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ABSTRACT

The human ear presents unique physiological and practical
advantages for cardiac monitoring. However, existing ear-
able systems rely on extra hardware and complex processing,
making them unsuitable for resource-constrained True Wire-
less Stereo (TWS) earbuds. We present EarCardio, a system
that repurposes the built-in IMU sensors of commercial TWS
earbuds for cardiac monitoring. Our key insight is that the
built-in IMUs can capture ballistocardiogram (BCG) signals,
which are streamed to a smartphone via Bluetooth for pro-
cessing. EarCardio enhances the low-rate and unreliable IMU
data through multi-axis fusion and signal enhancement, and
further reconstructs fine-grained seismocardiogram (SCG)
signals using a region-focused translation framework. We im-
plement EarCardio as a real-time system and evaluate it with
110 human subjects. Results show that EarCardio accurately
reconstructs cardiac signals and remains robust to motion
artifacts, missing data, and low sampling rates, thus enabling
a wide range of cardiac monitoring applications.
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1 INTRODUCTION

Cardiovascular diseases (CVDs) are the leading cause of
global mortality, accounting for approximately 17.9 million
deaths annually [1]. This staggering figure underscores the
critical need for innovative solutions in cardiac care, particu-
larly non-invasive, continuous monitoring technologies that
can enhance early detection of CVDs while alleviating the bur-
den on healthcare systems. The widespread adoption of TWS
earbuds, expected to reach over 700 million users by 2026
[2], offers a promising mobile health platform to meet this
demand. The ears’ anatomical structure, rich in vital blood
vessels like the superficial temporal and posterior auricular
arteries, provides a stable site for accurate cardiac monitoring.
Current research in earable computing leverages these vas-
cular advantages to develop cardiac monitoring solutions
[3-6]. Representative techniques include integrating photo-
plethysmography (PPG) sensors for in-ear PPG monitoring
[3] and using ultrasonic transducers to measure cardiac dy-
namics [5]. Headphone drivers have also been repurposed
[4, 6] to detect heartbeats and reconstruct phonocardiogram
(PCG) signals. However, these solutions necessitate additional
hardware design or complex software processing. This poses
significant challenges for commercial TWS earbuds, which
are constrained by their form factor and resources, including
energy, communication, and computation capabilities.
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In this paper, we explore the potential of repurposing com-
mercial TWS earbuds for cardiac monitoring applications.
Our preliminary studies demonstrate that standard IMU sen-
sors, i.e., accelerometers and gyroscopes, embedded in TWS
earbuds and originally intended for head motion tracking, can
potentially capture in-ear BCG signals. Based on this obser-
vation, we propose EarCardio, a novel system that augments
TWS earbuds with BCG monitoring capabilities. EarCardio
can convert the acquired BCG signals into SCG waveforms
that are associated with clinically relevant cardiac metrics. It
is compatible with COTS TWS earbuds, e.g. Apple AirPods
[7] and eSense [8], and can be implemented through software
enhancements, without any hardware modifications.

To achieve these advantages, we address three challenges:

Challenges of reusing the limited TWS earbuds hardware
and software. To preserve the earbuds’ normal functions and
minimize software overhead, EarCardio utilizes the exist-
ing Bluetooth Low Energy (BLE) communication channel
to stream raw IMU data to a mobile device (e.g. a smart-
phone), which then processes the IMU data to derive BCG
signals. However, the BLE-based IMU stream is primarily
designed for real-time head motion tracking, which tends
to be deprioritized by the TWS earbuds and allocated only
minimal resources. Thus, the IMU data stream suffers from
low sampling rate and unreliable sampling issues, especially
when contending with more audio streaming functions. To
overcome this challenge, we use the timestamps in the IMU
stream to identify the locations of missing samples. We then
develop a neural-based cardiographic continuity enhancement
method by employing data fusion across multiple axes and
ensemble learning from consecutive beats to fill in the miss-
ing data. Additionally, we design a super-resolution scheme
to reconstruct cardiographic signals at a high sampling rate.

Challenges in reliable in-ear BCG sensing. The BCG sig-
nals extracted from IMU typically exhibit low SNR compared
to those from specialized sensors, especially in the presence
of motion artifacts. Moreover, variability in ear shapes and
vessel locations results in different sensitivities across the
axes. These in-ear IMU characteristics imply that prior de-
noising designs developed for more stable signals may not
directly transfer to commercial TWS earbuds. To address
these challenges, we introduce a two-stage denoising solution.
We first mitigate the motion artifacts in the frequency domain
using stationary wavelet transform (SWT). Then we design a
multi-head attenuation network to select and fuse the axes that
are more sensitive to BCG signals. In addition, to enhance
model generalization, we leverage an IMU simulator to create
highly diverse training data, incorporating different motion
artifacts and user profiles.

Challenges of utilizing in-ear BCG for practical applica-
tions. The ultimate goal of EarCardio is to harness in-ear BCG
for practical applications, particularly in CVD monitoring.
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However, existing neural-based signal enhancement solutions
inadvertently suppress anomalous heartbeat signals. Similarly,
anomalous heartbeat peak magnitude might be mistakenly
normalized due to biases inherent in the training dataset. To
maintain the fidelity of crucial cardiac features, we carefully
design our neural networks to achieve super-resolution BCG
waveform reconstruction without changing the interval of the
signals, thereby preserving essential time-domain information.
Additionally, we develop a cardiac-focused loss function that
prioritizes the accurate reconstruction of peak regions of the
cardiographic signals, while diminishing focus on less critical
areas. To further enhance accuracy, we design a transformer-
based neural network that fuses multi-axis in-ear BCG sig-
nals and reconstructs physiologically aligned SCG [9]. This
is motivated by the fact that both BCG and SCG capture
cardiomechanical events within the same cardiac cycle, shar-
ing waveform structures rooted in mechanical heart motion,
which makes SCG a natural target for translation.

We have implemented EarCardio end-to-end as Android
and i0S appsl, running on smartphones which acquire and
process the IMU data from the TWS earbuds. We further
collected a real-world dataset consisting of 40 hours of in-ear
BCG recordings from over 110 participants, and synthesized
an additional 150 hours of data with 202 types of motion ar-
tifacts for model training. Our evaluation results show that
EarCardio effectively reconstruct SCG signals, with an aver-
age cosine similarity of 0.92 across participants with varying
BMI, ages, and genders. EarCardio estimates heart rate (HR)
and inter-beat interval (IBI) with average errors of 2.73% and
1.74%, respectively, even in the presence of significant mo-
tion artifacts, missing data, and low sampling rates. EarCar-
dio operates in real-time on COTS TWS earbuds and paired
smartphones with power consumption of only 1.14 mAh/h
and 7.26 mAh/h, respectively. Our case studies reveal that the
recovered SCG signals can support various healthcare and
HCT applications, including long-term HR and Heart Rate
Variability (HRV) monitoring, biometric user authentication,
pathological case detection, Blood Pressure (BP) estimation,
and electrocardiogram (ECG) reconstruction.

We summarize our contributions as follows:

e We conduct comprehensive preliminary studies and demon-
strate that standard IMU sensors embedded in TWS earbuds
can effectively capture in-ear BCG signals.

e We develop an end-to-end, software-only BCG sensing
scheme that can be seamlessly integrated into COTS TWS
earbuds without requiring any hardware modifications while
minimizing software overhead.

e We design a neural enhancement network to mitigate the
motion artifacts and enhance cardiographic signal continu-
ity. We further devise a region-focused signal reconstruction

"The implementation is available at https://github.com/fuyongjian/EarCardio.
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Cardiac Measurement Frequency Sensing Sensor
Signals Methods Range Modality
PPG Blood volume 0.5~4 Hz Light LED + PD
ECG Electrical activity | 0.5~100 Hz | Electrical Electrode
PCG Heart sound 20~2k Hz Acoustic Mic
SCG Chest vibration 1~50 Hz Mechanical | Acc/Gyro
BCG Be ;’jfnfrf‘;f ZZ) eg;" 1~20Hz | Mechanical | Acc/Gyro

Table 1: Sensing mechanisms for cardiographic signals.

method that fuses and translates multi-axis, coarse-grained
in-ear BCG signals into fine-grained SCG signals.

e We conduct comprehensive experiments to demonstrate
EarCardio’s accuracy, reliability, and effectiveness in support-
ing diverse cardiac use cases.

2 BACKGROUND AND RELATED WORK
2.1 A Primer on Cardiographic Signals

Cardiographic signals are categorized into four types based
on sensing modalities, as summarized in Table 1. PPG uti-
lizes a light source and a photodetector to measure blood
volume changes. ECG captures the heart’s electrical activity
using electrodes. PCG employs microphones or specialized
sensors to record heart sounds. SCG detects subtle chest wall
vibrations from the heart’s mechanical actions, particularly
the movement of the heart muscle and the ejection of blood.
The BCG used in EarCardio is akin to SCG, measuring the
body’s recoil movements caused by the heart’s mechanical ac-
tivity during blood ejection, as shown in Figure 1. Below we
compare these cardiographic signals from four perspectives.
Clinical Advantages of Extended Monitoring: Routine car-
diac check-ups (10-30 s) often miss transient abnormalities
such as arrhythmias or subtle episodes of heart failure. Clini-
cal studies show that long-duration or repeated monitoring ses-
sions (from minutes to hours each day) substantially improve
event detection compared to isolated spot checks [10, 11].
Cardiac monitoring over extended periods also helps identify
mechanical dysfunctions in heart failure [12, 13]. EarCardio
enables practical in-ear measurements that offer opportunis-
tic multi-hour recordings during natural earbud use. This
can provide richer coverage than brief check-ups and capture
transient events more reliably in a non-intrusive manner.
Invasiveness and Accessibility: ECG, SCG, and PCG are
considered relatively invasive. ECG requires electrodes to be
firmly attached to the skin, limiting their use for continuous
cardiac monitoring [14]. SCG and PCG generally require at-
taching sensors to the subject’s chest. In contrast, PPG and
BCG are less invasive and more accessible through wearable
sensing. PPG sensor is a standard module on smartwatches
[14], and BCG can be measured using ubiquitous accelerom-
eters positioned on the body or an adjacent surface, such as
a bed or chair [15]. This minimally invasive nature and the
reuse of existing sensors inspired the design of EarCardio.
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model of BCG formation. near the ears.

Medical Applicability and Signal Translation: ECG and
PCG are considered clinical gold standards for CVD diag-
nostics due to the tight sensor attachment and hence highly
sensitive measurement. Recent studies highlight that the less-
invasive PPG and SCG technologies also closely correlate
with myocardial activities [16]. These technologies offer po-
tential for translating PPG/SCG to ECG [9, 17-22]. Despite
the potential, they largely depend on controlled, high-quality
datasets, which may limit practical applicability [9, 19, 23,
24]. In contrast, EarCardio captures in-ear BCG signals char-
acterized by low SNR, low sampling rates, unreliable sam-
pling, and significant motion interference. Our case studies
involving 100 participants demonstrate EarCardio’s effective-
ness in real-world cardiac monitoring applications.

2.2 Earable Cardiographic Signal Sensing

Table 2 compares existing earable cardiographic sensing so-
lutions. In-ear PPG earbuds integrate LEDs and photodiodes
to track blood-volume changes for respiration and blood-
pressure estimation [25]. While in-ear PPG in TWS earbuds
is becoming increasingly feasible (e.g., AirPods Pro 3 [26]),
PPG remains an optical hemodynamic modality: it primar-
ily reflects low-frequency blood-volume pulsations and pro-
vides limited access to cardiomechanical timing and structure.
More critically, PPG does not directly capture cardiomechan-
ical events (e.g., valve-motion—related signatures and systolic
timing landmarks) that support systolic-interval/SCG timing
and BP-related metrics; these mechanical landmarks can also
serve as anchors for feasibility ECG-like reconstruction, moti-
vating complementary modalities rather than replacing PPG.

HeadFi and Asclepius repurpose headphone drivers as PCG
sensors [4, 6], but their wired prototypes and auxiliary ana-
log circuitry limit translation to ultra-compact TWS earbuds.
Prior work on TWS earbuds instead leverages COTS in-ear
microphones or speaker—microphone pairs for sensing, includ-
ing in-ear PCG [27, 28] and APG [5]. However, in-ear PCG
on commodity ANC earbuds is often impaired by microphone-
chain filtering and music interference [5], while APG relies
on ultrasonic probing via ANC speakers that remains de-
tectable by feedback microphones during playback. Despite
this robustness, APG produces PPG-like signals dominated
by vascular pulse dynamics (HR/HRV). In contrast, EarCar-
dio offers a software-only approach using only built-in IMUs
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Cardiac Sens HwW Monitoring
Signal ensor Change Functionality
In-ear PPG In-ear LED
3] PPG +PD Yes HR, HRV, BP
HeadFi Heart Speaker
[4] Rate driver Yes HR
Asclepius In-ear Speaker ) ) .
6] PCG driver Yes PCG for auscultation
In-ear PCG | In-ear In-ear N HR. HRV
[29-31] PCG microphone 0 ’
In-ear
APG In-ear |- caker& | No HR, HRV, IBI
[5] echo ;
microphone
Around-ear
BCG BCG slel\r:lslir Yes HR, HRV
[32,33] o
In- ™M HR, HRY, IBI
EarCardio | —.o2r U No » HRY, IBL, SCG

BCG sensors ECG, and BP

Table 2: Comparison between various in-ear cardio-
graphic sensing techniques (HW: Hardware).

to extract in-ear BCG and reconstruct SCG/ECG, capturing
cardiomechanical features (e.g., valve-related events and sys-
tolic intervals) that are largely orthogonal to acoustic cues
and complementary for future multimodal fusion.

Prior ear-area BCG systems either rely on customized,
high-rate IMUs or treat BCG as a complement to in-ear
PPG, thus largely sidestepping COTS TWS constraints. Fac-
eReader mounts ~1kHz IMUs on AR/VR headsets[32] but,
due to the sensor—artery standoff, the signal is dominated by
skull-propagated micro-vibrations and effectively low-pass fil-
tered [34], suppressing valve-motion and systolic timing cues
and limiting it to HR estimation. A custom hearing-aid design
places a > 500Hz IMU behind the ear[33] with higher fi-
delity, but requires a nonstandard form factor, added circuitry,
and wired links. Recent systems fuse ~500Hz BCG with
in-ear PPG for multimodal monitoring[35, 36]. In contrast,
COTS TWS earbuds must operate with ~25 Hz IMU sam-
pling, strong motion artifacts, and low-bandwidth/unreliable
transmission, while supporting richer analytics such as beat-
to-beat SCG/ECG reconstruction and downstream tasks (e.g.,
authentication and BP estimation).

To our knowledge, EarCardio is the first system to use the
built-in, low-rate IMU of COTS TWS earbuds to reconstruct
in-ear BCG and SCG/ECG waveforms without hardware
changes, protocol tweaks, or noticeable system overhead.

3 PRELIMINARY STUDY

Figure 1 shows the basic in-ear BCG model, which can be
interpreted as the blood-pressure gradients in the ascending
and descending aorta [37]. When an instantaneous force is
exerted on the blood in the main artery, the BCG force Fgcg
can be estimated as

Fpeg(t) = Sq[Pi(t) — Pp(t)] = Sa[Po(t) — Pi(t)] (D
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(a) Left-ear BCG from #A  (b) Right-ear BCG from #B
Figure 3: Raw IMU waveform collected by Apple AirPods
Pro (Duration: 8 seconds; Sampling Rate: 25 Hz; Units:
Ace m/ s> and Gyro dps). Red dotted line represents the
noise floor when the earbud is placed on a flat surface.

where S; and S, are the average cross-sectional areas of the
descending and ascending aorta, respectively. Py(t), P;(t)
and P,(t) represent the blood pressure waves of the ascend-
ing aorta inlet, arch outlet/inlet, and descending aorta outlet,
respectively. As shown in Figure 2, two arteries around the
ear, i.e. superficial temporal artery and occipital artery, intro-
duce significant mechanical vibration inside the ear. Our key
finding is that in-ear BCG signals can propagate into the ear
canal, allowing them to be measured by the IMU sensors in
COTS TWS earbuds.

3.1 Feasibility of In-ear BCG

To assess the feasibility of in-ear BCG, we conducted prelimi-
nary studies using two commercial TWS earbuds that provide
access to raw accelerometer and gyroscope data from their
IMU sensors, i.e. the Apple AirPods series [7] and the eSense
open earable platform [8]. During the experiment, subjects
were instructed to wear the earbuds as they normally would
while remaining stationary. Figure 3 shows the raw IMU
waveform recorded by Apple AirPods Pro (2nd generation),
which exhibits the same pattern to typical BCG signals [37].
We repeated this experiment using eSense and observed the
same. This attributes to the high sensitivity of IMU sensors.
According to the datasheet, earable accelerometers have a
typical measurement range of +2g and a digital resolution of
16 bits, translating to a resolution of 0.06mg/LSB. The gyro-
scopes feature a measurement range of £125dps (degrees per
second) and a digital resolution of 16 bits, resulting in a reso-
lution of 0.004dps/LSB. Our preliminary study indicates that
the average maximum peak amplitude of in-ear BCG, char-
acterized by accelerometer and gyroscope, is approximately
0.005m/ s> and 0.03dps, respectively, resulting in an average
empirical peak SNR of 38dB and 19dB. This suggests that
the IMU sensors in TWS earbuds have sufficient resolution to
sense in-ear BCG signals.

To measure the reliability of in-ear BCG, we employ the
frequency domain Bandpass SNR [38], which evaluates how
effectively the 1 ~ 10Hz cardiac frequency components are
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Figure 4: Frequency domain bandpass SNR benchmark
across different IMU axes and subjects.

preserved amidst noise. The Bandpass SNR (in dB) is cal-
culated as: 1010g;o(Psignat [ Proise ), Where we compute the
power spectral density (PSD) to determine the mean power of
both the signal (Pg;gnqr) and noise (Ppojse)- Proise 18 sampled
when placing the earbuds on a stationary surface.

We measured the SNR of multi-axis in-ear BCG signals
across 100 (Figure 4). Section 5 elaborates on our participants’
profiles. Our findings are and summarized as follows.
Variable SNR across different IMU axes. We observe sig-
nificant variation in SNR across different IMU axes. The axis
oriented toward the occipital artery (Y-axis for Apple AirPods
and X-axis for eSense) achieves the highest SNR, averaging
18.21dB and 20.51dB, respectively. Conversely, the axis fac-
ing outward from the subject (X-axis for Apple AirPods and
Z-axis for eSense) exhibits the lowest SNRs, with averages
of 10.04dB and 13.93dB, respectively.

Consistent SNR across subjects of different gender, BMI,
and age. Female subjects exhibit slightly lower SNRs than
male subjects, with an average difference of 1.53dB across
different axes. BMI affects the SNR, but insignificantly, with
only a 1.87dB reduction observed between underweight (BMI
< 18.5kg/m’) and obese subjects (BMI > 30kg/m®). With
respect to age, the average SNR is 12.33dB for subjects under
30 years of age, 10.67dB for those between 30 and 40 years,
and 9.56dB for those over 40 years. This decrease in SNR
with age is likely due to the higher BMI typically associated
with older subjects.

Consistent SNR across different ear tips and wearing
styles. The SNR is consistent for different ear tip size and
wearing styles. Apple provides four ear tip sizes and a fit test
to select the best size for users [39]. When users chose an
unsuitable ear tip without passing the ear tip fit test, the SNR
drops by only 1.34dB and 1.13dB for the accelerometer and
gyroscope, respectively.

Consistent SNR across different COTS TWS earbuds. The
IMU sensors in AirPods are not configurable, whereas eSense
provides IMU sensor configuration. We configure the eSense
to maximize SNR, by minimizing the measurement range
of accelerometer with +2g and gyroscope with £250dps, re-
spectively, while disabling the on-chip low-pass filter. eSense
achieves an average SNR of 18.84dB compared to Airpods
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Figure 6: In-ear BCG SNR under common motions.

Pro’s 13.12dB. We suspect that this is also because eSense
can be better secured on the subject’s ears as it offers specific
designs to ensure a firm attachment [40].

3.2 Challenges of In-ear BCG

Despite the potential of in-ear BCG sensing, several key chal-
lenges must be addressed for practical usage.

3.2.1 Inherent Challenges due to Earbuds’ Hardware
and Software Constraints. Because of the limited computa-
tional resources, the earbuds’ IMU data have to be streamed
to an associated mobile device for post processing, which
involves two challenges.

Low Sampling Rate. Standard IMU sensors typically support
sampling rates exceeding 500Hz. However, TWS earbuds are
limited to much lower rates due to BLE constraints. COTS
TWS earbuds limit each BLE packet to transfer one 6-axis
IMU data sample without buffering to guarantee real-time
processing. The minimal packet interval for Bluetooth 5.4
is 7.5ms, theoretically allowing a maximum rate of 133.3Hz.
In practice, factors such as energy consumption and com-
putational limitations further reduce this rate. For example,
Apple AirPods Series is configured with a minimal packet
interval of 40ms, resulting in a 20 ~ 25Hz rate. These rates
are sufficient for head motion tracking, but inadequate for
cardiac monitoring and analysis, which typically demands a
minimum sampling rate of 100 ~ 200Hz [41].

Unreliable Sampling. The IMU stream transmitted over BLE
exhibits inconsistent sampling intervals. Using AirPods Pro
paired with an iPhone (Figure 5(a)), we observe timestamp
gaps that fluctuate by multiples of 40ms (nominally 25Hz),
indicating missing samples. We identify three root causes.
First, resource contention with real-time audio functions de-
grades sampling reliability, and the loss is most pronounced
in ANC and Trans modes. Second, BLE channel conditions
matter: when the phone is within ~5m of the user or car-
ried on-body, loss is minimal, whereas at ~15m with wall
obstructions, packet loss exceeds 30%. Third, even in close
proximity with audio disabled, environmental interference
(e.g., nearby BLE devices) can destabilize the link and trigger
loss, as shown in Figure 5(b). Finally, the earbuds’ low-latency
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head-tracking and spatial-audio control requires a short BLE
supervision timeout (100ms), which further exacerbates loss
under congested wireless conditions and aligns with prior
BLE wearable measurements[42].

3.2.2 Challenges in Practical Usage Scenarios.

Low SNR. We compared the SNR of in-ear BCG with that
of other body parts. During the measurement, users were in-
structed to firmly attach an AirPod earbud to the “Back of
the ear”, “Chest”, and “Neck” using tape. In-ear BCG has
7.97dB, 6.76dB and 2.27dB lower SNR than “Back of the ear”,
“Chest”, and “Neck”, respectively. This is because the two
near-ear arteries are not proximate to the in-ear measurement
site (Figure 2). Besides, in-ear BCG were captured with nor-
mally worn earbuds, rather than the tape-secured setting.
Motion artifacts. We further quantified the SNR of in-ear
BCG across several common motions, including “Speak”,
“Nod”, “Head shake”, and “Walk”, as illustrated in Figure 6.
“Speak” motion introduces interference at intensities compara-
ble to that of stable in-ear BCG. In contrast, head movements
and walking produce substantial motion noise, surpassing the
desired BCG signals by several orders of magnitude.
Variation across different subjects. Although different sub-
jects achieve similar SNR, their in-ear BCG waveforms ex-
hibit significant variability. Figure 3 demonstrates an example
for two subjects. Subject #A’s in-ear BCG is sensitive to the
Y-axis and Z-axis of the accelerometer and the Y-axis and
Z-axis of the gyroscope, while Subject #B is sensitive only
to the X-axis and Y-axis of the gyroscope. This variability is
attributed to differences in ear shapes, vessel locations, and
wearing styles among subjects, which affect the waveform
and the sensitivity of different IMU axes.

4 SYSTEM DESIGN

In this section, we introduce the key design components of
EarCardio which follow the workflow in Figure 7.

SpeakSaccade Type Nod Shake Walk
Motion Types

)
- Y Operation

S":‘i(g)lr?a}l/l Missing Pattern Hidden State Denoised

Signal
Figure 9: Deep denoising model architecture.

4.1 Motion Artifacts Denoising

Although motion artifacts obscure the subtle in-ear BCG in
the time-frequency domain, as visualized in Figure 10(b), two
key factors offer new opportunities to denoise such interfer-
ence. First, in-ear BCG has a unique cardiac frequency pattern
distinct from arbitrary body motion. This pattern enables us to
determine whether the IMU signals are dominated by motion
artifacts or in-ear BCG, allowing for targeted enhancement of
the relevant signals. Second, certain sensors and axes among
the 6-axis IMU experience less motion interference during
specific motions, as highlighted in the example in Figure 6.
Our motion artifact denoising pipeline leverages these two
findings, comprising the following two stages.

4.1.1 SWT-based denoising. Common motion artifacts,
particularly those generated by slow head movements and
systemic body motions, typically have frequency components
below 2 Hz [43]. In contrast, the critical peaks of BCG signals,
including the H, I, J, K and L peaks, occur at frequencies
above 3Hz [44]. Our SWT-based algorithm is designed to
reduce the low-frequency dominant motion interference while
maintaining the critical high-frequency BCG signals.
The SWT-based denoising method can be expressed as

J N
=) Di(t)+ ) Di'(t) @)
i=1 i=J+1
where D,’-j and D;"(t) represent the ith wavelet coefficients
corresponding to high-frequency BCG signals and lower-
frequency motion artifacts, respectively. N is the order of
SWT, and J is the decomposition level separating the frequen-
cies of motion artifacts and BCG signals. We set N = 5 and
J = 2 when the sampling rate of IMU sensor is f; = 25 Hz.
Therefore, the filtered signal frequency band is > f;/ 2!
3.25 Hz, ensuring the preservation of critical peak informa-
tion in BCG signals. In practice, we first decompose the IMU
signals using SWT, and then reconstruct the enhanced time-
domain cardiac signals s,(t) by applying inverse SWT to
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Figure 10: Time-frequency domain visualization for motion artifacts denoising.

high-frequency component {Df, Df }. Note that these steps
are performed separately for each axis.

The key advantage of SWT compared to traditional dis-
crete wavelet transform is its ability to decompose signals
into different frequency bands without downsampling. This
ensures that the processed signals retain the time-domain de-
tails of the BCG signals. However, due to the aforementioned
problem of unreliable sampling, directly applying SWT to the
raw IMU data would significantly corrupt both the time and
frequency information. Fortunately, the IMU stream records
the timestamp of each received IMU sample, allowing us to
identify the missing patterns in the data stream. Thus, before
applying SWT denoising, we first perform a simple linear
interpolation, which upsamples the IMU stream to a stable
sampling rate by filling in the missing data. Note that this step
alone is insufficient to fully address the unreliable sampling.
It has to be augmented by the neural-enhanced cardiographic
continuity algorithms (Section 4.2).

Figure 8 shows the SNR with and without SWT-based
denoising under various motion artifacts. The denoising ef-
fectively reduces low-frequency motion interference, notably
during subtle, slow motions like “Speak”, “Saccade” and
“Type”. However, significant residual noise remains in axes
with high-frequency interference, mostly due to fast motions
like “Nod”, “Shake”, and “Walk” (see Figure 10(c)). We note
that other potential vibration sources (e.g., earbud speaker
playback) are also dominated by higher-frequency compo-
nents and have limited overlap with the low-frequency cardiac
band captured by IMU, and thus are less impactful in practice.

4.1.2 Neural-based multi-axis denoising. We further de-
sign a model to reduce the residual noise. It takes the SWT-
denoised IMU data as input, and fuses the multi-axis data.

Model design. Figure 9 illustrates our model architecture.
It takes 5-second, 6-axis IMU sensor data as input and out-
puts the corresponding denoised 5-second, 6-axis in-ear BCG
signals. To preserve critical timing information, both input
and output signals are maintained at 25 Hz to match the IMU
sampling rate. Our model consists of two components. First,
We design a channel-attention module that uses multi-head
attention to estimate time-varying axis reliability, selectively
up-weighting high-SNR axes/time segments to denoise low-
SNR axes via cross-axis evidence aggregation. Second, we

incorporate a denoising autoencoder, which encodes the input
signal into a lower-dimensional representation, effectively
filtering out noise while preserving essential features. A de-
coder then reconstructs the signal, focusing on the cardiac
components while suppressing residual motion artifacts.
Training data synthesis. Training a robust denoising model
requires large-scale paired in-ear BCG data with and with-
out motion artifacts, which is difficult to acquire in practice,
even with additional sensors on the earbuds. We address this
challenge by observing that motion artifacts act as largely
independent and additive interference to in-ear BCG, with
minimal impact on blood pulsation [45]. Accordingly, we first
collect clean in-ear BCG signals under stationary conditions,
separately simulate motion-induced IMU signals, and then
synthesize paired training data via linear combination.

To collect clean in-ear BCG signals, we reuse the 100
subjects and instruct them to remain seated and stationary,
yielding over 145,000 beats (25 hours). To model motion
artifacts, we synthesize motion-induced earbud IMU signals
using an IMU simulator, avoiding the need for large-scale
real motion data collection. Specifically, we extend the simu-
lator in [46] and drive it with AMASS [47], which aggregates
15 motion-capture datasets and provides 63 hours of high-
resolution SMPL meshes covering diverse daily activities. We
downsample AMASS to 25 FPS to match TWS sampling,
place a virtual IMU at the ear vertex of the SMPL mesh, and
generate earbud-frame orientations and accelerations. Train-
ing inputs are synthesized by linearly combining simulated
motion signals with clean in-ear BCG, resulting in a 150-
hour dataset spanning 300+ body shapes and diverse motions,
which enables training a generalizable denoising network.

4.2 Cardiographic Continuity Refinement

Our signal enhancement method aims to further address the
challenges of cardiographic discontinuity caused by unreli-
able sampling and data loss. Figure 11 shows a real-world
example of an IMU stream received by a smartphone when
a stationary subject wore the earbuds in ANC mode. Even
after applying linear interpolation, the in-ear BCG signals
remain significantly disrupted, particularly when critical peak
information is lost, as highlighted in Figure 11(b).

Model design. EarCardio’s cardiographic continuity refine-
ment solution builds on two observations. First, the peak
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Figure 11: Example of missing data issue.

positions in BCG signals vary across different axes due to
the transmission of vibrations through blood vessels in mul-
tiple directions [48]. Therefore, even if a specific axis (Fig-
ure 11(b)) misses critical peak information, other axes can
preserve their own (Figure 11(c)). Second, consecutive beats
exhibit similar BCG signals and are unlikely to miss the same
peak information simultaneously. Thus, they can be combined
to resolve cardiographic discontinuities. These two princi-
ples align closely with the neural-based multi-axis denoising
model. Therefore, the same neural network in Section 4.1.2
can be repurposed to achieve dual objectives: motion artifact
denoising and cardiographic continuity refinement. To guide
refinement, we derive a missing-sample pattern from times-
tamp gaps At by first computing k = At * f;, where f; is the
sampling rate, k = 1 indicates no loss and k > 1 indicates k—1
missing samples. We incorporate this pattern also as the input
of the model. As shown in Figure 9, EarCardio employs the
missing pattern as a binary mask, providing supplementary
positional information for multi-head attention and guiding
the autoencoder to recover the missing data.

Training data synthesis. To train this model, we need to col-
lect in-ear BCG signals from TWS earbuds without data loss,
which serves as the ground truth. To achieve this, we disable
all audio functionalities and ensure that no additional BLE or
Bluetooth devices are detected nearby. Data is collected while
the associated smartphone receiver is placed on a table nearby,
as shown in Figure 13. After data collection, we manually
remove any received IMU streams with packet loss, creating
a clean dataset at a 25 Hz sampling rate. We simulate packet
loss by randomly masking 0-50% of the data. Inspired by
masked learning [49], this design focuses on learning robust
reconstruction under diverse contexts rather than emulating a
specific BLE loss distribution. Figure 5 shows that real-world
TWS packet loss is typically <10%; extending the range to
50% ensures robustness under more severe conditions, while
also covering bursty losses, which can be viewed as localized
intervals of high missingness.

Detecting the limit of cardiographic continuity refinement.
Our cardiographic continuity refinement solution may not
perform well when the packet loss rate is significantly high,
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Figure 12: Cardiogram Reconstruction.

e.g., due to a long BLE link distance. We set a packet loss
rate threshold 7 to identify when the IMU stream is too se-
verely corrupted. EarCardio can accordingly enter a fail-safe
mode, warning the user to discard such data. We empirically
determine 7 = 24% through extensive testing (Section 6.3).

4.3 Cardiogram Reconstruction

Although our signal enhancement design improves the in-ear
BCG quality, its low sampling rate and unreliable waveform
limit its ability to provide detailed cardiac insights. Whereas
the IMUs on COTS TWS earbuds can achieve 40 ms time
resolution (at 25 Hz), reliable HRV measurement requires
a time resolution of at least 10 ms [50]. Moreover, multi-
axis in-ear BCG exhibits inconsistent peak magnitudes and
waveforms due to variations in ear anatomy, vessel location,
and wearing style. To overcome the challenge, we develop a
super-resolution cardiogram reconstruction neural network
that translates multi-axis in-ear BCG into clinically reliable
SCG signals with a high sampling rate. Although sampled at
25 Hz, the target AO/AC/RF landmarks are predominantly
< 10 Hz, so their timing is preserved; our model leverages
cross-axis redundancy to reconstruct a higher-rate waveform.
Model design. Our model input is the output from the afore-
mentioned denoising neural network. As shown in Figure 12,
our model begins with a feature extraction stage, where 4-
layer convolutional layers distills crucial spatial features from
the multi-axis in-ear BCG signals. This is followed by a two-
layer Transformer encoder [51], which captures long-range
dependencies and sequential patterns. The encoder’s attention
mechanism allows the model to dynamically focus on key
temporal features, particularly those associated with heart-
beats. Finally, a fully connected layer decodes the processed
features into single-channel SCG signals with 100 Hz sam-
pling rate. We choose a fully connected layer instead of a
Transformer decoder to enforce super-resolution upsampling
while maintaining the critical timing information of the car-
diographic signals by fixing the output size. The model is
trained using our self-collected 25 hours of clean in-ear BCG
data and their corresponding SCG ground truth (Section 5).

Cardiac-focused loss function. Recognizing that SCG re-
construction quality is primarily determined by accurately
recovering heartbeat peaks and their local morphology (rather
than low-energy baseline regions), we devise a heartbeat
energy-weighted loss that explicitly biases learning toward
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these informative segments. Specifically, we apply the Hilbert
transform to obtain the envelope of the target SCG signal,
normalize it, and use it as a weight on the MAE so that
high-energy heartbeat regions contribute more to the training
objective. We further combine this weighted MAE with a
standard MAE, yielding a dual-objective that preserves global
fidelity while sharpening peak-aligned reconstruction. The
loss function is defined as:

1 & 1
L=aXx NZ|gi—yi| +px Nzwilgi_yi| 3

where N represents the number of sa plelsz,lg,- is the predicted
value, y; is the ground truth value, and w; denotes the normal-
ized weight derived from the Hilbert-transformed heartbeat
envelope. The weights « and f are hyperparameters that bal-
ance the contribution of each loss term.
Adapation to various applications using foundational
cardiac-related embeddings. In-ear BCG signals can be
used not only to reconstruct the SCG signals for measuring
HR and HRV but also for other diverse applications (Sec. 6.5).
However, each application requires collecting a large amount
of paired in-ear BCG data and corresponding ground truth
to train a specific model. To overcome this burden, we de-
liberately design the BCG-to-SCG super-resolution task as a
pretext objective. Unlike coarse targets such as HR/HRV, SCG
encodes fine-grained cardiomechanical events (e.g., valve mo-
tions, systolic intervals). By requiring the encoder f(-) to
recover SCG from noisy, low-rate BCG, we compel it to
capture physiologically grounded dynamics in its latent rep-
resentation z = fp(x). Moreover, the task is formulated as
a super-resolution reconstruction, which forces the encoder
to learn temporal continuity and rhythmic dependencies that
generalize beyond a single application. Finally, our architec-
ture explicitly separates the encoder from the lightweight task
head hy, ensuring that the learned embeddings are not overfit
to one task but are reusable across tasks. We therefore term z
foundational cardiographic embeddings. Instead of retraining
a full model, we only replace the task head hy, and fine-tune
with few-shot paired data:
§= hl//(z)’ Liask = f(ﬁ, y) 4

This design reduces the labeled data requirement by over

95% while preserving downstream usability. We empirically

validate this benefit in the case studies (Sec. 6.5). The foundation-

style cardiographic pretraining provides reusable embeddings
applicable diverse downstream applications.

5 IMPLEMENTATION

Data collection. As depicted in Figure 13, our experimental
setup consists of a TWS earbud paired with a smartphone. We
implement apps to acquire 6-axis raw IMU data using native
10S API [52] and eSense Android library [53] for AirPods and
eSense, respectively. Since these two achieve comparable per-
formance (Sec. 3.1), our experiments use AirPods by default,
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Figure 13: Experimental setup.

unless noted otherwise. All procedures were IRB-approved.
We collected two datasets involving 110 participants.

1) Main dataset. We first collect clean in-ear BCG data in a
controlled setting from 100 participants (40 female, 60 male),
aged 19-62 with BMI ranging from 15.92 to 33.74, kg/mz.
Participants sat in a chair and wore the right earbud in the
default manner, with audio functions disabled to avoid in-
terference. Ground-truth SCG signals were recorded using
the Polar H10 at a 100 Hz sampling rate, leveraging its built-
in accelerometer and taking the chest-normal z-axis as the
reference SCG channel. Similar to [22], the signal was then
high-pass filtered at 0.5 Hz to remove respiratory components
and normalized for subsequent analysis. Participants were
instructed to wear the Polar H10 [54], and it was paired with
a smartphone [55] for data acquisition. To ensure the gener-
alizability of the trained models and evaluation results, we
introduced variability in participants’ heart rates, particularly
for conditions sensitive to rate changes such as tachycardia or
bradycardia. Following prior studies [56], heart rate fluctua-
tions were stimulated by showing participant-selected videos
(e.g., movies and news) on a monitor. Each participant com-
pleted a 15-minute session, yielding 25 hours of clean in-ear
BCG data with about 145,000 heartbeats. This dataset was
used for training, cross-validation, and evaluation of EarCar-
dio, as well as for validating the data synthesis method.

2) Additional testing dataset. To further assess robustness
under diverse conditions, we collected an additional test-only
dataset from 10 participants, spanning 15 hours and approxi-
mately 87,000 heartbeats, which is used exclusively for ab-
lation and case studies. Data were collected across different
earbud sides and operating modes, as well as during motion
and daily activities. Because commercial earbuds (AirPods
and eSense) support IMU streaming from only one earbud
at a time, we used two pairs of earbuds and smartphones,
alternately enabling one earbud while disabling its paired
counterpart to record data from both sides. Ground-truth SCG
signals were not used in this additional dataset due to signifi-
cant motion artifacts. Instead, the Polar H10 was configured
to record 130 Hz ECG signals, from which precise HR and
IBI measurements were derived as ground truth. In total, we
evaluated EarCardio on 110 participants: 100 in the main
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dataset for cross-validation, and 10 in the additional testing
dataset for ablation and case studies.

Model training. The 6-axis raw IMU data and corresponding
ground truth SCG signals were segmented into 5-second inter-
vals and preprocessed with a 0.5Hz high-pass filter to mitigate
respiratory interference. We trained our model on a server
equipped with an A40 GPU over 100 epochs. The initial learn-
ing rate is set at 0.001 and reduced by half every 10 epochs.
Following the data synthesis methods in Sections 4.1.2 and
4.2, we used the 25-hour clean in-ear BCG dataset from the
100 participants to synthesize a 150-hour dataset under 202
types of motion artifacts and with various packet loss rates
from 0 ~ 50% for training and validation. The main dataset
was divided into 10 groups for cross-validation, with each
fold involving training on 90 participants and validation on
the remaining 10.

Full implementation on smartphone. We deployed the full
EarCardio pipeline, including data capture, signal processing,
and neural inference, on an iPhone 15 Pro (iOS 18). Neural
inference was implemented via Apple’s Core ML [57].

6 EVALUATION
6.1 Evaluation Metrics

We use three metrics to assess the quality of the enhanced
in-ear BCG and reconstructed cardiographic signals.

e Cosine Similarity (Similarity) evaluates how closely the
reconstructed signal aligns with the ground truth in the time
domain, with values closer to 1 indicating higher similarity.
e Spectral Overlap Index (SOI) measures frequency-domain
accuracy, with values near 1 indicating strong spectral fidelity.
It is calculated by comparing the PSD between the recovered
waveform PSD, () and the ground truth PSD,(f) within the
frequency range [ 1Hz, 50Hz], defined as:

50Hz 50Hz
SOI'= Y min(PSD(f). PSD(f)) / > PSD(f) (5
f=1Hz f=1Hz

® Mean Percentage Error (MPE) quantifies the percentage
error in HR and IBI estimates, two widely used parameters
for CVD monitoring [58], by comparing the estimated values
Vi with the true values V;; across N measurements.

N
1 Vei = Vi
MPE = ; “5 6)

Similarity and SOI are used to evaluate SCG reconstruction,
which require the ground truth SCG as reference. Similarity
and SOI values above 0.9 and 0.85 are considered indicative
of a very high and high positive correlation for SCG recon-
struction, respectively [22, 59]. MPE is used to assess the
accuracy of HR and IBI measurements, with ground truth
data derived from ECG signals. MPE values below 5% are
used as a threshold for good accuracy in HR and IBI measure-
ments in wearable or mobile health device studies [58].

X 100%

10

Fu et al.

6.2 End-to-end Performance

We first evaluate end-to-end SCG reconstruction to demon-
strate generalization across 100 subjects under diverse scenar-
ios using the main dataset. As shown in Figure 14, EarCardio
demonstrates a very high positive correlation for SCG recon-
struction, achieving an average Similarity of 0.92 and an SOI
of 0.93. These results demonstrate strong generalization of
EarCardio across different subjects.

Detecting key cardiac features. In SCG analysis, Mitral
Valve Closure (MC) marks the onset of ventricular systole,
Aortic Valve Opening (AO) indicates the start of ejection, and
the Isovolumic Contraction Time (ICT) reflects left ventric-
ular contractility [60]. Accurate detection of these events is
critical for assessing cardiac mechanical function and deriv-
ing clinically relevant parameters such as stroke volume and
systolic time intervals. Figure 15 shows the results of these
features. EarCardio achieves mean detection errors of 4.74
ms, 4.64 ms, and 3.58 ms for MC, AO, and ICT, respectively.
The average error is well within the < 10 ms range, which is
considered adequate for most hemodynamic parameter esti-
mation [61]. The results indicate that the reconstructed SCG
preserves critical cardiac diagnostic features.

Impact of BMI. We divide the 100 subjects into four groups
based on BMI: “Under” (< 18.5kg/m2), “Normal” (18.5 —
24.9kg/m®), “Over” (25.0 — 29.9kg/m”), and “Obese” (>
30.0kg/m2). As shown in Figure 16, only the obese group de-
viates slightly from other groups, but even this group achieves
a high accuracy (Similarity: 0.87, SOI: 0.90). This suggests
that BMI has minimal impact on EarCardio.

Impact of age and gender. We categorize the 100 subjects
into six groups based on gender (“F” for female, “M” for
male) and age (“1” for < 26 years, “2” for 26—45 years, “3”
for > 45 years). As shown in Figure 17, EarCardio performs
consistently across both age and gender, with average Similar-
ity and SOI values exceeding 0.9 in most groups. However, in
the F-3 group, both Similarity and SOI fall slightly below 0.9.
We suspect that age-related changes, such as reduced cardiac
force, arterial stiffening, and muscle atrophy, likely contribute
to the observed reduction in Similarity and SOI [41]. We plan
to include more representative samples from this group in
future studies to better understand this observation.

Impact of earbuds side. Our default model is trained on
right-ear data. To study ear-side effects, we use the addi-
tional testing dataset with a dual-ear setup for fine-tuning,
where we update only the CNN and linear projection layers
for left-ear and dual-ear models while freezing the Trans-
former to preserve sequence modeling. Figure 18 compares
the three setups: the right-ear model slightly outperforms the
left, likely due to training bias, and we expect the left-ear
model to improve with balanced bilateral training data. With
the dual-ear setup, Similarity and SOI both increase to 0.96,
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showing that bilateral in-ear BCG provides complementary
information and supporting the use of dual-ear IMU streams
for fine-grained cardiac sensing. In addition, this strategy en-
ables efficient adaptation to new earbud models with different
IMU characteristics by fine-tuning only the lightweight front-
end while keeping the Transformer fixed. More broadly, the
pipeline can extend to other head-worn devices (e.g., clip-on
earbuds or smart glasses) with minor calibration, as long as
stable inertial contact is available.

6.3 Ablation Study

Resilience against low and unreliable sampling. We con-
ducted benchmark experiments to evaluate the effectiveness
of our cardiographic continuity refinement (CR) at a packet
loss rate threshold of 7 = 24%. This threshold was deter-
mined empirically: packet loss reaches r = 24% only when
the earbuds are more than 10 m away from the smartphone,
which corresponds to the maximum practical operating dis-
tance in typical usage scenarios. As depicted in Figure 19,
CR increases the Similarity from 0.746 to 0.95, equivalent
to missing only one sample within a 10-second window at
25 Hz sampling rate.

High packet loss rates and low sampling rates can lead to
missing beats, as discussed in Section 3.1. To assess whether
EarCardio can recover missing beats, we use the MPEs of HR
and IBI as metrics. As shown in Figure 20, without EarCardio,
raw in-ear BCG signals result in HR and IBI estimates with
MPEs > 10% across almost all earbud operating modes. By ef-
fectively recovering missing heartbeats, CR reduces the MPEs
for HR and IBI to approximately 8.1% and 6.8%, respectively,
especially in Trans, PB, and ANC modes when packet loss
is severe. However, denoised in-ear BCG signals still suffer
from low sampling rates, which obscure key waveform fea-
tures such as heartbeat peaks. Our cardiogram reconstruction
(CAR) solution achieves super-resolution SCG reconstruction,
further reducing HR and IBI MPEs to 2.78% and 2.71%, re-
spectively. When combining CR and CAR, the MPEs are only
1.43% and 1.31%, demonstrating EarCardio’s effectiveness in
addressing low and unreliable sampling issues.

Resilience to motion artifacts. Next, we evaluated whether
our denoising model can effectively address the motion arti-
facts. The motion artifact testing sets include synthetic data
with 202 types of artifacts (Section 5) and real-world data
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collected from 10 participants across four motion states: sit-
ting still, nodding, walking, and jogging. Each state was re-
peated 20 times, yielding Bp SNR (dB) distributions of (= 0),
(0 ~ —=10), (=10 ~ —20), and (—20 ~ —30), respectively.
We use the MPEs of HR and IBI as metrics as we can not
capture the ground truth SCG signals during motion artifacts.
In Figure 21(a), blue dots show the mean MPE for HR and

IBI under synthetic motion noise, while red dots show mea-
surements from real-world in-ear BCG with motion noise;
the two distributions closely match, indicating that the IMU
simulator reproduces realistic motion-noise characteristics.
Figure 21(b) further breaks down results by motion type: dur-
ing sitting or head movements, MPE stays below 2%, meeting
ANSI/AAMI standards [62], and remains under 10% for walk-
ing and jogging, satisfying consumer-grade requirements [58].
We further conduct an ablation study on the denoising model
using both synthetic and real-world datasets (Figure 22). With-
out denoising, the raw in-ear BCG is overwhelmed by noise
and unusable for heartbeat peak detection. SWT-based denois-
ing reduces noise but remains insufficient. A neural denoiser
(NN) alone shows promise, yet without SWT the real-data
MPE only drops to 22.05% (HR) and 27.12% (IBI). Combin-
ing SWT and NN reduces errors to 4.83% for HR and 6.45%
for IBI, with consistent performance across synthetic and
real-world datasets, indicating that our design can effectively
handle motion artifacts.

Robustness of cardiogram reconstruction. We compare
our transformer-based cardiogram reconstruction solution
with other baselines using main dataset, including UNet [22],
LSTM [63], and the version without cardiac-focused loss
(W/o CF). As shown in Figure 23, the Transformer model
W/o CF already outperforms both UNet and LSTM in terms
of Similarity and SOI, due to its strong ability to capture com-
plex spatial correlations across multiple in-ear BCG channels
and temporal dependencies across heartbeats. Incorporating
CF further improves accuracy (Similarity: 0.92, SOI: 0.94) by
directing attention to critical SCG peaks, such as the aortic
valve opening and systolic ejection, which are essential for
accurately deriving HRV. While CF yields similar HR MPE,
it significantly reduces IBI MPE from 2.95% to 1.44%, corre-
sponding to tens of milliseconds of error. This improvement
is crucial for HRV, where small IBI errors can accumulate
over time into >20% distortion in long-term metrics [64].

der.
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64 System Efﬁciency Computing | SWT | Denoising | Reconstruction Total
. . Units (ms) (ms) (ms) (ms)
Earbud Power Consumption. We measure the incremental CPU 145 | 746+137 | 1879+136 | 2770 1.95
battery overhead introduced by EarCardio, where the earbud GPU £0.28 [ 9.08 £1.10 | 24.19+1.50 | 34.72 % 1.88
continuously streams IMU data over BLE while the paired Neural | (CPU) | 7.57+£0.28 | 47.00 £1.90 | 56.02 +1.94

phone runs the full processing pipeline. Specifically, we mea-
sured the time it takes for the earbud battery to drop from
100% to 95% in Default, Trans, PB, and ANC modes using
Apple AirPods Pro, with and without the BLE IMU streaming
channel enabled, across 5 trials under the same mode settings.
Figure 24 shows that enabling BLE IMU streaming in De-
fault mode only increased power consumption by 1.14 mAh/h.
The overhead of EarCardio is 2.6%, 3.9%, 5.7% in Trans, PB,
and ANC modes, respectively, with negligible impact on the
earbud’s overall power consumption.

Smartphone Power Consumption. We measured the time
it takes for the smartphone battery to drop from 100% to 95%
with and without EarCardio running in the background on an
iPhone 15 Pro. When using the CPU as the computational
unit, the power consumption difference with and without
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Table 3: Processing time for 5-s segment on iPhone 15 Pro.

EarCardio running in the background is only 7.26 mAh/h,
which is half that of a GPS tracker (19.2mAh/h) [65].
Smartphone Processing Time. The processing time was
evaluated on an iPhone 15 Pro across 100 trials using different
computation units. To process segment with 5 second duration,
EarCardio only requires an average 27.70 ms, 34.72 ms and
56.02 ms by using CPU, CPU + GPU and CPU + Neural
Engine settings, respectively. Table 3 shows the processing
time for individual modules, which demonstrates EarCardio’s
potential for real-time cradiac monitoring.

6.5 Case Study

We conducted 5 case studies to show the usage of EarCardio.
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Continuous and long-term cardiac monitoring. Two partic-
ipants wore earbuds for up to 150 minutes across five sessions
with varying activities, postures, and earbud modes to emulate
everyday use. As shown in Figure 25, EarCardio consistently
achieves accurate HR estimation. Long-duration IMU-based
monitoring remains drift-resistant because it avoids tempo-
ral integration, applies per-window normalization, and sup-
presses DC components (<0.5Hz). For longer-term evaluation,
we tracked one participant over two weeks, measuring HR
and HRV six times daily at 2-hour intervals using 5-minute
sessions. HRV is computed via SDNN[66]. Figure 26 shows
that EarCardio maintains stable HR/HRV estimates, achieving
average errors of 1.68BPM (HR) and 3.68ms (HRV), closely
tracking ground-truth fluctuations.

Pathological Case Detection. To illustrate EarCardio ’s ro-
bustness under abnormal heart-rate regimes, we recruited
three participants with tachycardia (HR > 100 BPM), brady-
cardia (HR < 60 BPM), and an irregular-rate case exhibit-
ing pronounced long-term HR/HRV fluctuations. Figure 27
presents reconstructed SCG waveforms for the first two cases
and shows robust IBI estimation, with MPE below 2% in
90% of segments. This suggests that EarCardio can feasibly
preserve abnormal-rate patterns in reconstructed SCG wave-
forms. EarCardio ’s ability to reconstruct SCG waveforms
under abnormal-rate regimes stems from learning BCG-to-
SCG dynamics anchored in IBI structure, rather than memo-
rizing fixed rhythms. Our training set spans a wide HR range
(48 ~ 132 BPM) induced by video stimuli (Section 5), cover-
ing both fast/slow extremes and natural IBI variability [67].
While these results indicate that EarCardio can potentially
reconstruct pathological rhythms from healthy-trained data,
we acknowledge the importance of further diversifying the
training dataset. As future work, we plan to further evaluate
EarCardio on broader patient cohorts with diagnosed CVD.
User authentication. We use EarCardio for biometric authen-
tication to enhance device security and enable personalized
TWS experiences. A 5% of in-ear BCG data from 50 partic-
ipants in our default dataset was used to fine-tuned the pre-
trained cardiogram reconstruction model (Section 4.3) into
an authentication model by adjusting the linear projection
layers. We use the Area Under the Curve (AUC), a common
metric for user authentication [68]. An AUC > 0.9 is consid-
ered excellent for biometric authentication [68]. As shown in
Figure 28, EarCardio achieves AUCs of 0.92, 0.95 and 0.99
with 1, 3 and 5 heartbeat cycles as model input, respectively.
This highlights the possibility of using EarCardio for quick
and reliable earbud-based user authentication.

Blood pressure estimation. Previous study shows that BP can
be derived by analyzing the time differences in cardiac signal
propagation between multiple measurement points, i.e., Pulse
Transit Time (PTT) [25, 69]. Inspired by this, we leverage the
dual-ear channels as natural reference points to capture PTT
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for BP estimation. We recruited 5 participants to collect an
additional 6-hour dual-ear in-ear BCG data, while measuring
the ground truth BP using an FDA-certified Checkme BP2A
Monitor over one week. During data collection, each earbud
streams IMU to a dedicated smartphone, and the two smart-
phones are precisely time-synchronized so that the dual-ear
signals can be aligned for PTT extraction; each IMU/SCG
window is then paired with the nearest cuff BP reading in
time as the ground truth. We also fine-tune the pre-trained
cardiogram reconstruction network for BP estimation in a
subject-dependent setting, using 4 hours of data for train-
ing and 2 hours for testing. Figure 29 shows that EarCardio
achieves strong alignment with the cuff measurements, with
correlations of 0.81 for diastolic blood pressure (DBP) and
0.83 for systolic blood pressure (SBP). As a feasibility study,
we will further validate the BP estimation model on a larger
number of participants in future work.

Electrocardiogram reconstruction. We explore the feasibil-
ity of mapping in-ear BCG to an ECG-like waveform with
EarCardio, following prior observations on mechanical-to-
electrical signal relationships [9]. We collected an additional
2.5-hour dataset from 10 participants over one week using
a dual-ear setup, with Polar H10 ECG recorded via chest-
strap electrodes on the lower chest (sub-pectoral region) as
the reference. The model was fine-tuned from the pre-trained
cardiogram reconstruction network using a 2-hour training
dataset and evaluated on an orthogonal 30-min testing set. We
resampled the ECG signals from 130 Hz to 100 Hz to align
with our model output requirements. Figure 30 illustrates an
example reconstructed waveform. A single-ear setup achieves
a Similarity of 0.70 and an SOI of 0.80, while the dual-ear
setup improves to Similarity 0.87 and SOI 0.91, approaching
high similarity (i.e., ~0.9).

7 CONCLUSION

We demonstrate that IMU sensors in commodity TWS ear-
buds can be repurposed for cardiac monitoring without hard-
ware changes. EarCardio overcomes low-rate sampling and
motion artifacts by reconstructing SCG signals via light-
weight processing and machine learning. Extensive evaluation
shows its potential to enable real-time, non-invasive cardiac
monitoring in everyday earbuds, paving the way for seamless
integration into future commercial products.
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