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In recent years, new technologies used for providing clinical health care re-
motely have appeared and new fields like telemedicine have experienced huge
advancements. New ways for monitoring patients automatically have been de-
veloped, as well as techniques for measuring physiological parameters out of
the hospital.

One of these parameters is the heart rate, and it is usually used by medi-
cal professionals to assist in diagnosis. However, the information provided by
the pulse is not only useful in telemedicine, but also in other fields like auto-
matic emotion recognition, interactive videogames or sport-people monitoring.

For this reason, this project addresses the design, evaluation and imple-
mentation of a system able to estimate the heart rate of a person using only
facial video information coming from a standard webcam. By the use of photo-
plethysmography techniques and data processing tools, the proposed method-
ology captures the small illumination changes produced in the user’s face be-
cause of the variation in the amount of blood present in the surface of the skin.
This technique allows an unobtrusive way to measure people’s heart rate at
any place, without any effort more than being in front of a video camera.






CONTENTS

Contents
List of Figures
List of Symbols

1 Introduction

1.1 Motivation . . . . . . . . ...
1.2 Objectives . . . . . . . . .
1.3 Work schedule . . . . .. ... .. ... ... ... ... ... .
1.4 Document structure . . . . . . . ... ...
2 Face detection, tracking and skin segmentation
2.1 Introduction . . . . . . . ... ..
2.2 Facedetection . . . . . .. ... L
2.2.1 Rectangular features . . . . . .. ... ...
2.2.2  Detector training . . . . . . . .. ... ...
2.2.3 Final detector . . . . . . . .. .. ... ... ...
2.3 Tracking . . . . . ..
2.3.1 Kalman Filter . . . . . . ... ... ... ... ...
2.3.2 Mean Shift . ... ... ... o
2.3.3 The tracking method . . . . . ... ... ... ... ...
2.4 Skin pixel detection . . . . . . .. ... L oL




4 CONTENTS

3 Recovery of heart rate signal 27
3.1 Introduction . . . . . . . . . .. .. ... 27
3.2 Preprocessing . . . . . .. ... oL 28

3.2.1 Resampling . .. ... ... ... .. 29
3.2.2 Filtering . . . . . ... 29
3.3 Independent Component Analysis . . . . . .. .. ... ..... 31
3.3.1 Cocktail Party Problem . . . .. ... ... ....... 31
3.3.2 Formal definition . . . . . . . .. ... ... ... ... 31
3.4 Post processing . . . .. ... Lo 32
3.4.1 Component selection algorithm . . . ... ... .. ... 33
3.4.2 Spectral density estimation . . ... ... .. .. .... 34

4 Bootstrap 39
4.1 Introduction . . . . . . . . . . . e 39
4.2 Bootstrap estimates of the mean . . . . . . . . ... ... 42
4.3 Bootstrap estimates of standard error . . . . . . ... ... .. 42
4.4 Bootstrap confidence intervals . . . . . . ... ... ... ... 44

5 Design of the heart rate estimation system 49
5.1 Introduction . . . . . . .. . ... 49
5.2 Design of the system . . . . . ... ... ... ... 50

5.2.1 Experiments set-up . . . . . . ... ... 50
5.2.2 Parameters under test . . . . ... .. ... .. ... .. 51
53 Results. . . . . . . . 23
5.3.1 Sampling frequency . . . . . .. ... 53
5.3.2 Spectrum estimation . . . .. ... ... ... ... ... 53
5.4 Practical examples . . .. ... Lo 54

6 Implementation of the heart rate estimation system 61
6.1 Introduction . . . . . . . . . .. ... ... 61
6.2 ROIselection . .. .. ... ... ... .. .. ... ... 62
6.3 Dataextraction . . . . . . . ... ... 62
6.4 Data processing . . . . .. ... Lo 64

7 Conclusions and Future Work 67
7.1 Conclusions . . . . . . . ... 67
7.2 Futurework . . . . . . ... 68

Bibliography 71



LIST OF FIGURES

1.1
1.2

2.1
2.2

2.3
2.4
2.5
2.6
2.7
2.8

3.1
3.2
3.3
3.4
3.5
3.6

4.1
4.2
4.3

Examples of ECG devices. . . . . ... ... . ... ....... 10
Examples of pulse oximetry devices. . . . . . . . ... ... ... 11
Skin pixel detection methodology. . . . . . . . .. ... ... .. 16
Some examples of Haar-like features used in Viola-Jones algo-

rithm. . . . ... 17
Integral image pixel. . . . . .. ... oo 18
First and second features selected by AdaBoost. . . . . . .. .. 18
Schematic description of the Viola-Jones classifier. . . . . . . .. 19
Scheme of the tracking system. . . . ... .. ... ... .... 20
Cycles of Kalman filter. . . . .. . ... ... ... .. ..... 22
Examples of the skin detection algorithm. . . . ... .. .. .. 26
RGB traces recovery. . . . . . . . ... oo 28
Heart Rate estimation recovery methodology.. . . . . . . .. .. 29
Example of three RGB signals before and after being detrended. 30
Frequency response of the bandpass filter. . . . . . ... .. .. 30
Example of the component selection method. . . . . . . . .. .. 33
Data segmentation in the Welch’s method. . . . . . . . . .. .. 36
Frequency of the absolute error of the data sample. . . . . . .. 41
Distribution of 1000 MAE from bootstrap samples. . . . .. .. 43
Example of the studentised bootstrap confidence interval. . . . . 47

5




LIST OF FIGURES

5.1
5.2
2.3
5.4
3.5
2.6
2.7
5.8
2.9

6.1
6.2
6.3

Main modules involved in the recovery of the heart rate signal. . 51

Examples of the MAE obtained with different f,. . . . . .. .. 54
Examples of the MAE using the periodogram. . . . . . .. ... 25
Examples of the MAE using Welch’s method. . . . . . .. ... 55
Examples of the MAE using AR models. . . . .. ... .. ... 56
Comparison of the MAE that the three methods presents. . . . 56

Examples of the influence of the order of the filter in AR models. 57
First example of the signal obtained with the webcam procedure. 59
Second example of the signal obtained with the webcam procedure. 60

Scheme of the real time heart rate estimator system. . . . . . . 62
Scheme of how samples are stored. . . . . . ... ... ..... 63
Interface of the final application.. . . . . . ... ... ... ... 65



LIST OF SYMBOLS

AR
BSS
CLT
CI
ECG
FT
HR
HSV
ICA
Kf
MAE
PDF
PPG
PSD
PCA
RGB
ROI
SE

Autoregressive

Blind Source Separation
Central Limit Theorem
Confidence Interval
Electrocardiogram

Fourier transform

Heart Rate

Hue, Saturarion and Value
Independent Component Analysis
Kalman filter

Mean Absolute Error
Probability Density Function
Photoplethysmography

Power Spectral Density
Principal Component Analysis
Red, Green and Blue

Region of Interest

Standrard Error




LIST OF FIGURES




CHAPTER

INTRODUCTION

In animals, blood is the fluid that delivers oxygen and nutrients to the body
cells in order to keep them alive. It circulates around the body through the
blood vessels, because of the rhythmic contractions of the heart. Each of these
contractions, also called heartbeats, produces a pulse wave in body arteries,
which is the blood volume pulse or pulse. Actually, the heart rate (HR) is the
number of heartbeats per unit of time and it is usually expressed in beats per
minute (bpm).

The HR of a person indicates the rhythm at which the heart is working and
it depends on several factors, such as age, gender, illnesses or physical activity.
It can be measured at any place of the body at which an artery is close to the
surface, which is where the pulse is detected.

In the next sections the motivation of this project (Section 1.1) as well as
the objectives we want to achieve (Section 1.2), the work schedule (Section
1.3) and the structure of this document (Section 1.4) are detailed.

9



10 CHAPTER 1. INTRODUCTION

1.1 Motivation

There are several methods for measuring the HR, being the most common
one the palpation method, which consists in pressuring with the index and the
middle finger at a place where an artery can be compressed against a bone
(such as at the wrist or the neck). Other standard techniques of measuring
the HR are:

e Electrocardiogram devices (ECG), which can be seen in Figure 1.1, at-
tach electrodes or a chest strap to the outer surface of it in order to detect
the electrical changes produced on the skin because of each heartbeat.

e Pulse oximetry sensors, appearing in Figure 1.2, measure the changing
light absorbency produced on the blood because of heart contractions.
Theses devices consist on a pair of small diode emitting red and infrared
light. The ratio of absorption of these lights is used to compute the HR
through the user finger or earlobe.

AN

Figure 1.1: Examples of ECG devices.

In spite of being effective, standard devices can cause discomfort, irritation
or pain if patients wear it for a long period of time, besides they might be com-
plicated to be used at home without any supervision from a specialist. That
is why in the last years, new solutions for non-contact measurements using
photoplethysmography (PPG) have been proposed |1, 2].

PPG |3] is an optical technique of sensing blood volume changes of an organ
(in this case the skin) through variations in the transmitted or reflected light,
which is the same technique used in pulse oximeters. Typically, PPG worked
with dedicated light sources with red or infra-red wavelengths. However, new
research indicates that HR can be obtained using normal ambient light as the
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Figure 1.2: Examples of pulse oximetry devices.

illumination source [2].

Recently, there have appeared some applications that can measure an user’s
HR in his computer |4, 5]. Although this kind of methods may not be as ac-
curate as a ECG device, they can provide a long-term HR monitoring without
being uncomfortable for patients, without requiring them to do much effort
and minimizing the amount of cabling in cases where a periodical measure of
HR is important. These technologies can be very helpful in increasing fields
like telemedicine [6, 7], where usability is a key factor.

In particular, just in the beginning of this project, Philips released an
iPad and iPhone application, which measures an user’s heart rate using their
cameras [8]. This application seems to use PPG techniques, but it does not
allow any motion in users’ face, being this one of the problems we aim to solve
in this project.

1.2 Objectives

This project consists in designing, evaluating and implementing a non-
contact heart rate estimation system using PPG techniques. Following the
scheme proposed by [4], this work is focused in the development of a real-time
application capable of detecting the HR of a person using a standard webcam.
This involves capturing the small light fluctuations that are produced in the
user face because of the pulse. These small light fluctuations (imperceptible
to the human eye) can be sensed by a standard digital camera.

In the existent algorithms of non-contact HR measurements [8], it is essen-
tial that users remain still, breathe spontaneously and face the camera along
a minute. In this context, this project presents some improvements, which
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include robustness to user’s motion, reduction of the time exposure in front of
the camera and real-time estimation process.

Specifically, this work is focused on achieving the following objectives:

e Designing a system that estimates the heart rate of a user using a stan-
dard webcam in normal ambient light conditions. The system must work
in people with different kind of skins, as well as different ages and gen-
ders. Moreover, the system has to be robust to small variations in the
position of the user’s face.

e Analyzing the accuracy of the system, which must present similar results
to the ones obtained with other conventional HR monitor. Besides, the
heart rate estimator system must achieve practical results, with special
interest in fields like telemedicine or automatically emotion recognition.

e Implementing a final application capable to work in real time, with a
reduced exposure period in front of the camera to obtain the first HR
estimation.

1.3 Work schedule

This work has been organized in several tasks in order to reach its pro-
posals. The first task was to do a complete study of the state of the art,
which includes the existing HR estimation techniques as well as the different
algorithm implementations available, and collect all the necessary data for the
experiments. After that, a set of essential experiments were carried out in
a second task, and a collection of data results was obtained. The third task
consists on performing an exhaustive study of the data collect in order to mea-
sure the accuracy of the system. At last, the final heart rate estimator was
implemented using the results obtained in the previous tasks.

1.4 Document structure

This document is divided in seven chapters. The first of them is an intro-
ductory chapter where the motivation and objectives of this work are explained.
In the middle chapters a description of the development of this project can be
found, as well as the techniques that were used in the process. In the final
chapter, conclusions and achievements, as well as the possible future lines of
development, are discussed.
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The content of each chapter can be summarized as:

Chapter 1. Introduction: describes the motivation and the objectives
of this project, as well as the work schedule and the structure of this
document.

Chapter 2. Face detection, tracking and skin segmentation: explains the
different computer vision techniques used in this project.

Chapter 3. Recovery of Heart Rate signal: presents the used signal
processing scheme.

Chapter 4. Bootstrap: details the statistical tool called bootstrap that
is used to analyzed the experiments.

Chapter 5. Design of the heart rate estimation system: explains the
details of the experiments performed in this work.

Chapter 6. Implementation of the heart rate estimation system: de-
scribes the final application and how it was developed.

Chapter 7. Conclusions and Future Work: presents conclusions, achieve-
ments and possible future lines of development.
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CHAPTER

2

FACE DETECTION, TRACKING
AND SKIN SEGMENTATION

In this chapter, the process used to select the region of interest (ROI) from
input video images is described. Section 2.1 gives a brief description of the
whole process whereas technical details are explained in Sections 2.2, 2.3 and
2.4.

2.1 Introduction

As mentioned before, each heart beat produces a variation in the amount
of blood present in the face skin, which causes small illumination changes in
it. To detect and process these light variations, the first thing we have to do
is to locate those regions in the input video image containing facial skin.

As a first approach, the region of the image where the face is located is
found using a face detection algorithm. Although we use a fast and robust
approach, it has two main drawbacks: it limits the user motion to avoid false
negatives and includes non-skin pixels in the selected region.

The first of the drawbacks, the user motion problem, can be solved by

15
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adding a tracking system which follows the position of the user face along con-
secutive frames, even if it is partially occluded and cannot be detected. This
allows more position and pose variations to the user, increasing robustness and
usability.

The inclusion of non-skin pixels in the selected region, such as hair or
background, is a strong drawback as well. By adding a skin pixel detector the
system can distinguish skin from non-skin pixels. This reduces the amount
of noise coming from non facial skin regions in the image and improves the
precision of the system.

The final ROI selection system is composed by a face detector (Section 2.2),

a tracking system (Section 2.3) and a skin segmentation algorithm (Section
2.4). A scheme of this process can be seen in Figure 2.1.

Detection and “ » Skin Es -
tracking = segmentation \~
Face L Skin

region mask

Video

Figure 2.1: Skin pixel detection methodology.

2.2 Face detection

Face detection is the technique that determines locations and sizes of faces
in input images. In literature, several algorithms have been developed to solve
this problem, however, the method proposed by P. Viola and M. Jones [10] is
the first algorithm to provide competitive face detection rates with real-time
performance.

Viola-Jones algorithm involves obtaining a series of simple features from
an input image and applying a modified version of the AdaBoost classification
scheme [9] in order to detect human faces. In fact, Viola-Jones is an iter-
ative algorithm that searches faces along the complete image using different
scales. To be able to perform real-time detection, a group of weak classifiers
are combined in a cascade to form a final complex classifier. Both the image
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descriptors used for detection and the Ada-Boost-based scheme for selecting
weak classifiers are explained below, as well as the cascade construction of the
final face detector.

2.2.1 Rectangular features

The Viola-Jones procedure for object detection classifies input images based
on the values taken by specific simple features. These features are similar to
the Haar-basis functions [11]. More specifically, the value of each feature is
equal to the difference between the sum of the pixels within different rectan-
gular regions. An example of these features is shown in Figure 2.2, where the
values of the pixels in the black area are subtracted to those in the white area.

I =

L RN S

Figure 2.2: Some examples of Haar-like features used in Viola-Jones algorithm.

These features can be rapidly computed by using an intermediate represen-
tation of the image called integral image (which is very similar to the summed
area table used in computer graphics for texture mapping [12]). The value
of the integral image at point (z,y) is the sum of all the pixels above and to
the left as it is shown in Figure 2.3. Rectangular features calculation is very
efficient if integral image is done, and it becomes essential for a real time face
detection.
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Figure 2.3: Integral image pixel.

2.2.2 Detector training

Even though each of the simple features could be computed very efficiently,
computing the complete set of features is very expensive. A modified version
of AdaBoost [9] is used to select these features that are more suitable for the
face detection problem. In each stage, a weak classifier is designed to select the
rectangular feature or features which best separate the positive and negative
examples, and determines the optimal threshold to achieve low false positive
rates.

In Figure 2.4 the first and the second features chosen by AdaBoost, and
therefore the best features for deciding whether it is a face in the input image
or not, are shown. It can be seen how these features look for detecting the
region where the eyes and the nose are found. The first feature measures the
difference in intensity between the region of the eyes and a region across the
upper cheeks. The second feature compares the intensities in the eye regions
to the intensity across the bridge of the nose.

Figure 2.4: First and second features selected by AdaBoost.
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2.2.3 Final detector

The cascade of classifiers used in Viola-Jones algorithm increases detection
performance and reduces computation time. The main idea is that the algo-
rithm has to start with the smallest and most efficient classifiers, which reject
a large number of negative results while detecting almost all positive instances.
Then, more complex classifiers can be used to classify complicated cases. Due
to this, the procedure becomes faster, so most of the non-face input images
will be discarded by the first classifiers. A schematic description of the final
classifier is shown in Figure 2.5.

Increasing complexity of the classifiers

_ Input Classifier > Classifier
images 1 2

Positive
result
images

[ X N ) Classifier N

Negative result images

Figure 2.5: Schematic description of the Viola-Jones classifier.

2.3 Tracking

Object tracking is the technique that involves locating a moving object
given consecutive video frames, and can be understood as an estimation of the
object’s true position based on previous measurements.

Tracking algorithms may be classified in two categories: algorithms based
on filtering and data association, and algorithms relying on target representa-
tion and localization.

Filtering and data association algorithms assume that the object has an
internal state which may be measured. By combining this measurement with
the model of state evolution, the position of the object in the current frame
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is estimated. Kalman filter [13] is commonly used for this purpose in many
different computer vision fields [14, 15, 16].

Target representation and localization algorithms, however, use a proba-
bilistic model of the object appearance and try to detect this model in consecu-
tive frames of the image sequence. Mean Shift algorithm [17] is a representative
method in this category [18].

In this project a combination of Kalman filtering and Mean Shift based
in the one proposed in [19] is used as the face tracking algorithm. As can be
seen in Figure 2.6, Kalman filter is used for predicting the region in where the
user face might be located in the current frame. Then, with the Viola-Jones
algorithm, fast face detection is applied in this region. If the face detection
algorithm does not match any face, a Mean Shift estimation is considered.
The position given either by the face detector algorithm or the Mean Shift
approach is used as the correction for the Kalman filter.

Section 2.3.1 details the Kalman filter algorithm and Section 2.3.2 describes
Mean Shift algorithm. The combination method of both approaches is ex-
plained in Section 2.3.3.

First face detected

Kalman
Prediction
—»> Kalman Filter » Face Detector
Yes Frontal
Kalman found?
Correction

Mean Shift

1
1
1
I
I
I
I
I
I
1
1
1
1
1
|
Face position <— face
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

Figure 2.6: Scheme of the tracking system.
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2.3.1 Kalman Filter

The Kalman filter (Kf), published by R.E. Kalman in [13], is a set of
mathematical equations that provides estimation of unknown variables. It
uses measurements observed over time, which usually contain noise [20], to
predict a next state and make corrections on its predictions.

We assume that there is a discrete time system whose state at time n is
given by vector x,. In the next time step, a linear operator can be applied to
obtain the new state x,,1, as it is in Equation 2.1.

Xpt+1 = Fn+1,nxn + Wat1 (21)

where F,,.,, is the transition matrix from state x,, to x,,+; and w4 is
white Gaussian noise with zero mean and covariance matrix Q1.

Next, the measurement vector z,; is given by Equation 2.2.

Zpy1 = Hn+1Xn+1 + Vit (22)

where H,,; is the measurement matrix and v, is white Gaussian noise
with zero mean and covariance matrix R, 1.

Kf computes the minimum mean-square error estimate of the state x;, given
the measurements z1, ..., z;. It is usually conceptualized as two phases as it is
shown in Figure 2.7: the Predict phase and the Correct phase. In the predict
phase, the previous state estimate is used to produce an estimate at the current
time. In the correct phase, the current prediction and the current observation
are combined to make corrections on the state estimate. Given:

e X, the a priori state estimate given observations up to time n.

X,, the a posteriori state estimate given measurements z,,.

A

_ A _\T .. . .
e P =F [(xn — X)) (X, — X)) } , the a priori error covariance matrix.

A A~ T . . . .
e P, =F [(xn —X,) (%, — X,) } , the a posteriori error covariance matrix.

e G,=P,H’ [H,P;H’ +R,] ", the optimal Kalman Gain.

The procedure used in both of Kf phases is described in Algorithm 1.
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R

Time Update Measurement Update
("Predict") ("Correct")

N

Figure 2.7: Cycles of Kalman filter.

Kalman filter applied to object tracking

Given a detected object at the discrete time t,, we describe its spatial
features as [c,, vp, sy, where ¢, = (CZ,CZ)T is the center of the object, v, =

(vr, vp)" its velocity and s, = (w", h")" its size.

In this case, the initial state of the Kalman filter X, is X, = (cg, vo,s0)”
and the transition matrix F is:

1 AT, O
Fopin=|(0 1 0
0 0 1

In which the new center of the object at ¢,,, is the same as at ¢, plus
v, - AT, 1, where AT, is the difference between t¢,,; and t,. However, its
velocity and its size are supposed to be the same.

On the other hand, as the measurement vector is z,.; = (¢ni1,8 1),
where ¢,,;1 and §',,,1 are the center and the size measurements of the object,
respectively. Therefore, the measurement matrix H is:

100
H”“:(o 0 1)

2.3.2 Mean Shift

Mean-Shift is an iterative procedure that tries to locate an object by find-
ing the maximum of a density function given discrete data sampled from that
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Algorithm 1 Kalman filter

1. Initialization:

~

xo = E [x0],
Py = B |(xo — £ [xa]) (x0 — E [x))"

2. Prediction:

A~

X; - Fn,n—lxn—b

P;L - Fn,n—an—ngn_1 + Qm
G, =P;H! [H,P,H’ +R,]

3. Estimation:

X, =X, + G, (z, — H.x,,),
P,=(1-G,H,)P;.

Goto the Prediction step for the next prediction.

function, as it is described in [17]. The basic aim of this algorithm is to char-
acterize the target object by its appearance model and find an image region
in which the matching of this model becomes maximum.

The probability density function (pdf) of the target object is approxi-
mated by a histogram of m bins, 4 = {qu},—; _,,- To form the histogram,
only the pixels inside an ellipse surrounding the object are taken into account.
The u-th histogram bin is given by:

Gu="Co > k(Ix1?) b (x;) — ul
i=1
where:

e 1 is the number of pixels contained into the ellipse.

e x', 7 = 1,...,n is the normalized spatial location of the i-th pixel. The
pixel locations are normalized by dividing the pixel’s coordinates by the
ellipse’s semi-axes dimensions h, and h,. The center of the ellipse is
assumed to be at the origin of the axes.
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b:R?* — {1,...m} is a quantizing function which associates each pixel
color in z; with each bin u.

e Cp is a normalization factor such as Y " | G, = 1.

¢ 1s the Kronecker delta function.

k(x),k:[0,00) — R is the profile of the kernel applied to every pixel to
increase the weight of the pixels closer to the center of the ellipse.

In the next frame the pdfs of the candidate objects at each candidate
location y are also approximated by m-bin histograms. The u-th histogram
bin at location y is given by:

=Yk (ly = X32) 0 lb () — ol

where xX';,7 = 1, ..., n is the normalized pixel’s coordinates in the candidate
ellipse, x/;,4 = 1,...,n is the normalized pixel coordinates inside the target
candidate ellipse and C is a normalization factor such as Y .-, p, (y) = 1.

In order to compare the similarity between the target histogram and the

candidate histogram at each location y, the distance between q and p (y) is
defined as:

=V1-p[p(y).d

where:

PP (), @ =D Viuly) u (2.3)

is, in fact, the similarity function between q and p (y) and it is called Bhat-
tacharyya coefficient [21].

To locate the object in the image, the distance between ¢ and P (y) must
be minimized, which is equivalent to maximize the Bhattacharyya coefficient.
The ellipse center is initialized at a location yo which is the ellipse center in
the previous image frame. FExpression 2.3 can be approximated using linear
Taylor approximation, resulting in:

plp(y).d %}j m)%+——§jwkny—xm)
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where

; = Cj—u Xi) —uf.
i 2 P (o)) P ()

As the first term is independent from y, only the second term must be
maximized.

2.3.3 The tracking method

In this project we used a tracking system based in the one proposed in [19]
as a combination of Kalman filter and Mean-Shift algorithm. The main idea
is to find the position of the object (measurement in the previous frames) and
forward it to Kf to estimate the current position (estimation).

Once a face is located, a prediction about the region of the image in where
the face might be located in the next frame is done using the previous mea-
surements informations and Kf. Then, the algorithm looks for detecting a face
in the predicted region given by Kf either with Viola Jones algorithm or with
Mean-Shift technique. When the face is obtained, measurements of both its
size and center are used to correct the Kf prediction. The result is a iterative
process as it is shown in Figure 2.6.

2.4 Skin pixel detection

As it is explained in the previous sections, the amount of blood present
in the face skin produces variations in the reflected light due to the blood
absorbency of the light. In order to minimize the inclusion of noise in the es-
timation coming from facial regions of non-skin, we implemented a skin pixel
detection algorithm.

Skin detection can be defined as the process of selecting which pixels of an
input image correspond to human skin. Generally, it is a pixel-level process
involving a pre-processing of color space transformation. Skin pixel classifica-
tion should provide coverage of all different skin types and cater for as many
different lighting conditions as possible. In literature, several algorithms have
been proposed for skin color pixel classification. They include piecewise linear
classifier [22], [23], the Bayesian classifier with histogram technique [24], [25],
Gaussian classifiers [26], [27] and the multilayer perceptron [28]. Also, differ-
ent color spaces have been used in skin segmentation such as RGB, HSV or
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YCbCr. The different techniques are studied and compared in [29].

As skin-pixel detection is not the main focus of this project, a simple and
real time algorithm was implemented. For each frame, the selected ROI around
the face of the user is converted into HSV (Hue, Saturation, Value) color space.
Acording to [30, 31, 32] some robustness may be achieved via the use of lu-
minance invariant color spaces as HSV. Based on this and our own empirical
studies, we decided to use this color space.

In the skin pixel detection method that we used, firstly a color-histogram
is calculated from the HSV transformed face image using hue and saturation
channels. As most of the pixels in the detected face region correspond to skin
pixels, by calculating its histogram we obtain an estimation of the skin color
probability function. Using this estimation, the probability of each pixel of
containing skin is obtained. Finally, a threshold on these probabilities is ap-
plied to create a skin mask. The threshold function used is:

ey = 1 if I(z,y) >th
’ 0 Otherwise

where I(x,y) is the value at the pixel location (z,y), I'(x,y) is the new
value at that pixel location and the threshold value th is chosen experimentally.

Some results obtained with this approach are shown in Figure 2.8. As it can
be observed, areas which are too illuminated or too dark, like the ones around
the nose, are eliminated by the skin segmentation algorithm. Although they
are actually skin pixels, they do not contain real lightness information.

Figure 2.8: Examples of the skin detection algorithm.
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RECOVERY OF HEART RATE
SIGNAL

Once the ROI of the video sequence is defined, color features from the
video frames have to be extracted and processed in order to obtain a heart
rate estimation. The procedure to recover the heart rate signal is explained in
this chapter, as well as the techniques used in the process.

3.1 Introduction

As it is described in Chapter 2, for each frame of the video sequence we
obtain a ROI of facial skin pixels. These selected pixels contain information
of light fluctuations produced in the skin due to the variation in the amount
of blood present in the human face. To extract this information, the ROI is
separated into the three RGB (red, green, blue) channels and is spatially av-
eraged over all skin pixels. Three color signals over time are obtained, as it is
shown in Figure 3.1.

These RGB observed traces, also known as raw traces, are supposed to be
a linear combination of some underlying source signals, one of which may be

the heart rate signal. Independent Component Analysis (ICA) technique is

27



28 CHAPTER 3. RECOVERY OF HEART RATE SIGNAL

RGB channels
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Figure 3.1: RGB traces recovery.

then used to recover these underlying source signals and estimate the heart
rate signal.

In the recovery procedure, the raw traces are processed with the methodol-
ogy shown in Figure 3.2. As it can be observed, first the raw RGB signals are
pre processed and treated to become ready for their analysis. After that, they
are decomposed into three independent source signals using the ICA approach.
Source signals are then post processed in order to select the heart rate signal
from them and obtain the heart rate estimation. Procedures used in the pre
processing, ICA and post processing block are detailed in Section 3.2, Section
3.3 and Section 3.4, respectively.

3.2 Pre processing

The aim of the pre processing block is to transform the three raw traces
obtained from the webcam recordings into three normalized traces that can be
used in subsequent approaches of the process. At this point, two procedures
are used: resampling and filtering.



3.2 Pre processing 29

.......................................................

R signal — . > §
G signal ——»| Resampling > Filter
B signal ——— -

Pre processing bvy

Independent Component Analysis

Source 1 Source 2 Source 3

HR
signal

PSD | :, HR
estimation 3 estimation

Post processing

Figure 3.2: Heart Rate estimation recovery methodology.

3.2.1 Resampling

Each frame of the webcam recording is obtained at intrinsically irregular in-
tervals, which means that the raw traces are unevenly sampled. However, some
techniques used in the recovery methodology (including Independent Compo-
nent Analysis explained in Section 3.3 and Power Spectral Density estimation
described in Section 3.4.2) operate on time series with uniform intervals be-
tween samples. To apply these techniques, therefore, requires the raw traces
to be resampled at uniform intervals. For this purpose, we use a linear inter-
polation approach to obtain an evenly sampled signal.

Having an unevenly sampled signal y(¢) and given a sampling frequency
fs, the aim is to find a time vector with uniform intervals Ty = fl between
samples. Then, the k-th sample of our resampled y/(t) signal is calculated at
time t;, = kT, using linear interpolation approximation as:

Y(tni1) — y(tn) (

ty — tn
tn-l—l - tn . )

Y (te) = y(tn) +
where y(t,) and y(t,41) are the previous and the following data points of

y(tx) in the original signal, respectively.

3.2.2 Filtering

In order to focus our RGB signals in the fast variations produced in it
and not in the slow variations coming from noisy low frequency sources, the
observed signals are detrended and normalized as follows:
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yi(t) — pai(t
(p) = 20— 1)
O
where 1;(t) and o; are the local mean at t and the standard deviation of
y;(t), respectively. Figure 3.3 shows an example of three RGB signals before

and after being detrended.
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Figure 3.3: Example of three RGB signals before and after being detrended.

The normalized traces are then bandpass-filtered with a FIR filter with 128
coefficients with 0.33 Hz and 4 Hz as the lower and the upper cutoff frequen-
cies, respectively. It corresponds with the range of 20-240 bpms, which is the
frequency range of interest in the heart rate measurements. The frequency
response of the filter, in bpm, can be seen in Figure 3.4.

BPF with Hamming Window

1.2

Il Il Il L j
(] 50 100 150 200 250 300
Frequency (bpm)

Figure 3.4: Frequency response of the bandpass filter.
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3.3 Independent Component Analysis

Independent Component Analysis (ICA) [33] is a method for Blind Source
Separation (BSS) [34]. BSS is a procedure involving the separation of a set of
independent signals from a set of mixed signals, where the mixing process is
unknown.

To understand in a better way the problem of BSS, the cocktail party clas-
sical example is related in 3.3.1 before presenting the formal definition of ICA
in 3.3.2.

3.3.1 Cocktail Party Problem

The cocktail party problem is a classical example of BSS [35]. Imagine you
are in a room with a large number of people talking simultaneously, like in
a cocktail party. Despite there are a large number of acoustic signals in that
room, in general people can follow properly one of the discussions. This is
because the human brain can handle the auditory source separation problem,
but in fact, it is a very tricky problem in digital signal processing.

Several approaches have been proposed for the solution of blind source sep-
aration, some of the most successful are principal components analysis (PCA)
[36] and ICA [33]. The key for solving the problem is to have several indepen-
dent mixture signals, like in the case of the human ear, in which the mixture
of signals obtained from the right ear is different from the mixture of signals
obtained from the left ear.

3.3.2 Formal definition

If we have x = (X, X, ...X,,). zero-mean m-dimensional random variables

that are, in fact, a linear mixture from s = (s;,sy,...s,)7 n-dimensional in-
dependent sources, the linear transformation of the source variables can be
expressed as:

x = As (3.1)

where A is the m X n mixture matrix that contains the mixture coefficients.
It is usually assumed that the number of sources is equal to the number of
mixture signals, so m = n. In this context, both A and s are unknown. The
aim of ICA is to obtain a constant matrix W, which is the inverse of the
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estimate of the matrix A, so that the linear transformation of the observed
variables become:

s = Wx (3.2)
being s an estimate of the vector s containing the source signals.

ICA finds the independent components by maximizing the statistical in-
dependence of the source components. However, there exist many ways to
express independence. Motivated by the central limit theorem (CLT), one
way of measuring independence is the quantification of non-Gaussianity. The
CLT [37] states that the sum of many independent random variables, each with
finite mean and variance, will tend to be distributed according to the normal
distribution. That means that the observed signals z; are more gaussian than
sources signals s;. Therefore, separating the mixed signals is understood as
moving away from the normal distribution. Because of that, one of the require-
ments of ICA algorithms is that sources signals cannot be gaussian sources.

Mutual information is a mathematical tool used for measuring the non-
gaussianity of n random variables y;,7 = 1,...,n, which measures, in fact, the
independence of that variables. The matrix W in Equation 3.2 is then de-
termined so that the mutual information of the transformed components s; is
minimized.

Though ICA is a robust mathematical tool, there are three ambiguities
we should consider. The first one is that the variances of the independent
components cannot be determined, so the amplitude of the heart rate signal
recovered might not be the real signal amplitude. That is the reason why some
times the signal waveform is not recovered properly. Another ambiguity is that
the order in which ICA implies the signals is random. That involves that we
must include an algorithm for selecting the signal of interest among the three
possible signals. Also, the sign of the independent components is not specified,
which is not a big drawback for our purposes.

3.4 Post processing

In the post processing stage the three separated signals obtained from the
ICA are processed in order to get the estimated heart rate.
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3.4.1 Component selection algorithm

After applying ICA technique, three independent components are obtained.
However, as it was mentioned before, the order in which ICA returns the in-
dependent component is random and cannot be predicted. Because of that,

a component selection algorithm to determine which is the heart rate signal
must be implemented.

As one of the three components is expected to be the heart rate signal,
which has a strong periodicity, the method for choosing the signal of interest
consists on selecting the component whose normalized power spectrum contains
the highest peak. An example of this procedure using real samples is shown
in Figure 3.5. As it can be seen, the first and the second sources of that
example do not present an outstanding frequency peak as the third one, which
is supposed to be the heart rate signal, does.

Power Spectrum Normalized of s1(t)
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Time (s) Frequency (Hz)
Power Spectrum Normalized of s2(t)

o~ 5 40 :
o :
20 20 :
3 H
o : : : : :
& -5 : i ‘ i ‘ i i 0 s j
0 10 20 30 40 50 60 70 0 5 10 15
Time (s) Frequency (Hz)
Power Spectrum Normalized of s3(t)
o 5 400
Q
o 0 200 l
= }
Q
® -5 ‘ i ‘ i ‘ i i 0 ]
0 10 20 30 40 50 60 70 0 5 10 15
Time (s) Frequency (Hz)

Figure 3.5: Real sample example of the component selection method. In this
case, the selected source is the third one.

In order to leave out noise, the separated source signal is then smoothed
using a five-point moving average filter.
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3.4.2 Spectral density estimation

Power Spectral Density (PSD) is used to obtain the power spectrum of the
heart signal, which characterizes the frequency content of that signal. PSD of
a x(n) signal is defined as:

P, (e') = Z Ty (k) /"

k=—o0

with

n=—

rz(k)zjv@;o{mlﬂ 3 x(n+k)x*(n)}

As our measured signal z(n) has a finite number of samples, we have to
obtain an estimation of the PSD. Techniques for spectrum estimation can be
divided into two categories: parametric methods and non-parametric meth-
ods. Parametric approaches assume that the underlying stationary stochastic
process has a certain structure which can be described using a small number of
parameters while non-parametric approaches explicitly estimate the covariance
or the spectrum of the process without assuming that the process has any par-
ticular structure. Periodogram and Welch’s methods [38] are both examples
of non-parametric approaches. By contrast, Autoregressive models [39] can be
used as a parametric spectrum estimation method.

Periodogram

The periodogram is one of the most commonly used non-parametric spec-
trum estimation techniques. A windowed segment of samples from the process
x(n) is taken as zp/(n) = z(n)w(n), where the window function w, classically
the rectangular window, contains M nonzero samples. Its autocorrelation es-
timate is:

()= 32 D ar (k) () = o (K) % 23 ()

The periodogram is defined as the Fourier transform of this autocorrelation
estimate, so:

. A 1 A A 1 ~
Pt (97) = X () X3y (%) = 3 [ X ()]



3.4 Post processing 35

M-1
where Xy (e7%) = > xp(n)e 7™ is the Fourier transform of the win-
n=0
dowed signal.

The main advantage of the periodogram is that it is a fast spectrum esti-
mator. However, using the whole signals for the estimation might results in a
noisy measure.

Welch’s method

Welch’s method [38], named after P.D. Welch, is based on the concept of
using an average of modified periodograms. In this case, the data z(n) of
length N is partitioned in segments of length L, possibly overlapping and with
successive segments starting at D samples of difference. Then, the i-th seg-
ment is z;(n) = z(n+iD) with ¢ =0, ..., L — 1.

Suppose we have K segments and that N = L + (K — 1)D like in Figure
3.6. For each segment a modified periodogram, which is a periodogram with
a non rectangular window, is calculated. The spectral estimate is then the
average of these periodograms:

L—1 2
. 1
with
=
U=+ > Jw(n)f?
n=0

Welch’s method reduces noise in the estimated power spectra compared to
the periodogram technique despite having less frequency resolution due to the
use of less samples for each window.

Autoregressive model

Autoregressive (AR) model is a type of random process which attempt to
predict an output of a system, X;, based only on the previous outputs [39].
The autoregressive model of order p, AR(p), is defined as:

P
X, =c+ Z%‘thi + &

i=1
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0 N-1

D D+L-1

m-L N-1
Figure 3.6: Data segmentation in the Welch’s method.

where ¢4, ..., are the parameters of the model, ¢ is a constant often omit-
ted and &; is white noise. The parameters of the model can be determined
from the autocorrelation function of the process using Yule-Walker equations,
which are:

p
Y = Zsowm_k +020m0 m=0,..p
k=1
where 7, is the autocorrelation function of X, o, is the standard deviation
of the input noise process and 9d,, o is the Kronecker delta function. As the last
part of the equation is non-zero only if m = 0, the equation is usually solved
by representing it as a matrix for m > 0:

Yo V-1 Y-2 - ¥1 Ba!
7% V-1 - P2l |72

Y M Y - ¥3 3
For m =0,

p
Yo = Z Y-k + 07
k=1
which allows to solve o2.

The power spectrum of an AR(p) process with noise variance 0% is [39]:

2
Oz

P eIv) =
AR ( ) 1= QOWke_jkw‘Q
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AR models are based in pole models and that is why they can estimate
very well the spectrum peaks of our signal. However, the order of the filter, p,
has to be chosen properly to have a correct estimation. If the order is smaller
than the optimum order, spectral peaks will become wider. In the other way
round, if the order of the filter is higher, spurious spectral peaks would appear
in the estimation.



38

CHAPTER 3. RECOVERY OF HEART RATE SIGNAL




CHAPTER

4

BOOTSTRAP

In order to analyze the behavior of the heart rate estimator system, sev-
eral experiments were performed. The results of that experiments were then
thoroughly analyzed and compared with statistical tools. In this chapter,
Bootstrap techniques for analyzing a particular estimator are presented.

4.1 Introduction

The bootstrap [40] is a general methodology used to calculate different es-
timators from data, especially when the theoretical distribution is unknown
or when the sample size available is insufficient. This technique can provide
accurate answers where classical approaches cannot be used and also presents
similar results when other techniques may be applied [41].

Generally, when we have a estimator  of an unknown parameter 6, we
would like to obtain some measures for its accuracy, such as mean, standard
error, bias or confidence intervals. Some of these parameters can be calculated
analytically, however, when we want to calculate some complicated statistic
or we cannot make assumptions of the probability distribution of the samples,
the bootstrap method can be used.

39
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The bootstrap method consists on estimating the sampling distribution F’
on the basis of the observed data instead of assuming a mathematical ap-
proach like, for example, the normal curve. It is done by creating new data
sets, called bootstrap samples, from the original data set by resampling it with
replacement. Each bootstrap sample has the same size of the original data.
By performing a sufficient number of times this procedure a good estimate of
the probability distribution of the original data, F , is obtained, and therefore
the statistics of interest can be calculated in the usual way.

For example, suppose we have 41 heart rate measurements coming from
both a physiological monitor device and our webcam estimator system. We
call hg = (hg,,hg,, ..., hr,,) the vector that contains the 41 monitor heart
rate measurements, and ho = (ho,, ho,, ..., ho,,) the vector that contains the
41 webcam heart rate estimations, being hg, and ho, data coming from the
same measurement, as it is summarized in Table 4.1.

MeasurelD ‘ HR monitor HR webcam

1 73.8281 63.2813
2 46.5820 46.4063
3 67.6758 63.9844
4 63.2813 63.2813
d 43.9453 44.2969
40 66.7969 66.7969
41 61.5234 63.9844

Table 4.1: Original data consisting in 41 measurements.

Let’s imagine that we want to obtain some statistics of the absolute error
of this data, |e| = |hr — ho|, and we decide to use the bootstrap technique.
Figure 4.1 displays the distribution of the data’s absolute error as well as each
measurement’s absolute error.

In order to apply the bootstrap technique, first of all we have to create B
new bootstrap samples by resampling the original data set with replacement,
as it is shown in Table 4.2, where B = 1000.

The bootstrap technique exists in a nonparametric and a parametric ver-
sion. In the nonparametric version, the underlying probability distribution is
estimated from the empirical distribution of the data. In the parametric boot-
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strap, a parametric model is used for estimating the sampling distribution.
As the amount of data samples available in this project is not very large, a
nonparametric version of the bootstrap method is used in order to analyze the
statistics of the data obtained in our experiments.

In the next sections, procedures for estimating the mean (Section 4.2),
the standard error (Section 4.3) and the confidence interval (Section 4.4) are

detailed.
Bootstrap sample \ Measurements
! o) (o) G) - Go.?)
2 (ro22) s (o) () oo (o)
1000 (o), (o) oo oo ()

Table 4.2: Example of the creation of 1000 bootstrap samples by sampling
from the original data with replacement. Each bootstrap sample contains the

same data length as the original data.
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4.2 Bootstrap estimates of the mean

The mean of a random variable is the average of all its possible values,
weighted by its probabilities. It is usually very easy to compute.

Having the observed data x = (x1,,...,2,) consisting of independent
observations Xi, Xo, ..., X;, ~inq F, where F' represents an unknown proba-
bility distribution of the samples, the bootstrap estimation of the mean in-
volves obtaining a large number (B) of bootstrap samples, each one denoted

*

as x; = (27,23,...,2%),b = 1,2,..., B. For each xj, the mean of the data

eey n

is evaluated. The final bootstrap estimated mean is the average of all the
my,b=1,2, ..., B.

Following the example described in Section 4.1, we now compute the mean
absolute error (MAE) of our data using the bootstrap technique. Table 4.3
summarizes the bootstrap estimates of the mean using B = 1000 bootstrap
samples. It can be observed that for each bootstrap sample a mean abso-
lute error, my, is obtained. The average of all these MAEs is the bootstrap
estimated MAE, which results very similar to the standard estimated MAE.
Figure 4.2 shows the bootstrap distribution of the mean, as well as the boot-
strap estimated MAE and the standard estimated MAE.

Original data Bootstrap samples
€] lef} el el el - lefion
My 1.2862 1.9250 1.1876 1.7450 ... 2.0665
MAE 1.8307 1.8150

Table 4.3: Example of the bootstrap estimates of the mean. We can observe
that the MAE obtained with the bootstrap technique is very similar to the
MAE obtained with the standard procedure.

4.3 Bootstrap estimates of standard error

Standard error (SE) is the standard deviation of the sampling distribution
of a statistic and it is an important measure of the statistic accuracy because
it reflects how much fluctuation it may show.

Suppose that we have a statistic of interest, 6(x), and we want to estimate
its standard error with the bootstrap method. The standard error (o(F)) of
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Figure 4.2: Distribution of 1000 MAE from bootstrap samples.

the estimate statistic 6 is a function of the unknown sampling distribution
F. Using the bootstrap estimation of the sampling distribution F, we can

estimate the standard error as & = o(F'). The algorithm for estimating the
standard error is detailed in Algorithm 2.

Algorithm 2 Bootstrap estimates of the standard error.

*

1. Obtain a large number of bootstrap samples x7, x5, ..., X};.

2. BEvaluate the statistic of interest *(b) = 6(x}),b = 1,2, ..., B for each
bootstrap sample x;.

3. Calculate the sample standard deviation of the §*(b) values.

To compute the standard error of the MAE obtained in Section 4.2 using
bootstrap, we have to calculate the standard deviation of the B bootstrap
MAE, m,. A comparison between the results obtained using the standard pro-
cedure and the bootstrap technique is shown in Table 4.4.

The bootstrap method of estimating the standard error of a statistic be-
comes very valuable in those cases where there is not a theoretical formula for
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Original data Bootstrap samples
€] lef} lefs lel; lel, - lelion
My 1.2862 1.9250 1.1876 1.7450 ... 2.0665
MAE 1.8307 1.8150
SE 0.5406 0.5179

Table 4.4: Example of the bootstrap estimates of the standard error.

computing the standard error.

4.4 Bootstrap confidence intervals

A confidence interval (CI) for a statistic of interest, 6, consists in a pair of
numbers between which is supposed to be the true value of # with a certain
probability. Confidence intervals are usually more informative about a statistic
than a single point estimate.

A confidence interval for 6 is usually obtained from the estimator 0 by
considering the probability distribution of § — . Denoting the a-percentile of
the distribution of 8 —  as s,, the confidence interval for @ is:

é_slfa/Q <0 Sé—sap

and the probability of containing the true unknown value of € is equal to
1—oa.

Bootstrap methods for estimating confidence intervals use percentiles of
the bootstrap samples distribution. The sample a-percentile of the bootstrap
distribution is given by the (B)a-th ordered estimator value (being the or-
dination as 6*(1) < 6*(2) < ... < 6*(B)). For example, the a = 0.025 and
a = 0.975 percentiles of a sample of size B = 2000 are the 50th and 1950th
elements of the sorted bootstrap samples, respectively.

Several bootstrap methods have been proposed for constructing confidence
intervals and many different techniques are available for this purpose. The
differences between the bootstrap methods arise from the choice of the statistic,
or the way to convert percentile to confidence intervals.

Basic bootstrap confidence intervals: basic bootstrap confidence inter-
vals are based on that the distribution of 6 — 6 is approximated by that of
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0 — 4. Thus, the percentiles of s, of the distribution of 0 — 0 are replaced
by the quantiles of the bootstrap approximation. Then, the basic confidence
interval is:

~

0 — spi1—as2) <0 <0 —Sp2

Studentised bootstrap (bootstrap-t) confidence intervals: studentised
bootstrap confidence intervals are constructed from the studentised statistic
90;9 by approximating 6 and ¢ with the bootstrap distribution. For each boot-
strap sample, it is calculated:

0; — 0

A 3

*7
t, =
Op

(4.1)

where é;; is the estimate from the b-th bootstrap sample and &; an estimate
for the standard error from the same sample.

The percentiles £,/ and t;_,/ of the distribution é%@ are approximated
by the t*B(a/Q) and t};(pa/z): respectively. Finally, the studentised bootstrap
confidence interval is:

0 —1B(1-aj2)0 <0 <0 —1tgo90
In classical approaches, either the distribution of 6 —0 or % are usually
approximated by, for instance, a normal distribution. The bootstrap approx-
imation correctly captures the skewness of ¢ and uses it to obtain confidence
intervals for ¢, which are not necessarily symmetric around the point estimate
0.

Following the example that we have been developing along this chapter,
we are now computing the confidence interval of the MAE obtained in Section
4.2 with o« = 0.05. For the basic confidence interval, we have to sort the boot-
strap sample means m; and choose the ones corresponding to Ba/2-th and to
B(1 — «/2)-th of the sorted bootstrap samples.

On the other hand, if we want to calculate the studentised confidence in-
terval, firstly we have to calculate ¢;,b = 1,2,..., B as in 4.1. Then, the B t;
values are sorted in order to calculated the minimum and the maximum point
of the CT as:

ClLyin = MAE — %, (B(1 — a/2))6

sorted
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Clyas = MAE — t',,.q(B(a/2))5

sorted

Table 4.5 shows a brief summary of the parameters that are involved in
the process of the bootstrap estimates of the confidence intervals, whereas the
studentised confidence interval of the data bootstrap distribution can be seen
in Figure 4.3, where it can be seen that the bootstrap method correctly cap-
tures the skewness of the empirical distribution and the confidence interval is
not symmetric around the estimated MAE.

Bootstrap samples
|e\>{ ‘ \e]; ‘ \e];) ‘ |e]Z ‘ ‘ ‘eﬁooo
my, 1.2862 | 1.9250 | 1.1876 | 1.7450 | ... | 2.0665
op 1.1876 | 1.7450 | 1.5263 | 2.0665 | ... | 2.0451
MAE 1.8150
o 0.5179
t -0.2015 | -0.0214 [ -0.1187 [ 0.0638 | ... | 0.1646
my, sorted 0.5959 | 0.6002 | 0.6302 | 0.6474 | ... | 3.6228
t; sorted -1.4595 | -1.2578 | -1.1387 | -1.0957 | ... | 0.3399
Basic CI Cl,in = 0.9132 Cl, e = 2.8982
Studentised CI Cl,in = 1.6852 Cl e = 2.1874

Table 4.5: Example of the bootstrap estimates of confidence intervals.

The different methods for performing confidence intervals are described and
compared in [42]. Although the studentised interval estimates approach has
a higher computational cost, it is considered to be the most reliable method,
and for this reason it was used for the analysis of the data obtained in this
project.
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Figure 4.3: Example of the studentised bootstrap confidence interval. It can
be seen that the bootstrap method correctly captures the skewness of the
empirical distribution, therefore the bootstrap CI is not symmetric around the
estimated MAE.
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CHAPTER

5

DESIGN OF THE HEART RATE
ESTIMATION SYSTEM

As it is explained in the first chapter, the aim of this project is to design
and implement a real-time heart rate estimator using facial information from
a standard webcam. To select the final configuration of the application among
the parameters involved in the process described in Chapter 3, several tests
had to be performed. In this chapter the results obtained in these tests are
explained.

5.1 Introduction

In literature, there exist several methods for measuring the heart rate of
a person using non-contact approaches. Typically, these techniques used ded-
icated infra-red light sources, although recent work has shown that the heart
rate can be obtained using only ambient light |1, 2].

Following the methodology described in [4] and [5], we designed a heart
rate estimator system in two separated phases. The first one was the image
processing phase, which includes the procedure described in Chapter 2. In
this phase, the face of the user is detected along the image region and those
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pixels that come from a facial skin region are selected. The second phase was
the data processing module, which processes the data coming from the video
image using the scheme presented in Chapter 3, until a heart rate estimation
is obtained.

The design of the heart rate estimator system involves varying the second
of the two phases, in order to select the parameters that offer the most ac-
curate results. To achieve that, a set of tests in which these parameters were
modified, was performed in MATLAB. The results of the test were then statis-
tically analyzed with bootstrap techniques (which are explained in Chapter 4).

This chapter is divided in the following sections: both the perfomance set-
up of the experiments and the parameters we took under test are explained
in Section 5.2, whereas the results of the tests are presented in Section 5.3.
Finally, some examples of how the system works are shown in Section 5.4.

5.2 Design of the system

As it is mentioned before, several tests were implemented in MATLAB in
order to select the configuration which gives a better estimation in the heart
rate recovery procedure. To perform the tests, however, firstly we had to collect
enough data information, so a set of 41 videos were recorded to 30 volunteers.

5.2.1 Experiments set-up

All the videos were recorded in a office room using a standard video cam-
era that captures frames at 20 frames per second (fps), approximately, in color
(24-bit RGB with 3 channels x 8 bits/channel) and with pixel resolution of
640 x 480. The videos were recorded at 0.5 meters of distance from the sub-
jects, approximately, and they were saved in an uncompressed AVI format.
Volunteers were asked to remain still and wear a finger pulse sensor in their
index finger while the video was being recorded. The physiological device used
(HRS-06UF USB Finger-clip Pulse Wave Sensor [43]) works at the sampling
frequency of 300 hertz. It was connected to a laptop through an USB port
and its measurements, used as a heart rate signal reference, were stored. Both
video recordings and finger pulse data traces were 70 seconds long traces. For
each one of the videos, the three RGB color traces were obtained with the
procedure described in Section 3.1.
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5.2.2 Parameters under test

The posterior processing procedure of the three RGB traces (explained in
detail in Chapter 2) involves three main modules, as it is shown in Figure 5.1:

R signal — > > HR
G signal — > > . .
B signal —» > > estimation

Figure 5.1: Main modules involved in the recovery of the heart rate signal.

1. Pre-processing.
2. Independent Component Analysis.

3. Post-processing.

It was only in the first and the last modules where some of the parameters
were changed during tests performance. The details of which parameters were
taken under consideration are described in the next paragraphs.

Pre-processing: In this module the color signals are prepared for the sub-
sequent process, in which two parameters are tested.

1. Video length. Videos were cut after 10, 15, 25, 45 and 60 seconds in order
to test how the length of the sample affects the quality of the estimation.

2. Sampling frequency (fs). We tested sampling frequencies of 8, 16, 24 and
32 hertz.

Post-processing: In this block, the final techniques of the recovery proce-
dure are done. In our tests we included the parameters involved with:

1. Spectrum estimation technique. Three different methods were tested: the
Periodogram, Welch’s Method and Autoregressive Models. Moreover, in
each one of these methods, some of its parameters were also tested:

e Periodogram: 512, 1024 and 2048 samples are taken in the Fourier
transform (FT).
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e Welch’s method: windows of 5, 10, 15 and 20 seconds with none,
15, 30, 60 and 75 % overlap are taken from the whole trace. Also
512, 1024 and 2048 samples are taken in the FT.

e AR models: different orders of the AR models such as 2, 4, 8, 16,
32 and 64 were tested.

A summary of the parameters used in our tests is shown in Table 5.1, which
relates each parameter with its possible values.

Parameter | Values | Module |
Sampling frequency 8, 16, 24, 32| Hz Pre processing
Video length [10, 15, 25, 45, 60] s
Spectral estimation method

Periodogram
Samples Fourier transform | [512, 1024, 2048]

Welch’s Method Post processing

Samples Fourier transform | [512, 1024, 2048|
Window length [5, 10, 15, 20] s
Overlap [0, 15, 30, 60, 75] %

AR models
Order (2, 4, 8, 16, 32, 64]

Table 5.1: Parameters taken under test and its possible values.

In the MATLAB tests, each group of RGB traces from each video was
processed with all the possible configurations, so 41 heart rate estimations
were obtained for each set of parameters. These heart rate estimations were
compared to the measurements obtained with the physiological sensor device,
which were called real measurements, in order to measure the error produced
in each estimation.

As the number of samples was only 41, in order to analyze the accuracy
of each configuration the bootstrap method was used. 1000 new bootstrap
samples were created from the original data by sampling with replacement,
and then the mean of the absolute error and its confidence intervals (with a
confidence level of 95%) were calculated for each configuration.
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5.3 Results

In this section, a brief summary of the results obtained with the perfor-
mance of the MATLAB tests is presented.

5.3.1 Sampling frequency

As it is explained in Section 5.2.2, a parameter that we took under test was
the pre-processing sampling frequency.

The webcam we used in our experiments recorded frames at an approx-
imately rate of 20 fps, although regular sampling cannot be assumed. The
sampling frequency of the pre-processing module ( f5) is the frequency at which
the raw RGB signals are linear interpolated to obtain an evenly sampled signal.

Some examples of the MAE obtained with the different sampling frequen-
cies tested are shown in Figure 5.2. It can be observed that with the lowest
fs too much error is obtained, while it decreases for higher f,. As it was ex-
pected, the minor error is obtained when the sampling frequency is similar to
the webcam recording speed, which implies that the system is using as much
information as it is available without adding much interpolation noise.

5.3.2 Spectrum estimation

In this section, the influence of the spectrum estimation method in our
system is analyzed in detail.

The three PSD estimation methods used in our tests are properly explained
in Section 3.4.2, where it can be seen that the quality of the estimation pro-
duced by the periodogram and the Welch’s method mostly depends on the
number of samples of the signal we have, whereas the quality of the estimation
produced by the AR models depends on the correct selection of the order of
the filter.

As it is shown in Figure 5.3, the periodogram estimator presents its best
results when the length of the video is in the range of 25 to 45 seconds. On the
other hand, the MAE obtained with the Welch’s method presents an inverse
relation with the duration of the videos, so the longer the video is, the lower
error it has, as it can be seen in Figure 5.4. However, Welch’s method seems
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Figure 5.2: Examples of the mean absolute error obtained with different sam-
pling frequencies.

to have acceptable results with 45 seconds of video length.

AR models is a quite robust method in front of the duration of the videos,
as it can be observed in Figure 5.5. For its properties, AR models were able to
produce good estimations with only few seconds of the video length, as it can
be seen in the comparative Figure 5.6, where the three PSD estimation meth-
ods are presented. Nevertheless, increasing the length of the video sequence
does not improve its performance significantly.

However, the main drawback of the use of AR models involves the esti-

mation of the order of the filter since a wrong order would cause a wrong
estimation. Figure 5.7 shows how this parameter affects the AR estimation.

5.4 Practical examples

In this section, some practical examples of the system performance and
which are the configurations that show better results are presented.

As it can be seen in Table 5.4, the first five configurations that present lower
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Periodogram
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Video length [s]

Figure 5.3: Examples of the mean absolute error using the periodogram.

Welch's method
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Figure 5.4: Examples of the mean absolute error using Welch’s method.



56 CHAPTER 5. DESIGN OF THE HEART RATE ESTIMATION SYSTEM

Autoregressive Models
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Figure 5.5: Examples of the mean absolute error using AR models.
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—AR models

Mean absolute error [bpm]

| | 1
10 15 20 25 30 35 40 45 50 55 80
Video length [s]

Figure 5.6: Comparison of the mean absolute error that the three PSD esti-
mators present.
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Autoregressive Models
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Figure 5.7: Examples of the influence of the order of the filter in AR models.

MAE include some common parameters, like the sampling frequency. Despite
the fact that the lowest error is obtained using the periodogram estimator,
Welch’s method seems to be the most stable method to be used. Because of
that, we took the second of the top configurations instead of the first one for
the performance of the following examples.

Figures 5.8 and 5.9 show two real examples of how the system works. In
the first one, an acceptable recovery of both the signal waveform and the heart
rate estimation is done. In the second example, the system cannot properly
recover the waveform of the signal, although it is able to find its periodicity
and finally does a good heart rate estimation.
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Configurations

Ist | 2nd | 3rd | 4th | 5th

fs [Hz] 24 24 24 24 24
Spectrum estimator Periodogram | Welch | Welch | Welch | Welch

Length [s] 45 45 45 60 60

Window [s] - 10 10 10 10

Overlap [%] - 30 30 75 60
Samples FT 2048 2048 1024 | 2048 2048
Mean abs. error [bpm] 1,523 1,8094 | 1,856 | 1,9345 | 1,9641
IC min [bpm] 1,4161 1,6833 | 1,7354 | 1,7753 | 1,8015
IC max |[bpm] 1,8656 2,2716 | 2,2683 | 3,3113 | 3,2766

Table 5.2: Configurations that present lower error and their statistics.
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Figure 5.8: Comparison between the signal obtained with the finger sensor
device (up) and the signal obtained with the webcam procedure (down).
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Figure 5.9: Another example of the signal obtained with the webcam proce-

dure. In this case, despite not recovering the signal waveform properly, the
system finds its strong periodicity and obtains a good heart rate estimation.
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IMPLEMENTATION OF THE
HEART RATE ESTIMATION
SYSTEM

After seeing the performance of the tests explained in Chapter 5 and the
posterior analysis of their results, the final implementation of the real-time
heart rate estimator system is detailed in this chapter.

6.1 Introduction

The aim of the implementation of the heart rate estimator system is to
develop a final application that can estimate an user’s heart rate using video
facial information coming from a standard webcam. The final implementation
must accomplish two main objectives:

e [t must work in real time, therefore the estimation of the heart rate has
to be done while the video is being captured.

e The estimation of the heart rate has to be accurate to the real user’s
heart rate. To do this, results of the tests performed in Chapter 5 may
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be used, as well as the image processing techniques described in Chapter
2.

The implementation of the system, which was developed in C++, follows
the scheme presented in Figure 6.1, in which three main modules can be ob-
served: the ROI selection system, the obtainment of each channel information
and the data processing module.

Skin
Video Frame ROI Pixels Obtain
Input Selection RGB signal

T §

Figure 6.1: Scheme of the real time heart rate estimator system.

Data
processing

The first and the second modules are done frame by frame as they are
captured through the camera. However, the data processing module needs to
have a minimum number of samples in order to calculate the final estimation,
therefore the estimation can only be done if enough samples has already been
collected. A proper description of each module can be consulted in the follow-
ing sections.

6.2 ROI selection

First of all, for each frame of the video input, which is recorded at the
average speed of 20 fps, a ROT is selected with the process described in Chapter
2. For this purpose, the Viola-Jones algorithm (which is explained in Section
2.2) included in the 2.4 version of the OpenCV library [44] is used, as well as
other computer vision algorithms also included in this library. The tracking
and skin pixel selection methods have also been implanted using this library.

6.3 Data extraction

Once the ROI of each frame is selected, the red, the green and the blue
channels are spatially averaged and three data measurements, besides the time
instant at which the frame was recorded, are obtained. Because of the fact
that the data processing phase needs to have a minimum number of samples,
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the four signals (red, green, blue and time) obtained in this process have to be
stored until they can be processed.

Supposing that L samples are needed in order to do the next data process-
ing, and that we want to have a heart rate estimation each D samples (with
D < L), the scheme in which samples are obtained and saved is presented in
Figure 6.2. As it can be seen, a window of size L (in the figure in color gray)
waits for the incoming samples. The first L samples are stored (in the figure
in color black) until the window is full, and then, they are processed. After
that, the window is moved D samples away in order to store D new samples.
Each time the window is full, a data processing is done.

01 2 D-1 D L-1 L D+L-1 2L-1
Frame 1, I ] ]
01 2 D-1D L-1 L D+L-1 2L-1
Frame 2 -E ... ] ]
01 2 D-1D L-1 L D+L-1 2L-1
_Frame L ] ] Data
— NN Processing
01 2 D-1 D L-1 L D+L-1

N
il
[N

Frame L+1 o E-

Figure 6.2: Scheme of how samples are stored in order to be used in the data
processing module.
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6.4 Data processing

Each block of L data samples is processed following the scheme presented
in Chapter 3 and applying the results presented in Section 5.3. Despite the
fact that the interface of the application allows the user to change the values
of some of the parameters tested in Section 5.2.2, the best configuration is the
one described in Section 5.4 and it is the one that is used by default, which
has the following parameters:

e Sampling frequency: 24 Hz.

e Spectrum estimator: Welch’s method with 10 s of window length, 30%
overlap and 2048 samples in FT.

e Video length for estimations: 45 s.

e Time between estimations: 5 s.

Some classes and functions of the I'T++ library [45] are used in this module
in order to implement the signal processing and the mathematical techniques
needed, such as fastICA (an algorithm for computing ICA, Section 3.3, very
fast) or power spectrum calculation using the Welch’s method, which is de-
tailed in Section 3.4.2.

An example of the application interface can be seen in Figure 6.3, where
one of the volunteers is actually testing the system by monitoring his heart
rate with a chest strap and a watch. In the figure can be observed how the
region of the image where the face is located is selected (white rectangle) and it
also can be seen the power spectrum and the amplitude of the latest estimated
signal, as well as the latest heart rate estimation.
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Figure 6.3: Interface of the final application being used by one of the volun-
teers.
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CHAPTER

7

CONCLUSIONS AND FUTURE
WORK

7.1 Conclusions

This section summarizes the conclusions that can be extracted from the
development of this project. Achievements in both the image processing and
the data processing phase are described, as well as the general conclusions
about the whole project.

Improvements in the motion robustness of the system have been developed
respect to the existent methodologies proposed in [4, 5| by implementing the
tracking and the skin segmentation system. Moreover, because of the exhaus-
tive tests performed in this project, some improvements in the data processing
phase have been also acquired. It has been proved that the system works not
only with natural ambient light but also with fluorescent light from inside an
office.

A complete study of the most reliable parameters for the data processing
phase has been developed. This study has revealed important results about

the implementation of the system, such as the best sampling frequency to be
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used or the most robust PSD estimator. It has been proved that the best f
is that one that is closer to the recording speed of the webcam, in our case 24
Hz, whereas the most robust PSD estimator that was taken under test is the
Welch’s method estimator, which presents a mean absolute error between 1,7
bpms and 2,3 bpms.

In the other hand, it has been seen that AR methods can estimate the
heart rate from a short video sequence, although this kind of PSD estimator is
very affected by the correct selection of the order of the filter. Periodogram, in
spite of being the simplest PSD estimation method, has shown very irregular
results. It turned out to be very affected by the number of samples available,
resulting in bad estimations both in cases where the number of samples avail-
able were too low or too high.

A final and functional application in which an user can estimate its heart
rate in an unobtrusive manner by using its own computer has been imple-
mented. This project has proved that a real - time estimation of the heart rate
can be done using only facial video information, and the study of the reliability
of the system showed that the mean absolute error obtained is between 1,7
bpms and 2,3 bpms.

During the realization of this project, an exhaustive study of the involved
algorithms and techniques has been carried out. In particular, independent
component analysis, which is the base of the heart rate recovery procedure,
as well as power spectral density estimation and computer vision techniques.
A deep background in computer vision algorithms (as face detection, tracking
systems and skin segmentation) as well as knowledge in image processing tools
(OpenCV) have been acquired.

Finally, with the development of this project, skills in project management
have been acquired as well as experience in working in a real environment.

7.2 Future work

The main lines of work derived from this project are oriented to improve
the performance of the heart rate estimator system, in order to achieve better
results and more accurate estimations.

A first approximation to improve the system proposed in this project would
be to implement a better approach to solve the motion robustness problem.
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The scheme proposed in this project, despite being more robust in front of mo-
tion than the existent techniques, cannot properly recover the heart rate if the
user does not remain relatively still. With motion, the extracted RGB traces
are affected by a greater number of signals than the available mixture signals,
and ICA is unable to separate the underlying independent components. This
could be solved by improving the ROI selection system or by using some non-
Blind Source Separation techniques (such as the Bayesion approach [46]) that
take into account some a-priori information about the heart signal.

Another interesting improvement that can help to achieve better results in
the heart rate estimation system would be to implement a more complex and
efficient skin segmentation algorithm, as the ones compared in [29]. Tt would
help to select more efficiently those pixels that comes from a skin face region.

Providing information about the lightness variation of the video back-
ground would help to detect those light fluctuations that have nothing to
do with the heart signal. By using this technique, some noise coming from
other illumination sources can be reduced. Moreover, different color space for
extracting the light information can be used. A first approximation in this
direction is done in [47].

As the heart rate varies with the age and the gender of the user [48|, an
interesting future work to measure the effectiveness of the system would be to
carry on an exhaustive study of the working of the system along different age
stages.

As the proposed system can be used for monitoring the heart rate of a
patient from far away from a hospital, it may be interesting to add a facial
recognition module, which would help to keep a database in which each user
information would be automatically saved.

Another interesting future line of investigation would be to find method-
ologies to measure more complex physiological parameters such as heart rate
variability, blood oxygen level or blood pressure.

Information proceeding from the heart signal is usually very useful for
knowing some aspects of a person, like feelings or physical condition. Another
application in which this project can be very useful is in emotions recognition,
as physiological parameters are often used in that kind of applications [49].
These applications can be used in fields like the automotive industry, in order
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to measure the stress level of the driver [50].

Moreover, this technology can be adapted to be used in heart rate detection
applications, where knowing if a user has or not pulse is more important than
the estimate HR. Although some modifications of the methodology proposed
in this project would be necessary, this kind of application can be used in fields
like liveness detection in facial recognition systems, where it can be used to
detect if an impostor is trying to access the system.

Finally, improvements in the recovery of the heart signal must be done. As
it was seen, although good heart rate estimation can be reached in most cases,
the heart signal sometimes cannot be properly recovered. If this issue could
be solved, the methodology proposed in this project could be used in more
complex fields like data encryption, following the developments proposed in
[51].
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