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Introduction

Over the past few decades, the field of image processing 
has gained many interests. Today, it has applications in 
various fields, such as satellite communication, experi-
mental physics, chemistry, agricultural and medical sci-
ences. Over the past few years, the application of image 
processing has increased in the field of medical sciences. 
It has aided scientists to develop equipment that can 
extract minute details of substances and assists them to 
identify the problem precisely.1-3 Generally, contact-free 
measurement of a cardiac pulse based on the analysis of 
a video is a new technique in medicine.4-7

The human visual system has limited spatio-temporal 
sensitivity, but many signals that fall below this capacity 
can be informative. For example, the color of human skin 
varies slightly with blood circulation. This variation, 
while invisible to the naked eye, can be exploited to 
extract pulse rate.1, 8-10 Hence, efficient tools are needed in 

order to analyze these unapproached signals, usually 
containing significant information. Motion magnifica-
tion is a technique that acts like a microscope for visual 
motion. It can amplify subtle motions in a video sequence, 
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Background: The remote monitoring of vital signs has grown up in recent decades. One of the most frequent examinations 
in healthcare monitoring is cardiac pulse measurement. Over the past few years, the application of image processing 
has increased in the field of medical sciences. In this study, a spatio-temporal video processing, namely Eulerian video 
magnification, was used to develop equipment that can extract minute details of substances. Firstly, the video is input 
and then spatial decomposition applied on that, followed by temporal filtering to the frames. Generally, the goal of this 
research was to reveal in videos informative signals that are difficult to see with the naked eye.
Methods: The videos from faces and hands of 32 subjects were captured simultaneously. In addition, to evaluating the 
results as ground truth, the photoplethysmograph (PPG) signals from PPG sensors that attach to the fingers of subjects 
were obtained. Subsequently, they were analyzed by applying an Eulerian process for the videos of the hands and face 
and the signals were extracted from the videos. The heart rate from signals based on 3 methods, including Fast Fourier 
Transform (FFT), zero crossing and peak detection was extracted.
Results: The results were compared with the heart rate that we extracted from PPG signals by the complement of abso-
lute normalized difference (CAND) index. Suitable results based on the mean CAND of 32 subjects were obtained for 
the Eulerian algorithm by peak detection for the face videos (92.15%). The heart rate variability for the obtained signals 
(face, hand and PPG) was compared as it is considered as a proper parameter for medical applications. The Bland-Altman 
index was also measured for combined graphical and statistical interpretation of the two measurement techniques.
Conclusion: The results revealed that there is a significant improvement in extracting the heart rate by the Eulerian method 
with peak detection. This technique can work out in real time to extract the heart rate in a contactless way.
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2 Perfusion  

allowing for visualization of deformations that would 
otherwise be invisible.11 The method called Eulerian 
video magnification automatically selects and then ampli-
fies a band of temporal frequencies that includes plausible 
human heart rates (Figure 1). The amplification reveals 
the variation of redness as blood flows through the face. 
For this application, temporal filtering needs to be applied 
to lower spatial frequencies (spatial pooling) to allow 
such a subtle input signal to rise above the camera sensor 
and quantization noise.

The idea of performing physiological measurements 
on the face was first postulated by Pavlidis and associ-
ates 12 and later demonstrated through the analysis of 
facial thermal videos.13,14 Previous attempts have been 
made to unveil imperceptible motion in videos.11 In 
addition, temporal processing has been used previously 
to extract invisible signals and to smooth motions. Poh 
et al.15 extracted a heart rate from a video of a face, based 
on the temporal variation of the skin color, which is nor-
mally invisible to the human eye. Based on this idea, 
Poh et al. tried to apply independent component analy-
sis (ICA) on video images of the human face to extract 
the underlying blood volume pressure (BVP) for cardiac 
pulse rate measurement.16 Similarly, Lewandowska 
obtained the heart rate directly from a webcam with the 
particular component analysis (PCA.)2 According to the 
Beer-Lambert law, reflected light intensity traveling 
through facial tissue varies non-linearly with distance. 
Neither ICA nor PCA could extract the pure BVP from 
the collected data as both of them are based on linear 
hypotheses. Lan Wei et al. proposed a novel, webcam-
based method to measure human heart rate, using the 
Laplacian Eigen Map.17 In this study, a combination of 
spatial and temporal processing of videos was used to 
amplify subtle variations. Based on the proposed 
method, some videos were captured, processed with 
color amplification and analyzed with PPG signal as 
ground truth.

Materials and methods

Experimental setup

A basic webcam embedded in a laptop and a camera to 
record videos of the face and hand was employed. All 

videos were recorded in color RGB (high-resolution red, 
green and blue) at 30 frames per second (fps) with a 
pixel resolution of 640×480 and saved in the audio video 
interleave (AVI) format on the laptop. Generally, 32 par-
ticipants (6 males, 26 females) with an age of 10-75 years 
were enrolled for the experimental measurements. The 
experiments were conducted indoors and with a varying 
amount of ambient sunlight entering through windows 
as the only source of illumination. The subject sat at a 
table in front of the window and with the laptop at a 
distance of approximately 400 cm from the webcam 
and, for recording videos of the hand, we used a camera 
at a distance of approximately 50 cm from the left hand. 
During the experiment, participants were asked to keep 
still and face the webcam while their video was recorded 
for 15 minutes. Videos of the face and hands were 
recorded simultaneously; their PPG signals were also 
recorded using a biofeedback system at a sampling rate 
of 256 Hz attached to the third finger of the left hand. 
For generating variable heart rate, music with two dif-
ferent rhythms was played and a headphone was placed 
on their head and, for the first 5 minutes of the protocol 
anything was played for the neutral baseline state. After 
that, they heard relaxing music for five minutes and, for 
the last five minutes, they heard fast music.

Eulerian method

The approach proposed in this study for motion magni-
fication is emboldened by the Eulerian perspective, 
where properties of fluid, such as pressure and velocity, 
evolve over time. In this case, the variation of pixel val-
ues over time was amplified and studied in a spatially 
multi-scale manner. In the Eulerian approach to motion 
magnification, motion is not explicitly estimated, but 
rather exaggerated by amplifying temporal color 
changes at fixed positions. The video sequence is first 
decomposed into multiple spatial frequency bands. 
These bands might be magnified differently on the 
grounds that either they might contain spatial frequen-
cies for which the linear approximation used in our 
motion magnification does not hold or they might 
exhibit different signal-to-noise ratios. In the latter case, 
the amplification is reduced for these bands to suppress 
artifacts. When the goal of spatial processing is simply 

Figure 1. Overview of the Eulerian video magnification framework. The system first decomposes the input video sequence into 
different spatial frequency bands and applies the same temporal filter to all bands. The filtered spatial bands are then amplified by a 
given factor, alpha, added back to the original signal and collapsed to generate the output video.
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Kohan and Abadi 3

to enhance temporal signal-to-noise ratio by pooling 
multiple pixels, then the video frames are spatially low-
pass filtered and down-sampled for computational effi-
ciency. In the general case, a full Laplacian pyramid is 
computed. Then, temporal processing is performed on 
each spatial band. The time series is considered corre-
sponding to the value of a pixel in a frequency band and 
a band-pass filter is applied to extract the frequency 
bands of interest. The temporal processing is identical 
for all spatial levels and for all pixels within each level. 
After that, the extracted band-passed signal is multi-
plied by a magnification factor that can be specified by 
the user and may be assuaged automatically, depending 
on certain parameters. Then, the magnified signal is 
added to the original and collapses the spatial pyramid 
to obtain the final output.1,18

Obtaining the heart rate from videos

All the videos of the face and hand and physiological 
recordings were analyzed off-line, written in MATLAB 
2013 (MathWorks Inc., Natick, MA, USA).2,19,20 The 
open source computer vision (Open CV) (Matlab, 
MathWorks Inc.) face detection algorithm which is a 
cascade of boosted classifier was used. The algorithm 
returned the x and y-coordinates along with the height 
and width that define a box around the face. The center 
60% width and full height of the box as the region of 
interest (ROI) for our subsequent calculations was 
selected. Therefore, the videos were cropped as the input 
of the Eulerian algorithm. After that, a color amplifica-
tion was applied to the videos of 10 seconds by 10 sec-
onds and extracted signals of the heart rate from it at the 
same gorge. Thus, there are 10-second signals as output. 
The videos were spatially filtered using a full Laplacian 
pyramid decomposition to increase the signal-to-noise 
ratio. Next, the video frames were temporarilly filtered 
successively, using an ideal band-pass filter with a range 
of 12 Hz for extracting the variations caused by blood 
circulation. At this procedure, the signals were analyzed 
to extract the heart rate. Three common methods, 
namely FFT, zero crossing and peak detection were 
employed to extract the heart rate from three signals; 
face- and hand-estimated signals (with Eulerian method 
(EVM)) and PPG signals. Therefore, a set of 90 numbers 
of the heart rate for each person for more analysis 
(15*60/10) was used.

Statistics

The Bland-Altman index, an index for combined graph-
ical and statistical interpretation of the two measure-
ment techniques, the differences between estimates 
from the EVM and the PPG sensors, was plotted versus 
the averages of both systems. The mean and standard 

deviation (SD) of the differences, the mean of the abso-
lute differences and the 95% limits of agreement (±1.96 
SD) were calculated. The root mean squared error 
(RMSE), Pearson’s correlation coefficients and the cor-
responding p-values were calculated for the estimated 
heart rate from the EVM and the PPG by three different 
methods (FFT, zero crossing and peak detection).

Results

CAND index

For evaluating the results, the complement of absolute 
normalized difference (CAND) index that was intro-
duced by Pavlidis12 was used.

 CAND=1-
GT-EVM

GT
 (1)

GT stands for Ground Truth and EVM for Eulerian 
method. The results are stated in beats per minute 
(BPM). These indices for comparing with ground truth 
were 82.80% and 82.89%, on average, for the face videos 
of 32 subjects with the FFT and zero crossing methods, 
respectively, and 86.71% and 87.73%, on average, for the 
hand videos of 32 subjects with the FFT and zero cross-
ing methods, respectively. Further pre-processing, such 
as removing singular points from the signals (here we 
define “singular points” as the points which are greater 
than (or less than) 10 times the average) was applied. 
After the removal, the average of two adjacent points to 
interpolate the vacant position were used. The peak 
detection technique was employed for extracting the 
heart rate. The results of the CAND index were 92.15% 
and 92.13%, on average, for the face and hand videos of 
the 32 subjects, respectively. These results showed a 
growth in the CAND index in comparison with previ-
ous work.12 Figure 2 shows an example of applying this 
method on a video and a sample of the signal extracted 
from 10 seconds of a video.

In addition, the CAND index for the face and hand 
signals was used to compare with themselves. It was 
85.73%, 83.87% and 89.44%, on average, for the face and 
hand videos of 32 subjects based on zero crossing, FFT 
and peak detection, respectively.

Statistic evaluations

Bland-Altman plots were used for combined graphical 
and statistical interpretation of the two measurement 
techniques. The differences between estimates from the 
Eulerian method and the PPG sensor were plotted 
verses the averages of both systems. The mean and SD of 
the differences, mean of the absolute differences and 
95% limits of agreement (±1.96 SD) were calculated. 
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4 Perfusion  

The RMSE, Pearson’s correlation coefficients and the 
corresponding p-values were calculated for the esti-
mated heart rate from the Eulerian method and the PPG 
sensor. To illustrate the effect of peak detection, we first 
evaluated the accuracy of heart rate measurements 
obtained directly from FFT and zero crossing and then 
compared them with the peak detection technique. 
When the agreement between 2880 pairs of measure-
ments from 32 participants was tested by Bland-Altman 
analysis for FFT, the mean bias d was 0.09 bpm with 95% 
limits of agreement −9.26 to 9.26 bpm (Figure 3a) and, 
for zero crossing, the mean bias d was 0.095 bpm with 
95% limits of agreement −12.78 to 12.78 bpm (Figure 
3b). Using the proposed method with peak detection to 
recover the heart rate reduced the error; d was −0.04 
bpm with 95% limits of agreement −3.22 to 3.22 bpm. 
The RMSE was reduced from nearly 9.13 and 14.65 
(obtained from FFT and zero crossing, respectively) to 
3.23 bpm and the correlation coefficient r increased 
from 0.77 to 0.89 (p<0.001 for both).

Scatter plot

For more analysis, scatter plots for comparing two mea-
surements were used. For example, the measurements of 
heart rate between a webcam and a reference sensor was 
compared. In Figure 4 these plots, on average, for 32 
subjects are displayed.

Discussions

In the proposed method, a standard video has been taken 
as the input and magnified to amplify the small motion 

in it which was invisible to human eye. This method pro-
cesses pixels at specific positions in a video where it has 
low frequencies and amplifies them to see small changes 
in the video. Our method exhibited a strong degree of 
linear correlation to a standard PPG pulse measurement 
method. Furthermore, work improvements in Eulerian 
color amplification by using peak detection to extract 
heart rate better were investigated. The method of how to 
take information from these small videos changes can be 
applied to different scenarios, such as security, medical, 
sport or weather purposes.

We demonstrated that, using the STF method (spa-
tio-temporal filtering of videos) makes it possible to 
extract the variations caused by blood circulation in 
the face. After extracting these variations, it is possible 
to estimate the heart rate. From the output of temporal 
filters, a signal is extracted which corresponds to the 
variations of the ROI. Three methods were proposed 
to estimate the heart rate from this signal: STF-FFT, 
STF-zero crossing, and STF-peak detection, in which 
the results of peak detection outperformed the results 
of FFT and zero crossing. The results of our experi-
ment demonstrated a growth in average CAND index 
in comparison with the reported results.13 The statis-
tics outcomes of the 32 donators are listed in Table 1. 
Furthermore, for statistical analysis, the agreement 
between 2880 pairs of measurements from 32 partici-
pants was tested by Bland-Altman analysis; the mean 
and SD of the differences, the mean of the absolute dif-
ferences and 95% limits of agreement (±1.96 SD) were 
calculated. The RMSE, Pearson’s correlation coeffi-
cients and the corresponding p-values were calculated 
for the estimated heart rate from the Eulerian method 
and a reference.

Figure 2. A sample signal of heart rate based on applying the Eulerian method on a subject face video in 10 seconds.
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Kohan and Abadi 5

As the method is contact-free, passive and auto-
mated (face detection), it opens the way for sustained 
physiological measurements in the most transparent 
manner. Almost all the conventional methods require 
contact and, hence, they compromise the subject’s com-
fort and mobility, especially in long observational peri-
ods. Moreover, measurements by these methods are 
strongly affected by movement artifacts, with no easy 
way to counteract them. Initially, our method may find 
applications in sleep studies as well as sport training. In 
all these cases, long observations are required and 
intrusive sensing is undesirable since it interferes with 
the subject’s function. Therefore, a contact-free, highly 

automated, pulse-measurement method will bring con-
siderable value for us.

Conclusions

In this study, a novel methodology for recovering the 
cardiac pulse rate from video recordings of the human 
face was developed and demonstrated an implementa-
tion, using a simple webcam with ambient daylight pro-
viding illumination. To our knowledge, this is the first 
demonstration of a low-cost method for non-contact 
heart rate measurements that is automated and motion-
tolerant. Given the low cost and widespread availability 

Figure 3. A sample Bland-Altman plot to compare the Eulerian method with (a) the FFT technique and (b) peak detection.
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6 Perfusion  

Table 1. The statistics results of 32 participants which were reported by Bland-Altman analysis.

Statistics FFT Zero crossing Peak detection

Number of measurement pairs 2880 2880 2880
Mean bias (bpm) 0.09 0.095 −0.04
Mean absolute bias (bpm) 10.23 12.07 5.44
SD of bias 6.25 17.35 1.66
RMSE 9.13 14.65 3.23
Correlation coefficient 0.77 0.75 0.89

FFT: Fast Fourier Transform; bpm: beats per minute; SD: standard deviation; RMSE: root mean squared error.

Figure 4. Scatter plot for mean heart rate of 32 subjects; (a) the Eulerian method with FFT, (b) the Eulerian method with peak 
detection.
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of webcams, this technology is promising for extending 
and improving access to medical care. In the future it is 
recommended to investigate the system using wavelet 
and other video decomposition, with different filter 
structures to see improvements in the system.
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