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In recent years, particular attention has been devoted to continuous electrocardiogram (ECG) waveform monitoring due to its
numerous applications. However, existing solutions require users to be confined to particular locations, rely on dedicated and
expensive hardware, or require active user participation. The constrained recording conditions prevent them from being
deployed in many practical application scenarios. In view of this, we present VibCardiogram, a continuous and reliable
design for estimating ECG waveform shape via ubiquitous wrist-worn wearables; it renders a personal ECG waveform
shape estimating system with prolonged recording time accessible to a larger sector of the population. Instead of adding
auxiliary sensors to wearables, VibCardiogram leverages the widely integrated motion sensor to characterize cardiac activities,
and interpret them to generate an alternative signal that has the same waveform shape as the ECG signal. Specifically,
VibCardiogram extracts the cardiogenic body vibrations from noisy sensor data. As the waveform variability and inconstant
period hinder the segmentation of cardiac cycles, VibCardiogram extracts features and realizes accurate segmentation via
machine learning. To parse cardiac activities from vibration signals, we build a deep-learning pipeline associating the encoder-
decoder framework and Generative Adversarial Networks. With dedicated construction and training, it can estimate the ECG
waveform accurately. Experiments with 20 participants show that VibCardiogram can achieve an average estimation error of
5.989% for waveform amplitude estimation, which is within the 10% margins regulated by the American National Standards
Institute. Moreover, the promising results further confirm that VibCardiogram effectively extracts Heart Rate Variability
features and supports downstream applications.
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1 INTRODUCTION
The rise of Electrocardiogram (ECG) technologies fuels the proliferation of various emerging biomedical appli-
cations, such as emotion recognition[31], biometric identification[76], and measuring personal physiological
metrics[36]. The ECG signal basically corresponds to the cardiac activities and has a unique waveform shape
associated with cardiac cycles. Analyzing ECG waveform shapes can provide meaningful information for charac-
terizing heart functionality [65]. Traditionally, people can get their ECG by placing 3-12 wet Ag/AgCl electrodes
on the torso with electrolyte gel [43]. However, it requires expertise thus is only performed in clinical settings.
Recently, researchers have integrated sensors and electrodes into household facilities (e.g., beds [59], toilet
seats [42], chairs [50], and ceiling-mounted microwave devices [85]) for ECG monitoring. Although enabling a
relatively more flexible deployment setting, users are still restricted to specific locations related to these facilities,
which easily causes inconvenience.

Enabling a new hands-free and less-disrupting sensing modality, wearable computing has attracted tremendous
attention due to its numerous applications [12, 23, 68]. For instance, fabric electrodes have been woven or stitched
directly into textiles [61], garments [37], and belts [62] for wearable ECG monitoring. However, the use of
expensive dedicated hardware prevents them from being adopted widely. Alternatively, a serious push is evident
on integrating electrodes into smartwatches, such as Apple Watch [4] and Galaxy Watch [3]. However, they
require users to cover the electrodes with their fingers and constrained recording conditions (e.g., avoid body
motions). Therefore, there still requires an alternative solution to enable continuous, convenient, unobtrusive,
and reliable ECG waveform shape inferring to a larger sector of the population.

There exist many cardiac-related techniques that can monitor heart rate, blood oxygen, photoplethysmogram
(PPG) signals, and even Heart Rate Variability (HRV) features via ubiquitous wearables, why do we still need a
new system for inferring ECG waveform? First of all, these parameters only capture cardiac activities in abstract
form and convey part of the cardiac activities, so they are not applicable to application scenarios demanding
fine-grained cardiac activity information. In contrast, the waveform of ECG provides direct information about
heart functions, which can support versatile applications [31, 76] and help doctors determine the cause of specific
symptoms [5]. To emphasize this, Table 1 compares these parameters with ECG in the ability to monitor mental
states and physiological metrics. Therefore, it is important to extract ECG waveform shapes to gain insights
into fine-grained heart functions. Secondly, existing solutions for these cardiac-related signs are subject to the
same “curse” of body motions, as body/arm/hand motions usually overwhelm the subtle excitation signals caused
by cardiac procedures. So they mostly discard data contaminated by body motions and thus impair continuity.
Motion-robust monitoring remains a relatively less-studied field, which still lacks highly effective solutions.

In this paper, we propose VibCardiogram, a new low-cost wearable technology that can continuously, reliably,
conveniently, and unobtrusively sense heart-activity-induced vibrations from the wrist and further render a

Table 1. Comparisons of ECG with typical cardiac-related parameters in monitoring mental states and physio-
logical metrics.

Parameter Work Fatigue Stress Heart Age HAC CHD CeVD RHD EHB
Heart Rate [70] × × × ✓ × × × ×

HRV [17, 63, 67] ✓ ✓ ✓ ✓ × × × ×

Blood oxygen [33] ✓ ✓ × × × × × ×

PPG [14, 46] ✓ ✓ ✓ ✓ × × × ×

ECG [19, 69, 79] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

HAC: heart arrhythmia conditions; CHD: coronary heart disease; CeVD: cerebrovascular disease;
RHD: rheumatic heart disease; EHB: ectopic heart beat.
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Fig. 1. The concept of VibCardiogram.

personal ECG waveform shape estimating system with prolonged recording time accessible to a larger sector
of the population. We envision VibCardiogram as a vital solution for mobile health sensing by transforming
ubiquitous smartwatches into biosensing devices. The basic idea is inspired by our finding that the Inertial
Measurement Unit (IMU) of wrist-worn devices can sense the subtle body vibration induced by cardiac activities
during the heart beating process, which has been widely validated in clinical practice [27, 32]. Fig. 1 shows the
concept of VibCardiogram. The mass center of blood shifts periodically in response to the ejection of blood into
the aorta caused by cardiac activities (i.e., systole and diastole); this induces body vibrations associated with
recoil forces, and reaches the wrist-worn deceive via surface propagation. From prior work [59], we know that
ECG signals have unique waveform shapes corresponding to heart activities in the cardiac cycle. Through novel
construction, VibCardiogram extracts the cardiogenic body vibrations from noisy sensor data and learns the
mapping between cardiogenic body vibration patterns and the simultaneous ECG waveform shapes.

Despite the simple idea, three major challenges underlie the design: (1) How to effectively disentangle the
wrist vibration induced by cardiac activities from noisy sensor data collected at the wrist?Wrist-worn
devices are usually associated with body motion from daily activities (e.g., walking and cooking), which usually
significantly affect the sensing quality. To realize motion-robustness sensing, we carefully study the characteristic
of cardiogenic body vibrations under various motion scenarios; this motivates us to profile motion interference by
time-frequency analysis. Particularly, we propose a novel Stationary Wavelet Transform (SWT)-based method to
extract cardiogenic body vibrations. Moreover, we leverage the normalized Least Mean Square (LMS) algorithm
with variable step-size adjustment to accommodate noise level differences. (2) How to effectively segment
each heartbeat in the complex cardiogenic body vibrations? Fine-grained ECG waveform shape estimation
requires profiling the detailed cardiac activities by performing accurate heartbeat segmentation. However, the
time-varying waveform and inconstant period of cardiogenic body vibrations (result from the dynamic nature of
the heartbeat) make it very challenging. Through studying the characteristics of sensor data, we extract four
features from the vibration waveform, which captures the unique geometric pattern of beat boundaries. Given
the features, we perform heartbeat segmentation leveraging the power of machine learning. (3) How to achieve
accurate and fine-grained ECG waveform shape estimation? VibCardiogram infers ECG waveform shapes
by profiling detailed cardiac activities in the extracted vibration segments. However, the relationship between
ECG waveform and vibration waveform collected from the wrist is unclear and rarely studied, making ECG
waveform shape inferring very difficult. Moreover, reconstruction of the ECGwaveform shape requires the system
to gain a comprehensive understanding of cardiac activities through wrist vibrations. However, only partial
knowledge can be obtained using a single wearable mobile device, which usually integrates only one motion
sensor. To address these, we equip VibCardiogram with a deep-learning pipeline associating the encoder-decoder
framework and Generative Adversarial Networks (GAN). With dedicated construction and training, it can convert
the cardiogenic body vibrations into ECG measurements. Our main contributions are summarized as follows:
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(1) We demonstrate that low-cost motion sensors integrated into wrist-worn devices can be utilized to recon-
struct ECG waveform shapes. To the best of our knowledge, VibCardiogram is the first system based on the
low-cost motion sensor on a wrist-worn device that empowers users for continuous, reliable, convenient,
and unobtrusive ECG waveform shape estimating. The idea potentially reshapes the daily experience of
mobile biosensing, which could greatly advance biomedical applications.

(2) We propose several novel algorithms that can effectively remove body movement interference and segment
wrist vibration in each heartbeat cycle. Besides, we design a novel deep learning pipeline, leveraging the
benefits of the encoder-decoder technique and GAN, to reconstruct ECG waveform shapes based on wrist
vibrations.

(3) We implement VibCardiogram and conduct extensive experiments with 20 participants. The average
estimation error is 5.989%, which is within the acceptable range regulated by the American National
Standards Institute (≤ 10%). Besides, the average correlation coefficient is 0.926, which validates the
effectiveness of VibCaridogram for estimating ECGwaveform shapes. Moreover, we showcase an application
of emotion recognition based on VibCardiogram, demonstrating its capabilities in supporting biosensing
development.

The rest of this paper is organized as follows: Section 2 introduces the preliminaries. Section 3 presents the
overview of VibCardiogram and elaborates on the detailed system designs. Section 4 evaluates the performance of
VibCardiogram. In Section 5, we review the related works, followed by discussion and further work in Section 6.
Finally, we conclude the paper in Section 7.

2 PRELIMINARIES
In this section, we first introduce the generation mechanisms of ECG signals and cardiogenic body vibrations,
respectively. Because ECG signals and cardiogenic body vibrations characterize the same cardiac activities from
different dimensions, they can be temporally correlated to offer interconversion, like translating a phrase from
one language to another. Then, we study the feasibility of capturing the cardiogenic body vibrations using the
IMU sensor on wrist-worn devices, which provides the basics of VibCardiogram.

2.1 ECG Waveform Shape and Cardiac Activities
An ECG signal measures the electrical activity generated by the heart muscle. ECG from a healthy human has a
unique waveform shape, as shown in Fig. 2, which includes P wave, QRS complex, and T wave. QRS complex
indicates ventricular depolarization, causing ventricles contraction, ejecting blood out of the ventricles rapidly,
and marks the beginning of systole. As ventricular repolarization, indicated by the T wave, the blood flows
through the body into the atria and then fills ventricles passively, which marks the end of systole and beginning
of diastole. And the P wave indicates atrial depolarization, resulting in simultaneous contraction of the atria,
and forcing blood into the ventricles. Any irregular cardiac rhythm and heart block would change the cardiac

P‐Wave QRS Complex T‐Wave
DiastoleSystole

Atria Depolarization:
Atrial contraction forces 
blood into ventricles

Ventricle Depolarization:
Ventricular contraction 
pushes blood out rapidly

Ventricle Repolarization:
Blood flows into atria and 
fills ventricles passively

One Cardiac Cycle

Fig. 2. An example of common waveform of an ECG signal with the associated cardiac activities.
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(b) An example of blood pressure and scaled pressure gradients. U and D represent upward
and downward, respectively

Fig. 3. Mechanism for the genesis of cardiogenic body vibration [38].

activities, thereby distorting the ECG waveform shape. Physicians have directed attention to the analysis of ECG
waveform shapes for spotting cardiac complications, especially towards potential complications of COVID-19
ranging from arrhythmia to acute cardiac injury [9, 20].

2.2 Cardiogenic Body Vibrations and Cardiac Activities
The body vibrations that accompany cardiac activities have long been widely observed [11, 35, 59]. The principal
mechanism for the genesis of cardiogenic body vibration is Newton’s third law of motion; namely, there is a
reacting force of equal magnitude and the opposite direction for every acting force. As the mass of the circulating
blood moves during periods of cardiac systole and diastole, the body recoils periodically and causes repeated
vibrations to the human body.

Herein, we reveal the detailed mechanism by the blood pressie gradients in the ascending and descending aorta.
As shown in Fig. 3(a), the aorta is usually simplified as two tubes in cascade, representing the ascending and
descending aorta, respectively. Fig. 3(b) shows an example of blood pressure measured from different locations,
the scaled pressure gradients, and the body recoil directions. P0, P1, and P2 denote the blood pressure of the aorta
inlet, the apex of the aortic arch, and the aorta outlet. Moreover, P1−0 = P1 − P0 represents the pressure gradients
between P1 and P0, and P1−2 = P1 − P2 represents the pressure gradients between P1 and P2, respectively. There
are basically six phases characterizing different body vibrations in response to cardiac systole and diastole: (i) At
the beginning of systole, ventricular contraction (QRS complex in ECG signal) forces the blood into the aorta
inlet. P0 starts to increase while P1 remains unchanged, thereby P1−0 decreases. The body recoils downward in
response to the blood mass moving upward. (ii) Then, P1 increases and P2 remains unchanged, which increases
P1−2 and increases the blood volume rapidly between the apex of the aortic arch and aorta outlet, leading to the
body recoil forces being abruptly reversed. (iii): As P2 builds up, P1−2 decreases, and the blood flow decelerates,
which is equivalent to applying an upward force. Meanwhile, a downward recoil of the body occurs. (iv): Right
after P2 reaches maximal, it rapidly decreases, resulting in an increase in P1 − 2. Such an increase causes an
upward recoil of the body. (v): In the diastole phase, relaxation of ventricles follows ventricle repolarization (T
wave in ECG). P1−0 decreases to zero while P1−2 decreases to a local minimum. The blood encounters an upward
reflected wave and generates a downward force on the body. (vi) Finally, the blood further moves towards the
peripheral vessels and causes a decrease in P2, creating the upward reconciliation of the body.
Based on the above, the cardiogenic body vibrations and ECG signals each characterize the cardiac activities

from different dimensions. Although forming a direct one-to-one mapping is difficult, there still offers precise
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Fig. 4. An example of sensor readings of accelerometer and gyroscope.

temporally-correlation between them, which has been supported by existing studies [11, 35, 59]. Therefore we are
motivated to profile the cardiogenic body vibrations as an alternative to the true ECG for supporting biosensing
applications. With the number of different options available for profiling cardiogenic body vibrations, we utilize
the motion sensor mounted on wrist-worn devices. Note that the recoil force of the body not only happens in the
longitudinal axis of the body. Prior imaging studies [75] have shown that blood flow has a right-hand helical
pattern around the ascending aorta and aortic arch at the beginning of systole. In other words, the human body
produces complex recoil forces in many directions. We then study the feasibility of capturing cardiogenic body
vibrations using IMU mounted on wrist-worn devices.

2.3 Capturing Cardiogenic Body Vibrations Using IMU Mounted on Wrist-Worn Devices
A commercial smartwatch is typically equipped with an IMU that contains a three-axis accelerometer and a
three-axis gyroscope. We now explore the opportunity of capturing cardiac activities using readings of certain
sensing modalities of IMU, and how we envisage employing it for estimating ECG waveform.
For more than a century, researchers have long investigated capturing cardiogenic body vibrations using

various sensing modalities. In particular, ballistocardiography [26] (BCG) is a widely used term: It measures the
reaction (displacement, velocity, or acceleration) of the whole body resulting from cardiac activities. In our initial
investigation of capturing cardiogenic body vibrations using IMU sensors mounted on wrist-worn devices, we
try to mimic the BCG monitoring procedure, which analyzes the accelerometer readings (Note that the BCG
signal has a very different waveform shape than our reconstructed signal and the ECG signal). However, we find
such measurements have a low signal-to-noise ratio (SNR) and are always affected by gravity distortion during
everyday life [32] (shown in Fig. 4(a)). This makes the accelerometer readings not applicable in practice.
Prior study [57] has found that most energy transferred by the heart to the body corresponds to rotational

energy (e.g., a percentage that can be as high as 95% in healthy young adults). Therefore, we use the gyroscope
readings collected from the wrist (shown in Fig. 4(b)), which has been identified to be more sensitive to cardiogenic
body vibrations than the accelerometer. However, another question arises: How do we reliably capture cardiogenic
body vibrations when the X, Y, and Z-axis readings of the gyroscope show different trajectories?
To investigate this problem, we ask a volunteer to record wrist gyroscope readings. Meanwhile, we record

the volunteer’s ECG and phonocardiogram (PCG) signals to provide reference to cardiac activities. Fig. 5 shows
an example of the captured ECG signals, PCG signals, and gyroscope signals, where Gx , Gy , and Gz are the
data gathered by gyroscope along the X, Y, and Z-axis, respectively. The ECG signal characterizes the cardiac
activities of systole and diastole with a P wave, a QRS complex, and a T wave. Meanwhile, the PCG signal
tracks the two sounds, S1 and S2, of valves closure associated with the beginning of systole and diastole. We
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is 100 Hz, there is no observable delay between body vibration and ECG since the actual time
delay is less than a few tens of milliseconds.

Fig. 5. An example of the relativeing timing of ECG, PCG, and wrist gyroscope readings

can observe that Gx , Gy , and Gz all show clearly periodic heartbeat patterns. By relating ECG and PCG with
them, we find that Gx experiences peak, trough, or turning points at the transition of cardiac activities. This
confirms our previous conclusion that ECG and cardiogenic body vibrations are intrinsically-correlated, therefore
creating an opportunity to interpret the cardiogenic body vibrations to estimate the waveform patterns of ECG
signals. Through repeated experiments and validation, we identify that data from the axis in the same direction
as the forearm (i.e., Gx ) successfully capture the cardiac activities in various arm positions, thus is adopted by
VibCardiogram. More encouragingly, we can observe that Gx is temporally correlated with ECG signals, which
provides our design basics.

3 SYSTEM DESIGN

3.1 Overview
We propose VibCardiogram to complement the lack of a continuous, reliable, convenient, and unobtrusive support
for ECG waveform shape estimation. Specifically, VibCardiogram captures the cardiogenic body vibrations using
the IMU mounded on the wrist-worn device, then characterizes them and estimates ECG waveform shapes.
The architecture of VibCardiogram is shown in Fig. 6, which can be divided into Wrist Vibration Extraction,
Vibration Signal Segmentation, and ECG Estimation. VibCardiogram first takes the motion sensor readings from
the wrist-worn device as input. Then, Wrist Vibration Extraction is conducted to remove the interference related

ECG Estimation

Encoder‐Decoder Model 
Building

Encoder‐Decoder Model 
Boosting

Vibration Signal 
Segmentation

Spike Point Identification

Heartbeat Cycle Extraction

Wrist Vibration Extraction

Signal Preprocessing

Movement Noise 
Cancellation

ECG WaveformSignal Collection

Fig. 6. System architecture of VibCardiogram.
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to the body movement. Specifically, it obtains the vibration signals induced by cardiac activities leveraging
Stationary Wavelet Transform (SWT) and normalized Least Mean Square (LMS) adaptive filtering. After that, in
Vibration Signal Segmentation, geometric features are extracted from the clean vibration signals and classified by
the machine learning technique, which allows us to identify beat boundaries and segment cardiac cycles. At last,
in ECG Estimation, we design a deep-learning pipeline associating the encoder-decoder framework and GAN to
generate accurate ECG measurements.

3.2 Wrist Vibration Extraction
3.2.1 Signal Preprocessing. Cardiac activities mostly generate signals in 5-30 Hz range [59]. According to the
Nyquist sampling theorem, we set the sampling frequency to 100Hz to allow motion sensors to accurately capture
frequency components below 50 Hz. However, most available products are not guaranteed a fixed sampling
frequency of the gyroscope’s reading due to multiple interruptions related to high-priority tasks associated with
the main CPU. To resolve the unstable sampling, we use linear interpolation to upsample the gyroscope data to a
fixed sampling rate of 100 Hz. Then, we filter the data by a fourth-order Butterworth filter to eliminate frequency
components out of 5-30 Hz. Since the respiratory frequency band is around 0.2-0.4 Hz [8], the body movement
components generated by breathing can be removed. Afterward, we extractGx from the filtered gyroscope data
and then perform Movement Noise Cancellation.

3.2.2 Movement Noise Cancellation. The motion sensor in the wrist-worn wearables is particularly susceptible to
body movements of daily activities, resulting in interference for ECG estimation. And such interference usually
has an intensity greater than that of the signals caused by cardiogenic body vibrations. Fig. 7 shows an example
of Gx recorded in the resting condition avoiding body motions and in the presence of arm motions. The top two
panels show the raw data of two conditions, and the bottom two panels show the spectrum accordingly. We
can observe that the arm motions introduce significant interference overwhelming the subtle cardiogenic body
vibrations in both the time domain and frequency domain. Thus, removing the interference of body movement is
vital and challenging for accurate cardiogenic body vibrations extraction.
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Fig. 7. Comparison of Gx under resting and free motion conditions.

Intuition: Removing the movement noise from physiological signals (e.g., PPG and ECG signals) has been
extensively investigated. One of the commonly used methods is to reconstruct the signal with a standard template.
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However, this method is not applicable for VibCardiogram due to the diverse waveform patterns of wrist vibrations.
Besides, principal component analysis (PCA) and independent component analysis (ICA) have been used for
movement noise cancellation [15]. However, these methods will lead to artificial artifacts due to the offset of
noise location in the recorded signals [49]. Alternatively, recent studies have shown the initial success of using
an adaptive filter to remove the movement noise [13] The adaptive filter can self-adjust the filter coefficients
in response to the distribution and characteristics of the signal. However, the adaptive filter-based approaches
require additional sensors to obtain an accurate reference signal about the movement noise as an additional input.
Therefore, a new challenge arises: how to generate a reliable movement noise reference signal using a single sensing
modality on the wrist?

Inspired by Stationary Wavelet Transform (SWT) [58], which is invariant against shifts of the signal in the time
domain, we design a novel method to facilitate the extraction of clean cardiogenic body vibrations. Specifically,
we use the diversity of the coefficient sequences obtained by SWT to estimate movement noise reference. Then,
the noise reference is input to an adaptive filter to remove the movement noise from the vibration signals.
SWT-Based Noise Reference Generation. The pipeline of the proposed SWT-based noise reference extrac-

tion method is divided into four steps:
Step 1: We first perform SWT. We implement SWT by upsampling the filter coefficients of the high pass

filters and the low pass filters. In this way, we obtain a approximation coefficients sequences {a1,a2, ...,a J } and a
detail coefficients sequences {d1,d2, ...,d J }, where J denotes the order of SWT. Since wrist vibration signal has a
frequency bandwidth of 5-30 Hz, we set J to be 6 [47]. Besides, we use the bd4 as the mother wavelet because
it has a similar waveform shape to the wrist vibration signal. Fig. 8(b) shows the detail coefficients sequences
{d1,d2,d3,d4,d5,d6} of the signal in Fig. 8(a). We notice that the detail coefficients clearly demonstrate observable
periodicity corresponding to cardiac cycles.

Step 2: We identify the presence of movement noise in each detail coefficient by finding parts whose magnitude
reaches a significantly higher level than that of the signal caused by cardiogenic body vibrations. We first calculate
the short-time energy ej (t ) of the detail coefficient dj , then detect all the local maximum amplitude Pj (k) of ej (t ),
where k = 1, 2, ...,K marks when local maximum occur. After that, we calculate the mean µ̂ j and scale σ̂j of
Pj (k). Specifically, we use the median and the normalized median absolute deviation to robustly estimate the two
factors. Then, we determine the upper threshold of ej (t ), which is calculated based on the empirical rule [44]:

T
up
j = µ̂ j + 3σ̂j . (1)

If the Pj (k) falls below the upper threshold, it is identified as the wrist vibration induced by cardiac activities.
Step 3: Furthermore, we consider a scenario where the amplitude level of movement noise is similar to the wrist

vibration signal, supplementing the step 2. We identify such movement noise based on the fact that peaks/troughs
associated with cardiac activities appear periodically, while those associated with movement noise do not.
Specifically, we track the time interval between adjacent local maximums Pj (k − 1) and Pj (k), and denote the
interval as Tj (k). The interval threshold Tinterval is calculated as the median value of Tj (k), which is determined
through experiments. If Tj (k) and Tj (k + 1) exceed Tinterval , Pj (k) is identified as cardiac activities-originated.
Step 4: We separate the movement noise and signals caused by cardiogenic body vibrations and generate a

continuous movement noise sequence instead of few points to input to the adaptive filter. After locating those
local maximums Pj (k) caused by cardiac activities, we further search forward and backward to locate the starting
and ending points of Pj (k). Therefore, we track the time segments that correspond to cardiac activities. Then, we
replace these segments in the original detail coefficients to zero. After that, by inverse SWT, we generate the
movement noise reference, as shown in Fig. 8(c). The reference not only captures the additive movement noise
but also tracks very subtle constant noise in the system.
Adaptive Filter-Based Noise Cancellation. Considering that movement noise level varies during the day,

we use a normalized LMS algorithm with variable step-size adjustment [39]. The step size is adjusted to be large
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Fig. 8. An example of movement noise cancellation.

at high SNR and small at low SNR, thereby achieving robustness in real-life environments. The step size adaptive
function f (n) is proportional to the change of the movement noise reference signal N (n) and the input wrist
vibration signalWV (n), defined as follows,

c(n) = σN (n) · σWV (n)/p

f (n) =


f0, 0 ⩽ c(n) < f0
c(n), f0 ⩽ c(n) < 0.9 ,
0.9, 0.9 ⩽ c(n)

(2)

where σ is the standard deviation of the signal during the last half cycle of the heart rate. The heart rate does not
need to be strictly accurate and we determine it by the autocorrelation method [7]. f0 and p are the experimentally
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Fig. 9. Examples of ensemble average of ECG and longitudinal vibration (i.e., Gx ).

determined constant, which set the f (n) between 0 and 1. The step size is kept at a very small value with small
movement noise during the resting period. As the noise on the wrist vibration signal increases, the step size
increases. Such a scheme can trace the high frequency or non-stationary movement noise with fast speed while
preventing distortion in the input signals. Fig. 8(d) shows the final output of cardiogenic body vibrations, which
is calculated based on the original signal (Fig. 8(a)) and the movement noise reference (Fig. 8(c)). We can observe
that the characteristics of repeated cardiac activities are reserved. Subsequently, the output wrist vibration signal
range is scaled to the bound [−1, 1]. Experiments with various wrist movements suggest that the proposed
algorithm is effective. Experiment details are presented in Section 4.3.

3.3 Vibration Signal Segmentation
Due to the dynamic nature of cardiac activities (e.g., the time interval between consecutive heartbeats always
varies), cardiogenic body vibrations can have variable waveform shapes. Moreover, the compliance of the body
structure imposes some modification on the cardiogenic body vibrations collected from the wrist. Fig. 8(d) shows
an example of vibration data extracted byWrist Vibration Extraction. Although showing potential periodicity,
it is still very difficult to determine each heartbeat’s boundaries since it lacks clear features. After multiple
attempts, neither the autocorrelation method [60] nor the frequency method [54] failed to accurately segment
each heartbeat in the vibration signals. Therefore, we propose to leverage the great power of machine learning.

Fig. 9 shows the ensembled averages (black) of the raw signals (red) that temporally aligned over 50 beats. We
find that the ensembled average shows a significant upward or spike (denoted as S point) with respect to the
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Fig. 10. An illustration of the strategy for extracting features from the wrist vibration signal.
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reference ECG R peak; this could facilitate the segmentation. In particular, we use the term “spike point” to refer
to the S point.

3.3.1 Spike Point Identification. Spike point is a special sharp local maximum point. We extract several geometric
features as representatives of the shape of each local maximum point. As shown in Fig. 10, we first detect all
local maximum/minimum points in the vibration sequence. Then, a triangle model is constructed for each local
maximum point (peak) combined with its two adjacent local minimum points (trough). For each triangle, we
identify eight parameters, as shown in the right panel Fig. 10. Our experiment with 20 volunteers finds that seven
geometric features (shown in Table 2) can provide wonderful discriminating capability between actual spike
points and other local maximum points. Particularly, Fig. 11 shows the t-SNE projection of the seven geometric
features of all 20 subjects; this clearly demonstrates observable distinctions.

However, training a classier using them directly led to low accuracy since there is a correlation between these
features. Thus, we detect the correlation between these geometric features by comparing the parameter of the
Variance Inflation Factor (VIF). Overall, we select four features, including a+b, d, e, and f for training. With these
selected features, we also study the performance of seven highly used classifiers, including random forest, support
vector machine, least squares support vector machine, k-nearest neighbors, decision trees, logistic regression,
and Naive Bayes. The detailed results are presented in Section 4.3, which shows that the random forest classifier
achieves the best performance of 96.6% balanced accuracy. Thus, random forest is adopted by VibCardiogram.

3.3.2 Heartbeat Fragment Extraction. After finding the spikes, we need to further locate the boundaries of the
heartbeat. It is desirable to obtain the wrist vibration segments that contain a whole cardiac cycle (i.e., it contains
both systole and diastole phases). Based on our observation that the spike point and ECG R peak (sharp systole)
are temporally relevant, we adopt the segmentation technique from the ECG field. We identify the 250 ms before
the spike point as the onset of a heart cycle; this is widely adopted for heartbeat region segmentation for ECG
signals [88]. Meanwhile, such onset is regarded as the endpoint of the previous segment to cover a whole heartbeat
cycle.

Table 2. Comparison of geometric features between
spike points and other points.

Feature Spike points Other points
AVG MED STD AVG MED STD

a+b 1.221 1.165 0.384 0.427 0.349 0.104
c 0.160 0.150 0.004 0.093 0.08 0.004
d 0.470 0.433 0.009 0.221 0.150 0.046
e 0.738 0.803 0.238 0.189 0.094 0.061
f 0.385 0.324 0.043 0.848 0.698 0.295
g 0.971 0.491 0.954 1.253 1.364 0.815
h 1.355 0.840 1.064 1.041 0.574 0.985

AVG stands for average; MED stands for median;
STD stands for standard deviation.
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Figure 11. t-SNE projection of the features.

3.4 ECG Estimation
VibCardiogram targets to estimate the ECG waveform shape from the cardiogenic body vibrations collected from
the wrist. These two signal types present the time-series cardiac activities in vibration and electrical domains,
respectively. Using cardiogenic body vibrations to generate ECG waveform shapes is similar to translating
a phrase from one language to another, which has nice solutions using the encoder-decoder-based methods.
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Fig. 12. The network structure of encoder-decoder model.

Therefore, we design an encoder-decode model to exploit the relationship between wrist vibration waveform
shapes and ECG waveform shapes.

3.4.1 Encoder-Decoder Model Building. Fig. 12 shows the architecture of the encoder-decoder model. Generally,
we choose Long Short Term Memory (LSTM) as the base network for our task. LSTM is a popular scheme for
modeling time sequence data, and it has been successfully applied to physiology signal estimation [18, 84].
Specifically, the encoder is designed with a bidirectional LSTM (BLSTM) layer to extract fine-grained cardiac
activity patterns in the wrist vibration signal. BLSTM is an extension to unidirectional LSTM (ULSTM), in which
both the preceding and the following information are used to extract high-level descriptors of the wrist vibration
signal. Given a T length input sequence x̃ = x1, x2, ..., xT , at each time step t , the LSTM reads xt and updates the
hidden state ht by:

→

ht = LSTM(xt ,
→

ht−1),
←

ht = LSTM(xt ,
←

ht−1),

ht =
→

ht ⊕
←

ht ,

(3)

where the arrow represents the processing direction. The final output ht of BLSTM is concatenated by the forward

output
→

ht and the backward output
←

ht . Note that the input vibration fragments have inconsistent lengths that
vary from 0.6 s to 1 s. Thus, we resize the wrist vibration fragment into a 1.2 s sequence (120 samples) to obtain
more accurate time-domain features. Such a process results in data with a fixed length but does not enrich the
wrist vibration information. The output of BLSTM encodes the temporal features of cardiac activities and forms
a contracting pathway in the feature space. Specifically, the encoder decreases the input signal to 1/4 of the
original size (from 120 to 30).
The decoder is designed with two stacked ULSTM to form an expanding pathway (from 30 to 120), which

interpolates the features learned from vibration waveform to ECG waveform. Then, we inversely resize the
generated ECG into the same length as the original wrist vibration fragment. Although the encoder learns the
general features related to cardiac activities, the down-sampling effect attenuates the fine details of the input.
Some important cues for inferring ECG waveform shapes may be ignored.

To compensate for it, we bridge the encoder and decoder with an attention layer. The attention layer assigns
weights to the encoder’s hidden representation. The attention weight indicates the importance of the frame at
time t to predict the output at time i . Therefore, the decoder will tend to the time steps with high weights. The
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Fig. 13. The network structure combining GAN and encoder-decoder model.

weight is learned using a softmax layer:

ωi ,t =
exp(corri ,t )∑
exp(corri ,k )

, (4)

where corri ,t computes the correlation coefficients between the hidden state si−1 of the decoder and the hidden
state ht of the encoder, corri ,t = si−1 ⊙ht . The two hidden states with a strong correlation are probably associated
with the same cardiac event. Finally, the output of the attention layer is calculated by hatt =

∑
ωi ,tht .

3.4.2 Encoder-Decoder Model Boosting. In the practical working scenario with a wrist-worn device, the vibration
signal collection is impacted by many factors (e.g., sensing positions of the device). It will increase the collected
waveform diversity and reduce the accuracy of the encoder-decoder model. To improve the performance, we
develop a Generative Adversarial Networks (GAN)-based deep learning model to assist the training of the
encoder-decoder model in an offline manner, which has been proven to be powerful for improving the system
performance [22]. GAN as a framework to produce a model distribution that mimics a given target distribution,
its practicality has been widely validated in several domain [34, 86]. GAN generally consists of a generator that
produces new data and a discriminator that distinguishes the generated data from the real data. The concept is to
consecutively train the generator and discriminator in turn, with the aim of reducing the difference between
generated data and real data, meaning the generator model is generating plausible data.

Fig. 13 shows the architecture of the GAN-based deep learning model, which consists of a generator model and
a discriminator model. Specifically, the generator is constructed as an encoder-decoder network, as presented
above. With the great power of LSTM, the generator can learn the sophisticated mapping from the wrist vibration
waveform shape to the ECGwaveform shape. Then, the paired actual ECGwaveform and ECGwaveform estimated
by the generator are resized into 120 length sequences and input into the discriminator. The discriminator
judges whether the input ECG waveform is an actual ECG or estimated from a wrist vibration waveform. The
discriminator is designed with two stacked BLSTM since the task is relatively light. With the fully connected
layer and softmax layer, the discriminator outputs the probability that the current ECG waveform comes from
the actual ECG waveform dataset.
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Fig. 14. An illustration of four adjacent ECG waveforms estimated by VibCardiogram and the corresponding actual ECG
waveforms.

With the GAN architecture, the generator aims to fool the discriminator, while the discriminator aims not
to be fooled by the generator model. During training, the parameters of both generator and discriminator
are updated iteratively until the loss converges. Given a estimated ECG Ẽ = {E1, E2, ..., EL} and a actual ECG
Ã = {A1,A2, ...,AL}, the loss function of GAN model is formulated as the sum of estimation loss lr and the
adversarial loss la (i.e., loss = lr + la ). The estimation loss lr is defined as

lr =
1
L

L∑
i=1

|Ai − Ei |

Ai
, (5)

and the adversarial loss la is defined as

la = loд[1 − PEA], (6)

where PEA is the probability that the discriminator recognizes the estimated ECG as actual ECG.
After training, the generator (encoder-decoder model) can convert the wrist vibrations waveform into ECG

waveform accurately. Fig. 14 shows four adjacent ECG waveforms estimated by VibCardiogram compared to the
corresponding actual ECG waveforms. It shows that the estimated ECG waveform is very close to the actual ECG
waveform. Besides, we conduct an experiment to validate the effectiveness of the GAN model in boosting the
estimation of ECG in Section 4.3.

Since the wrist vibrations are caused by the mass center of blood shifts in response to various cardiac activities,
the relationship between ECG waveform and wrist vibrations could differ from one subject to another due to
various factors, such as blood pressure, cardiac output, blood vessel elasticity, and body weight. These factors
are hard to abstract and determine, we have tried to reduce their impact by dedicated training from multiple
subjects, but the results receive insufficient accuracy (presented in Section 4.6). Therefore, we focus on building a
user-specific model to achieve the desired accuracy.

4 EVALUATION
In this section, we first evaluate the overall performance of VibCardiogram. Then, we study the effectiveness of
key algorithms and the impact of many factors (e.g., sampling rate and sensor position). Moreover, we study
some practical issues, including VibCardiogram’s robustness against intense exercises, generalizability to new
users in terms of estimating ECG waveforms and extracting HRV features, and long-term performance. Finally,
we showcase an application of emotion recognition based on VibCardiogram to demonstrate its capability in
supporting biosensing development.
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Fig. 15. Experimental setup and the wrist-worn prototype for evaluating the performance of VibCardiogram. A participant
wears the wrist-worn prototype to collect wrist vibrations. Meanwhile, An ECG sensor with three clips are attached to the
participant to obtain ground truth ECG.

4.1 Experiment Setup
4.1.1 Implementation. In our proof-of-concept implementation, we use Witmotion BWT901CL [1] watch to
capture wrist vibration signals, as shown in Fig 15. This gadget has a similar appearance to a normal smartwatch
(51.3mm × 36mm ×15mm), can access the raw motion sensor reading and transmit the data to a remote server
in real time, which simplifies the development of motion sensor-based applications on wearables. BWT901CL
supports flexible control of the data sampling rate ranging from 20Hz to 1000Hz, which covers the sampling rate
of most commercial devices. Specifically, we use the data from the axis in the same direction as the forearm for
estimating ECG waveform shapes, as described in Section 2.3. Moreover, we develop the deep learning model
using TensorFlow, Keras, and Sklearn.

4.1.2 Data Collection. There is no state-of-art dataset that simultaneously monitors ECG and wrist vibration
from the wrist. Therefore, we collect our own dataset to implement and evaluate the system. The design does
not seek to replace hospital equipment but renders a personal ECG waveform shape inferring system with
prolonged recording time accessible to a larger sector of the population. The COVID-19 pandemic has made
recruiting patients with cardiovascular diseases extremely difficult. Therefore, we recruit 20 participants (10
males, 10 females, ages 20-33) to conduct experiments for evaluating VibCardiogram. This study is conducted
with the approval of our institute’s ethics committee. All participants have no known medical conditions related
to our evaluation. Fig. 15 shows the experimental setup for collecting data, which is conducted in a standard
office building. During the data collection procedure, participants are asked to sit and wear the wrist-worn
prototype. While gathering the wrist vibration data, the synchronized ground-truth ECG signals are collected by
a custom AD8232 [2]-based ECG monitor that has proven to be accurate [25, 53] and is widely adopted by the
research community to provide baseline [48, 87]. Overall, the dataset is collected for 30 minutes per participant.
Moreover, to understand VibCardiogram’s performance against various factors, we collect data with various body
movements, different sampling rates, and various sensor positions. Furthermore, we collect data under intense
exercises to evaluate VibCardiogram’s robustness. Finally, to study VibCardiogram’s effectiveness in supporting
downstream applications, we collect data while eliciting emotions.

4.1.3 Evaluation Methodology. To evaluate VibCardiogram, we define two metrics as follows,

(1) Estimation Error: the error between the estimated ECG E and actual ECG A compared to actual ECG A,
which is defined as the same form of estimation loss in Equ. 5.
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(2) Correlation Coefficient: the shape similarity between estimated ECG E and actual ECG A, defined as

k =
(E − Ẽ)(A − Ã)√
(E − Ẽ)2

√
(A − Ã)2

, (7)

where Ẽ and Ã represent the mean values of the estimated ECG E and actual ECG A, respectively.

4.2 Overall Performance
We first evaluate the overall performance of VibCardiogram for each participant respectively. Specifically, we use
75% data for training and the rest 25% data for testing, which is proven to be effective [13]. Fig. 16 shows the box
plot of estimation error for each participant. The boxes are drawn from Q1 (the median of the lower half of the
dataset) to Q3 (the median of the upper half of the dataset). The lowest point is the minimum estimation error,
and the highest point is the maximum estimation error. Furthermore, the horizontal red line drawn in the middle
represents the median. It can be observed that most errors are less than 10%. Overall, the average estimation error
for all 20 participants is 5.989% with the standard deviation of 2.496%. According to American National Standards
Institute, for the routine visual ECG readings, the tolerated average error for ECG amplitude is 10% [43]. Since
our errors are within the acceptable margins, we can safely conclude that VibCardiogram achieves accurate ECG
waveform reconstruction.

We also evaluate the correlation between the actual ECG waveform and the estimated ECG waveform. Fig. 17
shows the correlation coefficient for 20 participants. It can be observed that all participants receive correlation
coefficients larger than 0.85. Overall, the average correlation coefficient is 0.926 with a standard deviation of
0.030. A correlation coefficient larger than 0.8 indicates a strong positive relationship. Therefore, we conclude
that VibCardiogram can generate ECG highly related to the actual ECG waveform.

4.3 Key Algorithms Study
4.3.1 Effectiveness of Movement Noise Cancellation. To evaluate the effectiveness of our proposed movement
noise cancellation algorithm, we ask participants to perform three different types of common movements fifty
times each: walking (whole-body movement), interacting with a smartphone (near-wrist movement), and moving
the back arm (far-wrist movement). The estimation error (shown in Fig. 18(a)) and correlation coefficient (shown
in Fig. 18(b)) are compared between without and with applying the proposed method. In particular, we segment
the wrist vibration signals according to the ground truth ECG, because movement noise can cause significant
segmentation errors. When applying the algorithm, it can be observed that the estimation error decreases
significantly, and the correlation coefficient increases significantly. Although near wrist movement has the
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Fig. 18. System performance without and with applying the movement noise (MN) cancellation method.
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greatest negative impact on the system performance, VibCardiogram can achieve acceptable results after applying
the movement noise cancellation algorithm. Overall, after noise cancellation, the average estimation error is
8.819%, and the average correlation coefficient is 0.833. The result implies that VibCardiogram is practical for
daily life usage. Furthermore, we evaluate VibCardiogram’s robustness against intense exercise in Section 4.5.

4.3.2 Impact of Machine Learning Methods for Vibration Signal Segmentation. The core of segmentation is to
identify the troughs corresponding to ventricular systole. We study the performance of spike point identification
with different machine learningmethods. Specifically, seven commonly used classifiers are implemented, including
Random Forest (RF), Support Vector Machine (SVM), Least Squares Support Vector Machine (LSSVM), k-Nearest
Neighbors (k-NN), Decision Trees (DT), Logistic Regression (LR), and Naive Bayes (NB). In Fig. 19, we show the
balanced accuracy (BAC) of different classifiers. BAC is calculated as BAC(y, ŷ) = 1

2
∑2

i=1
∑mi

j=1 1(ŷi , j = yi , j )/mi ,
where y and ŷ represent the true condition and predicted condition of candidate points, respectively, andm is
the number of points belonging to each class (i.e., actual spike points and other points). We can observe that RF
receives the highest balanced accuracy of 96.6% and is adopted in this work.

4.3.3 Effectiveness of GAN on Boosting the ECG Estimation Model. We develop the GAN to boost accurate
estimation of ECG waveform shapes. We compare the ECG estimation model (the encoder-decoder model) trained
by GAN to the same model trained without GAN. In particular, without GAN, the ECG estimation model is
trained by minimizing the estimation loss. We summarize the estimation error and correlation coefficient in
Fig. 20. The results are averaged across 20 participants. Clearly, GAN can significantly reduce the estimation error
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Fig. 21. Impact of sampling rate.
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Fig. 22. Impact of sensor position.

and increase the correlation coefficient. This validates the effectiveness of GAN in boosting the ECG estimation
model.

4.4 Impact Factors
4.4.1 Impact of Sampling Rate. On the one hand, a high sampling rate enables capturing detailed information
about wrist vibration but increases computational cost. On the other hand, a low sampling rate loses some
fine-grained information and may further degrade the system performance. To understand the impact of sampling
rate on VibCardiogram, we ask participants to collect data with four sampling rates (60Hz, 100Hz, 150Hz, and 200
Hz) for thirty minutes each. Fig. 21 compares the results of four sampling rates. It can be seen that VibCardiogram
performs better when the sampling rate increases. Besides, all sampling rates receive estimation error smaller
than 10% and correlation coefficient larger than 0.8. Moreover, the result suggests that VibCardiogram can obtain
acceptable results with a limited sampling rate.

4.4.2 Impact of Sensor Position. The sensor position is one of the critical impact factors affecting the captured
wrist vibration pattern. Thus, we study the performance of VibCardiogram with different sensor positions. We ask
participants to wear the smartwatch 1, 2, and 3 finger-widths above their wrist bone and collect data for thirty
minutes each. In Fig. 22, we show the average waveform estimation error and average correlation coefficient
across 20 participants. Despite that sensor position affects the system performance, VibCardiogram realizes an
average estimation error smaller than 10% and an average correlation coefficient larger than 0.8. The result
suggests that VibCardiogram is robust at different positions.

4.5 Exercise-Robustness
As a follow-up to the previous experiment on movement-robustness in daily life usage, we also are interested in
measuring how well VibCardiogram performs during intense exercises. To evaluate the robustness of VibCar-
diogram under intense exercises, we ask all participants to collect wrist vibrations while performing anaerobic
exercises, including dumbbell bench press and cable biceps curl, and aerobic exercises, including stationary biking
and elliptical. We consider these exercises because they introduce interference in sensor data and change the
cardiac rhythm, while still enabling true ECG monitoring (true ECG signals collected under movements such as
running and jumping are fully contaminated by movement noise, thus running and jumping are not considered).
Particularly, we manually check the collected ground truth ECG signals and discard those segments that contain
errors. And we only keep data with heart rate above 140 beats/min to better study the effect of intense exercise
on the system’s performance. In total, we obtain over 230min of data for the four types of exercises.
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We carefully evaluate VibCardiogram’ performance under intense exercises with three different experimental
setting cases: (i) The training data are from normal states and the testing data are from exercise; (ii) The evaluated
dataset only includes data under exercise, and data of four types of exercises are mixed together then randomly
split into 75% for training and 25% for testing; (iii) The data under exercise are divided into four exercise-specific
datasets grouped by exercise type. Each dataset is evaluated separately by splinting 75% data for training and
25% data for testing. Fig. 23 reports the results in different cases. We find case i receives an average estimation
error of around 40% and an average correlation coefficient below 0.6, which is not enough to guarantee effective
reconstruction of ECG waveform. This is because exercises not only cause significant noise in the sensor data but
also change the cardiac rhythm and subsequently distort the true ECG waveform shape. Compared to normal
states, exercises would cause a decrease in magnitudes of QRS complex and T wave, deviation in the right
axis, and junctional depression of the ST segment [72, 73]. Moreover, case ii has a 25.457% estimation error and
0.718 correlation coefficient. The correlation coefficient is above 0.6, indicating a moderate positive relationship
between the generated ECG waveform and the true ECG waveform. However, the results suggest that the mixed
training set from multiple exercise types is still not sufficient to build an exercise-robust system. Encouragingly,
an improvement in performance can be noticed in case iii, which shows that the exercise-specific dataset is
expected to handle the wide spectrum of human behavior under exercise. The study of more exercises is left as
future work.
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Figure 23. System performance under intense exer-
cises, evaluated in three experimental setting cases.

Table 3. Time domain, frequency domain, and non-linear
(Poincaré plot) features of HRV. Adapted from [51, 52, 56, 78].

Domain Index Features

Time
1 Standard deviation of all interbeat intervals

2 Ratio of thestandard deviation and mean
of interbeat intervals

3 The number of paris of adjacent interbeat
intervals that more than 50ms

Frequency
4 Low frequency power (0.04-0.15Hz)
5 High frequency power (0.15-0.4Hz)
6 Ratio of the low-to-high frequency power

Poincaré
plot

7 Short-term beat-to-beat variability
8 Long-term beat-to-beat variability

4.6 Generalizability
We evaluate whether the system can generalize to new users without retraining, i.e., the robustness of Vib-
Cardiogram against individual differences. We conduct leave-one-participant-out validation, using data from
one participant for testing and the remaining 19 participants for training. The results are calculated from all 20
combinations for testing and training data. We first report the waveform estimation performance. Moreover,
we present how accurate VibCardiogram is in estimating HRV features by inputting the reconstructed signal
to PhysioNet Cardiovascular Signal Toolbox [80]. Table 3 summarizes the considered HRV features, which is
adapted from [51, 52, 56, 78].

Fig. 24 reports the ECGwaveform estimation performance for each participant. Overall, VibCardiogram achieves
22.275% estimation error with 13.125% standard deviations and achieves a correlation coefficient of 0.656. On
the plus side, we find that 13 of the 20 participants have correlation coefficients above 0.6, and participant 12
even receives a correlation coefficient above 0.8. The results confirm VibCardiogram has certain effectiveness
in user-independent scenarios. Some users may use VibCardiogram directly without the trouble of providing
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Fig. 24. System robustness against individual differences in estimating ECG waveform shapes.
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Fig. 25. System robustness against individual differences in extracting HRV features.

training data. On the minus side, we notice some participants obtain correlation coefficients lower than 0.5,
indicating that they could not directly use the system without providing training data.

Besides correlation, we quantify the effectiveness of VibCardiogram by the estimation errors for extracting HRV
features. We report the estimation error for extracting HRV features for each user in Fig. 25(a), where the overall
estimation error respect to the average true feature value (obtained from true ECG waveform using the PhysioNet
Cardiovascular Signal Toolbox) averaged across all features is 14.53%. We then analyze the results for each feature
in Fig. 25(b) (The same results in Fig. 25(a) but re-grouped according to features). On the upside, we find that 15
of 20 participants obtain estimation errors lower than 20%. Besides, time-domain HRV features and the ratio of
the low-to-high frequency power are almost immune to individual differences, and achieve low estimation error
in a user-independent manner. In particular, we observe that the main error in ECG waveform shape estimation
for most participants comes from amplitude error, which has a limited impact on estimating the HRV features.
On the downside, we notice participants 3, 13, and 14 have relatively poor performance when directly using
VibCardiogram. After carefully studing the results, we find that their body vibrations differ significantly from
other participants. Consequently, the shapes of their generated signal waveform are also different from the
standard ECG waveform shape, which causes high estimation errors for estimating HRV features. Overall, the
above results suggest that VibCardiogram has certain generalizability but the current encoder-decoder model is
still insufficient to work across all new users. Moreover, VibCardiogram has good generalizability for extracting
certain types of HRV features, presenting promising potentials for downstream healthcare applications.
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Fig. 26. 24-hour performance.

4.7 Long-Term Performance
We ask three participants to wear the prototype and collect continuous wrist vibration data and ground truth
ECG for 24 hours in our lab. We encourage them to perform daily activities during the experiment. Fig. 26(a) and
Fig. 26(b) show the 24-hour estimation error and correlation coefficient, respectively. The results are averaged every
hour. Overall, the average estimation errors of the three participants are 7.675%, 7.98%, and 8.25%, respectively.
The average correlation coefficient are 0.916, 0.916, and 0.909, respectively. The result suggests that VibCardiogram
is promising to facilitate long-term ECG waveform shape estimation. Besides, we can observe that participant 3
during 12, and 18 o’clock receives relatively high estimation errors. One possible reason is that the participant
eats and performs a lot of near-wrist movements during these periods. The study of this special case is left as
future work.

4.8 Using VibCardiogram for Emotion Recognition
We now showcase the usefulness of VibCardiogram by investigating an application of extracting HRV features
then recognizing state-of-emotion; we investigate this one because it appears to be one of the most popular
sensing tasks in recent publications [66, 87]. We consider four types of emotions, including happy, sad, anger,
and fear. To induce emotions, we prepare four types of movie clips for four emotions, each lasting for 10 minutes.
The movie clips method has been proved effective for emotion induction by existing studies [28, 29]. We ask
the participants to watch all movie clips in a random sequence for five sessions to induce emotions meanwhile
collecting wrist vibration data. Between clips and between sessions, we play an additional 1 min relax movie clip
to ensure the independence of emotions. In total, we collect 20×5×10×4min wrist vibration data. Based on the
collected data, VibCardiogram profiles the wrist vibrations and estimate the corresponding ECG waveform.

We realize emotion recognition through the pipeline of HRV extraction, Principal Component Analysis (PCA)-
based feature selection, and classification, matching that considered in [29]. We first divide the ECG waveform
sequence into 1min non-overlapping segments and extract typical HRV features from each segment as described
in Section 4.6. Then we select five significant features with high Eigen values using PCA, including features
indexed 2, 4,5,6, and 7. Finally, we arrange the five features into a feature vector and input the vector to a classifier
for emotion recognition. With the number of different prediction methods, we implement several highly used
classifiers, including linear kernel SVM, k-NN, RF, DT (all with default settings). In the experiment, we split the
collected data into 75% training data and 25% testing data, and use the Correct Classification Rate (CCR) to evaluate
our system. Overall, SVM achieves 71% CRR, RF achieves 67% CRR, DT achieves 61% CRR, and kNN achieves 58%
CRR. Table 4 compares our performance with typical emotion recognition approaches using commodity ECG
devices. We notice that our method achieves comparable performance with these related works. Therefore, we
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Table 4. Comparison of our method with typical existing methods in emotion recognition.

Work Stimuli Modalities Emotional Annotations CCR
[41] Multimodal ECG, SKT, EDA Sad, anger,stress,supprise 78.4%
[64] Pirturing viewing ECG, EMG, RSP, EDA Happy, disgust, fear 62.70%
[40] Music ECG, EMG, RSP Happy, anger, sad, pleasure 69.70%
[81] Video clips ECG, OXY, GSR Anusement, anger, grief, fear, baseline 74.00%

Our method Video clips ECG Happy, sad, anger, and fear 71.00%
SKT: skin temperature; EDA: electrodermal activity; EMG: electromyogram; RSP: respiration features; GSR:
galvanic skin response; OXY: blood oxygen saturation.

can safely conclude that the ECG waveform generated by VibCardiogram is effective for extracting HRV features
and further enable accurate emotion recognition. Moreover, this confirms the usefulness of VibCardiogram, and
we plan to explore versatile sensing applications (e.g., HRV analysis [78], detect driver fatigue [71], verify user’s
identity [6], and sleep stage monitoring [21].) in the future.

5 RELATED WORK
Conventional ECG monitoring techniques generally use wet electrodes attached to the skin to capture ECG
signals [43]. However, they require sticky gels and may cause skin irritation during the recording. Moreover,
they are expensive (>$10, 000) and need to be operated by professionals, which is not preferred for daily use.
With recent advances in sensing technology, new solutions for daily ECG monitoring have emerged. Smart

household facilities have increased as they support comfortable and easy-to-use monitoring of ECG, including
beds [59], toilet seats [42], chairs [50] and ceiling-mounted microwave sensors [85]. However, their usefulness is
realistically restricted to limited scenarios (e.g., when sitting on a chair or lying on the bed). Besides, because
these systems do not support long-term ECG monitoring, infrequent heart problems, such as premature beats
and heart arrhythmia, cannot be effectively detected.

To facilitate ECG monitoring in ubiquitous environments, portable and wearable devices are developed. Several
works have looked at using flexible fabric electrodes embedded in textiles (e.g., smart garments [37] and belts [62]).
However, they require special hardware with high costs and complicated setup, which are usually unaffordable
to the common person. Apple Watch [4] and Samsung Galaxy Watch [3] include dry ECG electrodes on their
devices to support ECG monitoring. However, they require users to press fingers on the ECG pad throughout
data collection. Since the finger pulse oximeter can capture signals that contain information about heart beating
patterns, researchers have explored inferring ECG signals using finger pulse oximeters [16, 77, 89]. However, the
use of finger-worn devices is inconvenient and intrusive to daily living and the body. Besides, pulse oximeters are
particularly susceptible to body movements, skin tone diversity, and various ambient light intensities. Therefore,
these methods are not accurate in real-world situations. Our work is closely related to Biowatch [30], which
infers the heart rate using wearable motion sensors. The main difference between our design and Biowatch is that
we can obtain the fine-grained ECG waveform, while Biowatch only obtains a cardiac parameter. The estimation
of heart rate is not sufficient for detecting many serious cardiovascular diseases.
Compared with prior works, VibCardiogram only relies on motion sensors available on wrist-worn devices,

which are affordable and easy to use. It can effectively address the noise caused by daily activities and obtain
accurate ECG measurements. Besides, it does not require any particular behavior changes and does not disturb
users. Thus, it is suitable for long-term use (i.e., enable anywhere anytime monitoring). In summary, to the
best of our knowledge, our work is the first to enable an alternative solution for accurate, low-cost, passive,
non-intrusive, and convenient ECG waveform shape estimation from wearable motion sensors.
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6 DISCUSSION AND FUTURE WORK
In this section, we discuss the limitations of VibCardiogram, the possible improvements, and the directions for
further investigation. Firstly, we implement VibCardiogram with the wrist-worn IMU-based sensing platform
Witmotion BWT901CL for flexible configuration and rapid evaluation. We acknowledge that such a platform has
more stable sampling, higher sensitivity, etc., compared to a real commercial smartwatch. To make VibCardiogram
applicable to commercial smartwatches, we devise several techniques to ensure a fixed sampling rate and reliable
measurements. We plan to explore the performance of VibCardiogram using multiple main smartwatches, which
would further confirm the effectiveness of our design.

Secondly, we only evaluate VibCardiogram with healthy subjects recruited from friends and colleagues. There-
fore, VibCardiogram’s effectiveness is confined to support biosensing applications for healthy users. We are aware
that cardiovascular diseases would affect heart functions, thereby distorting the generated ECG waveform. For
example, the ECG waveform shows chaotic irregular deflections of varying amplitudes in the case of ventricular
fibrillation. And sometimes, P waves, QRS complexes, or T waves can be not identifiable [10]. It is worth investi-
gating VibCardiogram’s performance for supporting biosensing applications [82] with diagnosed patients with
cardiovascular diseases. Moreover, VibCardiogram is expected to fuel versatile medical-related applications for
the diagnosis of many diseases. We are discussing with local medical institutions to put VibCardiogram into use,
so that we may gather more performance results from diagnosed patients. On the positive side, results presented
in Section 4 demonstrate that VibCardiogram has certain robustness. Thus the generated ECG waveform may
retain some characteristics of the true ECG waveform. Besides, errors in ECG waveforms do not necessarily cause
errors in downstream applications. Therefore, we believe that by updating the training dataset and retraining the
system model, VibCardiogram is excepted to resolve the mapping between cardiogenic body vibration and ECG
waveform to some extent.

Thirdly, we have not seriously evaluated the effect of device wearing states. Prior studies suggest that the device
wearing state could affect the sensor readings of the smartwatch [55]. For example, when the smartwatch is loosely
attached to the skin, cardiogenic body vibrations may not be strong enough to cause significant fluctuations in
the IMU readings, and body movements would introduce noise to the sensor data. Luckily, a lot of research efforts
have been made to profile the device wearing states. For example, by exploiting the PPG sensor widely deployed
on smartwatches, the contact pressure between the smartwatch and the wrist skin can be profiled using the
least-squares support vector machine [12]. In addition to automatically characterizing the device wearing states
to ensure the tracking usability, we suggest the users wear the smartwatch on the wrist from 1-2 finger-widths
away from the wrist bone, matching the position recommended by popular smartwatches [74, 83].
Fourthly, we have demonstrated that VibCardiogram is accurate when the model is trained user-specific. We

are yet to add data from more people to the training dataset to improve system robustness with variable situations
and to ease the enrollment effort. However, the experiment in Section 4.6 indicates different users exhibit different
data characteristics. Adding data from a large amount of other users’ data may “curse” the system and make some
users obtain inaccurate prediction results. Future research will carefully evaluate the impact of different dataset
combinations, which could help us to improve system performance.

Fifthly, while we have demonstrated that VibCardiogram can achieve user-independent for extracting certain
HRV features and be directly used by some new users, its generalizability is still limited due to the diverse
cardiovascular functions. A user-independent system is more desirable, and we seek to approach this in the
future. A potential solution is to manually enter some personal information in the model (e.g., body weight, age,
gender), mine the general information using data collected from a large number of people, and apply transfer
learning, which has shown initial success in build a user-independent blood pressure monitoring system [12].

Last but not least, VibCardiogram’s pipeline currently focuses on motion-robustness in daily life usage, where
the users keep normal heart rates. The experiment in Section 4.3.1 confirms that VibCardiogram accurately
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recovers the ECG waveform under body movements such as walking and moving arms. Since ECG monitoring
during exercise has drawn significant attention for versatile applications, we are also interested in measuring
VibCardiogram’s performance during exercise. However, exercise not only causes interference in the sensor data,
but also speeds up heart rate and increases stroke volume, thereby affecting the true ECG waveform shapes.
The experiment in Section 4.5 demonstrates that VibCardiogram currently is not enough to build an exercise-
robust system. But the results show positive signs that building a training dataset for specific exercises would
improve the overall system performance. We are planning to gather more training with exercise-specific datasets.
Moreover, we are planning to explore more advanced techniques that are proven to resist intense activities,
such as spectral subtraction, time-frequency analysis [24], and piezoelectric transducer-based method [45], to
approach exercise-robustness.

7 CONCLUSION
This paper serves as the first step towards a comprehensive understanding of motion sensor-based ECG waveform
shape reconstruction. We propose a novel system, VibCardiogram, which uses low-cost motion sensors available
in ubiquitous wrist-worn devices (e.g., smartwatches and fitness trackers). It works by profiling wrist vibrations
produced by cardiac activities and transforming the wrist vibrations waveforms into accurate ECG waveforms.
We develop a novel algorithm that can effectively disentangle wrist vibration caused by heart beating from
noisy motion sensor data. Besides, we propose a segmentation method that can tackle the waveform variety
of individual vibration beats. Moreover, we design a deep learning architecture based on encoder-decoder and
GAN to generate an accurate ECG waveform. Overall, VibCardiogram obtains an average estimation error of
5.989%, which is within the acceptable range regulated by the American National Standards Institute. Besides,
VibCardiogram achieves an average correlation of 0.926, suggesting the estimated ECG waveforms are strongly
correlated to the true ECG waveforms. Moreover, we showcase its ability to extract HRV features and support
downstream applications. The promising results make us believe that the release of VibCardiogram can greatly
reshape the daily experience of mobile ECG waveform shape estimation and advance ECG-based applications.
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