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Abstract—This paper introduces CLEAR-APG, a novel acous-
tic sensing approach that enables reliable heart rate monitoring
in unconstrained environments using off-the-shelf active noise
cancellation (ANC) headphones. By emitting ultrasonic signals
into the user’s ear canal via the headphone speaker and analyzing
their echoes, which can detect the frequency of a pulsating vein
along the canal wall. However, everyday activities such as exer-
cising, speaking, or eating cause jaw movements that deform the
ear canal, overwhelming the subtle deformation caused by blood
flowing. To overcome this challenge, we employ the ANC head-
phone’s built-in gyroscope to capture body motion and identify
how various motion patterns influence the heartbeat waveform.
Building on this insight, we propose a multi-modal method that
effectively denoises the heartbeat waveform measurements and
further accurately extracts heart rate. We implement CLEAR-
APG on ANC earbuds and conduct comprehensive field studies
on 14 users. The results show that CLEAR-APG achieves an
average heart rate error of 4.01% across seven different activities,
satisfying industry-required margin of 10% heart rate error.

I. INTRODUCTION

Continuous heart rate monitoring through wearable devices
allows individuals to make informed health decisions and self-
monitor their well-being. Medical professionals can analyze
historical data spanning days, weeks, or even months to detect
cardiovascular issues [1]. Additionally, long-term monitoring
enables early detection of deteriorating trends in vital signs,
allowing timely intervention [2].

The current state-of-the-art in wearable heart rate monitor-
ing is the smartwatch, which uses a photoplethysmography
(PPG) sensor [3]. The sensor emits red or green light into the
skin, and the reflected signal varies with blood volume changes
in the wrist’s veins [4]. However, despite its convenience,
PPG’s accuracy is affected by skin tone, as darker skin with
higher melanin content absorbs more green light, leading
manufacturers to recommend using the device only at rest or
on lighter skin tones [5], [6].

To address this issue, researchers have explored ear-based,
acoustic heart rate monitoring solution. A more recent al-
ternative, audioplethysmography (APG), has gained traction
[7]. APG works by emitting an inaudible acoustic signal (i.e.,
ultrasound) into the ear canal and analyzing the reflections,
which capture pulsations from a vein in the canal wall. Unlike
PPG sensor, APG is not influenced by melanin levels. Addi-
tionally, since APG only requires a speaker and microphone
pair, mobile users can readily implement it on their devices
using standard active noise cancellation (ANC) headphones.

However, physical activities such as jogging, eating, talking,
and exercising can cause significant deformation of the ear
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Fig. 1. (a): APG waveform in the absence of body motions; (b): APG
waveform in the presence of body motions; (c): Recovered APG waveform.
canal. These body-induced changes are orders of magnitude
stronger than the subtle pulsations of the vein in the ear
canal wall. Since APG relies on detecting volumetric changes
within the ear canal, such activity-related deformations can
overwhelm the signal, thereby obscuring vein pulsations and
reducing the accuracy of heart rate detection. Figure 1(a)-(b)
shows the heartbeat waveform detected by APG in the absence
and presence of body motions.

In this paper, we present CLEAR-APG, a mobile system
designed for enhancing APG’s robustness to motion artifacts,
making continuous heart rate monitoring more accessible. To
counteract motion-induced distortions, our basic idea is to
explore other information about the body’s movement through
space. Most commercial earbuds include built-in gyroscope
[8], which could serve as a motion reference to aid in APG
denoising. However, APG and gyroscope signals operate in
different domains: gyroscopes capture three-axis earphone ori-
entation variation, whereas APG measures acoustic reflections.
These signals cannot be directly subtracted to remove noise.

In CLEAR-APG, we take gyroscope data as a clue to
denoise APG. Inspired by the target speaker extraction (TSE)
methods in cocktail party problem [9], we propose to use
two separate encoder that extract the signal features from
gyroscope readings and microphone recordings and align their
features in the high-dimensional space for heartbeat signal
denoising. Figure 1(b) and (c) compares the APG signal before
and after applying our multi-modal denoising algorithm.
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Fig. 2. System overview of CLEAR-APG.
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Fig. 3. (Left): APG workflow. (Right): Jaw movements can cause significant
deformation of the ear canal, often exceeding the subtle changes caused by
blood flow, leading to noisy APG recordings.
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In summary, this paper makes the following contributions:
(i): We identify a new opportunity to denoise APG signals in
the presence of body motion artifacts. (ii): We seize this op-
portunity by proposing a novel multi-modal solution to enable
reliable heart rate monitoring with earphones in unconstrained
environment. (ii): We implement our design on earphones and
conduct comprehensive experiment across 14 volunteers and
six activities. The results show that our solution achieves an
consistently low heart rate error rate across all six activities,
with an average error rate of 4.01%.

II. RELATED WORKS

Electrocardiography (ECG) captures the heart’s electrical
activity through electrodes placed on the body. It is the gold
standard for accuracy but often requires wired setups and
professional assistance, limiting its use in continuous, every-
day heart rate monitoring [10], [11]. Photoplethysmography
(PPG) measures blood volume changes using light sensors,
typically worn on the wrist, finger, or ear [12]. While common
in consumer wearables, PPG is affected by skin tone, sensor
quality, and motion artifacts [5]. Additionally, its high power
consumption—mainly from LED usage—challenges battery
life [13]. Contactless methods such as mmWave Radar [14] or
Wi-Fi [15] sensing are suited for users with skin sensitivities.
They however often requires users to remain still, making them
prone to motion artifacts.

III. DESIGN
A. APG at a Glance

APG [7] is a contactless heart rate monitoring approach.
As shown in Figure 3(a), it works by emitting a set of
ultrasonic probing signal on different frequency band into the
ear canal and recording the reflections. Since the ear canal
deforms with the vein pulsations inside the ear canal, the
echos’ waveform will change accordingly and give insight on
blood flow dynamics. Figure 1(a) shows the APG waveform.

Challenges. Although APG offers the benefit of contactless
sensing, it is highly susceptible to anatomical differences
and distortions caused by motion. Specifically, the ear canal
not only deforms with the vein pulsations, it also subtly
changes during routine activities such as jaw movements (e.g.,
speaking, chewing), head motions (e.g., tilting up, down, or
sideways), facial expressions (e.g., smiling), and general body
movements (e.g., walking, jogging, or lifting weights).

As illustrated by Figure 3(b), these body-induced vibrations
cause more pronounced structural changes in the ear canal,
overwhelming the subtle variations produced by blood flow.
As an example, Figure 1(b) shows the APG waveform in the
presence of body motions. We can hardly tell the heartbeat
cycles, which makes it difficult to extract meaningful cardio-
vascular metrics. Although APG [7] also employs a blind-
source separation-based approach to extract heartbeat wave-
forms from motion interference, its effectiveness is limited to
repetitive patterns, making it less suitable for daily activities.

B. System overview

Motivated by the success of Target Sound Extraction (TSE)
in speech enhancement, we propose CLEAR-APG, an end-to-
end, cross-modality, learning-based denoiser for robust heart
rate monitoring. As shown in Figure 2, the multi-modal
denoiser takes two input channels — the noisy acoustic APG
signal and a synchronized gyroscope signal. Since the gy-
roscope captures head and jaw motion, it serves as a proxy
for estimating motion-induced distortions in the APG. We
leverage this auxiliary motion data through a cross-attention-
based neural network that transforms the noisy APG into a
cleaner version, better representing true cardiovascular activity.
For supervision, we utilize an ECG chest strap as the noise-
free reference. To tackle the modality gap between ECG and
APG, we introduce an ECG-to-APG translator that synthesizes
clean APG signals directly from the corresponding ECG.

C. Multi-Modal Denoiser

The multi-modal denoiser comprises two modality-specific
encoders, a cross-attention fusion layer, and a Bi-LSTM layer.
The model begins by encoding the gyroscope (IMU) and noisy
APG signals separately using two dedicated LSTM-based en-
coders. This separation allows each encoder to learn modality-
specific features, enabling better representation learning and
improving robustness against overfitting. Each encoder in-
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Fig. 4. (left) Earphone data collection platform. (Middle) The par

pant is at
rest. (Right) The participant is walking. Groundtruth ECG chest strap collects
data simultaneously with the earbuds.

cludes a stack of 1D convolutional layers, capturing both local
and long-range temporal patterns.

Afterwards, we employ a cross-attention mechanism to
guide the fusion process. The encoded IMU features act as
contextual cues to inform attention over the APG features,
allowing the model to selectively emphasize motion-induced
noise patterns. The attended representations are concatenated
and passed through a linear layer to generate a compact 256-
dimensional fused embedding. The fused embedding is then
fed into a Bi-LSTM layer to model temporal dependencies
and refine signal reconstruction. This enables the network to
leverage sequential context from both forward and backward
directions, enhancing denoising performance across time.

D. ECG to APG Translator

Since we have no APG ground-truth while the participant
is moving, we use chest strip-based ECG sensor to collect
reliable ECG signal during body motion and further design a
lightweight ECG-to-APG translator. The NN-based ECG-to-
APG translator consists of a Gated Recurrent Unit (GRU) with
a hidden size of 64 and 3 layers, and a linear layer. It learns
a mapping from ECG waveforms to APG signals, preserving
key temporal features while enabling efficient signal transfor-
mation. This minimalist design avoids overfitting, generalizes
well across cardiac conditions, and serves as a stable source
of clean APG-like supervision for training the denoiser.

E. Combine them together

The predicted clean APG from the denoiser is supervised
using the reference APG generated by the ECG-to-APG trans-
lator. We applied a custom loss function between two signals,
combining derivative loss with standard mean squared error
(MSE) loss. The derivative loss ensures signal smoothness by
calculating the differences in first and second-order gradients,
preventing abrupt fluctuations. The MSE loss minimizes dis-
crepancies between the model-generated signal and the target
signal at data points, avoiding prediction drift.

1V. EVALUATION

The evaluation is structured into two key phases: ECG-to-
APG translation and End-to-End APG denoising. We assess
the performance of these two parts using mean absolute
percentage error on heart rate. This study was approved by
the Institutional Review Board (IRB).
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Fig. 5. A snapshot of APG signal translated from ECG signal.

A. System Set Up

To evaluate CLEAR-APG, we first build a data collection
platform integrating multiple sensor modalities. For ECG data,
we utilize the Polar H10 chest band [16], while gyroscope
data is captured using Open Earable [17]. For the APG,
we use an earphone equipped with a speaker and feedback
microphone, similar to the one used in APG [7]. Each of
these hardware components relied on their individual platforms
for data acquisition. To synchronize data collection across
these modalities, we developed a Node.js server that managed
communication and recorded metadata, such as participant IDs
and activity labels. Figure 4 shows the data collection process.

14 participants were invited to perform six activities: resting,
talking, simulated chewing, simulated weightlifting, walking,
and jogging. The APG and ECG data were downsampled
to match up with the 50 Hz sampling frequency of the
IMU. A low-pass anti-aliasing filter (cutoff frequency of 25
Hz) was applied before downsampling to prevent frequency
aliasing and to preserve low-frequency heart rate signals.
We also recruited another 12 participants for ECG-to-APG
translator training and testing. These participants remained
still while ECG and APG data were collected. We collect
these biomarkers for each participant 10 to 20 periods, with
each period lasting 10 seconds. Each audio period is further
segmented into 5-second chunks for training, resulting in a
total of 650 chunks. We employ a 5-fold cross validation to
evaluate our system.

B. Experiment Results

1) ECG to APG Translation Model: In total, we use 120
chunks of paired ECG and APG data (lasting for 20 minutes)
for evaluation. We show a snapshot of the APG signal trans-
lated from ECG signal in Figure 5. Although the translated
APG waveform (from ECG) is not completely same as the real
APG waveform, it maintains a high similar coherence with the
real APG signal, showing a very pronounced periodicity. We
validated the model using a test set comprising ten groups
of data, each containing ten seconds of APG and ECG. The
results showed that the HR calculated from translated APG
had an average percentage error as low as 0.38% compared
to the HR from the real APG, which confirms the efficacy of
our ECG-to-APG translator.

2) End-to-End Denoising Model: We use the percentage
error between the HR calculated from the original APG
and the HR calculated from the denoised APG signal as a
criterion to measure the model’s performance. Due to the



TABLE I
AVERAGE HR PERCENTAGE ERROR ACROSS DIFFERENT ACTIVITIES.

(%) Rest | Talk | Chew | Weightlift | Walk Jog Average
Raw APG 592 | 21.40 | 33.94 2347 32.65 | 23.65 23.50
Recovered APG | 236 | 3.34 4.67 6.43 4.02 3.25 4.01
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Fig. 6. Percent error distribution by volunteer

limited number of volunteers (14 in total), We apply cross-
validation to train the model on a set of volunteers and test
the model on the remaining ones. We repeat this process and
obtain the HR error rate for all 14 volunteers to fully assess
the model’s performance across individuals. Figure 6 shows
the distribution of heart rate error rate on each volunteer. It
can be seen that most of the errors are below 10%. Then,
we average the HR calculated for each scenario across the
volunteers and compared the average percentage error between
the HR calculated from the original APG and the HR calcu-
lated from the denoised APG. Table I shows the differences
between them. We observe that the average HR error from
the original APG was as high as 23.50%, while the error
from the recovered APG decreased to 4.01%. Specifically, the
error is smallest at rest, at 2.36%, and largest at weightlift,
at 6.43%. The high error during weightlifting may be due
to irregular limb movements, which poses a challenge to our
denoising model. Nevertheless, all errors are still well below
the industry-required tolerance range of 10% [18].
V. DISCUSSION

Although our evaluation shows that CLEAR-APG signifi-
cantly improves the robustness of APG-based HR monitoring,
it is worth acknowledging that the current work still has some
presenting challenges leave for future research:

e Small dataset size. Our current evaluation is restricted to a
small number of volunteers. In the future, we plan to validate
on larger datasets to better assess cross-user performance.

o ECG-to-APG translator. Current CLEAR-APG utilizes a
suboptimal clean APG generated by the ECG-to-APG trans-
lator as groundtruth reference, which may introduce intrinsic
errors (average HR error of 0.38%). Consequently, the de-
noiser may learn these discrepancies, potentially amplifying
inaccuracies in high-variability activities. To address this,
future work could explore direct collection of motion-free
APG ground-truth or refine the translator with larger datasets.
e Data augmentation. Furthermore, modeling noise patterns
— such as periodic deformations from walking or vibrations
during speaking could offer an avenue for simulation-based
data augmentation. By generating synthetic noisy signals from
clean ground truth, we can expand the dataset and enhance
model robustness.

VI. CONCLUSION

We have presented CLEAR-APG, a multi-modal approach
to APG denoising. Inspired by target sound extraction in

speech processing domain, we leverage gyroscope readings
as a motion clue to guide the model to gradually remove the
impact of body motions on raw APG signals, ensuring reliable
heart rate monitoring in different daily activities setups.
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