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ABSTRACT
The Augmented reality/Virtual reality (AR/VR) industry has ush-
ered in a period of rapid development. The next decade leaves
a massive imagination for AR/VR in terms of end product form,
software, content, applications, and user increment. The AR & VR
technology offers a gazillion of possibilities for smart healthcare.
In this poster, we develop an innovative continuous blood pressure
(CBP) estimation system leveraging the built-in motion sensors of
AR/VR headsets for users. We design a deep learning-based PPG
construction scheme using the motion sensor-based cardiac signal
and estimate the continuous blood pressure using the regression
model. Our experimental results show that our system can contin-
uously estimate both systolic blood pressure (SBP) and diastolic
blood pressure (DBP) with a mean error of less than 4 mmHg and
0.9 mmHg respectively within a day.

CCS CONCEPTS
•Human-centered computing→Ubiquitous andmobile com-
puting.
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1 INTRODUCTION
AR/VR has extended beyond 3D immersive gaming to a broader
array of applications, such as shopping, tourism, education and
healthcare. Meanwhile, deriving vital signs can indicate a user’s
rudimentary health status and contribute to their health monitoring
in the long run. Potentially, people may get exquisite emotional
state changes (e.g., excited or depressed) when playing games via
AR/VR headset for a prolonged period, which can cause blood

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
MobiSys ’22, June 25-July 1, 2022, Portland, OR, USA
© 2022 Copyright held by the owner/author(s).
ACM ISBN 978-1-4503-9185-6/22/06.
https://doi.org/10.1145/3498361.3538798

Headset Data Pre-Processing

Body Movement &

Breathing Filtering

Cardiac Cycle Extraction

PPG Construction

Auto-Encoder

Continuous Blood Pressure  

Fiducial Feature Extraction

SVM-based BP Regressor

Motion Sensor Data

Systolic Blood Pressure

Diastolic Blood Pressure

Figure 1: System Overview.

pressure (BP) changes. Therefore, continuous blood pressure is an
important index to comprehend the body and mental condition of
AR/VR users and provide timely alarm to them.

Traditionally, people can measure their blood pressure at home
with a manual or automatic cuff-based BP monitor. Recently, re-
searchers explore the body-attached sensors, e.g., electrocardiogram
(ECG) and photoplethysmogram (PPG) sensor, for BP measurement.
For instance, Slapničar et al. [3] implement single PPG sensor on
fingertip for blood pressure estimation. However, both of those
approaches cannot be used for CBP monitoring. In this poster, we
propose a continuous blood pressure measurement system lever-
aging built-in motion sensors (i.e., accelerometer and gyroscope)
of AR/VR device. The key insight is that the vibrations on the face
generated by the human cardiac system can be captured by the
high sampling rate motion sensor in the AR/VR headset. Particu-
larly, we develop a deep learning model to construct PPG signals
from motion-based cardiac signal. Moreover, we extract the blood
pressure-related fiducial features and leverage a SVM-based re-
gressor to continuously estimate the blood pressure. The main
contributions of our work are:

• This is the first system to utilize built-in motion sensors
of commodity AR/VR devices to perform CBP estimation,
which helps people be aware of their physiological status
while using the devices.

• We design and implement a novel autoencoder to construct
PPG signals from motion sensor-based cardiac signals cap-
tured by the AR/VR headset for accurate CBP estimation.
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(a) Ground Truth PPG Signal
from PPG sensor on the finger-
tip.
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(b) Constructed PPG signal from
built-in motion sensor on VR.

Figure 2: Illustration of PPG signal construction.

• We explore the fiducial features from constructed PPG sig-
nals and build up a Support VectorMachine (SVM) regression
model to continuously estimate both SBP and DBP.

• We collect six users’ data across different days. Our experi-
mental results show that the system can accurately estimate
both SBP and DBP within a day with less than 4.5 mmHg
and 0.8 mmHg mean estimation error, respectively.

2 SYSTEM DESIGN
2.1 System Overview
The proposed system consists of a vital sign monitoring module, a
cardiac signal generating module, and a blood pressure measure-
ment module. The overview of the system is illustrated in Figure 1.
Our system collects the user’s cardiac signal from the motion sen-
sor of the VR headset and transform it into PPG signal using an
autoencoder. Then, we extract the BP-related fiducial features to
train a SVM regressor for continuous blood pressure estimation.

2.2 Vital Sign Captured from Motion Sensors
Blood flow changes of the arterial blood vessels in the face area
can generate the periodic subtle motions. Leveraging the unique
opportunities of the motion sensors with high sampling rate (i.e.,
1Khz) in VR headset, our system can capture the whole process of
periodic minute cardiac motion. Besides the cardiac motion, head
vibration (2.6 to 9.7 Hz [2]) from daily activities and breathing (0.2
to 0.33 Hz) are also captured. In order to remove those noises, we
adopt Butterworth bandpass filter (0.6 Hz to 2 Hz) to filter the data.
In our work, we collect six axes of motion sensor data (three axes
for accelerometer and three axes for gyroscope) from VR headset.

2.3 PPG-based Cardiac Signal Construction
The underlying principle of motion sensor capturing the cardiac
signal is different from that of the traditional cardiac monitoring
sensors such as PPG sensor. In this study, we find that the mo-
tion sensor in VR/AR headset actually cannot capture similar fidu-
cial points (e.g., diastolic peak and dicrotic notch) as PPG sensor
does. Since PPG-based cardiac signal and blood pressure have been
proven to be correlated, we therefore want to transform motion
sensor-based cardiac signal into PPG-based cardiac signal for CBP
estimation. In our work, we develop an autoencoder to realize the
PPG signal construction. Specifically, the input of encoder is the
motion sensor signal and decoder output is the constructed PPG-
based cardiac signal. Figure 2 shows the constructed PPG signal
and its corresponding ground truth PPG signal from PPG sensor
on the fingertip collected at the same time.

2.4 Continuous Blood Pressure Estimation
With the constructed PPG signal, we first segment it into pulses
that include only one cardiac cycle. Then, we extract the 11 features

Table 1: Continuous blood pressure estimation performance.

Within
single
trial

Across
different
trials in
a day

Across
different
days

SBP estimation
error in mmHg
(mean (±std))

-1.8 (±3.1) -4.5 (±3.3) 8.8 (±7.3)

DBP estimation
error in mmHg
(mean (±std))

0.06 (±0.5) 0.9 (±3.5) 7.9 (±3.6)

from each pulse that have already been proven being correlated
to BP [1]. In our work, we leverage the SVM regressor to estimate
the continuous blood pressure. In the training phase, the regressor
is fed with the extracted features from continuous pulses (e.g.,
about 2mins), and its target value are the SBP and DBP measured
using traditional cuff BP monitor. Specifically, we use the average
of three times of SBP and DBP measurements collected before
each experimental trail as the ground-truth BP (i.e., target values)
for each pulse. In the testing phase, we extract the PPG fiducial
features of the incoming pulse as the input and the trained regressor
continuously outputs the estimated SBP and DBP.

3 PRELIMINARY EVALUATIONS
We use the Meta Quest VR headset in our experiment. We recruit six
participants to collect data. During the experiments, the participants
sit still on the chair while wearing the headset and the pulse sensor
(from PulseSensor.com) on fingertip for ground-truth PPG data. The
blood pressure is collected using CONTEC ABPM50 ambulatory
blood pressure monitor. The duration of data collection in one
trial for each participant is five minutes. We collect different trials
of data across different times in a day and across two different
days. We use the mean estimation error in mmHg and its standard
deviation between estimated BP and ground-truth BP to evaluate
our system. As shown in Table 1, the mean estimation error of SBP
and DBP in a day is less than 4.5 mmHg and 0.8 mmHg, respectively.
Those results demonstrate that our system can provide the decent
performance for continuous blood pressure estimation. We also
find that the estimation error increases across different days due to
the human physiological status drifts overtime. The performance
could be improved once we increase our dataset in terms of both
participants and time span.
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