.

While the absolute accuracy gain from adding PPG to the full
IMU is modest (+0.8%), it is statistically reliable. A linear mixed-
effects model on per-participant accuracy and F1 scores, withmodal-
ity as a fixed effect and participant as a random intercept, showed a
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Figure 6: Relative accuracy gains in leave-one-subject-out evaluation. Participants are grouped by IMU-only accuracy percentiles
(6 participants per bin). Spatial PPG yields the largest relative benefit for low-accuracy users, while fine-tuning improves
performance across all bins.

Table 2: Sensor-modality ablation (mean ± std.) with PPG
green+IR channels. IMU features dominate overall accuracy,
while the complementary information from spatial PPG im-
proves performance for some IMU-only failure cases.

Modalities Accuracy F1 Score

Acc 80.8% ± 2.5 72.8% ± 1.9
Acc + PPG 80.4% ± 2.7 72.3% ± 2.9
Gyro 73.1% ± 5.5 63.8% ± 3.6
Gyro + PPG 75.0% ± 3.9 64.3% ± 3.4
Acc + Gyro 82.9% ± 3.0 76.1% ± 2.4
PPG 47.1% ± 5.3 35.3% ± 2.0
Acc + Gyro + PPG 83.7% ± 2.6 77.0% ± 2.3

small but significant benefit of adding PPG over IMU+Gyro: +0.73%
accuracy (95% CI [0.32, 1.13], p = .0003) and +0.76% F1 (95% CI [0.26,
1.27], p = .003), consistent with paired two-sided t-tests across par-
ticipants (p = .0007 for accuracy, p = .004 for F1). As shown in the
confusion matrices (Supplementary Figure 11), the spatial PPG sub-
tly reduces misclassifications among mechanically similar gestures
(e.g., directional swipes and pinch motions) and helps the model
generalize to challenging users whose subtle thumb movements
fail to register strongly on the IMU. As illustrated in Figure 6, fus-
ing PPG improved accuracy by up to 4% for users in the bottom
10th percentile, suggesting that optical sensing offers a modest but
consistent complementary gain, while IMU remains the dominant
modality and PPG remains a promising target for future algorithmic
work on the released dataset.

7.2 Continuous Online Detection and HMM
Post-Processing

While offline classification evaluates perfectly pre-segmented win-
dows, continuous real-time detection is inherently much harder.
In a continuous stream, the system must navigate a massive class
imbalance dominated by the "null class" (everyday background
activities) while handling misaligned windows, transition frames,
and partial gesture executions. Consequently, raw window-based
classifiers typically suffer significant performance drops and high
false-positive rates when deployed online.

Table 3: Online evaluation: window-based classifier vs. HMM
decoding. The HMM improves accuracy/F1 by enforcing plau-
sible state transitions.

Model Accuracy F1 Score

Window-based 75.0% ± 10.5 66.9% ± 6.8
HMM 78.6% ± 9.0 71.5% ± 7.7

To evaluate 𝜇Dpad in this realistic continuous setting, we streamed
unsegmented sequences from our dataset through our pipeline. A
detectionwas classified as a true positive if it overlapped the ground-
truth annotation by at least 70%, while windows with less than 20%
overlap were assigned to the negative class (ambiguous 20–30%
overlaps were excluded).

As shown in Table 3, the raw window-based classifier struggles
with the continuous data stream, yielding a high false positive rate
(FPR) of 8.3%. However, applying our computationally lightweight
HMM post-processing effectively mitigates this. By enforcing plau-
sible biomechanical state transitions and smoothing transient noise,
the HMM improves overall accuracy to 78.6% and the F1-score to
71.5% (see Supp. Figure 13 for continuous confusion matrices).

Crucially, the HMM reduces the FPR to just 5.3%. Because micro-
gestures rely on tiny thumb movements that are easily conflated
with normal hand twitches during daily tasks, maintaining a low
FPR in an unsegmented stream is the most critical metric for us-
ability. Achieving 78.6% accuracy with only a 5.3% FPR demon-
strates that 𝜇Dpad serves as a practical baseline for reliable, always-
available interactive systems.

8 Demonstration Scenarios
To demonstrate our pipeline’s practical utility, we developed proto-
types leveraging 𝜇Dpad’s always-active, contact-free input. Requir-
ing no wake-up gesture, it seamlessly supports microinteractions
when visual attention is limited or hands are occupied (e.g., cooking,
walking, Fig. 7). These prototypes illustrate how 𝜇Dpad functions as
a one-handed D-pad, while the pinch-hold state enables continuous
parameter control:

Eyes-Free Music Control. Controlling audio on the go typically
requires retrieving a phone or interacting with small, memorized
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Figure 7: Example microinteraction scenarios enabled by 𝜇Dpad. Left: always-available, low-effort input in everyday contexts
without touching a screen. Right: prototype mappings for music control and lightweight game input using directional swipes,
taps, and pinch-hold combined with wrist rotation.

headphone buttons. 𝜇Dpad enables a continuous, eyes-free alterna-
tive. Swiping left or right navigates tracks, a side tap plays/pauses,
and initiating a pinch-hold while rotating the forearm provides
smooth, continuous adjustment of playback volume.

Lightweight Gaming. 𝜇Dpad can also support low-effort, always-
available game control. In a prototyped Tetris-like game, directional
swipes map intuitively to lateral block movements, while pinching
and rotating the forearm controls block rotation.

Because always-on wearable input remains susceptible to occa-
sional false positives, we recommend that application designers
pair 𝜇Dpad’s robust HMM decoding with error-tolerant interaction
designs, such as mapping microgestures to easily reversible actions
or utilizing context-dependent activation.

9 Discussion
Our systematic benchmark highlights the intrinsic difficulty of
wrist-based microgesture recognition.While models targeting large,
macro arm movements often achieve 90% accuracy, thumb–index
microinteractions plateau around 84%. This gap stems fromminimal
inertial energy and high anatomical variability across users. Our
results suggest that multimodal fusion is a promising path forward:
while the IMU captures global kinematics, spatial PPG captures
local subsurface tendon deformations, improving robustness par-
ticularly for users where inertial signals are weak or ambiguous.
Furthermore, our continuous evaluation shows that for real-world
deployment, explicitly modeling biomechanical constraints (via
HMM decoding) is essential to suppress transient noise and achieve
a usable false-positive rate (5.3%) in unsegmented data streams.

While 𝜇Dpad provides a useful baseline, several open challenges
remain. Our prototype utilizes an 8-channel PPG layout tomaximize
spatial coverage; however, optical PPG signals remain sensitive to
variations in sensor contact, motion artifacts, and skin properties.
Stronger multimodal baselines building on our VGG/ResNet archi-
tectures, combined with improved sensing strategies and models
that learn invariances to these perturbations, could yield better
performance.

To catalyze progress on these challenges, we contribute our full
25-hour, 66-participant dataset to the research community. Cru-
cially, this release includes 9 hours of synchronized RGB hand
video, along with sensor data from an integrated IMU + spatial-
PPG wearable configuration that is becoming available in consumer

devices but is rarely accessible as raw data. As traditional super-
vised learning on sensor data alone shows diminishing returns with
increasing dataset size (Supplementary Figure 10), we argue that
advances in microgesture recognition will stem from better algo-
rithms and cross-modal learning. By providing aligned video and
multi-channel sensor data, our dataset establishes a foundation for
exploring video-to-sensor knowledge distillation, contrastive mul-
timodal pretraining, and self-supervised approaches for wearable
interaction.

10 Conclusion
We presented a large-scale dataset for wearable microgesture recog-
nition using multimodal signals from commodity sensors, compris-
ing synchronized IMU and PPG data from 66 participants, totaling
25 hours and 44,000 annotated gestures. The dataset was captured
with an integrated wearable prototype using an IMU + spatial PPG
sensing configuration that is emerging in consumer fitness watches,
but whose raw optical signals are unavailable for research. To sup-
port futuremultimodal research, we further complement the dataset
with 9 hours of aligned RGB video for cross-modal learning.

Using this dataset, we benchmark a range of commonly used
architectures for gesture recognition and introduce 𝜇Dpad as a
simple multimodal baseline for recognizing one-handed directional
thumb microgestures for mobile and wearable interaction. 𝜇Dpad
detects thumb swipes in four directions (akin to a D-pad), as well
as pinch close/open events, and supports continuous parameter
control via wrist rotation during pinch holds.

Across 60 participants, ourmultimodal IMU+PPG baseline achieves
83.7% accuracy. Furthermore, our HMM-based post-processing
improves robustness in continuous settings by enforcing simple,
interaction-relevant transition constraints without requiring addi-
tional training data.

We hope that the release of this dataset, benchmark, and baseline
will enable future algorithmic work to better exploit spatial PPG for
microgesture recognition and to close the gap between wearable
microgesture recognition and the performance levels achieved for
macro gestures.
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A Supplementary Material
We provide a video of 𝜇Dpad in action. For that, we refer to the
submitted video.

B Detailed Collection Procedure
B.1 Participant Demographics and Sample

Count
The 68 participants (66 right-handed, 2 left-handed) had a mean
wrist circumference of 16 ± 1.4 cm, a mean hand width of 8.2 ±
0.75 cm, and a mean hand length of 17.4 ± 1.3 cm. The dataset
contains ≈ 28, 000 gesture samples across eight classes: four swipe
directions, pinch close/open, and side tap each have ≈ 3, 300−3, 400
samples, while held pinch/rotation has ≈ 4, 400. An additional
16,000 negative samples bring the total to 44,000. Per-participant
counts were uniform by design. Recordings included forward- and
downward-facing wrist positions, and negative samples were not
tightly constrained.

B.2 Recording Protocol
The study comprised one initial trial session for familiarization,
followed by four recorded sessions. To account for day-to-day wear
variability, participants completely removed and reattached the sen-
sor prototype between all sessions. During the recorded sessions,
participants followed randomly generated prompts displayed on a
screen. Each session contained 10 sequences of 12 gestures (120 ges-
tures total). Each gesture prompt was displayed for 1.5 s, followed
by a 0.5 s break. This prompt timing served as the label anchor;
any remaining onset or offset jitter was addressed via temporal
augmentation during training. The randomization ensured each
gesture appeared exactly 15 times per session with equal transition
probabilities. If an experimenter observed an execution error, the
sequence was immediately deleted and repeated.

B.3 Data Processing
For data recording, the incoming streams of the 8-channel spatial
PPG signal and 6-channel IMU signal were saved into text files and
later aligned using the accelerometer recordings of both devices. For
alignment, we computed the normalized cross-correlation between
the accelerometer signals and shifted the IMU signal to maximize
the metric. For live processing, we directly aligned both signals
using a fixed delay time. The accelerometer signal was recorded
with a maximum range of ±2g and the gyroscope with a maximum
range of ±1024 degrees/second, capturing fine changes in the signal
while accounting for large movement values.

B.4 Signal Characteristics and Variability
Qualitative analysis of the data demonstrates high intra-participant
consistency for individual gestures. Figure 2 overlays signals from
different gestures and shows the minor variations from their re-
spective barycenters. We controlled only for exceptionally loose
wristband attachment; qualitative inspection indicated comparable
signal quality for moderate and tight fits. Tighter wristbands gener-
ally improved PPG signal quality, while looser fits introduced more
motion artifacts in the PPG. For instance, gyroscope signals reli-
ably disambiguate opposing directional swipes through mirrored
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Figure 8: Signal magnitude by gesture and modality, illustrat-
ing complementarity. Directional swipes produce discrim-
inative patterns in both IMU and spatial PPG, motivating
multimodal fusion.
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Figure 9: Example accelerometer magnitude during pinch
gestures for two participants. Within-user trials are rela-
tively consistent, while between-user differences are larger,
motivating cross-user robustness techniques and optional
personalization.

z-axis signals. However, significant inter-participant variability ex-
ists in both the inertial and spatial PPG patterns (Figure 9). This
variance underscores the necessity of a large participant pool for
robust model benchmarking and highlights the requirement for
user-specific adaptation in wearable gesture recognition.

C Training Details
C.1 Implementation and Training Details
This section details the hyperparameter configurations, data aug-
mentation strategies, and loss functions utilized to train the 𝜇Dpad
architecture and the baseline models discussed in the main text.

Data and Temporal Augmentation. To prevent overfitting and
enhance robustness against variations in sensor placement and
execution style, we applied several augmentations during training:

• Scaling: Each IMU signal is scaled by a factor uniformly
sampled between 0.6 and 1.6.

• Rotation: To simulate sensor displacement around the wrist,
we apply a random rotation along an arbitrary 3D axis within
the range of −15◦ to +15◦.
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• Temporal Shifting: We introduce random shifts to each
window in time. We sample a new window center from a
Gaussian distribution centered on the annotated label, and
the signal window is subsequently aligned to this new center.
This mitigates label timing inaccuracies (e.g., when a user
starts a gesture slightly before or after the prompted time
window).

Hyperparameters and Optimization. All neural network models
were trained for 400 epochs using a batch size of 512.We utilized the
Adam optimizer with an initial learning rate of 10−3 and a weight
decay of 10−4. A learning rate scheduler was applied to reduce
the learning rate based on the validation loss plateau. To avoid
overfitting, we employed early stopping based on the validation
loss and applied a dropout rate of 50% within the fully connected
layers.

For the SVM and Random Forest baselines, we extracted standard
TSFEL statistical, temporal, and spectral features, e.g., moments,
energy/RMS, entropy, spectral descriptors, and wavelet features,
per window and modality, then concatenated them for multimodal
classification.

Label Smoothing. We train our models using a cross-entropy
loss and apply label smoothing. Label smoothing is a regulariza-
tion technique that assigns the ground truth labels a smoothed
probability distribution instead of a hard one-hot encoded repre-
sentation [51]. By redistributing a fraction of the probability mass
across all classes, the model’s overconfidence in its predictions is re-
duced. This reduces overfitting and allows for better generalization
to noisy sensor data [36].

Mathematically, given a dataset with 𝐶 classes and a smoothing
parameter 𝛼 (set to 0.1 in our experiments), the smoothed label
vector 𝑦smooth is calculated as:

𝑦smooth = (1 − 𝛼) · 𝑦one-hot +
𝛼

𝐶
(1)

where 𝑦one-hot is the original one-hot encoded vector.

D Additional Results
D.0.1 Dataset Scaling. As shown in Figure 10, model accuracy
increases with the number of participants. Accuracy rises rapidly
from 57.5% with 5 participants to approximately 75% with 18 partic-
ipants. However, the improvement rate eventually plateaus at 82.8%
with 54 participants. This trend indicates suggests that our dataset
is sufficiently large in both total size and participant diversity.

D.1 Impact of Data Augmentation
Many augmentation techniques are known for signal data that can
aid generalization and classification accuracy. We implemented
many and evaluated their benefits, see Table. 4. Random rotation
(up to 15°) of the IMU signal showed the strongest improvement
with +1.0% accuracy and scaling the signal yielded modest gains of
+0.4% accuracy. Interestingly, many other augmentation techniques,
such as zooming into the window and adding random noise slightly
degraded performance, decreasing accuracy by 0.8% and 0.7% re-
spectively. We included these results in the training approach and
only included scaling and rotation as data augmentations in our
final model.
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Figure 10: Accuracy of 𝜇Dpad with increasing number of
participants in the training split.
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Figure 11: Leave-one-subject-out confusionmatrices for IMU-
only vs. IMU+PPG input. Spatial PPG reduces confusion
among directional swipes.

Table 4: Data augmentation ablation. Values are absolute per-
formance changes relative to training without augmentation;
rotation and scaling are most beneficial for cross-user robust-
ness.

Augmentation Accuracy F1 Score Recall Precision

Jitter 0.1% 0.0% -0.0% 0.1%
Mixup -0.1% 0.3% 0.2% 0.4%
Noise -0.7% -0.6% -0.5% -0.8%
Rotation 1.0% 0.7% 0.7% 0.6%
Scale 0.4% 0.5% 0.4% 0.5%
Wrap 0.2% -0.0% -0.1% 0.0%
Zoom -0.8% -1.2% -1.0% -1.2%

D.2 Per-User Results
In Figure 12, we show the per-participant accuracy when training
the base model with and without PPG, as well as fine-tuning the
base model using 5 samples of each gesture from the participant’s
data. The average accuracy for the IMU+PPG base model is 83.9%,
with a maximum accuracy of 94.3% and a minimum accuracy of
71.7%.
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Figure 12: Classification accuracy of our method per participant comparing the classifier with only IMU input; IMU and PPG
input, as well as finetuning with five gestures per class.

Table 5: Effect of lightweight personalization. Leave-one-
subject-out performance when adding 𝑘 labeled samples per
class from the target user to fine-tune the model; increasing
𝑘 steadily improves accuracy and F1.

fine-tuning samples Accuracy F1 Score

0 83.9% ± 6.4 78.0% ± 7.3
1 84.0% ± 6.5 78.3% ± 7.6
5 85.4% ± 6.4 79.9% ± 7.4
10 86.2% ± 6.2 80.8% ± 7.6
20 88.0% ± 5.5 82.6% ± 7.3

E Online Implementation and HMM
Configuration

This section provides the specific parameters and transition rules
used for the continuous online decoding pipeline of 𝜇Dpad (as
outlined in Algorithm 1 of the main text).

Stream Processing. In online inferencemode, thewristband streams
data in packets of 32 samples (equivalent to 280ms). Upon the ar-
rival of each packet, the previous 150 samples (1.3 s) are extracted
from a rolling ring buffer and passed to the CNN classifier. The
resulting class probabilities are then used as the observation to
update the HMM state.

HMMMatrices. To improve robustness, the HMM explicitly mod-
els the biases of the gesture set. We define a discrete HMM with a
transition matrix A and an emission matrix B.

• Emission Matrix (B): We treat the classifier output at time
step 𝑡 as an observation o𝑡 . The emission matrix assigns
a 0.95 probability to correct (diagonal) classifications, dis-
tributing the remaining 0.05 probability uniformly across all
off-diagonal entries.

• Transition Matrix (A): The transition matrix constrains
state changes to reflect physical dependencies. For exam-
ple, we explicitly model the pinch closed state, which is only
reachable upon detecting a pinch close. Subsequently, the
pinch open gesture is heavily constrained so that it is primar-
ily accessible from pinch close or pinch closed. Furthermore,

to account for variations in gesture speed, we lower the
transition probability from side tap to itself, as side taps are
typically executed much faster than swipes. The full transi-
tion matrix is provided in Table 6.

Activity Gating and Refractory Period. To prevent excessive or
stuttering detections from a single physical movement, the system
utilizes a rate-of-change score (RSC). The RSC accepts a gesture only
when the score surpasses a predefined threshold of 𝑡peak = 2. Finally,
we impose a strict refractory period of 300ms after a successful
detection. This effectively limits the maximum theoretical detection
rate to one gesture every 300ms, ensuring clean separation between
consecutive inputs.
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Figure 13: Online evaluation confusion matrices computed
over 8 splits of continuous signal. Left: window-based model
predictions. Right: HMM-decoded predictions, showing im-
proved pinch-state consistency and fewer confusions across
gestures.

E.1 HMM Filter
We describe the transition matrix for our HMM-based online filter-
ing approach in Table 6. We model each gesture as a state and set
the probability to move from one state to another state. Pinch Closed
models the state when index finger and thumb are held together,
i.e., between Pinch Close and Pinch Open.
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To \ From Negative Swipe Fwd Swipe Bwd Swipe Right Swipe Left Pinch Close Pinch Closed Pinch Open Side Tap
Negative 66.1% 5.6% 5.6% 5.6% 5.6% 0.1% 0.1% 5.1% 7.2%
Swipe Fwd 5.6% 66.1% 5.6% 5.6% 5.6% 0.1% 0.1% 5.1% 7.2%
Swipe Bwd 5.6% 5.6% 66.1% 5.6% 5.6% 0.1% 0.1% 5.1% 7.2%
Swipe Right 5.6% 5.6% 5.6% 66.1% 5.6% 0.1% 0.1% 5.1% 7.2%
Swipe Left 5.6% 5.6% 5.6% 5.6% 66.1% 0.1% 0.1% 5.1% 7.2%
Pinch Close 5.6% 5.6% 5.6% 5.6% 5.6% 59.6% 0.1% 5.1% 7.2%
Pinch Closed 0.1% 0.1% 0.1% 0.1% 0.1% 19.9% 59.6% 5.1% 0.1%
Pinch Open 0.1% 0.1% 0.1% 0.1% 0.1% 19.9% 39.7% 59.6% 0.1%
Side Tap 5.6% 5.6% 5.6% 5.6% 5.6% 0.1% 0.1% 5.1% 56.6%

Table 6: Transition probabilities for HMM filtering. Each cell 𝑝𝑖, 𝑗 represents the probability (%) of transitioning from state 𝑗

(column) to state 𝑖 (row).
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