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Abstract: Virtual reality (VR) headsets, with embedded micro-electromechanical systems, have the 

potential to assess the mechanical heart’s functionality and respiratory activity in a non-intrusive 

way and without additional sensors by utilizing the ballistocardiographic principle. To test the 

feasibility of this approach for opportunistic physiological monitoring, thirty healthy volunteers 

were studied at rest in different body postures (sitting (SIT), standing (STAND) and supine (SUP)) 

while accelerometric and gyroscope data were recorded for 30 s using a VR headset (Oculus Go, 

Oculus, Microsoft, USA) simultaneously with a 1-lead electrocardiogram (ECG) signal for mean 

heart rate (HR) estimation. In addition, longer VR acquisitions (50 s) were performed under 

controlled breathing in the same three postures to estimate the respiratory rate (RESP). Three 

frequency-based methods were evaluated to extract from the power spectral density the 

corresponding frequency. By the obtained results, the gyroscope outperformed the accelerometer 

in terms of accuracy with the gold standard. As regards HR estimation, the best results were 

obtained in SIT, with Rs2 (95% confidence interval) = 0.91 (0.81−0.96) and bias (95% Limits of 

Agreement) −1.6 (5.4) bpm, followed by STAND, with Rs2= 0.81 (0.64−0.91) and −1.7 (11.6) bpm, and 

SUP, with Rs2 = 0.44 (0.15−0.68) and 0.2 (19.4) bpm. For RESP rate estimation, SUP showed the best 

feasibility (98%) to obtain a reliable value from each gyroscope axis, leading to the identification of 

the transversal direction as the one containing the largest breathing information. These results 

provided evidence of the feasibility of the proposed approach with a degree of performance and 

feasibility dependent on the posture of the subject, under the conditions of keeping the head still, 

setting the grounds for future studies in real-world applications of HR and RESP rate measurement 

through VR headsets. 

Keywords: heart rate; respiratory rate; virtual reality headsets; gyroscope; accelerometer; 

ballistocardiography 

 

1. Introduction 

Virtual reality (VR) and augmented reality headsets represent state-of-the-art technologically 

advanced systems able to simulate real-word interactive experience through a combination of 

technologies [1]. In particular, in the last 25 years, VR technologies have been expanded to cover a 

vast range of applications [2] with a widespread use also in the healthcare sector [3], ranging from 

physical rehabilitation [4] to psychiatric treatment for anxiety disorders (such as specific phobias 

and post-traumatic stress disorder [5]), pain management as a means to attenuate pain perception 
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[6], anxiety and general stress during painful medical procedures (i.e., chemotherapy, dental and 

routine medical procedures) [7–10], disaster medicine [11], patient education [12] or for training 

purposes of healthcare workers [13,14]. 

In order to validate VR applications in a clinical setting, it is important to assess their impact in 

terms of quality of experience (QoE) defined as “the degree of delight or annoyance of the user of an 

application or service”[15]. Thus, it is related to the quality of rendering of an immersive multimedia 

in terms of impact on users’ emotion, sense of presence, level of induced stress and degree of 

engagement [16–18], which can eventually be used as feedback to provide the patient with a more 

personalized media experience. The way the user perceive the VR environment can be assessed 

explicitly or implicitly [19]: the former refers to QoE evaluation via post-test questionnaires [20] or 

pre-defined rating scales [21], thus resulting in a subjective metric of the user immersion level or of 

the VR-induced stress. The latter is a bio-inspired approach based on the acquisition of physiological 

signals from the VR user, such as electroencephalography (EEG), heart rate (HR) and respiratory 

rate, facilitating real-time monitoring of QoE without subjective biases [19]. In particular, there have 

been efforts to measure brain activity in order to understand QoE by using various types of EEG 

headsets [19], but their level of intrusiveness turned out to have a bad impact on the user’s QoE. 

Other approaches to capture biometrics while using VR have utilized non-invasive wearable 

devices. For instance, Egan et al. proposed the use of two consumer devices, Fitbit heart rate monitor 

and PIP Biosensor, to capture HR and electro-dermal activity to determine user emotional arousal 

while undergoing the immersive experience wearing a head mounted display Oculus Rift [22]. 

As a further advance in this field of research, the feasibility to directly extract cardiac and 

respiratory information from low-cost motion sensors (accelerometer, ACC, and gyroscope, GYR) 

already embedded in the Google Glass (Google, Inc.) head-worn device, a wearable, voice- and 

motion-controlled Android device that resembles a pair of eyeglasses, has been previously explored, 

showing promising results for non-intrusive physiological measurements by exploiting the 

ballistocardiographic method [23]. In fact, at each cardiac cycle, the force of blood acceleration, 

resulting from the flow into the ascending aorta and the carotids, generates a circular head 

movement as a reaction. These subtle motions associated with cardiac activity are imperceptible to 

the human eye but not to the sensor resolution of current micro-electromechanical systems 

technology embedded in wearable devices. When positioned at specific body locations, ACC and 

GYR sensors have shown their potential to capture peripheral motion associated with cardiac 

activity [24], also when embedded in common smartphone devices [25,26], and even being able to 

capture changes in sympathovagal balance induced by an external stressor [27], thus representing a 

complementary solution to assess the mechanical cardiac function and respiratory activity in a 

non-intrusive and electrodes-free way [28], while the subject is remaining relatively “still” [29].  

The main drawback of such approaches is that the signal component relevant to the cardiac or 

respiratory activity is limited in amplitude, and can be easily occluded by noise and artifacts 

generated by body movements, thus highly restricting their applicability outside laboratory settings 

unless limiting to few opportunistic measurements in real-life environment [24]. However, in a 

context of a real VR experience also involving body movements, short time intervals where the 

subject’s head is induced to stay still (for example, by looking a fixed point on the display as a 

requirement to advance level) could be induced by careful design, thus leading to the opportunity to 

monitor cardiac and respiratory activity at certain epochs, following or preceding certain stimuli 

embedded into the VR experience. 

Based on these considerations, we hypothesized that ACC and GYR sensors embedded in 

current VR headset technology could allow the extraction of reliable physiologic parameters that 

could be used to monitor the QoE perceived by the users while experiencing a VR environment, 

without the need of additional instrumentation. 

Accordingly, our aim was to test the feasibility of deriving HR and respiratory (RESP) rate from 

tri-axial GYR and ACC sensors embedded in a head-worn VR device while wearing it in three 

different body postures (standing up, sitting on a chair and lying down in supine position) in order 

to investigate the performance compared to relevant gold standards (ECG and imposed breathing 
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frequency, respectively) and to verify how each body posture might limit the ability to detect the 

physiological information of interest. 

2. Materials and Methods 

2.1. Study Population 

Thirty healthy volunteers (18 females and 12 males, mean age 24 ± 2 years old, mean stature 169 

± 11 cm, mean body mass (64 ± 15 kg) were recruited to participate in this study. All subjects 

provided voluntary written, informed consent to the experimental protocol, previously approved by 

the Ethical Committee of the Politecnico di Milano (n. 17/2019, 10 September 2019) in accordance 

with the Declaration of Helsinki of 1975, as revised in 2000. 

2.2. Data Collection 

Each volunteer was tested in resting condition, considering three different body postures 

(sitting (SIT), standing up (STAND) and lying down supine (SUP)) while wearing a head-worn VR 

device (Oculus Go, Oculus, Microsoft, USA) (Figure 1) equipped with 2560 × 1440 5.5” (538 ppi) 

fast-switching LCD screen with standard 60 Hz refresh and Quad-core Qualcomm Snapdragon 821 

CPU (two 2.3 GHz Kryo HP cores and two 2.15 GHz Kryo cores). Oculus Go offers the possibility to 

acquire linear accelerations (m/s2) and angular rotations (rad/s) of the head along the lateral (X), 

longitudinal (Y) and transverse (Z) directions through a 3-axes ACC and a 3-axes GYR, respectively. 

The reference axes orientation of the embedded user tracking system is shown in Figure 1. 

Each participant was first instructed on how to wear the VR headset and set subjectively its 

level of tightness. Once worn, he/she was asked to confirm the fit and comfort of the headset; then, 

before the beginning of acquisition, the participant was asked to perform a fast head rotation, thus 

verifying the absence of relative motion between the VR and the head. 

 

Figure 1. The VR device used for the experiments, with its reference for linear and rotational 

accelerations indicated. 

The VR signals (ACC and GYR) acquisition was performed by an “ad-hoc” application .apk, 

developed by Softcare Studios Srl (Rome, Italy) using Unity 2019.1.4 (Editor/Runtime) and Oculus 

Integration Package 1.36 (SDK), that accesses directly the motion information through the VR CPU. 

The time interval between consecutive acquired samples is dependent of concomitant accesses to the 

CPU from simultaneously running processes in the VR. As a consequence, the mean sampling rate 

within a VR acquisition was found variable around a mean value of 170 Hz, ranging between a 

minimum of 52.1 Hz and a maximum of 1000 Hz. 
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2.2.1. Protocol for Heart Rate Evaluation 

The experimental protocol for HR evaluation consisted in the simultaneous recordings for 30 s 

duration of the VR signals and of the 1-lead ECG (Coala Heart Monitor, Coala, Sweden), used as 

reference. The Coala device performs two subsequent acquisitions of 30 s each, one from the chest 

(Measurement 1, M1) by keeping the Coala on the left side of the thorax slightly above the heart 

(ECG-Chest in Figure 2) and one from the thumb (Measurement 2, M2) during which the subject is 

asked to position his/her thumbs on the electrodes and stay still (ECG-Thumb in Figure 2). At the 

conclusion of the acquisition, the Coala output consisted of the two 30 s ECG signals, and for each 

the mean HR, that was used as reference for comparison. 

 

Figure 2. In the experimental protocol, Coala® Heart rate Monitor device [30] was used to obtain gold 

standard ECG measurement during VR signals acquisition: first, it is placed on the chest for the first 

measurement (ECG-Chest), and then, it is held between the thumb and the middle fingers for the 

second measurement (ECG-Thumb). 

The synchronization between the two devices (VR headset and Coala) was achieved by asking 

the subject to perform a fast head rotation on one side at the beginning and end of the ECG 

acquisitions. In this way, the corresponding motion artifacts (indicated as SYNC in Figure 3a) were 

easily detectable from the recorded VR signals (Figure 3b), thus allowing the automatic extraction of 

the portion of ACC and GYR corresponding in time with the acquired gold standard 

ECG-measurements (M1-Chest and M2-Thumb). A schematic representation of the protocol for HR 

evaluation is shown in Figure 3a. 

This procedure was repeated first while SIT, then while STAND, and finally while SUP resting, 

with a period of at least 3 min in-between to allow for HR accommodation to the new 

posture-related stationary condition. 
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Figure 3. Schematic representation of HR acquisition protocol (a). The red arrows (SYNC) indicate 

the artifacts induced by fast head rotation on the VR acquired signals, in correspondence to each start 

and end of the ECG recordings; this resulted in a clear artifact visible on the y-axis of the ACC signal 

(b) thus allowing the automatic extraction of the portion of ACC and GYR signals (M1-Chest and 

M2-Thumb) corresponding in time with the gold standard ECG-measurements (ECG-Chest and 

ECG-Thumb). In (c) the y-axis of the GYR signal corresponding to the same subject in SIT is shown, 

highlighting how the SYNC artifacts could not be univocally identifiable from it. 

2.2.2. Protocol for Respiratory Rate Evaluation 

The RESP rate protocol (Figure 4a) was performed for each subject once the HR protocol was 

completed. It consisted of acquiring the VR signals during a controlled breathing protocol including 

three different respiratory rates (7, 10.5 and 14 breaths per min) for a duration of 50 s each, imposed 

by simultaneously listening to a rhythmic audio used for meditation, which guides the user in the 

inspiration and expiration phases (https://www.youtube.com/watch?v=aXItOY0sLRY). The different 

respiratory rates were obtained from the original one of 7 breaths per minute simply by reproducing 

the audio at 1.5× and 2.0× speed, respectively. Moreover, in this case, two head rotations (SYNC in 

Figure 4a) were performed in order to introduce a visible motion artifact on the acquired VR signals 

at the beginning and at the end of each session for synchronization purposes (Figure 4b). This 

protocol was repeated with the subject first laying down in SUP position with the head on a rigid 

support, then while SIT, and finally while STAND, with a period of 3 min in-between each posture. 
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Figure 4. Schematic representation of the protocol for RESP evaluation (a). The red arrows (SYNC) 

indicate the artifacts induced by fast head rotation on the VR acquired signals in correspondence to 

each start and end of the imposed breathing through audio listening, clearly visible on the y-axis of 

the ACC signal (b), thus allowing the automatic extraction of the portion of ACC and GYR signals 

acquired under controlled breathing (RM). 

2.3. Data Processing 

All the signal processing needed to extract the HR and RESP rate from the acquired signals 

collected by the VR device were performed offline using the Signal processing Toolbox in MATLAB 

R2019a (MathWorks, Natick, MA, USA). 

2.3.1. Pre-Processing 

The portion of interest in the signals was automatically identified by detecting the start and end 

SYNC artifacts on the y-axis of the ACC (Figure 3b), where they resulted more uniquely identifiable 

than the corresponding GYR axis (Figure 3c), where additional artifacts were sometimes present 

during the acquisition. Then, a resampling operation at 170 Hz was performed for both ACC and 

GYR signals.  

As the signal morphology is particularly sensitive to involuntary body motions, to avoid 

computing HR or RESP from portions of signal corrupted by motion artifacts, the proposed solution 

bases the identification of these artifacts on the signal envelope of each GYR component through the 

Hilbert transform. In particular, the noise detection is obtained by applying the function “isoutlier” 

to identify those samples whose value exceeds 3 Standard Deviations (SD) from the mean.  

As concerns the 30-s acquisitions for HR estimation, in case motion artifacts were found to lie 

within the central 15-s portion of the selected signal, the relevant component was automatically 

excluded from further analysis, as it could negatively compromise the algorithm performance. 

Finally, for the longer VR-acquisition relevant to RESP estimation, an artifacts-free portion of the 

signal of at least 15 s duration was selected. 

2.3.2. HR Estimation 

Given a specific VR acquisition, the processing of x-, y- and z-axis for M1-Chest (or M2-Thumb) 

was divided into the following steps, separately for the ACC and the GYR signals (Figure 5):  
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(i) A digital band-pass (10–13 Hz) second order Butterworth IIR filter was applied to each 

component of the acquired signals [19].  

(ii) The magnitude of the total acceleration (separately for linear and angular components) was 

calculated as the square root of the sum of the squared components at each sample (Equation 

(1)).  

(iii) An additional band-pass (0.75–2.5 Hz) second order Butterworth filter, thus limiting the 

detection of HR in the range between 45 and 150 beats per minute (bpm), was applied to the 

magnitude vector [19]. 

(iv) To estimate the mean HR from the magnitude vector, two traditional approaches in the 

frequency domain were proposed: the Fast Fourier Transform (FFT) and the Short-Time Fourier 

Transform (STFT). 

(v) In the former case, the HR was computed multiplying the frequency corresponding to the 

highest spectral power amplitude ��� by 60 (bpm); in the latter case, the HR estimate was 

obtained as the median of the estimated frequencies corresponding to the highest spectral 

power amplitude computed by applying the Fourier transform in consecutive 10 s span time 

windows with 9 s of overlap. 

 

Figure 5. Example of the processing steps applied to the three GYR components (x-, y- and z-axis in 

red, blue and black, respectively) in a subject while sitting. After a first Butterworth filtering, the 

magnitude is computed, and then filtered again to result in the final signal. 

Based on the consideration that the quasi-periodic characteristic of the cardiac-related head 

movement signals could lead to power spectral densities (PSDs) in which not only the fundamental 

frequency, but also its first harmonic could have a high power peak, a third modified step 

(Adjusted-FFT Method) was introduced in order to guide the automated selection of the correct peak 

on the power spectrum: in this case, the HR estimate was obtained by considering the ratio between 

�� = ���� + ��� + ���
�

 (1) 
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the areas of the spectrum in the interval 0.75–1.5 Hz (Area1) and 1.5–2.25 Hz (Area2). For values of 

this ratio > 0.8 the algorithm hypothesizes the presence of a first harmonic with considerable power: 

it initially searches for the PSD maximum peak (���) and, in case it falls in the frequency range >1.5 

Hz (90 bpm), it searches for a local peak around ���/2 (Figure 6). 

 

Figure 6. A schematic representation of the steps in the Adjusted-FFT Method: if the power ratio was 

>0.8, an additional test was performed to detect the proper frequency corresponding to HR. 

2.3.3. Protocol for RESP Estimation 

Regarding RESP estimation, the choice was to process only the GYR signal as movement 

artifacts were greatly affecting the ACC components. Given the longest artifacts-free (>15 s) portion 

of the GYR signal, identified within an average of 50 s of controlled-breathing acquisition, the three 

orthogonal components, which correspond to x-, y- and z-axis, were digitally filtered with a second 

order IIR Butterworth band-pass filter (0.1–0.9 Hz) in order to isolate the respiratory frequency 

component. Then, the frequency maximum peak, multiplied by 60 (breaths per minute 

(breaths/min)), was considered as the final RESP rate estimate for each axis (Figure 7). 

 

Figure 7. On the left, an example of the three GYR components (in black) with the corresponding 

output of the applied filter superimposed (in red), and on the right, the corresponding PSD with the 

frequency with maximum power estimated as RESP rate highlighted. 
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2.4. Statistical Analysis 

Due to the rejection of the null hypothesis of normality for HR results, to test the repeatability of 

the measurements, the mean HR obtained during the two 30-s periods in the same body posture 

were compared by Wilcoxon signed rank test, both for Coala (Chest vs Thumb) and for VR signals.  

To determine the performance of the proposed method in terms of accuracy of the mean HR in 

the 30 s period, Spearman-rank order correlation analyses were performed between the 

corresponding measurements obtained by the VR and by the Coala, for both the ACC and the GYR 

signals, separately for M1-Chest and M2-Thumb acquisitions. To assess the agreement between 

measurements obtained with the two devices, Bland–Altman analysis was also performed, together 

with the computation of the standardized effect size. 

In addition, the ACC and the GYR results were compared by Friedman Test, followed by 

post-hoc Wilcoxon signed rank test with Bonferroni correction, to evaluate potential postural-related 

differences. 

To determine the performance of the proposed method in terms of accuracy of the RESP rate, 

the absolute difference between the estimated RESP and the imposed RESP rate was computed for 

each axis of the GYR signal, for data recorded while SUP, SIT and STAND. Then, to evaluate which 

axis contained more information relevant to the respiratory activity and to investigate potential 

postural related changes, the One-way ANOVA test was performed among the signal components 

for each imposed RESP rate.  

All tests were considered statistically significant at p < 0.05. All statistical analyses were 

performed using the VassarStats program (http://vassarstats.net/). 

3. Results 

3.1. Results Relevant to Mean HR  

Due to the absence of the SYNC artifacts in the VR signals, thus preventing the identification of 

the portion to be analyzed, or to the non-proper skin contact by using the Coala ECG, resulting in 

absence of the gold standard reference, 4/30 subjects in SIT, 2/30 in STAND and 1/30 in SUP were 

discarded, thus resulting in a feasibility of our experimental protocol for HR evaluation equal to 87% 

in SIT, 93% in STAND and 97% in SUP. 

Among the remaining subjects, the HR estimations were obtained from artifact-free signal 

portions with duration equal to 23 ± 2 s (Mean ± SD).  

Considering the different body postures, in 25/30 subjects, the paired comparisons for all three 

postural conditions were possible. The Coala gold standard showed the expected changes in mean 

HR between SIT and STAND and between STAND and SUPINE (Figure 8), with a significant 

difference between the first 30 s (ECG Chest) and the following one (ECG Thumb) while in STAND 

(see complete results in Appendix A, Table A1). Accordingly, we decided to report separately for 

M1-Chest and M2-Thumb the results of the comparisons with the mean HR obtained from the VR 

signals. 
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Figure 8. The median HR (25th; 75th percentiles), expressed in bpm, and individual data (as dots) 

measured from the chest and the thumb with the reference Coala Heart monitor in the two 

consecutive acquisitions (M1-Chest and M2-Thumb) for each body posture in SIT (blue), STAND 

(red) and SUP (green) in the 25 subjects that allowed paired comparisons for all conditions. # p < 0.01 

ECG Chest vs. ECG Thumb (Wilcoxon signed rank test); * p < 0.05 between postures (Friedman Test 

and Wilcoxon signed rank test). 

As regards the ability of the VR signals in showing the expected changes in HR due to the 

different body postures, Figure 9 shows the cumulative results extracted from ACC (top panel) and 

GYR (bottom panel) in each posture, for each of the three implemented methods of analysis. It is 

possible to notice that, besides a trend of HR in STAND always higher than in SIT and SUP, only 

with the Adjusted-FFT method statistically significant results were obtained from the GYR signal, in 

line with what expected from the gold standard (see Appendix A, Table A2 for individual values). 

Linear regression computed using Spearman rank-order correlation and Bland-Altman results 

are reported for ACC and GYR in Table 1 and Table 2, respectively, for each posture (SIT, STAND, 

SUP) and considering the results from the first (M1 Chest) and the second (M2 Thumb) acquisition 

separately.  
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Figure 9. The median HR������ (25th; 75th percentiles) and individual data (as dots), expressed in 

bpm, measured from ACC (top panel) and GYR (bottom panel) signals obtained by M1-Chest and 

M2-Thumb, separately, for each method and body posture in SIT (blue), STAND (red) and SUP 

(green) in the 25 subjects that allowed paired comparisons in all conditions. * p < 0.05 and # p < 0.01 

between postures (Friedman Test and Wilcoxon signed rank test). 

  



Sensors 2020, 20, 7168 12 of 21 

 

Table 1. Results of Spearman rank-order correlation (Rs2) reported together with lower and upper 

limits of the respective 95% confidence interval (lower-upper) relevant to HR estimated from the 

ACC and GYR signals compared to the gold standard, by applying the three different methods 

tested, in SIT, STAND and SUP, separately for the first (M1 Chest) and s (M2 Thumb) acquisitions. 

The number of subjects (N) included in each comparison is included. The best performance for each 

posture is highlighted in bold. 

  ACC   GYR  

Method\Posture 

SIT  

(N = 26) 

Rs2 

STAND 

(N = 28) 

Rs2 

SUP  

(N = 29) 

Rs2 

SIT  

(N = 26) 

Rs2 

STAND  

(N = 28) 

Rs2 

SUP  

(N = 29) 

Rs2 

FFT 

M1 

Chest 

0.28 

(0.03–0.58) 

0.23 

(0.02–0.52) 

0.00 

(0.14–0.33) 

0.58 

(0.29–0.79) 

0.79 

(0.60–0.90) 

0.30 

(0.05–0.58) 

M2 

Thumb 

0.17 

(0–0.47) 

0.08 

(0.01–0.35) 

0.06 

(0.02–0.31) 

0.91 

(0.81–0.96) 

0.81 

(0.64–0.91) 

0.14 

(0–0.43) 

STFT 

M1 

Chest 

0.23 

(0.01–0.54) 

0.31 

(0.06–0.59) 

0.1 

(0.09–0.18) 

0.23 

(0.01–0.54) 

0.76 

(0.55–0.88) 

0.1 

(0–0.38) 

M2 

Thumb 

0.2 

(0.07–0.25) 

0.15 

(0.1–0.18) 

0.1 

(0–0.38) 

0.49 

(0.19–0.73) 

0.79 

(0.60–0.90) 

0.04 

(0.03–0.27) 

Adjusted 

FFT 

M1  

Chest 

0.44 

(0.14–0.7) 

0.12 

(0–0.41) 

0.1 

(0.05–0.24) 

0.83 

(0.66–0.92) 

0.51 

(0.21–0.73) 

0.44 

(0.15–0.68) 

M2 

Thumb 

0.55 

(0.25–0.77) 

0.11 

(0–0.4) 

0.02 

(0.01–0.49) 

0.91 

(0.81–0.96) 

0.69 

(0.43–0.84) 

0.20 

(0.01–0.48) 

The HR obtained from the ACC signal showed no or low correlation, higher bias and larger 

limits of agreement with the gold standard in each of the examined postures, and for each method, 

compared to the measurements obtained from the GYR, with the best performance obtained in SIT 

using the Adjusted FFT method, and the worst ones while in SUP, independently of the method 

used, while in STAND moderate correlation, no bias, and relatively narrow limits of agreements 

were found.  

In Figure 10, the corresponding Bland–Altman analysis for the best performance (GYR signal in 

SIT position analyzed by Adjusted FFT method) is reported as example. 
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Figure 10. Bland–Altman analyses between the gold standard (HR�����)  and the mean HR 

measurements obtained from the GYR signal (HR������) of the M1-Chest (left) and M2-Thumb 

(right) acquisitions while in SIT position using the Adjusted-FFT method. 

Table 2. Results of Bland–Altman analysis reported as Bias (95% LoA) relevant to HR (in bpm) 

estimated from the ACC and GYR signals compared to the gold standard, by applying the three 

different methods tested, in SIT, STAND and SUP, separately, for the first (M1 Chest) and second 

(M2 Thumb) acquisitions. The standardized effect size (
��

��
) as the difference between the mean of the 

two groups divided by the standard deviation (SD), is also reported. The number of subjects (N) 

included in each comparison is included. The best performance for each posture is highlighted in 

bold for GYR signal. 

  ACC   GYR  

 
SIT  

(N = 26) 

STAND  

(N = 28) 

SUP  

(N = 29) 

SIT 

(N = 26) 

STAND 

(N = 28) 

SUP  

(N = 29) 

  
Bias 

(LoA) 

��

��
 

Bias 

(LoA) 

��

��
 

Bias 

(LoA

) 

��

��
 

Bias 

(LoA) 

��

��
 

Bias 

(LoA) 

��

��
 

Bias 

(LoA) 

��

��
 

FFT 

M1 

Chest 

6.9 

(31.2) 
0.249 

4.7 

(30.3) 
0.240 

11 

(39) 
0.374 

3.6 

(25.3) 
0.131 

0.6 

(14.9) 
0.049 

6.6 

(38.9) 
0.321 

M2 

Thum

b 

5.3 

(37.2) 
0.178 

5.5 

(42.9) 
0.254 

5.8 

(27.6) 
0.361 

1.9 

(25.4) 
0.068 

−1.7 

(11.6) 
0.046 

5.8 

(29) 
0.203 

STFT 

M1 

Chest 

5.7 

(29.4) 
0.229 

4.6 

(27.2) 
0.242 

10.1 

(34.3) 
0.521 

5.7 

(29.4) 
0.229 

0.7 

(15.1) 
0.034 

10.6* 

(34.1) 
0.358 

M2 

Thum

b 

5.5 

(33) 
0.236 

6.4 

(42.6) 
0.199 

7.1 

(26.3) 
0.371 

1.5 

(19.5) 
0.064 

−2.9 

(11.7) 
0.097 

11 

(37.8) 
0.326 

Adjust

ed 

FFT 

M1  

Chest 

3.4 

(19.2) 
0.154 

−0.8 

(28) 
0.002 

5.6 

(27.3) 
0.351 

−1.3 

(7) 
0.060 

−1.3 

(22.6) 
0.037 

0.2 

(19.4) 
0.124 

M2 

Thum

b 

0.2 

(13.7) 
0.001 

−2.4 

(36.9) 
0.026 

4.3 

(23) 
0.273 

−1.6 

(5.4) 
0.068 

−3.6 

(13.1) 
0.127 

4.3 

(21) 
0.146 

3.2. Results Relevant to RESP Rate  

Several motion artifacts, dependent from the different postures, were observed in these GYR 

acquisitions that precluded the feasibility of measuring the respiratory rate in 2/90 acquisitions when 

in SUP, in 35/90 acquisitions while in SIT and 63/90 acquisitions while in STAND, thus resulting in a 

feasibility of 98%, 60% and 30%, respectively. In Table 3, the detail of the number of acquisitions that 

needed to be discarded is reported.  
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Table 3. Number of acquisitions that were discarded for each specific body position (SUP, SIT and 

STAND) by considering the respiratory signal derived from the x-, y- and z-axis of the GYR for each 

imposed RESP rate, set at 7, 10.5 and 14 breaths/min. 

 SUP SIT STAND 

Reference (breaths/min) X Y Z X Y Z X Y Z 

7 0 0 0 5 4 3 8 7 8 

10.5 0 1 1 3 4 5 7 7 11 

14 0 0 0 4 2 5 5 4 6 

Total Number 

of discarded acquisition 
2 35 63 

The results in terms of the median (25th; 75th) of the RESP rate estimated from each of the 

tri-axis components of the GYR signal, for each body posture, are reported in Table 4 for each 

imposed reference rate, set at 7, 10.5 and 14 breaths/min, while in Table 5 the median absolute error 

is reported, computed for each GYR component in the three postures. 

Table 4. The median (25th; 75th percentiles), expressed in breaths per minute, of the RESP rate 

distribution obtained for each imposed RESP rate in the three body postures for x-y and z-axis. 

 SUP (N = 88) SIT (N = 55) STAND (N = 27) 

Reference 

(breaths/min) 
X Y Z X Y Z X Y Z 

7 
7 

(7; 7) 

7 

(7; 10) 

7 

(6; 9) 

7 

(7; 7) 

7 

(6; 9) 

10 

(7; 12) 

7 

(7; 9) 

7 

(5; 8) 

7 

(7; 12) 

10.5 
10 

(10; 11) 

10 

(9; 11) 

10 

(9; 11) 

10 

(10; 11) 

10 

(9; 11) 

10 

(10; 11) 
10 (10; 11) 

10 

(1; 10) 

10 

(10; 13) 

14 
14 

(14; 14) 

11 

(9; 14) 

11 

(6; 14) 

14 

(14; 14) 

14 

(9; 14) 

14 

(8; 14) 

14 

(14; 15) 

12 

(7; 14) 

14 

(10; 14) 

It is possible to observe that the imposed frequency of 10.5 breaths/min was correctly identified 

in all postures by all GYR components, while some imprecisions were present for lower and faster 

rates. Moreover, the x-axis appeared the one with the lower estimation error for all postures and 

imposed frequencies.  
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Table 5. The median absolute error, expressed in breaths per minutes, of the RESP frequency is 

computed from the x-, y- ad z-axis GYR for each posture. The median (25th; 75th) is reported 

considering the three different imposed respiratory rates. 

 SUP (N = 88) SIT (N = 55) STAND (N = 27) 

Reference 

(breaths/min) 
X Y Z X Y Z X Y Z 

7 
0.5 

(0.5; 0.8) 

1.7 

(0.5; 6.7) 

1.7 

(0.5; 3.3) 

0.5 

(0.5; 1.7) 

1.1 

(0.5; 3.7) 

4.2 

(0.8; 5.6) 

0.6 

(0.5; 2.5) 

1.4 

(0.5; 3.2) 

0.8 

(0.5; 5.1) 

10.5 
0.6 

(0.5; 0.7) 

0.7 

(0.5; 3.0) 

1.8 

(0.7; 4.3) 

0.5 

(0.5; 1.8) 

1.8 

(0.5; 4.3) 

0.7 

(0.5; 2.0) 

0.7 

(0.5; 1.9) 

0.7 

(0.5; 4.9) 

0.7 

(0.5; 3.7) 

14 
0.3 

(0.3; 0.9) 

2.8 

(0.3; 5.3) 

2.8 

(0.3; 7.8) 

0.3 

(0.3; 0.3) 

1.3 

(0.3; 5.3) 

1.2 

(0.3; 5.6) 

0.3 

(0.3; 1.6) 

1.3 

(0.3; 6.4) 

1.5 

(0.3; 4.4) 

4. Discussion 

To the authors’ knowledge, this is the first study in which the feasibility of deriving mean HR 

and respiratory (RESP) rate from subtle head motion associated with the mechanical activity of the 

heart, measured by tri-axial gyroscope (GYR) and accelerometer (ACC) sensors embedded in a VR 

head-worn device in different postures, as an implicit measure of QoE, has been explored to set the 

groundwork for future studies in real-world applications. 

Based on the obtained results, the main findings of this study are:  

(1) In all postures, the ACC signal was outperformed by the GYR, which resulted in higher 

correlations, smaller biases and narrower confidence intervals when compared to gold standard HR 

obtained by the ECG, independently of the frequency analysis method applied.  

(2) Considering the different postures analyzed, both for the gold standard and the 

corresponding estimated mean HR by GYR obtained by the Adjusted FFT-Method, the expected 

changes (i.e., HR SUP < SIT < STAND) elicited by the different orthostatic pressure gradient between 

the heart and the head, resulting in a corresponding autonomic system activation [31], were visible 

while non-significant differences were found using the FFT and STFT methods. 

(3) The accuracy of GYR in estimating the HR varied according to the different posture and 

method of analysis, with the best results obtained while the subject was sitting using the Adjusted 

FFT method (LoA in a range between 5 and 7 bpm), while in standing a worsening of the 

performance was found (LoA between 12 and 15 bpm), with both the FFT and STFT methods 

performing similarly and better than the Adjusted-FFT one, probably due to the presence of 

additional noisy components in the PSD, relevant to body stabilization movements that were not 

adequately compensated. In supine, the worst performance for GYR was evidenced (LoA around  

20 bpm), probably due to the dampening of the subtle head movements as the head was not 

anymore free to oscillate in 3D. 

(4) For the RESP estimation, the ACC data were not suitable to extract breathing information, 

due to the presence of frequency components related to noise that prevented the identification of the 

respiratory activity peak. For this reason, only the GYR data were analyzed considering separately 

the three axis components to minimize the impact of involuntary motion artifacts. The supine 

posture showed the best feasibility (98%) for this kind of analysis, with the head movements along 

the GYR x-axis component strongly related to the respiratory activity, thus providing a lower 

estimation error compared to the y- and z-axis, while breathing at 7, 10.5 and 14 breaths/ min. 

In the designed protocol, the goal was to keep the observation window, during which the 

subject was asked to stay still, as short as possible, to mimic possible real scenarios in which the user 

could be guided by the VR experience to avoid or minimize head motion for the time needed for 

opportunistic measurements of mean HR and RESP. Three different positions (sitting, standing and 

supine) were investigated: the standing position, corresponding to a context of VR-gaming, or 

physical rehabilitation, where the subject is free to move within a confined area and interact with the 

VR-environment in a more realistic way; the sitting position, corresponding to a general use 

scenario, applicable both for gaming and healthcare applications; the supine position, for healthcare 

applications in the context of bedridden patients. 
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Based on the obtained results, the proposed approach could provide reasonably accurate results 

relevant to mean HR only when the subject is in sitting position and complies with the condition of 

not moving the head for about 20 to 30 s. Hence the users hardly keep their head still during normal 

VR activities, short time intervals where the subject’s head is induced to stay still could be induced 

by careful design of the VR application, thus allowing measuring physiological parameters, such as 

mean HR and RESP, that could be used to implicitly monitor the QoE, in relation to the effectiveness 

of the given stimuli embedded into the VR application.  

As HR and respiratory activity are largely under the control of the autonomic nervous system, 

their measurement during a VR experience may serve as an objective index of the status of the 

subject in terms of vagal or sympathetic activation [31] as a surrogate measure of stress, fatigue, or 

emotional entrainment of the user. The possibility to achieve this aim using the inertial sensors in the 

VR headset, instead than using additional laboratory instrumentation or wearables, could allow 

ubiquitous recordings in all potential users, with no additional constraints that could affect the 

sympatho-vagal balance. 

In particular, the HR estimation was computed by implementing similar pre-processing steps 

as described in [23], where cardiac information were detected from peripheral locations such as the 

head. By fusing the signals originating from the 3-axes ACC and those from the 3-axes GYR, the 

same weight is provided to each of the components, obtaining estimations more robust to different 

device orientations. In literature, when the location of measure is the thorax, the combination of 

accelerometer and gyroscope signals has been shown able to reduce noise level and overcome the 

limitations of using only one sensor [32,33]. However, when the location of measure is the head, the 

best results have been reported associated to the use of only the gyroscopic signal [23,24]. 

Accordingly, our choice was to assess the feasibility of both sensors without combining their output. 

For the extraction of mean HR and RESP, three frequency domain approaches (FFT, STFT and 

Adjusted-FFT) were applied, to minimize the problem of nonlinear and nonstationary behavior in 

the signals, as well as the problem of missing peaks, especially for cardiac activity, due to 

non-constant sampling rate of the inertial measurements units. In fact, alternative approaches based 

on time domain analysis [26,27], mainly focused on detecting local maxima or local minima using a 

moving window on the acquired signals, could be more easily affected by superimposed noise, thus 

resulting in missing or wrong detections. The FFT method provides the power frequency 

information over the entire signal acquisition duration; it is less robust in presence of not perfect 

stationary conditions, as the normal heart rate variability. In an attempt to cope with this limitation, 

the STFT was also tested, thus providing a time-localized frequency analysis within a moving and 

overlapping 10 s time window but with lower frequency resolution that leads to discrete values of 

HR to be estimated. The third method (Adjusted FFT) was introduced based on a posteriori analysis 

of the PSD obtained using the FFT method, as a possible automated solution to the problem of 

finding spurious peaks in the PSD corresponding to harmonic frequencies with a power greater than 

the fundamental one. 

To compare the obtained performance with literature, we found only one study that considered 

a similar experimental set-up [23], where twelve participants were studied while standing up, sitting 

down and lying down, under both relaxed and aroused (after biking) conditions for a minute each, 

while wearing Google Glasses. By dividing the 72 one minute segments into intervals of 20 s, 648 

samples were collected from the participants, from which HR and the respiratory frequency were 

estimated separately from ACC and GYR data and compared to a gold standard. The best 

performances, reported pulling together sitting, standing and supine, were obtained from GYR, with 

0.82 bpm bias and 7 bpm 95% LoA for HR, and 1.39 breaths/min bias and 9 breath/min 95% LoA for 

respiratory frequency, respectively. However, it is worth noticing that the reported LoA did not take 

into account for repeated measures in their Bland–Altman calculations, thus underestimating the 

true LoA [34]. In addition, R� of the linear regression were not reported; also, the sensors’ position 

and weight of the device (i.e., VR vs Google Glasses) was also different. Considering each posture 

separately, only the mean absolute error was reported, so a real comparison cannot be performed. 

Our results in term of bias are comparable with [23] for SIT and STAND, where the mean absolute 
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error was 1.18 bpm and 0.85 bpm, respectively, while they appear worst in SUP (0.44 bpm). 

However, considering the LoA, our results for mean HR in SUP appear better than what achieved in 

that study. 

Limitations 

A possible limitation of our study is the need to maintain a still condition while the acquisitions 

are performed. As the subject is moving, the degree of the movement-related noise would exceed the 

physiologic components of interest; this limitation could be overcome by designing and including in 

the VR-experience short periods where the subject head is induced to stay still.  

As the subjects were studied according to a non-randomized sequence of the analyzed postures, 

this acquisition protocol might have introduced a systematic error in the results obtained for each 

posture.  

The proposed methods of analysis did not directly address the problem of determining the 

signal quality before processing, since this would have required the generation of a reference signal, 

i.e., by averaging a high number of available segments. In addition, the non-uniform sampling rate 

in the measurements could have introduced additional artifacts when estimating physiological 

information after interpolation and digital filtering, as these operations can amplify the noise [35] 

and negatively affect the frequency content. In addition, the frequency domain analysis does not 

provide information about HRV, as the signal is not analyzed in terms of beat-to-beat durations, 

thus limiting the capability in assessing stress response during the VR-experience: This could be 

explored in future dedicated studies, where possible availability of ECG devices Bluetooth 

connected to the VR could allow better synchronization to this aim. Additionally, as the adopted 

frequency domain-based methods imply stationarity of the data in the time window considered for 

analysis window (30 s maximum for the FFT and Adjusted-FFT, 10 s for the Short-time FFT), a 

transient change in the HR would not be properly captured. 

Finally, a reference measure for the breathing activity was not utilized, but an experimenter was 

visually confirming the adherence of the subject to the controlled respiration protocol during the 

experimental session; in addition, from the obtained results, it was evident that the imposed 

frequencies were properly followed by each subject.  

5. Conclusions 

In this study, the feasibility of deriving cardio-respiratory parameters using a VR head-worn 

device, exploiting the subtle beat-to-beat head motion associated with the mechanical activity of the 

heart, was explored. Although not designed to acquire physiological signals, the results provided 

evidence of the feasibility of the proposed approach, with a degree of performance and feasibility 

dependent on the posture of the subject, under the conditions of keeping the head still for a short 

period (20-30 s). The gyroscope outperformed the accelerometer, demonstrating that rotational 

movements of the head are more related to cardio-respiratory activity. In particular, the best 

agreement with ECG gold standard in HR was found while sitting; conversely, the supine posture 

showed the best feasibility to allow the estimation of the respiratory rate from each gyroscope axis, 

leading to the identification of the transversal direction as the one containing higher breathing 

information The proposed approach has the potential to allow for opportunistic monitoring of mean 

HR and respiration to provide, in an implicit way, a bio feedback of the user’s QoE to multimedia 

contents or VR scenarios. 
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Appendix A 

Table A1. The median (25th; 75th percentiles), expressed in bpm, measured from the chest and the 

thumb with the Coala Heart monitor in SIT, STAND and SUP in the 25 subjects that allowed paired 

comparisons for all conditions. *: p < 0.05 SIT vs SUP, and #: p < 0.05 vs STAND (Friedman Test). 

N = 25 
ECG  

Chest (bpm) 

ECG 

Thumb (bpm) 

Subject 

(#) 
SIT STAND SUP SIT STAND SUP 

1 64 72 67 67 80 67 

2 84 76 73 77 79 71 

3 77 79 73 77 79 71 

4 52 62 50 52 61 49 

5 84 96 78 85 101 77 

7 85 107 68 83 110 76 

8 80 82 82 84 84 85 

9 72 77 74 74 79 71 

12 60 64 58 59 64 60 

14 57 64 56 55 68 57 

15 43 43 47 44 46 48 

16 77 87 70 85 86 72 

17 59 64 58 64 86 59 

18 75 80 68 73 89 70 

19 72 78 72 71 78 69 

20 72 76 75 74 79 79 

21 83 87 78 84 92 78 

22 76 76 79 72 75 73 

23 66 71 63 67 89 64 

24 78 75 76 76 78 78 

25 54 50 47 48 49 47 

27 79 84 78 80 92 78 

28 84 93 85 85 96 84 

29 74 80 72 76 86 71 

30 61 62 48 55 63 48 

Median 

(25th; 75th) 

74 # *  

(61; 79) 

76  

(64; 82) 

72 #  

(58; 76) 

74 # * 

(64; 80) 

79 

(75; 89) 

71 # 

(69; 77) 
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Table A2. The median (25th;75th percentiles), expressed in bpm, of the HR extracted from ACC and 

GYR sensors in the VR headset by applying the FFT, STFT and the Adjusted-FFT method, reported 

separately for SIT, STAND and SUP postures in the 25 subjects that allowed paired comparisons for 

all conditions. *: p < 0.05 vs STAND and #: p < 0.01 vs STAND (Friedman Test). 

 FFT Method STFT Method Adjusted-FFT Method 

Body Posture Sensor Modality 
M1 Chest 

(bpm) 

M2 Thumb 

(bpm) 

M1 Chest 

(bpm) 

M2 Thumb 

(bpm) 

M1 

Chest 

(bpm) 

M2 

Thumb 

(bpm) 

SIT  

ACC 
77  

(70; 85) 

75 

(70; 83) 

78  

(72; 90) 

78 * 

(72; 84) 

77  

(68; 82) 

75 

(62; 77) 

GYR 
75  

(62; 81) 

75 # 

(60; 77) 

78  

(72; 84) 

72 

(66; 78) 

71 # 

(62; 77) 

75 # 

(60; 77) 

STAND 

ACC 
77  

(70; 82) 

80 

(70; 92) 

78  

(72; 84) 

78 

(72; 90) 

75  

(67; 80) 

75 

(66; 82) 

GYR 
77  

(70; 82) 

79 

(62; 87) 

78  

(69; 84) 

78 

(60; 84) 

77  

(67; 80) 

79 

(62; 84) 

SUP 

ACC 
76  

(70; 82) 

73 * 

(70; 77) 

72  

(72; 78) 

72 * 

(66; 78) 

75  

(67; 78) 

72 

(68; 77) 

GYR 
70 *  

(62; 76) 

75  

(70; 82) 

78  

(72; 84) 

78 

(72; 84) 

70 # 

(62; 75) 

75 

(70; 80) 

References 

1. Nee, A.Y.C.; Ong, S.K. Virtual and augmented reality applications in manufacturing. IFAC Proc. 2013, 

doi:10.3182/20130619-3-RU-3018.00637. 

2. Slater, M.; Sanchez-Vives, M.V. Enhancing our lives with immersive virtual reality. Front. Robot. AI 2016, 3, 

1–47, doi:10.3389/frobt.2016.00074. 

3. Stryla, W.; Banas, A. The Use of Virtual Reality Technologies during Physiotherapy of the Paretic Upper 

Limb in Patients after Ischemic Stroke. J. Neurol. Neurosci. 2015, 6, 1–6, doi:10.21767/2171-6625.100033. 

4. Aida, J.; Chau, B.; Dunn, J. Immersive virtual reality in traumatic brain injury rehabilitation: A literature 

review. NeuroRehabilitation 2018, doi:10.3233/NRE-172361. 

5. Maples-Keller, J.L.; Yasinski, C.; Manjin, N.; Rothbaum, B.O. Virtual Reality-Enhanced Extinction of 

Phobias and Post-Traumatic Stress. Neurotherapeutics 2017, 14, 554–563, doi:10.1007/s13311-017-0534-y. 

6. Spiegel, B.; Fuller, G.; Lopez, M.; Dupuy, T.; Noah, B.; Howard, A.; Albert, M.; Tashjian, V.; Lam, R.; Ahn, 

J.; et al. Virtual reality for management of pain in hospitalized patients: A randomized comparative 

effectiveness trial. PLoS ONE 2019, doi:10.1371/journal.pone.0219115. 

7. Schneider, S.M.; Kisby, C.K.; Flint, E.P. Effect of virtual reality on time perception in patients receiving 

chemotherapy. Supportive Care Cancer 2011, doi:10.1007/s00520-010-0852-7. 

8. Morris, L.D.; Louw, Q.A.; Grimmer-Somers, K. The effectiveness of virtual reality on reducing pain and 

anxiety in burn injury patients: A systematic review. Clin. J. Pain 2009, doi:10.1097/AJP.0b013e3181aaa909. 

9. Gold, J.I.; Kant, A.J.; Kim, S.H.; Rizzo, A. Virtual anesthesia: The use of virtual reality for pain distraction 

during acute medical interventions. Semin. Anesth. Perioper. Med. Pain 2005, doi:10.1053/j.sane.2005.10.005. 

10. Furman, E.; Jasinewicius, T.R.; Bissada, N.F.; Victoroff, K.Z.; Skillicorn, R.; Buchner, M. Virtual reality 

distraction for pain control during periodontal scaling and root planing procedures. J. Am. Dent. Assoc. 

2009, doi:10.14219/jada.archive.2009.0102. 

11. Farra, S.; Hodgson, E.; Miller, E.T.; Timm, N.; Brady, W.; Gneuhs, M.; Ying, J.; Hausfeld, J.; Cosgrove, E.; 

Simon, A.; et al. Effects of Virtual Reality Simulation on Worker Emergency Evacuation of Neonates. 

Disaster Med. Public Health Prep. 2019, doi:10.1017/dmp.2018.58. 

12. Pandrangi, V.C.; Gaston, B.; Appelbaum, N.P.; Albuquerque, F.C.; Levy, M.M.; Larson, R.A. The 

Application of Virtual Reality in Patient Education. Ann. Vasc. Surg. 2019, doi:10.1016/j.avsg.2019.01.015. 

13. Rourke, S. How does virtual reality simulation compare to simulated practice in the acquisition of clinical 

psychomotor skills for pre-registration student nurses? A systematic review. Int. J. Nurs. Stud. 2020, 

doi:10.1016/j.ijnurstu.2019.103466. 

14. Khor, W.S.; Baker, B.; Amin, K.; Chan, A.; Patel, K.; Wong, J. Augmented and virtual reality in surgery-the 

digital surgical environment: Applications, limitations and legal pitfalls. Ann. Transl. Med. 2016, 

doi:10.21037/atm.2016.12.23. 



Sensors 2020, 20, 7168 20 of 21 

 

15. Brunnström, K.; Ariel Beker, S.; de Moor, K.; Dooms, A.; Egger, S.; Garcia, M.-N.; Hossfeld, T.; 

Jumisko-Pyykkö, S.; Keimel, C. ; Larabi, M.-C.; et al. Qualinet White Paper on Definitions of Quality of 

Experience 2013. ffhal-00977812f. Available online: https://hal.archives-ouvertes.fr/hal-00977812 (accessed 

on 13 December 2020). 

16. Sanchez-Vives, M.V.; Slater, M. From presence to consciousness through virtual reality. Nat. Rev. Neurosci. 

2005, doi:10.1038/nrn1651. 

17. Slater, M. Place illusion and plausibility can lead to realistic behaviour in immersive virtual environments. 

Philos. Trans. R. Soc. B Biol. Sci. 2009, doi:10.1098/rstb.2009.0138. 

18. Slater, M.; Wilbur, S. A framework for immersive virtual environments (FIVE): Speculations on the role of 

presence in virtual environments. Presence Teleoperators Virtual Environ. 1997, doi:10.1162/pres.1997.6.6.603. 

19. Kroupi, E.; Hanhart, P.; Lee, J.S.; Rerabek, M.; Ebrahimi, T. Modeling immersive media experiences by 

sensing impact on subjects. Multimed. Tools Appl. 2016, 75, 12409–12429, doi:10.1007/s11042-015-2980-z. 

20. Hupont, I.; Gracia, J.; Sanagustin, L.; Gracia, M.A. How do new visual immersive systems influence 

gaming QoE? A use case of serious gaming with Oculus Rift. In Proceedings of the 2015 7th International 

Workshop on Quality of Multimedia Experience, QoMEX 2015, Pylos-Nestoras, Greece, 26–29 May 2015, 

doi:10.1109/QoMEX.2015.7148110. 

21. Li, H.C.O.; Seo, J.; Kham, K.; Lee, S. Measurement of 3D visual fatigue using event-related potential (ERP): 

3D oddball paradigm. In Proceedings of the 2008 3DTV-Conference: The True Vision—Capture, 

Transmission and Display of 3D Video, 3DTV-CON 2008 Proceedings, Istanbul, Turkey, 28–30 May 2008, 

doi:10.1109/3DTV.2008.4547846. 

22. Egan, D.; Brennan, S.; Barrett, J.; Qiao, Y.; Timmerer, C.; Murray, N. An evaluation of Heart Rate and 

ElectroDermal Activity as an objective QoE evaluation method for immersive virtual reality 

environments. In Proceedings of the 2016 8th International Conference on Quality of Multimedia 

Experience, QoMEX 2016, Lisbon, Portugal, 6–8 June 2016; pp. 1–6, doi:10.1109/QoMEX.2016.7498964. 

23. Hernandez, J.; Li, Y.; Rehg, J.M.; Picard, R.W. Cardiac and Respiratory Parameter Estimation Using 

Head-mounted Motion-sensitive Sensors. EAI Endorsed Trans. Pervasive Health Technol. 2015, 1, e2, 

doi:10.4108/phat.1.1.e2. 

24. Hernandez, J.; McDuff, D.; Quigley, K.S.; Maes, P.; Picard, R.W. Wearable Motion-based Heart-rate at Rest: 

A Workplace Evaluation. IEEE J. Biomed. Health Inform. 2018, 23, 1920–1927, doi:10.1109/JBHI.2018.2877484. 

25. Landreani, F.; Caiani, E.G. Smartphone accelerometers for the detection of heart rate. Expert Rev. Med 

Devices 2017, 14, 935–948, doi:10.1080/17434440.2017.1407647. 

26. Landreani, F.; Martin-Yebra, A.; Casellato, C.; Pavan, E.; Frigo, C.; Migeotte, P.F.; Caiani, E.G. Feasibility 

study for beat-to-beat heart rate detection by smartphone’s accelerometers. In Proceedings of the 2015 

E-Health and Bioengineering Conference, EHB 2015, Iasi, Romania, 19–21 November 2015; 

doi:10.1109/EHB.2015.7391493. 

27. Landreani, Faini, Martin-Yebra, Morri, Parati, and Caiani, Assessment of Ultra-Short Heart Variability 

Indices Derived by Smartphone Accelerometers for Stress Detection. Sensors 2019, 19, 3729, 

doi:10.3390/s19173729. 

28. Inan, O.T.; Migeotte, P.F.; Park, K.S.; Etemadi, M.; Tavakolian, K.; Casanella, R.; Zanetti, J.; Tank, J.; 

Funtova, I.; Prisk, G.K.; et al. Ballistocardiography and Seismocardiography: A Review of Recent 

Advances. IEEE J. Biomed. Health Inform. 2015, 19, 1414–1427, doi:10.1109/JBHI.2014.2361732. 

29. Hernandez, J.; McDuff, D.J.; Picard, R.W. BioInsights: Extracting personal data from ‘Still’ wearable 

motion sensors. In Proceedings of the 2015 IEEE 12th International Conference on Wearable and 

Implantable Body Sensor Networks, BSN 2015, Cambridge, MA, USA, 9–12 June 2015; pp. 1–6, 

doi:10.1109/BSN.2015.7299354. 

30. Coala Life. Available online: https://www.coalalife.com/english/ (accessed on 13 December 2020). 

31. Jelinek, H.F.; Cornforth, D.J.; Khandoker, A.H. Heart rate variability. Standards of measurement, 

physiological interpretation, and clinical use. Eur. Heart J. 1996, 1–12, doi:10.4324/9781315372921. 

32. Yoon, J.W.; Noh, Y.S.; Kwon, Y.S.; Kim, W.K.; Yoon, H.R. Improvement of dynamic respiration monitoring 

through sensor fusion of accelerometer and gyro-sensor. J. Electr. Eng. Technol. 2014, 9, 334–343, 

doi:10.5370/JEET.2014.9.1.334. 

33. Shandhi, M.M.H.; Semiz, B.; Hersek, S.; Goller, N.; Ayazi, F.; Inan, O. Performance Analysis of Gyroscope 

and Accelerometer Sensors for Seismocardiography-Based Wearable Pre-Ejection Period Estimation. IEEE 

J. Biomed. Health Inform. 2019, 23, 2365–2374, doi:10.1109/jbhi.2019.2895775. 



Sensors 2020, 20, 7168 21 of 21 

 

34. Bland, J.M.; Altman, D.G. Agreement between methods of measurement with multiple observations per 

individual. J. Biopharm. Stat. 2007, 17, 571–582, doi:10.1080/10543400701329422. 

35. Choi, H.; Baraniuk, R. Interpolation and denoising of nonuniformly sampled data using wavelet-domain 

processing. In Proceedings of the ICASSP, IEEE International Conference on Acoustics, Speech and Signal 

Processing, Phoenix, AZ, USA, 15–19 March 1999, doi:10.1109/icassp.1999.756307. 

Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional 

affiliations. 

 

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access 

article distributed under the terms and conditions of the Creative Commons Attribution 

(CC BY) license (http://creativecommons.org/licenses/by/4.0/). 

 


