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12 participants (balanced gender) 

3 still positions: sit down, stand up, lying down 

2 conditions: relaxed and after biking 1 min. 
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Growing interest in comfortably measuring 

physiological information during daily life activity 

Heart Rate Respiration Rate 

Preprocessing 

Filtering Remove moving average (length: 2) 

Band pass Butter filter [10-13]Hz (n: 4) 

Aggregation Square root of the summation 

 of the squared components 

Filtering Band pass Butterworth filter 

 [0.75-2.5]Hz (n: 2) 

Frequency 

Analysis 
Identify frequency with 

 highest amplitude in [0.75-2.5]Hz 

Enforce uniform sampling rate (256 Hz) 

Remove sporadic peaks 

Filtering Compute moving average (length: 256*60/45) 

Band pass Butter. filter [0.13- 0.75]Hz (n: 4) 

De-noising 
Apply Principal Component Analysis 

Selection Choose component with maximum  

amplitude in [0.13- 0.75]Hz 

Frequency 

Analysis 
Identify frequency with  

highest amplitude in [0.75-2.5]Hz 

Heart Rate Respiration Rate 

ME = Mean absolute error, STD = Standard deviation of the absolute error,  

RMSE = Root mean squared error, CC = Pearson’s correlation coefficient. 
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due to the limited rotational motions of considered body 

locations (e.g., chest, ear). Similarly to the accelerometer

sensor, the average sampling rate of the gyroscope was 50 Hz

and sensor drops weresometimesobserved. We applied the 

same cubic interpolation and hard-thresholding described

above.

C. Camera

The video was recorded at aconstantframe rate of 30Hz at a 

resolution of 1280x720 pixels (the default settings of Glass). 

Each of the pixels yields a vector in RGB color space. We 

estimate the motion of the device by tracking 2D feature points 

in the video. First, we detect feature points [29] in each frame 

and track them using a Kanade -Lucas-Tomasi feature

tracker[20]. We then fit a homography matrix[11] to the point 

correspondences using RANSAC [10]. We assume that all 

tracked points correspond to static 3D points, in which case 

their offsets are solely explained by the camera motion.Finally, 

the vertical and horizontal motion (up to a scale)of the camera 

can then be directly extracted from the matrix. While more 

accurate motion estimation methods exist(e.g., [11]), they 

require addressing additional challenges such as calibrating the 

cameraand facing degenerate conditionsfor small movements

that may attenuate the physiological information. To the best of 

our knowledge, this work is the first to use the egocentric view 

of a wearerto gather his or her own physiological data. 

V. PHYSIOLOGICAL PARAMETER ESTIMATION

In this section we provide details about the proposed 

processing steps to estimate the pulse and respiratory waves 

from a specific stream of sensor data.  

A. PulseWave

Given a specific sensor modalitywith sensor readings as a 

time series of vectors (e.g., 3D vector for accelerometerand 

gyroscope, 2D vector for camera), the estimation of the pulse

wave was divided into the following steps:

1) A moving average window of 3 samples was subtracted 

from each dimension of the vector, allowing the removal of 

signal shifts and trends.

2) A Butterworth high-pass filter followed by a low -pass 

filter of order 4 with cut-off frequenciesof 10 and 13 Hz

respectively were applied to each dimension. Similar 

frequency ranges were suggested by other researchers to 

capture the BCG information[24].

3) In order to aggregate the differentcomponentsof the signal 

i.e. dimensions of the vector, we compute the square root 

of the summation of the squared components (i.e., L2 

norm) at each sample. This aggregation gives the same 

relevance to each of the dimensions and makes our

approach more robust to different body postures.

4) Finally, a Butterworth high -pass filter followed by a

low-pass filter of order 2 with cut -off frequencies of 

0.75and 2.5Hz respectivelywere applied, yielding the 

final pulse wave. The cut-off frequencies correspond to 45 

and 150 beats per minute.

Fig. 2 shows an example of pulse wave estimation from 

gyroscope data of a person wearing the head-mounted wearable 

device while lying down. The top graph shows the 3 -axis 

gyroscope over a period of 5.5 seconds and clearly shows the 

BCG changes. The middle graph shows the pulse wave 

obtained by BVP (blue) and the pulse wave obtained after 

applying the described methods on the gyroscope data (red 

line). As can be seen, the estimated pulse wave is very 

well-aligned with the wave of reference and is able tocapture 

the changes associated with the beats and their reflections.

B. RespiratoryWave

In order to estimate the respiratory wave from data of a 

specific sensor(same to what we used for pulse wave), the 

following steps were followed:

1) An average filter was applied to each of the components. 

The length of window was set to be t he duration of a 

respiration cycle at a maximum breathing rate (45 breaths 

per minute in our case). This filter allowed removing 

changes above 45.

2) A Butterworth high -pass filter followed by a low -pass 

filter of order 4 with cut -off frequencies of 0.13 and

0.75Hz respectivelywere applied to eachdimension. The

cut-off frequencies correspond to 8 and 45 breaths per 

minute.

3) Since different dimensions of the sensorreading (e.g., X

and Y axis of accelerometer) may change in different 

directions depending on the body position, we used 

Fig. 2.  Example of an estimated pulse wave from gyroscope data (red) and the 
ground truth blood volume pulse signal (blue). Bottom graphs show the 
Fourier Spectrum of each signal. (FFT: Fourier Spectrum, GYR:Gyroscope, 
BVP: Blood Volume Pulse, HR: Heart Rate, bpms: beats per minute)
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Principal Component Analysisto transform and find the 

best representation that maximizes the variance. After 

transforming the data, we computed the Fast Fourier 

Transform of each new component and selected the most 

periodic signal. The periodicity of the signal was estimated 

by computing the maximum amplitude observed within the 

operational frequency range.

Fig. 3 shows an example of respiratory wave frequency

estimation from accelerometer data of a supine participant. As 

in Fig. 2, the two waves are closely aligned.

C. Heart and Respiration Rates

For each of the waves we extractedthe heart rate and the 

respiration rate in the frequency domain. Given an estimated 

wave or ground truth signal, we extracted the frequency 

response with the Fast Fourier Transform and identified the 

frequency with the highest amplitude response. The band of 

frequencies used for the pulse and respiration rates are the same 

ones considered in the previous section (i.e., [0.75-2.5] Hz for 

heart rate and [0.13-0.75] Hz for respiration rate). The final 

estimated heart rate and respiration ratecorresponded to the 

maximum frequency multiplied by 60 (beats per minute).

Computing these parameters in the frequency domain instead 

of the time domain allowed us to 1) partially address the 

problem of missing peaks due to non-constant sampling rates of 

accelerometer and gyroscope,2) deal with the non-linear phase 

responses of the Butterworth filter, and 3) avoid addressing the 

problem of peak detection.Future work will focus on ensuring 

more constant sampling rates and the development of more 

computationally efficient and robust-to-extraneous-movement 

peak detection.

The bottom graphs of Fig. 2 and 3 show the Fourier Spectrum 

over the whole 20 second estimated (left) and reference (right) 

waves. As can been seen, the frequency responses for the two 

waves are closely aligned and their maximum frequency 

response is approximately the same: 1.1 Hz (corresponding to a 

heart rate of 62 beats per minute) for the pulse waves, and 

0.41Hz (corresponding to 25 breaths per minute) for the 

respiratory waves.

VI. RESULTS

Each of the 12 participants held three different positions 

under relaxed and aroused (after biking) conditions for a minute 

each. Therefore, we collected72 1-minute segmentsof data. In 

order to increase the number of samples, we divided the data 

into intervalsof 20 seconds with a 75% overlap, yielding 576

samples. In this section, we use the segmented data to compare 

performance acrossthe threemodalitiesand body postures. We

then evaluate the benefit of combining the three modalities.

Finally, we explorethe effectsof dividing the data into intervals 

of different durations.

A. Comparison across Modalities

To evaluate the utility of each sensor modality, we extracted 

heart rate and respiration rate from each of the samples and 

computed the same performance metrics used in Poh et al[27].

Fig. 4 shows the Bland-Altman plots [3] for each physiological 

parameter using the different modalities. In particular, each 

graph shows the agreement of the 576 pairs of measurements 

color-coded by participant. The graphs also show the mean 

error and the 95% limits of agreement (i.e., 1.96 standard

deviations above and below the mean). As can be observed, 

most of the graphs have a significant concentration of points 

along the zero values of y-axis, illustrating a close agreement 

between the measurements. Tables I and II show asummary of 

quantitative metrics for heart rate and respiratio n rate, 

respectively.

We observe the same trend across three modalities for both 

heart rate and respiration rate: our estimation has a high 

accuracy in comparison to ground-truth yet the errors vary 

across different sensors. The small mean errors from different 

modalities provide strong evidence to the feasibility of our 

approach. When comparing the three sensors individually,the 

gyroscope yielded the best performancefor both heart and 

respiration rates, achieving a mean absolute error of 0.83 beats 

per minute (STD: 2.02) and 1.39 breaths per minute 

(STD: 2.29), respectively. While the camera modality 

outperformed the accelerometer for estimating respiration rate 

(achieving a ME of 1.58 breaths per minute), its performance 

for heart rate estimation was the worst (ME: 7.89 beats per 

minute).

The process of extractingmotion measurement from video is 

more complex and less direct than it is for the other two 

sensors.For instance, different factors such as thedepth of the 

Fig. 3. Example of an estimated respiratory wave from accelerometer data 
(blue) and the ground truth respiration signal (red). Bottom graphs show the 
Fourier Spectrum of each signal. (FFT: Fourier Spectrum, 
ACL: accelerometer, RESP: Respiration from chest band, RR: respiration 
rate, bpms: breaths per minute)
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