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Abstract

We estimate the velocity field of the blood flow in a human face from videos. Our

approach first performs spatial preprocessing to improve the signal-to-noise ratio (SNR)

and the computational efficiency. The discrete Fourier transform (DFT) and a temporal

band-pass filter are then applied to extract the frequency corresponding to the subjects

heart rate. We propose multiple kernel based k-NN classification for removing the noise

positions from the resulting phase and amplitude maps. The 2D blood flow field is then

estimated from the relative phase shift between the pixels. We evaluate our approach

about segmentation as well as velocity field on real and synthetic face videos. Our method

produces the recall and precision as well as a velocity field with an angular error and

magnitude error on the average.

Index Terms: Blood Flow, Velocity Field, PCA, DFT, Feature Extraction, KNN, Mul-

tiple Kernel Learning Classification, Denoising, Synthetic Video
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Chapter 1

Introduction

1.1 Motivation

Cardiovascular disease, also called heart disease, is the leading cause of deaths worldwide.

This class of diseases involves the heart and blood vessels, also called as heart disease. The

statistics from the World Health Organization (WHO) suggest that in 2012, around 17.5

million people died from cardiovascular disease, accounting for 31% of all global deaths.

Of these deaths, an estimated 7.4 million were due to coronary heart disease, and 6.7

million were due to stroke. Cardiovascular disease affects the heart and blood vessels

and causes serious circulatory system pathologies, such as heart attack and stroke[20].

Although lifestyle change, social change, medicine, and surgery can be used to treat the

disease, survivors will still suffer from it.

Blood flow velocity is a valuable piece of information in the diagnosis and treatment of

cardiovascular disease[28]. Figure 1.1 illustrates the formed elements (blood cells) in the

blood vessels. As one of the most important elements in the cardiovascular system, blood

flow velocity indicates the level of brain activity. For example, stroke is a result of sudden

interruption of the blood flow to the brain, which occurs when part of the brain is deprived

of the oxygen and blood it needs, such as when a piece of blood clot breaks off and then

gets stuck in the artery, which leads to the death of brain tissues. The more blood will flow

through the specific region in such a period implies that more blood supply was needed
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Figure 1.1: Blood flow information used for cardiovascular disease diagnosis.[4]

by the brain (i.e., more oxygen needed), thus indicating a higher level of brain activity.

Conversely, when a stroke occurs, the patient’s blood vessels will be blocked, which causes

abnormal blood flow velocities.

The current predominant techniques for monitoring blood flow still require patients

to wear inconvenient equipment that causes discomfort and pain[28]. However, there is

growing interest in non-contact blood flow measurement, particularly for those whose skin

is fragile and allergic to equipment. Currently, estimating blood flow by carotid ultrasound

is the dominant method, which is also painless and harmless. Several studies have proposed

the detection of blood flow using a Doppler velocimeter and ultrasound[36][17][33][56].
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Kasai et al.[36] developed an algorithm to estimate the mean velocity in a large spatial

domain by exploiting an autocorrelation technique. Another method, proposed by Jensen

et al.[33], is able to visualize the distribution of blood flow velocity in the region of interest.

An algorithm to estimate rates of blood flow in microvascular networks has been introduced

in[21].

1.2 Problem statement

In our work, we exploit the subtle color variation of the human skin due to blood circulation

to estimate the velocity field of the blood flow. Our work is inspired by the Eulerian video

magnification for revealing subtle changes, including subtle color changes on the skin and

imperceptible motions in the world[55]. The idea of Eulerian video magnification is that

for the input video, we consider each pixel as the time series and amplify the variation

in a given temporal frequency band of interest. X He et al.[27] measured the propagation

time delay between neck and wrist using this technique. The most important difference in

our technique is that instead of exploiting this method to amplify and make subtle color

variations visible, we want to extract quantitative information about heartbeats.

Our method is also an extension of previous works that measure the heart rate from

a video[43][53]. These methods utilize pixel values in the facial region and temporally

band-pass filter the signals with a proper band. Verkruysse et al.[53] measured the cardio-

vascular pulse wave signal on the human face from video and extracted the heart rate from

variations in the green channel. Poh et al.[43] performed Independent Component Analysis

(ICA) to extract a single pulse wave from an RGB signal, which is spatially averaged over

the face region, and analyzed features in the frequency domain to detect the heart rate.

We go one step further and aim to extract not only the heart rate, but also the velocity of

the blood flow at any point on the face.
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Figure 1.2: A framework for estimation blood flow velocities from videos.

1.2.1 Heart rate detection

The cardiac output refers to the volume of blood being pumped by the heart. To estimate

the blood flow velocity field, we need to take the heart rate as the input. In our previous

work, the heart rate was determined by a heart rate sensor on the subject’s chest. However,

it can also be determined automatically by finding a peak in the frequency spectrum as

shown in[43] and [53].

In particular, although not the focus of this thesis, we show how we extract heart rate

from standard RGB face videos via analysis of the subtle variations of color on the skin

caused by blood flow. Following [43] and [53], we are able to detect the heart rate by

finding out the maximum amplitude frequency spectrum over the facial region.
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1.2.2 Noise removal and classification

As a consequence of the subject’s involuntary movements or camera jitter, artifacts can

be introduced during video capture. For example, slight movement in and out periodicity

equal to the heart rate frequency within a region of interest (ROI) would appear as a fake

heart rate (HR) signal, which can be either stronger or weaker than the real HR signal. To

leave this artifact out, motion artifacts are assumed to be equally strong in all frequency

bands around HR frequency, and there is no such relation of phase shift for adjacent pixels.

The amplitude and phase map of heart rate frequency are extracted and visualized as

the initial features. Further features can then be then extracted from them. We exploit

two denoising techniques to remove such noise from the involuntary motion on the head

and background, respectively. The first technique removes noise by using two thresholds.

However, the second technique divides all the spatial positions as blood flow, notion arti-

facts or non-variation noise positions. The multi-kernel based k-NN classification is applied

for segmenting blood flow positions.

1.2.3 Estimation and visualization

The remaining pixels are locations in the face that exhibit blood flow. The phase shift

between these pixels gives us information about when this pixel changes its color due to the

blood flowing through it relative to its neighbors. The difference between two neighboring

phase values (i.e., the phase shift) thus directly corresponds to the velocity of the blood

flow at this point.

We compute this difference in horizontal and vertical directions by applying gradient,

which corresponds to the desired 2D velocity field of the blood flow.

1.3 Contributions

The goal of this work is measuring blood flow velocities without contact. Specifically, we

estimated the velocity field of the blood flow in a human face from videos. We made the
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following major contributions:

• Taking a normal video as input, for each point of the face region, we visualize the

phase shift (blood flow direction) and the magnitude (Intensity of skin color variation)

of the blood flow on 2D maps.

• Noise in this visualization was reduced by employing two denoising techniques and

then comparing difference between them.

• The blood flow velocity was computed and visualized by calculating the gradient on

the phase map after reducing the noise.

• A database of still face videos was built for qualitative evaluations of our method.

The accuracy of the estimated blood flow was evaluated using specifically designed

synthetic face videos.

1.4 Scholarly Achievements:

In the process of completing this work, the following publications have been submitted or

accepted:

• Jun Yang, Benjamin Guthier and Abdulmotaleb El Saddik. Estimating two-dimensional

blood flow velocities from videos, International Conference on Image Processing

(ICIP), Quebec City, Canada, September 2015. (accepted)

• Shiai Zhu, Samah Aloufi, Jun Yang and Abdulmotaleb El Saddik. On the Learning

of Image Social Relevance from Heterogeneous Social Network, Elsevier Journal on

Neurocomputing, 2015. (submitted)

1.5 Thesis overview

The thesis is organized as follows:
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• Chapter 2 introduces the background and related works of this research. The in-

spiration, Eulerian video magnification[55], is introduced first. Principal component

analysis (PCA) for enhancing blood flow information through the skin by exploiting

multichannel color space, are stated in this chapter. As the highly related research

topic to estimating blood flow, this chapter also presents the heart rate measurement

from videos[53][43].

• By giving mathematical solutions, Chapter 3 introduces our approach to visualize

the blood flow and estimate a velocity field from videos. Then spatial processing,

temporal analysis, and filtering to image sequences are described in this chapter,

following by PCA, applied to use all the information from RGB channels. To compute

and visualize the blood flow pattern, Chapter 3 also illustrates the blood flow selection

by exploiting supervised clustering. Lastly, the final estimation and visualization are

presented.

• In Chapter 4, a qualitative and quantitative evaluation of performance of our algo-

rithm is presented. The results from the real face videos allow a qualitative evaluation

of the computed velocity fields. To quantitatively evaluate the accuracy of the blood

flow detected by our method, this chapter also describes synthesizing face videos with

known velocity fields. By using different metrics, our evaluation on synthetic videos

shows that our approach is able to segment blood flow positions and estimate the

blood flow velocities in noisy synthetic videos.

• Chapter 5 concludes the thesis and highlights the contributions of this research.

Future works are also discussed.
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Chapter 2

Related Work and Background

In this chapter, the inspiration, Eulerian video magnification[55], is introduced to visualize

the skin color variation due to blood flow. As the previous step of our work, heart rate

detection is also introduced in this chapter. We will also present he principal component

analysis (PCA) for dimensionality reduction. Lastly, the k nearest neighbors algorithm

(k-NN) is described at the end of the chapter.

2.1 Eulerian video magnification

Our world is constantly changing over time. Many scenes in our daily lives appear to be

static but in fact contain informative variations and change that are too subtle to be visible

to us. However, such hidden signals might be valuable and precious for many applications.

For example, skin color varies slightly between red and yellow. Similarly, motion with

low spatial amplitude is also hidden and invisible in normal videos that are captured from

cameras or smartphones.

The purpose of Eulerian video magnification[55] is to reveal the hidden information

that falls below the sensitivity of the human visual system. The basic approach is that

given the temporal frequency band of interest, we consider the time series of pixel values

as 1D signal and amplify the strength of variation for each spatial location. The basic

framework of Eulerian video magnification is illustrated in Figure 2.1.
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Figure 2.1: Overview of the Eulerian video magnification.

The Eulerian video magnification system processes video as follows:

• The video sequence is taken as input and decomposed into different spatial frequency

bands, which is also a full Laplacian pyramid[14] in the general case.

• A band-pass filter with a user-specified frequency band is then defined and applied

on each spatial band.

• Given amplification factors α, the filtered spatial bands in the preceding step are

amplified by this factor and added back to the original signal.

• The spatial pyramid is collapsed to obtain the final video output.

With such a system, we are able to make some invisible variations visible. For example,

in Figure 2.3, by amplifying the band of heart rate frequency, the color variation, caused

by blood flow through the face, is revealed.

9



Figure 2.2: Two original frames from one video sequence.

Figure 2.3: Two frames from amplified video sequence in figure 2.2 showing the color

variation on the skin due to blood circulation.

The Eulerian video magnification can both amplify the color variation and the low

spatial amplitude motion. Unlike Lagrangian motion magnification[38] by tracking motion,

Eulerian video magnification approximates the motion estimation, which is similar to the

optical flow technique[30][39]. A simple case of a 1D signal undergoing translational motion

is illustrated in Figure 2.4.

Let V (x, t) denote the signal value (image intensity in 2D case), where x is the spatial

position, and t is the time. The observed signal value can be expressed as:

V (x, t) = g(x+ f(t)) (2.1)
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Figure 2.4: Approximation of spatial translation by temporal filtering.

where f(t) is a displacement function, corresponding to the time t. The ideal motion

magnification is the synthesizing

V̂ (x, t) = g(x+ (1 + α)f(t)) (2.2)

where α is the user-defined amplification factor.

Using first-order Taylor series expansion, the 1D signal g(x+ f(t)) can be expressed by

V (x, t) ≈ g(x) + f(t)
∂g(x)

∂x
(2.3)

For the sake of simplicity, f(t)∂g(x)
∂x

is substituted for B(x, t), which is also the temporal

band-pass filtered signal from V (x, t). In the Eulerian video magnification process, the

band-passed signal B(x, t) is then amplified by a given factor α and added back to the
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input signal V (x, t), resulting in the following final output:

Ṽ (x, t) ≈ g(x) + αB(x, t) (2.4)

The first-order Taylor series expansion performs very well on smooth spatial variation

with a relatively small amplification factor α. However, this approximation becomes less

and less accurate according to high frequency changes in the spatial domain and a large

amplification factor. As a result, the boundary of α is determined by the given video motion

f(x) and the image structure spatial wavelength λ. The equation is given as follows:

(1 + α)f(t) <
λ

8
(2.5)

For motion magnification, however, artifacts are introduced significantly when the prod-

uct of the transition function and factor exceeds the bound.

2.2 Non-contact heart rate measurements from video

Heart rate is a critical indicator in medical diagnosis and cure. Currently, the domi-

nant measurement of cardiac pulse requires patients to wear equipment such as a chest

strap, which is both inconvenient and uncomfortable. However, there is growing interest in

contact-free heart rate measurements. As illustrated in Figure 2.5, imagine a ”magic mir-

ror” exists that which can both reflect the subject’s image and also measure the subject’s

heart rate automatically.

Such remote photo-plethysmographic imaging (PPGI), introduced in the 1930s [29],

enables the measuring the heart rate from the variation of color captured by cameras

that provide comfortable physiological assessment without electrodes. Several studies have

illustrated that PPGI is able to detect variation from such a distance[31] and could be

used to measure heart rate [43], [53], [23] and [49]. This work can be considered as a

preprocessing of Eulerian video magnification[55], which takes the heart rate as input for

amplifying and visualizing skin color variation, caused by heart pulse. A demonstration

that shows the color amplification can be found in [5].
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Figure 2.5: Video-based heart rate measurement.[3]

Several studies have shown that as a result of the optical-absorbing property, skin

color variation caused by blood circulation is much more significant on the green channel

than on the red and blue channels [35][53]. However, these two channels also contained

plethysmographic information.

In [43], Poh et al. designed such a “magic mirror” according to the subtle signal

variations on human skin. The system is based on the principle light is absorbed during

blood circulation[53]. Much more light will be absorbed as the blood flow volume increases

through vessels, and vice versa. Therefore, the heart rate can be estimated by analyzing

temporal variations on videos.

The overview of the general steps is shown in Figure 2.6. First, face detection is applied

to detect and locate a subject’s face from one video frame, which is the region of interest

(ROI) for all of the frames. The MATLAB-compatible version of Open Computer Vision

(OpenCV) library is used in this case. With the ROI located, all the pixels in this region are

then averaged spatially for each color channel (RGB) to generate three 1-D observations,

13



Figure 2.6: Video based heart rate measurement in the work[43].

xR(t), xG(t) and xB(t). ICA is also applied to uncover independent source signals from

such a set of observations. This process can be expressed as:

x(t) = As(t) (2.6)

where x(t) = [xR(t), xG(t), xB(t)]T and s(t) = [s1(t), s2(t), s3(t)]T . A is a 3 by 3 square

matrix. The inverse of matrix A is used to separate the mixed source signal. The second

component after performing ICA contains the strongest plethysmographic signal. For

simplicity, the second component is then selected as the input for the next step. The

three 1D signals are now reduced to one.

The last step is exploiting the Discrete Fourier Transform (DFT) on selected signal

(s2(t)) and obtaining the power spectrum in the frequency domain. The heart rate fre-

quency is designated as the maximum in the power spectrum within such a fixed range

frequency. In the experiment, the authors set this range from 0.75 to 4 Hz, which corre-

sponds to 45 to 240 beats per minute (bpm).

For the evaluation part, subjects were asked to wear a finger blood volume pulse (BVP)
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sensor during video recording. The results comparison from proposed method and BVP

sensor showed that a high accuracy rate was achieved.

2.3 Principal Component Analysis

2.3.1 Introduction

Principal component analysis (PCA) is a statistical method that converts a set of observa-

tions of possibly correlated variables into a set of values of linearly uncorrelated variables

called principal components. Assume we are given a dataset comprising a set of n obser-

vations of m variables


x

(1)
1 x

(2)
1 · · · x

(n)
1

x
(1)
2 x

(2)
2 · · · x

(n)
2

...
...

. . .
...

x
(1)
m x

(2)
m · · · x

(n)
m


where n and m are the number of observations and attributes, respectively. For exam-

ple, the attributes of a soccer player could be technique, speed, physical fitness, strength

and so on. However, some different attributes such as physical fitness and strength, x
(n)
i

and x
(n)
j , respectively, give a soccer player a general state of well-being and quality of being

strong. These two attributes are probably linearly dependent, and only small differences

exist between them. Therefore, the data can approximately rely on a m − 1 dimensional

subspace. And the goal of PCA is to remove this redundancy or, in other words, summarize

the similar properties with fewer components.

In the soccer player example, let’s consider a dataset with two attributes, where x
(n)
i

measures the physical fitness of a soccer player, and x
(n)
j captures the player’s technique.

In soccer, if player can’t pass, receive, or shoot the ball well, he or she will not be a good

player. Similarly, a soccer game is a very physically power consuming, requiring a player

to make varied types of movements. Thus, these two attributes x
(n)
i and x

(n)
j are strongly
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Figure 2.7: A dataset with two attributes of a soccer player.

correlated. Now, we are interested in capturing how good a player is using the data shown

in Figure 2.7.

The diagonal axis in the figure captures how good the soccer player is with very little

noise lying off this axis. Some other examples are also illustrated in[46] and [47].

2.3.2 Mathematical principles

To describe vector, we need to determine a basis set. The basis of a vector space is defined

as a subset of vectors that are linearly independent. For example, in a standard 2D case,

the basis is [0, 1]T and [1, 0]T , and all the vectors in this space can be represented as the

linear combination:

z = x · [1, 0]T + y · [0, 1]T (2.7)

where z is the expression of all 2D vectors. The object of PCA is to compute the most

important basis to re-express the source data. The ideal new basis after PCA should be
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able to reveal the hidden structure where all the noise is filtered out.

Figure 2.8: Vector z = [3, 2]T represented by different basis.

In 2D space, for example, with basis set of [0, 1]T and [1, 0]T , the vector z = [3, 2]T can

be represented as

z = 3 · [1, 0]T + 2 · [0, 1]T . (2.8)

The basis can be also determined as [ 1√
2
, 1√

2
]T and [− 1√

2
, 1√

2
]T . To get the new coordi-

nates of vector z = [3, 2]T , according to the inner product, the linear combination with a

new basis is now expressed as

z =
5√
2
· [ 1√

2
,

1√
2

]T − 1√
2
· [− 1√

2
,

1√
2

]T . (2.9)

This process is illustrated in Figure 2.8. To find the major axis of variation, the solution

is to get the unit vector u from the transformed basis so that when the data is projected

onto the u direction, the variance of the projected data is then maximized.

Given the dataset shown in Figure 2.9, the projected data has a very large variance in

the u1 direction. Conversely, if direction u2 is selected, the variance of such projections

will be extremely small.
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Figure 2.9: Illustration of projection in different direction.

As discussed above, we want to identify the direction u1 corresponding to Figure 2.9. In

other words, the projections are expected to be as dispersed as possible, which is described

as variance in mathematics. Typically, we first normalize the mean and variance of input

data as preprocessing:

1. Set µm = 1
n

∑n
i=1 x

(i)
m .

2. Set σ2
m = 1

n

∑n
i=1(x

(i)
m − µm)2.

3. Replace each x
(i)
m with x

(i)
m −µm
σm

.

In these steps, m and n correspond to variables and observations of data, respectively.

Steps (1-2) calculate the mean and variance of input data and step 3 rescaleS each coordi-

nate to have zero mean and unit variance so that different attributes are then treated on

the same scale. Now we are given the unit vector u and data points x
(i)
m , the distance from

projected point to origin is (x
(i)
m )Tu and the target is to maximize the variance of these

projections 1
m

∑n
i=1[(x

(i)
m )Tu]2, which can be expanded as

D =
1

m

n∑
i=1

[(x(i)
m )Tu]2 =

1

m

n∑
i=1

uT (x(i)
m )(x(i)

m )Tu

= uT

(
1

m

n∑
i=1

(x(i)
m )(x(i)

m )T

)
u

= uTCu

(2.10)
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where C and D are the covariance matrix of original data x
(i)
m and projected data

(x
(i)
m )Tu. The transformed space corresponds to the eigenvector of C; in other words, to

find a 1D subspace, which represents the approximation of original data, we should choose

u to be the principal eigenvector of C. More generally, if we want to represent our input

data by a k-dimensional subspace, we should eigenvector u1 to uk corresponds to be the

biggest eigenvalues λ1 to λk.

An implementation of PCA can be found in [34]. In MATLAB, we could use the

following function:

COEFF = princomp(X)

[COEFF,SCORE,latent] = princomp(X)

[COEFF,SCORE,latent,tsquare] = princomp(X)

The function performs PCA on the n by p original data matrix X, and returns the principal

component coefficients. Rows and columns of X correspond to observations and variables,

respectively. COEFF is a square matrix in the size p, and each column contains coefficients

for one principal component, which is in the order of decreasing variance. SCORE is the

representation of X in the principal component space, and latent contains the eigenvalues

λ of the covariance matrix of X. The detail of PCA on data can be found in [32] and [34].

2.4 Classifying with k-Nearest Neighbors

In pattern recognition and machine learning, the k-Nearest Neighbors algorithm (k-NN) is a

non-parametric method used both for regression and classification[7]. As one of the simplest

of all machine learning algorithms, the k-NN algorithm has advantages in high accuracy,

insensitivity to outliers and no assumptions about training or input data. However, it is

computationally expensive and requires a lot of memory. In this section, we will discuss

the principle of the k-NN algorithm and method to find the optimal value for k by cross-

validation[37].
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2.4.1 Classifying with distance measurements

In machine learning tasks, supervised learning infers a function from labeled training data,

which consists of a set of training examples. In this process, we have the training data,

which is an existing set of example data. All of these data have been labeled, which means

we know exactly which class each piece of data should belong to. When we are given

a new set of data without a label, we compare each new piece of data to the existing

labeled data and determine what class it should fall into. Common supervised learning

classification algorithms include: k nearest neighbors (k-NN), support vector machines

(SVM), discriminant analysis, nave Bayes classifier, neural networks and decision trees.

The details of supervised learning algorithms can be found in [11] and [16].

For the k-NN algorithm, given a piece of new data, we take the most similar pieces

with their labels from training date (the nearest neighbors) and choose the top k most

similar ones from the training set. The commonly used distance metric of nearness is the

Euclidean distance by default. This distance between two vectors x and y with only two

features is given by

d =
√

(x1 − y1)2 + (x2 − y2)2 (2.11)

where x and y are training data and new observations with two elements. Following

the distance calculation, the distances between specific observation and all training data

are sorted from greatest (can be first or lowest) to worst. Next, the greatest k distances

are used to vote on the class of input data. Lastly, we take a majority vote from the top

k, and the class of majority is assigned to the new data. In other words, the new data

is assigned to the class most common among the training set neighbors, which have the

nearest distance to its location in the feature space. This method can be illustrated in the

Figure 2.10.

We have a training set consisting of two classes (A and B) with an equal number of

instances, as indicated by red squares and green dots. The feature-space is constituted

by x1 and x2. We are now given an unlabeled observation, indicated by the gold triangle.
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Figure 2.10: A simple example of k-NN with different k.

We do not know the class of this unknown data is, but we can use k-NN to make that

determination. First, we calculate the distance to all the data in the training set and then

assign the class by a majority vote of the k nearest neighbors. Let us assume k = 3; in the

determined circle, one out of three neighbors belong to class A, and two belong to class B.

Therefore, we forecast that the unlabeled observation is classified into class B.

2.4.2 Cross-validation in k-NN

For k-NN classification, we need to find a value for k. In Figure 2.10, the unlabeled

observation is classified into class B by assuming k = 3. However, if we widen this circle

by increasing the value of k, for example, for k = 7, four neighbors are of class A and

only three are of class B, the unlabeled observation is then classified into class A instead

of B. Therefore, to minimize classification errors, the proper value for k should be chosen.

Generally, in the classification, larger values of k reduce the effect from noise but make

boundaries between classes ambiguous[18]. In other words, in k-NN classification, k acts

as a smoother.

21



Cross-validation is a technique used for assessing the accuracy of a learning model in

either regression or classification problem. We divide training data into a training set and

a validation set, the error value for the validation set are then determined and verified

by data from the training model. An example of cross-validation in regression problem

is illustrated in Figure 2.11. The blue and red cross are the training and validation set,

which are used for building model and to evaluate the training model, respectively.

1x 1x
(a) (b) 

Figure 2.11: An example of cross-validation in regression problem.

As discussed above, we need to find a value for k in the k-NN classification, which

minimizes prediction error by a defined loss function. Firstly, we divide training data into

two sets: a training set (80− 95%) and a validation set (5− 20%), the class labels for the

validation set are then determined and verified by data from the training set. Lastly, we

choose the number of neighbors k that maximizes the classification accuracy.

In summary, the k-NN algorithm is a straightforward and effective way to classify data.

With cross-validation, it can provide a very accurate result. However, this algorithm has

to iterate the full dataset, which implies, for large datasets, it will take a large amount

of memory. In addition, for each piece of unlabeled observation, the distance must be

calculated for every piece of data from the training set, which is very time-consuming. In

our case, all the input features are extracted from a video; as a result, the spent storage

and time is acceptable.
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Chapter 3

Methodology

The color of human skin varies slightly over time as a result of blood circulation. This

variation can be visualized by Eulerian video magnification [55]. Each face pixel in a video

thus constitutes a noisy 1D sinusoid signal over time with a frequency corresponding to

the heart rate. The phase of this signal expresses the relative time that it takes for the

blood to reach this part of the face. Our approach exploits this fact by taking a short

video of a person’s face as input and producing an estimate of the velocity field of the

blood flow from the relative phase shifts between the pixels. An overview of the entire

process is given in Figure 3.1. The input video is first low-pass filtered and downsampled

to improve the signal-to-noise ratio (SNR) and computational efficiency. To make the best

use of the three color channels, a principal component analysis (PCA)[34] is performed,

and the component containing the largest color variation over time is selected. These

preprocessing steps are contained in Section 3.1 and Section 3.2. Section 3.3 describes

noise reduction from our previous work, followed by multi-kernel k-NN classification for

segmenting blood flow positions in section 3.4. Finally, section 3.5 illustrates the estimation

and visualization of blood flow. A temporal discrete Fourier transform (DFT) over the 3D

video cube is performed, and the amplitude and phase map corresponding to the known

heart rate are extracted via a band-pass filter. Two noise reduction techniques further

process the maps. As the last step, the desired velocity field is computed as the gradient

of the phase map.
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Figure 3.1: Overview of the Non-contact blood flow estimation framework.

3.1 Space-time video processing

Our approach combines spatial and temporal processing to reveal two dimensional velocity

field blood flow in the temporal frequency band of heart rate (HR). The goal of spatial

processing is to increase the temporal signal-to-noise ratio (SNR) and improve computa-

tional efficiency by pooling multiple pixels together. We then perform temporal processing

on each position from downsampled 3D color signals (video cube). The variation of a

pixel’s value is considered as the time series, and we apply a band-pass filter to extract the

frequency bands of heart rate (HR).

3.1.1 Spatial averaging to improve SNR

As a result of the strong intensity of noise inherent in the video, the variation of heart rate

signals is always invisible. In the general case, a full Gaussian pyramid [14] is computed

to enhance these subtle signals. In our case, however, we apply proper spatial filtering

and downsampling. The level of spatial downsampling is a trade-off between SNR and

resolution. Sufficient spatial pooling reveals the signal of the heart rate; however, we will

lose too much information if the spatial filter applied is too large. Figure 3.2 shows five

levels of Gaussian pyramid for one frame of an example video. The original image, on the

far left, measures 720 by 640. This becomes level 0 on the pyramid. At each higher level,

the image is a quarter of its previous level due to reduced sample density.
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Gaussian Pyramid 

0 1 2 3 4 5 

Figure 3.2: A 5-level Gaussian pyramid of one frame from the face video.

The effect of the Gaussian low-pass filter is shown on the rightmost photo, over-spatial

processing results in the lost of face information. However, if the spatial filter applied is

not sufficient enough, the signal of pulse will not be revealed(Figure 3.3).

Figure 3.3(a) shows a frame from the face video with white Gaussian noise added.

(b) and (c) presents the trace obtained when the (noisy) sequence is processed with the

same spatial filter used to process the original face sequence but with a different spatial

processing level (1 and 4, respectively). The pulse signal is not visible in (b), as the noise

level is higher than the power of the signal, while in (c) the pulse is clearly visible (the

periodic peaks about one second apart in the trace).

The input face video provides a 3D color signal (video cube) with 24 bits of color

information for each sample. We first perform low-pass filtering and downsampling on

each frame to get a new 3D color signal with reduced spatial size. This spatial processing

not only increases the SNR of each pixel but also reduces the workload for processing.

The result is a video cube Ic(x, y, t), where x and y are the horizontal and vertical pixel

position, respectively, and t is the frame number. c ∈ {R,G,B} represents the three color

channels.
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Figure 3.3: The illustration of proper spatial pooling for revealing the signal of interest.

3.1.2 Digital filtering and spectral analysis

It was shown in[53] that compared with the red and blue channel, the green channel contains

the strongest color variation due to blood circulation. As mentioned in the preceding

section, a new 3D color signal Ic(x, y, t) with reduced spatial size is obtained by performing

low-pass filtering and downsampling on each frame.

For a fixed pixel position (x′, y′), the video gives us a 1D signal IG(x, y, t) that varies

over time t. We apply the discrete Fourier transform (DFT) on such a 1D signal over

time. Fast Fourier transforms (FFT in MATLAB) were used to determine the amplitude

and phase spectra for IG(x, y, t). When performed for all pixel locations, the video is

transformed into the frequency domain. We denote this by FG(x, y, k), where k is the

index of temporal frequency after the DFT. Note that IG and FG have the same size, but

each element in FG has a complex value.
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An ideal band-pass filter is then applied to FG that filters out all frequencies except for

the heart rate of the subject in the video. This is implemented by discarding everything

but the selected index k′ corresponding to the heart rate: FG(x, y) := FG(x, y, k′). In our

previous work, the heart rate is determined by a sensor on the subject’s chest. However, it

can also be determined automatically by finding a peak in the frequency spectrum as was

shown in [43] and [53].

Pulse amplitude mapping

The complex-valued signal FG(x, y) is index k′ of the Fourier transform of each pixel. The

amplitude of each position is then calculated as

|FG(x, y)| =
√
Re(FG(x, y))2 + Im(FG(x, y))2 (3.1)

where |FG(x, y)| is the real-valued magnitude map. It indicates the amplitude of the

sinusoidal skin color variation at the frequency of the heart rate. Figure 3.4(b) shows the

magnitude map of an example video. The magnitude is strongest in areas of exposed skin

and weaker in occluded areas and the background.

(a) (b) 

Figure 3.4: Magnitude map of the video in the heart rate frequency; the spatial processing

level is 2.
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(a) (b) (c) 

Figure 3.5: Phase map of the video in the heart rate frequency; the spatial processing level

is 2.

However, the magnitude is also strong at the edges inside and around the face. This is

a consequence of involuntary movements of the subject’s head at random frequencies. To

remove these movement artifacts, we employ a technique that has been proposed similarly

in [53]. The assumption is that motion artifacts mostly induce “white noise” and are

equally strong in all frequency bands, while the high magnitude due to blood circulation

only appears in band k′(0.92 Hz of this subject).

A “movement artifact map” is defined by averaging the magnitude maps of neighboring

bands around the heart rate frequency. As shown in Figure 3.5, such a map indicates that

as the result of movement, the magnitude is strong at the edges inside and around the face.

By subtracting the averaged magnitude maps of neighboring bands, the strength of the

artifacts can thus be decreased. We obtain a denoised magnitude map |F ′G(x, y)| in the

green channel as

|F ′G(x, y)| = |FG(x, y)| − 1

2|Ω|
∑
c∈Ω

|FG(x, y, k′ ± c)| (3.2)

where Ω contains the relative indices of neighboring frequency bands to be considered.

Figure 3.5(b) indicates that noise areas with high contrast are indeed associated with edge
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positions. Figure 3.5(c) shows the example magnitude map after subtracting the neighbor

frequency bands. The resulting map F ′(x, y) now correctly indicates the strength of the

blood flow at each pixel location.

Phase mapping

Similarly to the magnitude map, the phase of the complex valued FG(x, y) can be computed

at each pixel location, leading to a phase map φG(x, y):

φG(x, y) = atan2(Im(FG(x, y)), Re(FG(x, y))) (3.3)

The entries in the phase map are real-valued, periodic and limited to the interval of

(−π, π]. Because the value of the hue is also periodic (from 0 to 2π), we visualize these

periodic values by mapping them to the periodic component hue of the HSV color space

while keeping saturation and value at maximum. This is illustrated in Figure 3.6.

(a) (b) 

Figure 3.6: Phase map of the example video in the HSV color space; the spatial processing

level is 2.

It can be seen that phase varies smoothly at adjacent positions inside the facial region,

whereas it appears more random in non-skin pixels. This can be exploited as follows. If
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(a) (b) 

Figure 3.7: Phase variance map from the phase map; the spatial processing level is 2.

there is a large phase shift in adjacent pixel locations, we can assume that this is due to

noise, and such locations should be ignored during the estimation of blood flow.

Similarly, phase varies smoothly at adjacent positions inside the facial region as the

result of blood flow, whereas it appears more random in non-skin pixels (like background

and hair). We assume that large phase shifts in adjacent pixel locations are the result of

noise; these shift are unrelated and should be ignored during the estimation of blood flow.

To express this numerically, we define an energy function E as

EG(x, y) =
1∑

i,j=−1

(φG(x, y))	 φG(x+ i, y + j))2, (3.4)

which evaluates the variance of phase values in a small neighborhood around each pixel.

The minus operator 	 is defined in such a way that it takes the periodicity of the phase

into account. For example, for two phase values 0.9π and −0.9π, the difference is −0.2π

instead of 1.8π. Figure 3.7 shows the energy map of the phase shown in Figure 3.6. Areas

with highly random phase variations mainly in the hair and near edges appear in white.
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3.2 Heart rate measurement and enhanced spectral

analysis

In the last section, the heart rate is detected by using a heart rate sensor to obtain corre-

sponding amplitude and phase map. However, to design a non-contact blood flow estima-

tion system, we propose a method similar to [43] to determine the heart rate automatically

from the green channel. Meanwhile, for the sake of obtaining a stronger blood flow signal,

PCA is applied to remove redundancy information.

3.2.1 Heart rate measurement

Instead of using a sensor, we detect the subject’s heart rate from the video automatically.

In particular, although not the focus of this thesis, we will show how we extract the heart

rate from standard RGB face videos via analysis of the subtle variations of color on the

skin caused by blood flow.

The currently predominant techniques for measuring heart rate require patients to wear

inconvenient equipment that can be uncomfortable or even painful. Non-contact heart rate

measurement can provide a comfortable physiological experience for patients. As a result,

Verkruysse et al.[53] and Poh et al.[43] extract pulse rates from video by utilizing the subtle

color changes on the skin due to blood circulation. Balakrishnan et al.[9] extract the heart

rate and beat lengths from videos by measuring subtle head motion caused due to the

Newtonian reaction to the influx of blood at each beat.

Following [43] and [53], the heart rate is determined automatically by finding a peak

in the frequency spectrum in the green channel. As we discussed earlier, the skin color

constantly changes very slightly over time as the result of blood flow. This subtle signal

can be extracted and revealed in the frequency domain by using the Fourier Transform.

Our process is illustrated in Figure 3.8.

An automated face tracker is first used to detect faces within the first frame in the video

and to localize the region of interest (ROI) for each video frame. We utilized the Open
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Figure 3.8: Heart rate detection by using only green channel.

Computer Vision (OpenCV) library to obtain the face location and size of it. In OpenCV,

the face-detection algorithm is based on Haar feature-based cascade classifiers, which is

proposed by Viola and Jones[54]. It is a machine learning-based method where a lot of

positive images (images of faces) and negative images (images without faces) are captured

to train the classifier. For one frame from the original video, the algorithm returns the

spatial positions (x- and y- coordinates) along with the size that defines a rectangle on the

face. The outputs are then switched into scaled facial location, which is adaptive to the

size of the downsampled 3D color signal.

We then apply the same spatial processing described in Section 4.1.1 using a Gaussian
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low-pass filter and downsampling of three or four levels, and filter each pixel sequence

selecting frequencies between 0.67 and 4Hz (corresponding to 40-240 beats per minute).

The spatial processing is simply used to reveal the subtle variation, and the wide band-pass

filter produces a more noise-free result. With the complex-valued signal FG(x, y, k), the

amplitude of each coefficient k at spatial location (x, y) is then calculated as follows:

|FG(x, y, k)| =
√
Re(FG(x, y, k))2 + Im(FG(x, y, k))2 (3.5)

As we discussed above, because of involuntary movements of the subject’s head, the

artifacts are strong at the edges inside and around the face. To get rid of effect of the

motion artifacts, we exploit edge detection techniques (e.g., Canny filter, Sobel operator,

Laplacian derivative, etc.) to remove this information and make our estimation more

robust. The details of edge detection can be found in [15][40].

Lastly, We average the value of amplitude over the entire face region of the subject in

the green channel; the edge positions determined by edge detection are also left out. The

heart rate is eventually determined by finding a peak from the band-passed signal in the

frequency spectrum.

3.2.2 Enhanced spectral analysis by PCA

It was shown in [52][43][53] that the green channel contains the strongest color variation

due to blood circulation. However, to obtain a stronger blood flow signal, all three channels

should be considered. We perform PCA to achieve a reduction of dimensionality and to

remove redundancy from the three channels, as illustrated in Figure 3.9.

The good blood flow positions in the facial region are chosen as the training data for

PCA. To achieve this, the face detection and edge detection are first applied to locate

the facial region from the downsampled video cube Ic(x, y, t) and remove the most-likely

motion artifacts, respectively. All the spatial positions outside the facial region or with

edge information will be ignored in further steps. These can be synchronized with heart

rate measurement by using the same level of downsampling.
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Figure 3.9: PCA projects most of the variation due to blood flow onto the first component,

while the other two mainly contain variation from noise and motion.

Following the heart rate measurement, we now end up with FG(x, y, k) after trans-

forming the signal from time domain to frequency in the green channel. The signals in

heart rate frequency FG(x, y) are then obtained by disgarding everything but the index k′

corresponding to the peak. The positions of training data for PCA are selected

T (x, y) = w1 × |FG(x, y)| − w2 × |F
′′

G(x, y)| − w3 × EG(x, y) (3.6)

where T (x, y) represents the training data score. |FG(x, y)| and |F ′′
G(x, y)| are the scaled

amplitude map in the HR frequency band and its averaged neighboring bands; EG(x, y)

is the scaled variance from the phase map in the HR frequency band. All the data are

scaled into the range [0,1]. w1, w2 and w3 are the weights of the three maps, respectively,

and are all set as 1 by default. The training data scores are only calculated on remaining

positions from face location and edge detection and then ordered in descending order, the
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Figure 3.10: Face pixels with strong color variation are used for the PCA.

first n scores are eventually selected. This process is shown in Figure 3.10.

The PCA calculates a transformation matrix that projects most of this variation onto

a single component. In conventional PCA, the number of recoverable components is as

same as the number of observations, thus we assumed three components, represented by

I1(x, y, t), I2(x, y, t) and I3(x, y, t). The whole process can be illustrated by

ICOM(t) = AICOM(t) (3.7)

where the column vectors ICOM(t) = [I1(t), I2(t), I3(t)], IC(t) = [IR(t), IG(t), IB(t)] and A

forms a 3 × 3 transforming base, and the column of ICOM(t) are in order of decreasing

component variance. Before training, the raw RGB traces, which are selected in the last

step are first normalized as follows:
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Figure 3.11: A comparison of amplitude mapping before and after PCA in HR frequency;

the spatial processing level is 3.

I
′

i(t) = Ii(t)− µi (3.8)

For each i = 1, 2, 3, µi is the mean of Ii(t). The normalization transforms Ii(t) to Ii(t)
′

which is zero-mean. As a result, we obtain a resized single-channel video cube I(x, y, t). We

calculate the pulse amplitude mapping |FCOM(x, y)| after performing PCA and compare

it with the mapping on the RGB channels |FC(x, y)|. An example is shown in Figure 3.11.

We see that compared with the green channel (Figure 3.11(a)), which contains the

strongest amplitude on the facial region, the amplitude mapping in the red and blue chan-
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nels (Figure 3.11(b) and (c)) also provide abundant blood flow information, which is valu-

able in our case. Figure 3.11(d)-(f) illustrates the amplitude map in the first, second and

third component (in the order of decreasing component variance). The first component

of the amplitude map is not much stronger than the other two components, but it is also

stronger than the amplitude in each channel before PCA.

Similarly, the corresponding phase mapping in the heart pulse frequency is visualized

in Figure 3.12. The phase value in the RGB color channels and first to third components

are shown from (a)-(c) and (d)-(e), respectively.

As the result of blood circulation, the values of the phase shift on the facial region in

different channels are very close; however, the value is completely different on the back-

ground positions. After applying PCA, most of the blood flow information are ended up in

the first component. Therefore, the value of phase from the second and third components

varies a lot, which means there is no such useful information (blood flow).

It can be seen that performing PCA achieves a reduction of dimensionality and removes

redundancy from the three channels. We only consider the first component, and all the

information from other two will be ignored in further processing.

3.3 Noise reduction

To estimate blood flow information, artifacts such as background and hair region should

be removed in preprocessing, and we only perform our estimation of blood flow on purified

positions. For the sake of removing these artifacts, in our previous work, we proposed

a simple method by using two thresholds on the subtracted amplitude and phase energy

map.

Similar to Section 3.2, after performing PCA reduction, we obtain the denoised mag-

nitude map |F ′(x, y)| by the following equation:

|F ′(x, y)| = |F (x, y)| − 1

2|Ω|
∑
c∈Ω

|F (x, y, k′ ± c)| (3.9)
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Figure 3.12: A comparison of phase mapping before and after PCA in HR frequency; the

spatial processing level is 3.

For the sake of removing motion artifacts, only the locations where the magnitude is

higher than a user-specified threshold τ1 are considered during the estimation of the blood

flow velocity.

Similarly, the phase energy map E(x, y) are then defined by the energy function E as

E(x, y) =
1∑

i,j=−1

(φ(x, y)	 φ(x+ i, y + j))2 (3.10)

Again, a user-defined threshold τ2 is applied. Every location with an energy value that

exceeds the threshold is labeled as noise and ignored during the blood flow estimation
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Figure 3.13: Binary mapping by using two thresholds in corrected amplitude and phase

variance map.

process.

From the previous processing steps, we obtain a denoised magnitude map |F ′(x, y)|

and the energy map E(x, y) calculated from the phase map. In addition, we have two

user-defined thresholds τ1 and τ2. Only pixels with a strong amplitude in the frequency

band of the heart rate should be considered. This is expressed as |F ′(x, y)| > τ1. Also,

the phase should vary smoothly in an area around the pixels, the positions with energy

E(x, y) greater than the threshold will be labeled as noise. This condition can be written

as E(x, y) < τ2.

Only locations that satisfy both conditions are kept in the next processing step, while all

other locations are ignored. This process is illustrated as a binary mapping in Figure 3.13,

where only white positions will be processed in further stages and black positions are

labeled as noise and ignored.

3.4 Position segmentation by multi-kernel k-NN

In Section 3.3, noise is reduced significantly by applying subtraction and energy on the

magnitude and phase map, respectively. The blood flow region is then segmented by thresh-

olding, which is a popular tool and well-known technique in image segmentation[44][42].
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However, in our case, the thresholding method requires the user to determine the value for

global threshold τ1 and τ2 on the subtracted amplitude and phase variance map, which is

inconvenient and sensitive to the value of selected threshold.

To improve our system, instead of using user-defined thresholds, we reduce noise and

segment blood flow pixels by using a classifying or clustering technique. Our algorithm

is based on the insight that, the properties of blood flow positions are very close because

they are from the same mechanism. Equally, the most noise also possesses the similar

attributes.

In this section, we present a simple algorithm for blood flow pixel extraction based on

k-NN decision rule. The feature vector for each spatial location (x and y) is from input

video. Because the learning model of k-NN classifying only depends on the value k, we

utilized cross-validation to find the optimal value for k for our learning model for each

video.

3.4.1 Feature selection

In both supervised and unsupervised learning, feature extraction and selection are impor-

tant to improve learning performance[12][25]. In our case, We extract different features

from the input video, which forms a feature vector for the training classifier in next step.

We used following five features:

1. Amplitude in the HR frequency band - This feature indicates the amplitude of

the sinusoidal skin color variation at the frequency of the heart rate. The magnitude

is strongest in areas of exposed skin and weaker in occluded areas and the background.

The difference of value of magnitude is capable of distinguishing the blood flow pixels

from background and other non-blood flow information areas.

2. Amplitude around the HR frequency band - As illustrated in Figures 3.4 and

3.5, the amplitude of movement artifacts in HR are close to blood flow artifacts,

which are less distinct. However, this artifact is not HR related and equally strong in
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all frequency bands. We averaged the amplitude at bandwidths around the HR and

described it as one feature, which is able to identify movement artifacts from blood

flow pixels.

3. Phase in the HR frequency band - The entries in the phase map are real-valued,

periodic and limited to the interval of (−π, π]. Phase values are very close in blood

flow positions, whereas it appears more random in non-skin pixels, which can be used

to classify most noisy pixels into non-blood flow information clusters.

4. Variance from the phase map in the HR frequency band - As shown in Fig-

ure 3.6, phase varies smoothly at adjacent positions inside the facial region, whereas

it appears more random in non-skin pixels. This feature can be used to purify blood

flow pixels by removing artifacts whose phase value is close to real value.

5. Spatial location - The spatial location is useful for a variety of image processing

problems, such as image segmentation[22][26][42] and image parsing[6][13][50]. Given

the input video, spatial location (x and y) can provide important information for its

label. Instead of a universal classifier, we are able to learn a location-constrained

classifier. Because each local position is learned by using the pixels in a local neigh-

borhood system, the result is expected to fit local distribution better.

3.4.2 Learning from weak labels

Machine learning requires the input of labeled samples. However, it is sometimes very

difficult and expensive to obtain such resources. Alternatively, in the process of learning,

utilizing such weak but reasonable labels arise in different scenarios[51][48]. We divide the

data into the following three groups:

1. Blood flow positions - In areas of blood flow positions, the magnitude is strong

in the frequency of HR but relatively weaker in neighbor bands around the HR.

Moreover, the phase variance on the blood flow position is much lower than the

41



Figure 3.14: The training data of blood flow positions.

region of non-skin pixels. We select the training data of the blood flow positions as

S(x, y) = w1 × |FS(x, y)| − w2 × |F
′′

S (x, y)| − w3 × ES(x, y) (3.11)

where |FS(x, y)| and |F ′′
S (x, y)| are the scaled amplitude map in the HR frequency

band and its averaged neighboring bands, and ES(x, y) is the scaled variance from

the phase map in the HR frequency band. All the data are scaled into the range

[0,1]. w1, w2 and w3 represent the weights of the three maps, respectively, and are

all set as 1 by default. After performing face detection, the final scores S(x, y) are

calculated inside the facial region and ordered in descending order; the first n scores

are selected as training data of blood flow information. Figure 3.14 illustrates the

selection of blood flow positions with the color white.

2. Non-variation noise positions - The magnitude is weaker on noise positions (e.g.,

hair, background) in both the HR frequency band and its averaged neighboring bands.

And phase variances are higher due to the highly random phase variation. With the

face-detection technique, the majority of positions outside the facial region are noise

ones, as a result, we can get the noise training data by selecting random positions

outside the facial region, which is illustrated in Figure 3.15.

3. Motion artifact positions - The property of motion artifacts is very unique. Due to

involuntary movements, the motion artifacts appear equally in all frequency bands in-
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Figure 3.15: The training data of non-variation positions.

stead of in the dominant one. Therefore, we select n positions with the first strongest

magnitude from the amplitude map in averaged HR neighboring bands as training

data. This selection is shown in Figure 3.16.

Figure 3.16: The training data of motion artifact positions.

3.4.3 Multiple kernel-based k-NN classifiers for blood flow posi-

tion segmentation

The kernel learning methods[19][41][45] have been gradually becoming important tasks in

the area of pattern recognition and machine learning. The kernel method is known best
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by its member support vector machine (SVM). In recent years, a variety of methods have

been proposed to utilize multiple kernels instead of a single one[24]. In our case, the final

segmentation is performed by using multiple kernel-based k-NN algorithm, which improves

the classification accuracy significantly.

The object of the kernel is to map data from the original space into the feature space.

As single kernel on two samples x and x′, represented as feature vectors from some input

space, is defined as K(x, x′). Multi-kernel, however, refers to the method that uses a

predefined set of kernels and learns an optimal combination of kernels. This combination

can be either linear or non-linear. The basic approach of multi-kernel is to map data

from the original feature space to the Hilbert space; because of the additive property, the

combination function is still a kernel. In our case, we use a supervised learning of a linear

combination of N kernels, which is defined as:

K ′(x, z) =
N∑
i=1

βiKi(x, z) (3.12)

where βi is the coefficient for each kernel with βi ≥ 0, and
∑N

i=1 βi = 1, x and z are the

training and test in the original feature space.

For each feature, the distance measurement with each kernel between the training

sample in x and the test sample z is defined as:

Ki(x, z) = exp(γi||xi − zi||1) (3.13)

where ||xi − zi||1 is the L1 norm, the simply absolute value between training data x and

test data z for feature i. γi is a free parameter, which is used to smooth and scale the data

in the group. Because the value of each kernel is scaled into the range from 0 (in the limit)

to 1 (when xi = zi), it has the explanation as the similarity measure. One thing to note

is that because of the periodicity of the phase, post-processing should be performed after

getting the norm 1 on the feature of the phase value. We perform cosine distance here,

which is used for the complement in positive space as:
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dp(x, z) = 1− cos(||xp − zp||1) (3.14)

where dp refers to the cosine distance with the feature of the real phase value between the

training data and test data. For multi-kernel k-NN, the kernel distance measurement in

the feature space between training samples and test samples, is thus defined as:

d′(x, z) =
N∑
i=1

βi × exp(γidi(x, z)) (3.15)

where d(xi, zi) represents cosine distance and norm 1 for the feature of the phase value and

other features, respectively. βi is set as 1
N

by default and equal to 1
6

in our case.

We now have extended classical k-NN by incorporating multi-kernel. The proposed

algorithm for classification is designed to find the similarity between each test data and

training data of each cluster by using multi-kernel. With the given value k, the algorithm

is applied on the extracted feature space, and the class of each test data is then determined

by the majority voting scheme.

3.4.4 Cross-validation for choosing optimal k

In the k-NN case, the training set is constrained to a certain number of data for each class,

and we need to find a value for k that is capable of minimizing prediction error. As a

result, we need to measure the number of prediction errors by defining a loss function and

counter. That is, we take the truth as input, make the prediction and the counter returns

a value that is 0 when it perfectly matches and large when the prediction is far from the

truth.

We represent our data as pairs (x(i), y(i)) for i = 1 · · ·n, where x(i) represents the ith

data, and y(i) is the label of class. When new data comes, we want to predict the class

this data belongs to. For this coming data, we classify it into one class if the majority of

its k-NNs among x(i) are belong to this class. We used a zero-one loss function L, which is

defined as
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L(ŷ, y) = I(ŷ 6= y) (3.16)

where I is the indicator notation, and this zero-one loss function returns 0 if the prediction

is correct and 1 if it is correct. For each k, the result of loss functions are then added up

and assigned to the error counter.

We first split the original training set into two parts, a training subset T (80%) and a

validation subset V ( 20%). The learning models are then built from the training subset,

and the loss error number is measured by using the validation subset. To find the optimal

k∗ for our learning model, we choose the argument of the minimum value as

k∗ = arg min
1≤k≤K

err(k) (3.17)

where err(k) is the counter of the error classified number. The whole progress of cross-

validation is illustrated here:

Input: The paramater k in k-NN, the number of cross validation set n.

1 for k = 1, 2, ..., K do

2 err(k) = 0;

3 for i = 1, 2, , ..., n do

4 Predict the class label ŷi for data validation set xi ;

5 err(k) = err(k) + 1;

6 end

7 end

Output: k∗ = arg min1≤k≤K err(k)

8 Return k∗;

Algorithm 1: Cross validation in k-NN.
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3.5 Estimation and visualization

From this final section, we obtain the spatial positions, which are classified into blood

flow, non-variation and motion artifacts clusters. These three labels can be visualized by

mapping into the Red, Green and Blue channels as maximum, respectively. To visualize

only blood flow positions with phase information, we also map phase values into the periodic

hue component of the HSV color space while keeping saturation and blood flow position’s

value at maximum with non-variation and motion artifact values at zero.

The remaining pixels are locations in the face that exhibit blood flow. The phase shift

between these pixels gives us information about when this pixel changes its color due to the

blood flowing through it relative to its neighbors. The difference between two neighboring

phase values (i.e., the phase shift) thus directly corresponds to the velocity of the blood

flow at this point. We compute this difference in the horizontal and vertical directions by

applying the 2D Sobel operator (Figure 3.17 ).

x filter y filter 
Figure 3.17: Sobel Filter in horizontal and vertical direction.

Special care must be taken to consider the periodicity of the phase when implementing

Sobel filtering in this case. The result is the gradient of φ(x, y), which corresponds to the

desired 2D velocity field of the blood flow. Only locations that were labeled as blood flow

positions are calculated while others were discarded due to the invalid property.
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Chapter 4

Experiment Results

The goal is to compute an approximated two-dimensional blood flow field from an image

sequence. Without doubt, a fundamental problem is to measure the accuracy of the es-

timated velocity field. We evaluated our algorithm on real face videos from volunteers as

well as on synthetic image sequences for which the 2D blood flow fields were known in ad-

vance. In both cases, we chose sequences that are close to the Eulerian video magnification

scenario, which are not severely affected from environment.

The real videos allow a qualitative and the synthetic videos a quantitative evaluation,

respectively. For the synthetic videos, we report the results of two different noise-reduction

techniques and different levels of spatial low-pass filtering and downsampling. Our com-

parisons are concentrated on the accuracy on both magnitude/angular error, and density

of the velocity field. All of our synthetic and real videos, as well as our evaluation results,

are available on our website.

4.1 Real videos

For the real videos, to illustrate that our technique works on more than just the face, the

results will be shown on hands of the subjects as well. Results with different durations

will be also illustrated. We can only show the segmented positions and computed velocity

fields, discuss the qualitative properties and leave the reader to judge.
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Figure 4.1: Experimental setup.

4.1.1 Experimental materials and setup

A simple digital cameras were used to capture videos for analysis. For the experiments, all

videos were recorded in 24-bit RGB color (3 channels × 8 bits/channel) at 30 frames per

second (fps) with a pixel resolution of 720× 480.

As illustrated in Figure 4.1, the experiments were taken indoor and volunteers were

asked to sit down in front of the camera at a distance of 2-3 meters. For this research, 10

face videos of 6 volunteers with an approximate duration of 10 seconds each were collected.

The videos were taken from people of both genders, with different ages and varying skin

colors (Asians, Africans and Caucasians).

A wireless Bluetooth heart rate sensor (HxM BT) was used to measure the volunteer’s
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heart rate for all experiments. Using a mobile phone or laptop, the sensor provides real-

time heart pulse feedback. This measurement was synchronized with the video recording.

The experiments were conducted indoors with fluorescent light overhead as the source

of illumination. During the video recording, after setting the camera into movie mode,

participants were asked to sit down and keep their head as still as possible. Their faces

were recorded with a camera on a tripod at a distance of 2 m from the subjects.

Using MATLAB or the OpenCV Library, 8-bit pixel values (0-255) in red (R), green

(G) and blue (B) channels were read from the frame sequence, which provided a set of raw

3D color signal S(x, y, t), where x and y are horizontal and vertical positions, respectively,

and t is the index of the frame number corresponding to the video’s sampling rate.

4.1.2 Amplitude and phase map

Figure 4.2 shows the pulse amplitude and phase map for the green channel, extracted from

a 10s (335 frames) video of a volunteer. The blood flow information is represented here.

The positions in areas of blood flow possess much stronger magnitudes than non-blood flow

positions(e.g.,occluded areas and background). The motion artifacts are also illustrated in

both Figure 4.2 (a) and (b).

Figure 4.2: Magnitude and phase in the green channel with the original number of frames.

For heart rate detection or blood flow estimation, the duration when capturing video

is always a problem. In [53], duration varied from 30 seconds to several minutes. Given
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the heart rate, Figure 4.3 and Figure 4.4 illustrate the amplitude and phase map for the

green channel from the same video but with only the first 200 and 100 frames, respectively.

Compared with pulse mapping from the video with the original time, the reduction of time

results in much weaker magnitudes and more random phase variation in exposed skin areas.

It indicates that the reduction of video duration reduces the intensity of the interest signal

(here, blood flow). On the contrary, the target signal can be revealed sufficiently with a

longer duration. However, the problem of longer duration is that subjects cannot keep

their head still or minimize the movement according to the increasing time. Therefore,

the choice of duration is a trade-off between a stronger signal of interest and minimizing

movement.

Figure 4.3: Magnitude and phase in green channel with the first 200 frames.

Figure 4.4: Magnitude and phase in green channel with the first 100 frames.
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Another interesting discussion is the blood flow region. Our method so far has focused

on the facial region due to abundant blood vessels under the skin. However, our method

also works on the hand. Figure 4.5 illustrates the amplitude and phase map on both the

face and hand regions. Compared with the back of the hand, the palm region reveals much

more blood flow information. It can be also seen that, for blood flow positions, the real

phase values on the face and the hand are very close, which again demonstrates the smooth

flow of blood across the entire human body.

Figure 4.5: Magnitude and phase of both face and hand positions in green channel.

For dimensionality reduction, we can select the exact same training data from the facial

region after face detection and then perform PCA for extracting the first component. The

majority of blood flow variation will fall into the main axis, which contains the strongest

signal of interest. For the bare hand, the hand detection algorithm can be applied first,

and we can then use the same method as the facial region for choosing PCA training data

as well as achieving dimensionality reduction.

4.1.3 Segmentation

We first present the experimental results of the segmentation on real videos. For all of our

tests, we show segmentations by our algorithm from the second level to the fourth level.

We chose this range of Gaussian smooth and downsampling experimentally by noting the

increased signal-to-noise ratio (SNR) and computational efficiency.
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Figure 4.6: Segmentation results for blood flow positions; k is chosen by cross-validation.

From top to bottom: There are original frames from videos with segmentations produced

at level 2, 3 and 4. From left to right, the three volunteers are in the same spatial size of

720 × 480.

Figure 4.6 shows the results for different subjects. Segmentations on different spatial

processing levels are shown for comparison purposes. As we discussed in the previous

chapter, the k-NN classification requires the user-defined constant k. Cross-validation are

applied for each test video on each level for choosing this optimal parameter.

From the results shown here, all the results are visualized by mapping the phase com-
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ponent to the periodic hue component of the HSV color space while keeping saturation at

a maximum. In the meantime, the segmentation (classification) results are also mapped

into the value component by setting blood flow positions at the maximum while keeping

others at the minimum. The original frames from the videos, segmentations produced with

level 2, 3 and 4, are shown from top to bottom. From left to right, the three volunteers

are illustrated in the same resolution. It is also easy to understand that increasing the

resolution leads to a decrease in computational efficiency.

As can be seen, some areas in the background were not properly marked as noise.

One possibility for removing these remaining artifacts in the background is to reuse facial

location we obtained in preprocessing to locate the face in the video and to ignore all other

regions.

4.1.4 Computed velocity fields

The results from the real face videos allow a qualitative evaluation of the computed velocity

fields. After the segmentation in the preceding step, positions with motion artifact and

non-variation are labeled as noise and ignored. Finally, Figure 4.7 shows the velocity of

the remaining areas of interest in saturated red. Different spatial resolution from three

different real videos are illustrated as well.

With real image sequences, it is almost impossible to see differences among the differ-

ent levels because errors of 10% or 20% are not easily discerned at different resolutions.

Moreover, other errors are not always controllable, such as the computed velocity mistaken

from segmentation.

4.2 Synthetic videos

The real videos in the previous section offer qualitative evidence that our segmentation

algorithm performs well at different spatial processing levels. Following the visual compar-

ison, the quantitative study of segmentation quality on synthetic video will be presented

54



(a) (b) 

(c) 

Figure 4.7: Blood flow velocity fields from three different real face videos with different

spatial resolutions.

here. In reporting the performance of our blood flow estimation method applied to the

synthetic sequences, for which 2D motion fields are known, we concentrate on the seg-

mentation (recall and precision) and error statistics on the flow vector (magnitude and

angular).
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4.2.1 Synthesizing image sequence

To quantitatively evaluate the accuracy of the blood flow detected by our method, we

created synthetic face videos with known velocity fields. The main advantages of synthetic

inputs are that the 2-D blood flow field properties are controllable and can be tested in

a methodical way. To be more specific, we know the input of the flow field and can thus

evaluate each performance corresponding to different techniques and parameters. There-

fore, we must to make sure the input signals are clean and cannot be affected or destroyed.

Our synthetic videos include the following:

• Sinusoidal blood flow: The synthetic videos contain a central region that repre-

sents the face in the real video. Heart rate and blood flow velocity are chosen to

match the real values as closely as possible. Ideally, the sinusoidal input for each

spatial location is represented as the sinusoidal waves:

y = Asin(2πf + φ) (4.1)

where A is the amplitude of the sinusoidal signal on the central region, and f and φ

represents the frequency and phase shift of the signal on the specific location, which

are also heart rate frequency and blood flow, respectively. Figure 4.8 shows the phase

shift from the bottom right to the upper left.

The results illustrated above are based on a temporal length of 300 points (frames)

with an orientations of 135◦ and a range of [0, 2π]. Although the resulting blood flow

pattern translates with an unreasonably fast velocity, we can just shrink the range

to make the flow velocity realistic.

To show color variation that simulates the blood flow in the central region, a math-

ematical function is fit to the magnitude and phase spectrum of the color variation

of face pixels in a real video. The fitted function plus Gaussian distributed noise are

used to model the synthetic color variation in the frequency domain. Afterwards,

the synthesized signal is transformed back into the time domain to create the video.

Figure 4.9 shows the fitting signal of real blood flow.
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Figure 4.8: Phase mapping in the region of interest; the phase varies from 0 to 2π.

• Noisy background: The noisy background is also included in the synthetic video.

The assumption is that there is no such information in heart rate frequencies, there-

fore the amplitudes and phase values of these positions are low and completely ran-

dom, respectively. Similar to sinusoidal blood flow, we synthesize the noisy back-

ground by only generating Gaussian-distributed noise in the frequency domain and

then transforming it back to the time domain. It is important to note that no such

user-specified sinusoidal wave occurs in the frequency of pulse.

We see that compared with an central region, the phase values of background pixels

are completely random, which means, for each position, there is no such relationship

between it and its neighbors.

• Motion artifacts: As we discussed in Chapter 4, the artifacts are strong at the

inside edges and around the face due to involuntary movements of the subject’s

head. Under the assumption that motion artifacts induce white noise, which is not

dominant in this specific frequency band, the artificial motion should be random, and

the amplitude around motion positions needs to be equally strong in all frequency

bands.
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(c) (d) 

(a) (b) 

Figure 4.9: The comparison between real and synthetic blood flow signal in time and

frequency domains.

To fit this sort of noise, we add moving edges around the central region and several

artificial objects (e.g., glasses, mouth, etc.) with slight motion inside the region. The

motion artifacts we created can be explained in amplitude and phase map, which

are around and in the interest frequency band (heart rate), respectively. These two

illustrations are shown in Figure 4.11.

The synthetic videos were created by the authors. OpenCV with the C++ interface was

used for implementation. The introduction and documentation of OpenCV can be found

in [2] and [1]. As illustrated in Figure 4.12, we used an artificial sequence that simulates

translational blood flow on the region of interest (square region). The blood flow moves

with orientations −45◦ and speeds of π
n

and π
n

pixel/pixel, respectively.
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Figure 4.10: The illustration of pulse signal in the noise background.

4.2.2 Error measurement

To evaluate our algorithm on synthetic videos, we proposed two methods to measure the

segmentation and velocity, which are known in advance. In the segmentation problem,

we use precision as the measurement of the quality of the blood flow positions obtained,

whereas recall is used to measure its quantity. For velocity evaluation, we apply two

different error metrics, average angular error (AAE) and average magnitude error (AME),

to compare the velocity field to the ground truth on every blood flow location in the video.

Precision and recall of segmentation

In Section 3.4, to classify all blood flow and noise information, we performed k-NN clas-

sification based on multiple kernels. After obtaining the blood flow pixels, the following

nagging question remained: “Have we found the most of them or are we missing some

important positions?” Obviously, we hope there is no noise in the blood flow cluster. Un-
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(a) (b) 

(c) (d) 

Figure 4.11: One frame from a synthetic video and the corresponding 2D motion fields.

fortunately, getting “everything” while avoiding “noise” is almost impossible. However, it

is possible to measure how well our classifier performed by using precision and recall.

In pattern recognition, information retrievals and search engines, the basic measure-

ments used for evaluating a classification model are precision, recall and accuracy. Precision

is the fraction of all retrieved instances that are relevant, while recall is the fraction of all

relevant instances that are retrieved. Accuracy, the proportion of true instances among

the total number of instances, is also used as a statistical measure. However, as the result

of the bias problem, we leave it out and only consider precision and recall here.

According to the cluster property, our target is to obtain blood flow positions. As a

result, we call the blood flow positions as “positive class” while noise and halo artifacts as

“negative class”.
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(a) (b) 

Figure 4.12: Ground truth of 2D motion fields in level 3 and 4 from the same synthetic

video.

Relevant Non-Relevant

Retrieved True Positives (TP) False Positives (FP)

Not Retrieved False Negatives (FN) True Negatives (TN)

Table 4.1: Definition of recall and precision.

According to the table, given true positives (TP), true negatives (TN), false positives

(FP), and false negatives (FN), we can get the precision and recall easily by using the

following equation:

Precision =
TP

TP + FP
(4.2)

Recall =
TP

TP + FN
(4.3)

In our case, true positives (TP) and false negatives (FN) are the relevant blood flow

positions that are retrieved and not retrieved, respectively. False positives (FP) and true

negatives (TN), however, are irrelevant positions (e.g., noise and motion artifacts) that are

retrieved and not retrieved. This measurement is shown in Figure 4.14.
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True positives False positives 

Relevant elements 

Irrelevant elements 

Selected elements 

False positives True positives 

Figure 4.13: The illustration of precision and recall.

The result varies according to the amount of downsampling. To consider both the

precision and recall, the F score Fβ can be calculated to measure the classifier’s accuracy

with

Fβ = (1 + β2)· precision· recall
β2· precision+ recall

(4.4)

where β is a non-negative parameter. We are using balanced Fscore(F1score) where β

is equal to 1 in our case.

Gradient on velocity field

Error behavior can be reported with many methods. For the synthetic image sequences, we

apply two different error metrics to compare the velocity field produced by our algorithm to

the ground truth: average angular error (AAE) and the average magnitude error (AME).
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For every non-noise location in the video, our algorithm estimates a 2D velocity vector

−→ve = (ue, ve). For the same location, the true velocity −→vt = (ut, vt) is available from the

synthetic video. The angular error AE between these two vectors is calculated as:

AE(−→ve ,−→vt ) = arccos

(
~ve · ~vt

‖~vt‖ · ‖~ve‖

)
(4.5)

Close to [10] and [8], the goal of the AAE is simply to provide a relative measurement.

However, instead of adding 1 to the denominator (avoiding the divide by zero problem for

zero flows), we create a non-zero flow field as ground truth and calculate the absolute value

of AAE.

Ideal Vector 

Measured Vector 

Magnitude Error 

Ө Angular Error 

Figure 4.14: The illustration of AAE and AME error measurement.

Similarly, the AME is then computed as the average of the magnitude errors over all

non-noise locations. The magnitude error ME is defined as:

ME(−→ve ,−→vt ) =
‖~ve‖ − ‖~vt‖
‖~vt‖

(4.6)

Note that this is a percentage relative to the length of the ground truth vector, whereas
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the angular error is given in degrees. The average magnitude error is again obtained by

averaging ME over all non-noise locations.

4.2.3 Precision and recall of segmentation

We began by comparing the segmentation result and ground truth, which are visualized

the same as the results from the real videos in HSV color space(Figure 4.15). The second

level of spatial processing was selected here for better resolution.

Figure 4.15: Ground truth and result of segmentation.

As discussed above, we only have the spatial processing level for the input parameter.

And finally, the precision and recall were calculated at different levels from the same

synthetic video. For training data of non-variation noise positions, we selected positions

outside the facial region randomly. As a consequence, we calculated it n times and then

averaged the precision and recall for all the results over the same level. The result is shown

in the following table.

Both recall and precision decrease drastically when the amount of downsampling is

increased. This is due to the increased SNR when averaging pixels together. At very small

frame sizes, the noise positions were merged into blood flow ones.
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Precision Recall F1-measure

Level 1 0.997 0.900 0.946

Level 2 0.988 0.843 0.906

Level 3 0.960 0.775 0.858

Level 4 0.755 0.647 0.712

Table 4.2: Results of segmentation on a synthetic video according to different spatial

processing level.

4.2.4 Gradient on velocity field

Figure 4.16 summarizes the main results of the quantitative evaluation of our technique

applied to synthetic video 1, whose velocity field is in the range [0, 2π] in the direction

of 135◦. In our experiment, we varied the amount of downsampling before processing the

videos. In the Figure 4.16, a downsampling level of n is equivalent to scaling the video

down by a factor of 2n.

It can be seen that both errors increase drastically when reducing the amount of down-

sampling. This is due to the increased SNR when averaging pixels together. At very small

frame sizes, the angular error increases again as a result of the lower resolution. Down-

sampling by an effective factor of eight (level 3) gives the best results for this video. The

achieved AAE is 20.13◦, and the AME is 29.45%.
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Figure 4.16: AAE (in degrees) and AME (in percentage) of the estimated velocity field for

different amounts of downsampling. The black lines indicate one standard deviation.
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Chapter 5

Conclusion and future work

5.1 Conclusion

We described a novel non-contact method for estimating blood flow velocities from videos

of human. Our method takes video as input and uses the information in green channel to

extract heart rate from the color variation in facial region, caused by blood circulation. A

combination of downsampling and PCA are used to remove redundancy from the video.

Multiple kernel based k-NN classification algorithm allows us to reduce noise significantly.

The desired velocity field is finally computed by 2D Sobel filter horizontally and vertically

as the gradient of the phase map.

Our results on real videos (10 videos from 6 subjects) show it is possible to obtain

blood flow velocity measurements from skin at different positions (e.g. face, hand). Our

evaluation of segmentation result on synthetic videos with recall and precision suggested

that the increasing of spatial averaging result in the decreasing of segmenting result and

the 1st level performed best. The two different metrics (AAE and AME) on the evaluation

of velocity field showed that both errors increase drastically when reducing the amount

of spatial processing and at very small frame sizes, the angular error increases again as a

result of the lower resolution. Our approach estimates the blood flow velocities in noisy

synthetic videos with an angular error of 20% and an error in magnitude of 29%.
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5.2 Future work

Several factors affected our results. First, our camera has a sampling rate of 30Hz. The low

rate of sampling will cause the poor performance of electrocardiogram (ECG) used for blood

flow analysis, such as signal to noise ratio. Spatial averaging will only partially address

this issue. Second, the current work has been done only for indoor and with fluorescent

light overhead as the source of illumination. The varied and suboptimal lighting conditions

can probably affect the blood flow detection. The improvement of accuracy and efficiency

of system in outdoor and more complicated environment (e.g., normal sunny day light

conditions) are planned to be done to the study for future work. Finally, our video were

only with around 10 seconds long. The increasing of video duration will improve our output

but result in stronger motion artifacts due to subject’s involuntary head movements. Other

techniques like image stabilization (IS) can be used to reduce it.

For the future direction, one important is to develop approaches for moving subjects.

This is complicated because, as we illustrated above, even subtle and smooth head motion

cause strong artifacts in both amplitude and phase map. Some existing technique such as

face detection and template tracking will even ruin the blood flow positions. Clearly with

other more motions (e.g. talking), more sophisticated methods and filtering will be needed.

Another important direction is to develop more applications based on our current blood

flow detection system. As contact-free measurement is being more and more important

in medical diagnosis, it would be valuable to develop related applications such as blood

pressure detection and age detection in non-contact way.
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