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Abstract 

 

High arterial blood pressure, or hypertension, is a major risk factor for cardiovascular 

diseases. Conventional noninvasive methods for estimating the arterial blood pressure rely 

on a brachial cuff that is placed around the upper arm. The cuff is inflated to a pressure that 

exceeds the systolic blood pressure. The heart pulse is monitored while the cuff is slowly 

deflated. The pressure at which the heart pulse sound can be detected corresponds to the 

systolic pressure and the pressure at which the heart pulse sound can no longer be detected 

corresponds to the diastolic pressure. This approach cannot be used on a continuous basis 

and has many disadvantages, including the fact that the system is cumbersome and causes 

discomfort to the patient, which may affect their blood pressure value.  

This thesis proposes two approaches to accurately measure the pulse transit time 

(PTT). The PTT can be used to estimate arterial blood pressure variations noninvasively, 

on a continuous basis without the use of a cuff. The correlation between the arterial blood 

pressure and PTT are verified using bio-signals from the MIMIC II database.  

 The first approach for measuring the PTT relies on the electrocardiogram (ECG) and 

photo-plethysmograph (PPG) signals. Algorithms based on the empirical mode 

decomposition (EMD) method and the adaptive filtering techniques are proposed to 

enhance the corrupted ECG signal. Gaussian-based curve fitting algorithms are proposed 

to model and extract the embedded characteristic parameters from the original PPG signal.  
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The second approach relies on a novel framework: the Eulerian video magnification 

(EVM). The color component of the video signal is amplified to reveal subtle change in 

the skin color. These changes correspond to the blood flow into the arteries. Simulations 

and experiments are conducted to validate the proposed framework.  

The results demonstrate that the enhanced ECG and PPG signals can improve the 

accuracy of the PTT in estimating the arterial blood pressure. The EVM method can capture 

the characteristics of the wrist pulse signal and detect the heart pulse on different areas of 

the human skin. This paves the way towards the usage of cameras for continuous arterial 

blood pressure monitoring. 

 



iv 
 

 

 

Acknowledgements 

 

I deeply would like to express my sincere thanks to my supervisors Professor Rafik A. 

Goubran and Professor Xiaoping P. Liu. They have provided me with fruitful ideas and 

invaluable advices. Their support and encouragement to my research is the key element of 

all the achievements and publications. 

I would like to thank my colleagues in the DSP lab and all the staffs from my 

department for sharing their knowledge and offering their generous help. A special thanks 

to my committee members for their valuable comments on my work. 

I would like to especially thank my parents, my husband Yanwei and my son Samuel 

for always being at my side. Thanks all my treasured friends for their love and accompany. 

 

 



v 
 

 

 

Table of Contents 

 

Abstract .............................................................................................................................. ii 

Acknowledgements .......................................................................................................... iv 

Table of Contents .............................................................................................................. v 

List of Figures ................................................................................................................... xi 

List of Tables .................................................................................................................. xix 

List of Appendices .......................................................................................................... xxi 

List of Acronyms ........................................................................................................... xxii 

List of Symbols ............................................................................................................. xxvi 

1    Introduction ................................................................................................................. 1 

1.1    Motivation ...................................................................................................................... 1 

1.2    Problem Statement ......................................................................................................... 3 

1.3    Thesis Objectives and Summary of the Results ............................................................. 4 

1.4    Outline of the Thesis ...................................................................................................... 5 

1.5    Statement of Originality and Main Contributions .......................................................... 7 

2    Background ............................................................................................................... 10 



vi 
 

2.1    Cardiovascular System ................................................................................................. 10 

2.2    Blood Pressure Measurement Techniques ................................................................... 16 

2.2.1    Validation Standards for Blood Pressure Measurement ....................................... 16 

2.2.2    Direct Measurement .............................................................................................. 17 

2.2.3    Occlusive Measurement ........................................................................................ 17 

2.2.4    Semi-Occlusive Measurement .............................................................................. 21 

2.2.5    Pulse Wave Velocity ............................................................................................. 23 

2.3    Pulse Transit Time Technique ...................................................................................... 26 

2.4    Electrocardiography ..................................................................................................... 29 

2.4.1    ECG Morphology ................................................................................................. 29 

2.4.2    ECG Measurement ................................................................................................ 31 

2.4.3    Noises in ECG ...................................................................................................... 32 

2.4.4    ECG Database ....................................................................................................... 33 

2.4.5    ECG De-noise Algorithms .................................................................................... 34 

2.5    Photoplethysmography ................................................................................................. 37 

2.5.1    Principle of PPG ................................................................................................... 38 

2.5.2    PPG Measurement ................................................................................................ 39 

2.5.3    Peak Shifting Phenomena ..................................................................................... 40 



vii 
 

2.5.4    PPG Database ....................................................................................................... 42 

2.5.5    PPG Peak Detection Algorithms ........................................................................... 42 

2.6    Eulerian Video Magnification ...................................................................................... 44 

2.6.1    Principle of EVM .................................................................................................. 44 

2.6.1.1    Spatial Processing .......................................................................................... 45 

2.6.1.2    Temporal Processing ..................................................................................... 46 

2.6.2    EVM Applications ................................................................................................ 46 

2.7    Summary ...................................................................................................................... 47 

3    ECG Enhancement using EMD-based Algorithm ................................................. 48 

3.1    Introduction .................................................................................................................. 48 

3.2    Overview for EMD-based Algorithm and Adaptive Technique .................................. 49 

3.2.1 Instantaneous Frequency and IMFs ..................................................................... 49 

3.2.2 EMD Algorithm ................................................................................................... 50 

3.2.3 EEMD Algorithm ................................................................................................ 51 

3.2.4 Adaptive Filtering Technique and LMS .............................................................. 52 

3.2.5 EEMD-Adaptive Algorithm ................................................................................ 53 

3.3    Signal Enhancement ..................................................................................................... 54 

3.3.1 ECG Signal and Noise Signal .............................................................................. 54 



viii 
 

3.3.2 Decomposition Performance of EMD and EEMD .............................................. 55 

3.3.3 Delineation of the QRS Complex ........................................................................ 58 

3.3.4 Preservation of the QRS Complex ....................................................................... 60 

3.3.5 Elimination of Low-frequency Noise .................................................................. 61 

3.3.6 Partial Reconstruction .......................................................................................... 62 

3.3.7 Reference Input of the Adaptive Filter ................................................................ 62 

3.4    Experimental Results.................................................................................................... 64 

3.5    Summary and Conclusion ............................................................................................ 69 

4    PPG Signal Description, Modeling, and Peak Detection ....................................... 71 

4.1    PPG Signal Description ................................................................................................ 72 

4.1.1    Ideal PPG Signal Waveform ................................................................................. 73 

4.1.2    Clinical PPG Signal and Challenges ..................................................................... 74 

4.2    PPG Signal Modeling ................................................................................................... 75 

4.2.1    Gaussian Curves Modeling ................................................................................... 76 

4.3    Signal Processing Methodology ................................................................................... 78 

4.3.1    Symmetrical Curve Fitting Method ...................................................................... 80 

4.3.2    Gaussian Curve Fitting Method ............................................................................ 81 

4.3.3    Adaptive Curve Fitting Method ............................................................................ 83 



ix 
 

4.3.4    Correlation ............................................................................................................ 83 

4.4    The Procedure of Secondary Peak Detection ............................................................... 84 

4.4.1    Secondary Peak Detection .................................................................................... 84 

4.5    Detection Ability Demonstration of Proposed Methods .............................................. 87 

4.5.1    Different Scenarios ............................................................................................... 87 

4.5.2    Curve Fitting Methods .......................................................................................... 93 

4.6    Primary Peak Location Analysis ................................................................................ 100 

4.7    Summary and Conclusion .......................................................................................... 102 

5    Correlation between Arterial Blood Pressure and Pulse Transit Time ............. 104 

5.1    Signal Analysis ........................................................................................................... 105 

5.2    BP-PTT Relation ........................................................................................................ 109 

5.3    BP and Adjusted PTT ................................................................................................. 112 

5.4    Summary and Conclusion .......................................................................................... 119 

6  Wrist Pulse Measurement and Analysis Using Eulerian Video Magnification 

Framework .................................................................................................................... 120 

6.1    Introduction ................................................................................................................ 120 

6.2    Overview of the Eulerian Video Magnification Framework ...................................... 122 

6.2.1 Framework of Eulerian Video Magnification .................................................... 122 

6.2.2 Eulerian Color Magnification ............................................................................ 125 



x 
 

6.3    Wrist Pulse Signal Acquisition .................................................................................. 126 

6.4    Wrist Pulse and PPG Pulse Modeling ........................................................................ 128 

6.5    Characteristic Parameter Comparison ........................................................................ 130 

6.6    Summary and Conclusion .......................................................................................... 131 

7    PTT Measurement Using Eulerian Video Magnification Framework .............. 133 

7.1    Introduction ................................................................................................................ 133 

7.2    Color Variation Detection .......................................................................................... 134 

7.3    PTT Extraction ........................................................................................................... 136 

7.4    Experiments Using Eulerian Color Magnification ..................................................... 138 

7.5    Evaluation .................................................................................................................. 140 

7.6    Summary and Conclusion .......................................................................................... 141 

8    Conclusion and Future Work ................................................................................ 143 

8.1    Conclusion .................................................................................................................. 143 

8.2    Future Work ................................................................................................................ 144 

Appendices ..................................................................................................................... 146 

Appendix A: EMD-based Sub-band Adaptive Filtering for Acoustic Echo Cancellation .. 146 

List of References .......................................................................................................... 151 



xi 
 

 

 

List of Figures 

 

Figure 1.1: Thesis organization diagram ......................................................................... 6 

Figure 2.1: Schematic diagram of cardiovascular system ............................................. 11 

Figure 2.2: Two cardiac cycles in Wagger’s diagram ................................................... 13 

Figure 2.3: A typical waveform of the arterial blood pressure ..................................... 13 

Figure 2.4: Riva-Rocci sphygmomanometer used by Korotkoff in his measurements 18 

Figure 2.5: Blood pressure measurement using the auscultatory method based on the 

Korotkoff sounds ........................................................................................................... 19 

Figure 2.6: Sketch of applanation tonometry ................................................................ 21 

Figure 2.7: The scheme of the volume-clamp method .................................................. 22 

Figure 2.8: Different shapes of blood pressure waveforms .......................................... 24 

Figure 2.9: Measurement of PTT and PWV ................................................................. 25 

Figure 2.10: A typical ECG signal ................................................................................ 30 

Figure 2.11: Waveform of ECG signal related to the depolarization and repolarization of 

the heart ......................................................................................................................... 30 



xii 
 

Figure 2.12: Electrodes placement for ECG measurement and the Einthoven’s triangle

 ....................................................................................................................................... 31 

Figure 2.13: Illustration of the reflectance mode and the transmission mode PPG ...... 39 

Figure 2.14: Peak shifting phenomenon illustrated by the combination of two Gaussian 

curves ............................................................................................................................ 41 

Figure 2.15: Framework of the Eulerian video magnification method ......................... 45 

Figure 3.1: The scheme of EEMDA algorithm ............................................................. 53 

Figure 3.2: The original ECG signal and noise used in this chapter ............................. 54 

Figure 3.3: IMF distribution of EMD and EEMD for the noisy ECG signal. The noisy 

ECG signal is contaminated by Gaussian noise with the SNR value of 10 dB............. 56 

Figure 3.4: The power spectra of corresponding IMFs for the noisy ECG signal with 10 

dB Gaussian noise ......................................................................................................... 57 

Figure 3.5: Delineation of the QRS complex in the EMD domain ............................... 58 

Figure 3.6: Delineation of the QRS complex in the EEMD domain ............................. 59 

Figure 3.7: The boundary lines of the QRS complex. The yellow lines are the boundary 

lines. The noisy signal is the clean ECG signal contaminated by the contact noise with 

the SNR value of 10 dB................................................................................................. 60 

Figure 3.8: The first two IMFs after windowing ........................................................... 61 



xiii 
 

Figure 3.9: The noisy signal, pure Gaussian noise, and the reconstructed signal as the 

reference input of the adaptive filter ............................................................................. 63 

Figure 3.10: The noisy signal, pure muscle artifacts, and the reconstructed signal as the 

reference input of the adaptive filter ............................................................................. 63 

Figure 3.11: The noisy signal, pure motion artifacts, and the reconstructed signal as the 

reference input of the adaptive filter ............................................................................. 64 

Figure 3.12: The denoising results of the Gaussian noisy signal with SNR value of 10 

dB .................................................................................................................................. 65 

Figure 3.13: The EEMDA method de-noising results of the contact noisy signal with 

SNR value of 10 dB ...................................................................................................... 66 

Figure 3.14: The EEMDA method de-noising results of the contact noisy signal........ 68 

Figure 3.15: Interface designed by MATLAB GUI ...................................................... 69 

Figure 4.1: Characteristic parameters and PTT determined from one set of synchronous 

ECG and finger PPG signals used for blood pressure estimation ................................. 72 

Figure 4.2: Ideal PPG signal and its characteristic parameters ..................................... 73 

Figure 4.3: Clinical PPG signal without visible dicrotic notch ..................................... 74 

Figure 4.4: Two-Gaussian-curve model for PPG signal ............................................... 77 

Figure 4.5: Four-Gaussian-curve model for PPG signal ............................................... 77 



xiv 
 

Figure 4.6: Absolute differences between the original PPG signal and the fitted curves 

by using two-Gaussian-curve modeling and four-Gaussian-curve modeling ............... 78 

Figure 4.7: Illustration of the symmetrical curve fitting method .................................. 80 

Figure 4.8: Second derivative of the original PPG signal and the zero-crossing points 82 

Figure 4.9: Secondary peak detection procedure of SCF method ................................. 85 

Figure 4.10: Secondary peak detection procedure of GCF method .............................. 86 

Figure 4.11: Secondary peak detection procedure of adaptive curve fitting method .... 87 

Figure 4.12: Two Gaussian curves with same standard deviation and amplitude but 

different mean ............................................................................................................... 88 

Figure 4.13: Two Gaussian curves with same standard deviation but different mean and 

amplitude ....................................................................................................................... 90 

Figure 4.14: Two Gaussian curves with different standard deviation, mean and amplitude

 ....................................................................................................................................... 91 

Figure 4.15: Peak detection thresholds for standard deviation verses the distance between 

the two Gaussian curves under different amplitude ratios ............................................ 92 

Figure 4.16: Secondary peak detection methods applied on curve composed of two 

Gaussian curves with the same standard deviation and amplitude but different mean . 94 

Figure 4.17: Secondary peak detection methods applied on curve composed of two 

Gaussian curves with the same standard deviation but different amplitude and mean . 96 



xv 
 

Figure 4.18: Secondary peak detection methods applied on Gaussian curve composed of 

two Gaussian curves with different standard deviation, amplitude, and mean ............. 98 

Figure 4.19: Primary peak location comparison between ACF and the four-Gaussian-

curve modeling (cycle 1) ............................................................................................. 100 

Figure 4.20: Primary peak location comparison between ACF and the four-Gaussian-

curve modeling (cycle 2) ............................................................................................. 101 

Figure 5.1: ABP, ECG, and PPG signal segment extracted from the MIMICII database

 ..................................................................................................................................... 106 

Figure 5.2: Selected ECG signal and finger PPG signal from MIMIC database. The 

definition of PTT is determined by the delay between the R-peak and the PPG peak 107 

Figure 5.3: Extremes of ABP, R-peak of ECG, primary peaks of PPG, and the calculated 

PTT .............................................................................................................................. 108 

Figure 5.4: Scatter plot for the SBP versus PTT and three different types of regression 

curves .......................................................................................................................... 109 

Figure 5.5: Scatter plot for PTT versus SBP, DBP, and MBP with cubic regression curve

 ..................................................................................................................................... 110 

Figure 5.6: Adjusted PPG signal and adjusted PTT by SCF ....................................... 112 

Figure 5.7: Adjusted PPG Signal and adjusted PTT by GCF ..................................... 113 

Figure 5.8: Adjusted PPG Signal and adjusted PTT by ACF ..................................... 113 



xvi 
 

Figure 5.9: R-squared values between the adjusted PTT and the blood pressure by using 

SCF, GCF, and ACF detection methods ...................................................................... 114 

Figure 5.10: Scatter plot for SBP versus adjusted PTT and different regression curves

 ..................................................................................................................................... 115 

Figure 5.11: The Bland-Altman plot for the estimated and the reference blood pressure 

under different regression methods ............................................................................. 116 

Figure 5.12: The Bland-Altman plot for the estimated and the actual blood pressure by 

SCF and ACF methods ................................................................................................ 117 

Figure 5.13: Boxplot of the average ME for the systolic blood pressure estimation by 

SCF and ACF methods ................................................................................................ 118 

Figure 6.1: Framework of Eulerian video magnification method ............................... 123 

Figure 6.2: Bound of the magnification factor α ......................................................... 124 

Figure 6.3: Two frames of the wrist video sequence. The output frames display the subtle 

changes on the wrist .................................................................................................... 125 

Figure 6.4: Three-dimensional surface plot of one frame of the input video .............. 126 

Figure 6.5: The selected location for wrist pulse signal measurement and its 

corresponding waveform ............................................................................................. 127 

Figure 6.6: Finger PPG signal measured by Arduino board and PulseSensor ............ 127 



xvii 
 

Figure 6.7: Two-Gaussian curve modeling for the wrist pulse signal detected by Eulerian 

video magnification method ........................................................................................ 129 

Figure 6.8: Two-Gaussian curve modeling for the PPG pulse signal measured by the 

Arduino board and the PulseSensor ............................................................................ 129 

Figure 7.1: Two frames from one of the original video sequence showing the color 

changing on the wrist and neck caused by blood pulse............................................... 135 

Figure 7.2:  Three-dimensional surface plot of one frame .......................................... 135 

Figure 7.3: Selected pulse detection area of interest ................................................... 137 

Figure 7.4: Pulse detection by using Eulerian color magnification on wrist and neck 

simultaneously ............................................................................................................. 137 

Figure 7.5: The temporal filter used to amplify the color variation ............................ 138 

Figure 7.6: The Arduino board and the pulse detecting sensors ................................. 140 

Figure 7.7: Pulse signals detected from the Arduino board and the PulseSensor ....... 140 

Figure 7.8: Comparison of the time difference between the detected pulses on the wrist 

and the neck through the usage of EVM and the Arduino board with PulseSensor ... 141 

Figure 9.1: Structure of NSAF system ........................................................................ 147 

Figure 9.2: Structure of the EMD-based sub-band adaptive filtering system ……….148  

Figure 9.3: ERLE values of the EEMD sub-band adaptive filtering structure with sub-

band number N= 2,4,6,8 ……………………………………………………………..149 



xviii 
 

Figure 9.4: ERLE values of different EMD-based sub-band adaptive filtering system 

under the exact-modeling and under-modeling scenarios …………………….……..149 

 



xix 
 

 

 

List of Tables 

 

Table 2.1: Arterial blood pressure classification and thresholds .................................. 15 

Table 2.2: Grading criteria of AAMI and BHS ............................................................. 16 

Table 3.1: The comparison of the de-noised results of the EEMDA method and the EMD-

based method for the first 46000 samples of selected records ...................................... 67 

Table 4.1: Absolute difference between original Gaussian curves and the fitting curves 

by using different methods ............................................................................................ 95 

Table 4.2: Absolute difference between original Gaussian curves and the fitting curves 

by using different methods ............................................................................................ 95 

Table 4.3: Absolute difference between original Gaussian curves and the fitting curves 

by using different methods ............................................................................................ 97 

Table 4.4: Absolute difference between original Gaussian curves and the fitting curves 

by using different methods ............................................................................................ 99 

Table 5.1: Different regression models of SBP-PTT on three-patient samples .......... 111 

Table 5.2: The correlation between PTT and each type of ABP for three-patient samples

 ..................................................................................................................................... 111 



xx 
 

Table 5.3: Mean error and standard deviation of different secondary wave detection 

methods for patient #3302803 ..................................................................................... 117 

Table 6.1: Comparison of the values of different characteristic parameters ............... 130 

Table 7.1: Values of parameters used in Eulerian color magnification to generate the 

amplified output .......................................................................................................... 139 

 

 

 

 

 



xxi 
 

 

 

List of Appendices 

 

 

Appendix A: EMD-based Sub-band Adaptive Filtering for Acoustic Echo Cancellation 

.………………………………………………………………………………………146 



xxii 
 

 

 

List of Acronyms 

 

Acronyms Definition 

AAMI 

Association for the Advancement of Medical 

Instrumentation 

ACF adaptive curve fitting 

AEC acoustic echo cancellation 

ARMAX 

auto-regressive moving average with eXogenous 

input 

ARX auto-regressive with eXogenous input 

BIH Beth Israel Hospital 

BJ box-jenkins 

CO cardiac output 

DBP diastolic blood pressure 



xxiii 
 

ECG electrocardiogram 

EEMD ensemble empirical mode decomposition 

EMD empirical mode decomposition 

EEMDA EEMD-adaptive 

EMG electromyographic 

ERLE echo return loss enhancement 

EVM Eulerian video magnification 

GCF Gaussian curve fitting 

GUI graphic user interface 

HOG histogram of oriented gradients 

HR heart rate 

ICA independent component analysis 

IMFs intrinsic mode functions 

LAt left atrium 

LED light emitting diodes 



xxiv 
 

LV left ventricle 

MAE mean absolute error 

MBP mean blood pressure 

ME mean error 

MIT Massachusetts Institute of Techonology 

MSE mean-squared error 

NEMD noise-modulated empirical mode decomposition 

NMLS normalized least mean squares 

NN neural networks 

NSAF normalized sub-band adaptive filter 

OE output error 

PAT pulse arrival time 

PPG photoplethysmograph 

PSD power spectral density 

PTT pulse transit time 



xxv 
 

PWV pulse wave velocity 

RAS relative amplitude of secondary peak 

RAt right atrium 

RV right ventricle 

SaO2 blood oxygen saturation 

SBP systolic blood pressure 

SCF symmetrical curve fitting 

SDE standard deviation of error 

SER signal-error ratio 

SNR signal-to-noise ratio 

  

 

 

 

 

 



xxvi 
 

 

 

List of Symbols 

 

Symbols Definition 

α magnification factor of EVM 

A curve amplitude 

A1/A2 amplitude ratio 

  window shape determinant 

𝑐𝑖(𝑡) intrinsic mode function 

D length of an arterial segment 

( )lowere t  lower envelope 

( )uppere t  upper envelope 

𝐸𝑖𝑛𝑐 incremental elastic modulus 

0g  baseline of the fitting curve 



xxvii 
 

Gi adjacent low-pass images of Gaussian pyramid 

ℎ thickness of the arterial wall 

ℎ𝑖(𝑡) proto-IMF 

H number of IMFs contributes to high-frequency noise 

I intensity of the transmitted light through the tissue 

I0 0th-order modified Bessel function 

Ib intensity of an injected light beam 

𝑘1 coefficient of 𝑛𝑚𝑎 

𝑘2 coefficient of 𝑛𝑒𝑚 

𝑙𝑛 optical path length 

L number of IMFs contributes to low-frequency noise 

Li(P) Laplacian pyramid 

𝑚𝑖(𝑡) mean of the two envelope 

M window length 

𝑛𝑒𝑚 electrode contact noise 



xxviii 
 

𝑛𝑚𝑎 muscle artifact 

N signal length 

rkN  reference input vector 

P Cauchy principle value 

r linear regression correlation coefficient 

𝑟𝑖(𝑡) residual 

𝑟𝑙𝑝 radius of the spatial low-pass filter 

𝑟𝑣 vessel radius 

2R  Square of Pearson correlation 

𝑆(𝑟) signal power over spatial frequencies 

τ1/τ2 phase shift ratio 

ω frequency 

ω𝑛 light absorption coefficient for each optical segment 

w1/w2 curve width ratio 

kW  vector of filter coefficients 



xxix 
 

Y(t) Hilbert transform 

θ step size 

𝜌 blood density 

σ standard deviation 

δ video motion step 

λ spatial wavelength 

µ phase shift 

  



1 
 

 

 

 

Chapter    1  

 

Introduction 

 

1.1    Motivation 

In recent decades, cardiovascular diseases have become one of the leading causes of death 

in developed countries. The risk of having arteriosclerosis and hypertension is no longer 

just for seniors. The age of patients with various cardiovascular diseases has been dropping 

and the number of people who need daily cardiovascular monitoring has been increasing 

significantly [1]. At the same time, individual-based health care monitoring has become 

more and more common because of the intense usage of hospital resources, [2]. Patients 

also want to be as independent as possible as they age. Therefore, the need for self-

monitoring devices dramatically increases, and the monitoring of cardiovascular 

parameters in a noninvasive and continuous system is of great interest to both physicians 

and patients.  

One of the most important parameters for the assessment of human cardiovascular 

system is the arterial blood pressure [3][4][5][6]. High blood pressure, namely 

hypertension, is regarded as one of the major risk factors that causes cardiovascular 
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diseases. Blood pressure variability has been demonstrated to have the ability to predict 

hypertension [7]. Therefore, continuous blood pressure measurement is extremely 

important for hypertension prevention, detection, and treatment. As we know, the most 

precise way to obtain arterial blood pressure is through invasive measurement, in which a 

catheter is inserted into the patients’ vessel [8]. However, this method of measurement 

demands a high-level operating skill on the part of the doctor or nurse, not to mention the 

patient may not feeling comfortable with the device and the pain and the potential risk to 

the patient. 

Nowadays, non-intrusive and noninvasive detection methods are becoming the basic 

requirements for medical devices, especially when the devices are to be used by patients 

for self-monitoring without the assistance of health care providers [9][10]. At present, the 

conventional method that is used in clinical and hospital situations to measure the arterial 

blood pressure is the usage of the bladder and the brachial cuff. This measurement is 

considered to be the most accurate estimation of arterial blood pressure [11][12]. However, 

this measurement cannot continuously measure the systolic and diastolic blood pressure at 

intervals. The importance of continuously tracking the arterial blood pressure during their 

daily activity exists in the fact that short-term changes in blood pressure can provide 

previously, undetected necessary information about the patient’s health status. 

Additionally, the discomfort caused by the inflation and deflation of the brachial cuff may 

lead to alterations of the arterial blood pressure. This cuff-based measurement is especially 

not suitable when the patients are asleep.  

Instead of using the conventional cuff, there have been several studies on measuring 

the blood pressure noninvasively and continuously, such as the arterial tonometry, the 
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column clamp method, and the pulse transit time (PTT). For arterial tonometry, an array of 

pressure sensors was pressed against the skin over an artery [13]. With the volume-clamp 

method, the finger arterial pressure was measured by a finger cuff and an inflatable bladder 

combined with an infrared plethysmogram, which consisted of an infrared light detector 

and light source [14]. It has also been demonstrated that blood pressure can be obtained by 

measuring the pulse wave velocity (PWV) [15]. However, the measurement of PWV is a 

very challenging task since it needs different models, mathematical calculations, accurate 

measurement of blood flows, and a thorough analysis. Fortunately, PTT has been proven 

to be a very useful tool to describe the relationship between PWV and the arterial blood 

pressure [16][17]. 

Generally, PTT refers to the time that a pulse wave takes to travel between two 

arterial locations. There have been a number of techniques designed to measure PTT, such 

as the Ultrasound Doppler and the arterial tonometry [18][19]. The simplest and most 

convenient way to measure PTT is to calculate the time delay between the R-peak in the 

electrocardiogram (ECG) signal and the beginning of the following photo-

plethysmography (PPG) signal [20].    

 

1.2    Problem Statement 

The correlation between the blood pressure and the PTT has been studied in quite a few 

research papers [21][22][23]. The delay caused by some of the existing medical devices 

causes some uncertainties in measuring the PTT [24]. Linear regression was used to 

estimate the blood pressure, which led to an estimation error of up to 25 mmHg [25]. A 

parameter extracted from the dicrotic notch of the PPG signal, called relative amplitude of 
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secondary peak (RAS), was used for the estimation of systolic blood pressure in [26]. The 

result showed that the underestimated bias could be largely reduced by introducing RAS.  

There are also some other problems for the existing PTT measurement methods. To 

obtain the PTT, previous knowledge of the ECG signal and the PPG signal is required. In 

addition, the measured ECG signal is often contaminated with severe noise from different 

sources. The dicrotic notch of the PPG signal usually cannot be easily observed. To 

overcome the problems listed above and to obtain an accurate measurement of the PTT, 

new technologies and algorithms need to be investigated. 

 

1.3    Thesis Objectives and Summary of the Results 

The major objective of this thesis is to develop new algorithms that are able to accurately 

measure PTT. One of the frequently-used methods is to calculate the time difference 

between certain characteristic parameters of the ECG signal and the PPG signal in one 

pulse cycle. For the ECG signal, a novel signal enhancement method based on the 

Empirical Mode Decomposition (EMD) algorithm and the adaptive filtering technique was 

introduced to remove different types of noise from the corrupted ECG signal. The proposed 

algorithm has been proved to be able to remove both Gaussian noise and the contact noise 

contained in the noisy ECG signal. 

For the PPG signal, the objective is to extract the embedded characteristic parameters 

of the PPG signal. Gaussian curves were employed to model the PPG signal and three 

primary peak detection methods were developed. The correlation between the adjusted 

PTT and the arterial blood pressure was evaluated. . The simulation results verified that the 

PTT obtained by detecting the delay between the R-peak of the ECG signal and the primary 
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peak of the following PPG signal can determine the arterial blood pressure continuously 

and noninvasively. 

A recently developed algorithm, called the Eulerian video magnification, was also 

introduced to noninvasively measure the wrist pulse signal and the PTT. The experiments 

demonstrated that the PTT can be obtained by extracting the color changes on different 

locations on the human skin and locating the peaks of the observed signal. 

 

1.4    Outline of the Thesis  

This thesis consists of eight chapters. The structure of this thesis is shown in Figure 1.1. 

Chapter 1 is the introduction, which briefly describes the motivation of the study, the 

statement of the problems, and the objectives of the thesis. This chapter also presents the 

outline of the research and summarizes the main contributions. 

Chapter 2 provides the background information related to the research conducted in 

this thesis. The physiology basis of human cardiovascular system and the history of the 

blood pressure measurement is reviewed, and the recent development and limitations of 

the PTT measurement are depicted. In particular, this chapter reviews the basic concepts 

of the ECG and PPG signals. The database of the signals and the technologies on enhancing 

the signals are introduced.  

As one of the most important parameters in measuring the PTT, the enhancement of 

the ECG signal is discussed Chapter 3. The EMD-based algorithm and the adaptive 

filtering technique are explained in detail. 
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Figure 1.1: Thesis organization diagram 

 

Chapter 4 presents the processing of the PPG signal, which is another important 

component of the PTT measurement. Several methods are introduced to extract the 

characteristic parameters of the PPG signal. 

After the enhanced ECG and PPG signals are acquired, it is shown how the adjusted 

PTT is calculated in Chapter 5. The correlation between the adjusted PTT and the arterial 

blood pressure is compared with the correlation between the PTT (which is obtained from 
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the original ECG and PPG signals from the MIMIC database) and the arterial blood 

pressure.  

In Chapter 6, a recently proposed method called Eulerian video magnification 

framework is introduced to measure and analyze the wrist pulse signal. Location “guan”, 

which was used in the traditional palpation technique, is selected for the experiment. The 

two-Gaussian curve modeling method is employed for fitting the wrist pulse signal. 

Chapter 7 introduces the Eulerian video magnification framework to measure the 

PTT through detecting the blood flow under the human skin. The performance of the 

described framework is verified by comparing it with the conventional techniques for PTT 

measurement. 

Chapter 8 concludes the thesis and provides some suggestions on possible future 

work.  

 

1.5    Statement of Originality and Main Contributions 

This thesis results in a number of publications in the field of signal enhancement and pulse 

transit time measurement. I certify that the results presented in this thesis are original work 

from me and my supervisors. I am the primary author and my supervisors, Professor Rafik 

A. Goubran and Professor X. Liu, are the co-authors in recognition of their technical 

contributions. I acknowledge their helpful guidance and support. 

The main contributions of this thesis include: 

1. The development of a novel ECG signal enhancement method based on EEMD 

and the adaptive filtering techniques. This contribution resulted in the following 

publications:  
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[27]  X. He, R. A. Goubran, X. P. Liu, “Signal enhancement of wearable ECG 

monitoring sensors based on ensemble empirical mode decomposition,” in Proc. 

of the IEEE International Symposium on Medical Measurements and 

Applications (MeMeA), Bari, May 2011, pp. 433-436. 

[28] X. He, R. A. Goubran, X. P. Liu, “Ensemble empirical mode decomposition 

and adaptive filtering for ECG signal enhancement,” in Proc. of the IEEE 

International Symposium on Medical Measurements and Applications (MeMeA), 

Budapest, May 2012, pp. 1-5. 

2. The development of an EMD-based algorithm for acoustic echo cancellation and 

the design of a new EMD-based sub-band adaptive filtering structure. This 

contribution resulted in one journal publication: 

[29] X. He, R. A. Goubran, X. P. Liu, “EMD-based sub-band adaptive filtering 

for acoustic echo cancellation,” International Journal of Speech Technology, vol. 

17, pp. 37-42, March 2014. 

3. The development of a cuff-less non-intrusive approach to measure the arterial 

blood pressure that is suitable for continuous measurement. This contribution 

resulted in the following publication: 

[30] X. He, R. A. Goubran, X. P. Liu, “Evaluation of the correlation between 

blood pressure and PTT,” in Proc. of the IEEE International Symposium on 

Medical Measurements and Applications (MeMeA), Gatineau, QC, May 2013, 

pp. 17-20. 
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4. The design of three secondary peak detection methods to improve the correlation 

between the blood pressure and the PTT, and to remove the dicrotic notch impact 

on the PPG signal. This contribution resulted in one journal publication: 

[31] X. He, R. A. Goubran, X. P. Liu, “Secondary peak detection of PPG signal 

for continuous cuff-less arterial blood pressure measurement,” IEEE Transaction 

on Instrumentation and Measurement, vol. 63, pp. 1431-1439, June 2014. 

5. The measurement and modeling of the wrist pulse signal. The Eulerian video 

magnification framework is first applied to noninvasively detect the wrist pulse 

and the two-Gaussian curve modeling method is used to analyze the wrist pulse 

signal. This contribution resulted in the following paper: 

[32] X. He, R. A. Goubran, X. P. Liu, “Wrist pulse measurement and analysis 

using Eulerian video magnification,” in Proc. of the IEEE International 

Conference on Biomedical and Health Informatics, Las Vegas, February 2016. 

6. The development of a non-intrusive way to observe the blood flow and obtain the 

PTT. The performance and practicability of the proposed Eulerian video 

magnification framework were also evaluated. This contribution resulted in a 

conference publication: 

[33] X. He, R. A. Goubran, X. P. Liu, “Using Eulerian video magnification 

framework to measure pulse transit time,” in Proc. of the IEEE International 

Symposium on Medical Measurements and Applications (MeMeA), Lisbon, June 

2014, pp. 50-53. 
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Chapter    2  

 

Background 

 

In this chapter, the background of this thesis is introduced. Section 2.1 provides basic 

information on human cardiovascular system and the arterial blood pressure. Section 2.2 

lists the state-of-the-art, noninvasive arterial blood pressure measurement techniques. 

Section 2.3 describes one of the most commonly used methods to estimate the arterial blood 

pressure: pulse transit time (PTT), and in particular, the definition of PTT used in this thesis. 

Section 2.4 provides a review on the techniques used to enhance the ECG signals, and 

Section 2.5 focuses on the measurement of PPG signals. Section 2.6 provides the theory 

and concept of the Eulerian video magnification method. 

 

2.1    Cardiovascular System 

The cardiovascular system of a human being consists of the heart and the blood vessels. 

There are three primary functions of human cardiovascular system [34]. The first is to 

transport oxygen, nutrients, and fluid to organs and tissue. The second is to generate and 

distribute hormones. The third is to regulate the body temperature. Figure 2.1 is a schematic 

diagram of human cardiovascular system, showing the pulmonary circuit and the systemic 
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circuit [35]. In the pulmonary circuit, the oxygen-poor blood leaves the heart through the 

right ventricle (RV) and travels through the lungs where carbon dioxide is released. Then 

the oxygen-rich blood is recalled by the left atrium (LAt). In the systemic circuit, the 

oxygen-rich blood is distributed from the left ventricle (LV) through the body and then the 

oxygen-poor blood is recalled to the right atrium (RAt).  

 

 

Figure 2.1: Schematic diagram of cardiovascular system [35] 

 

The blood flow through the pulmonary circuit and the systemic circuit is coordinated 

by the cardiac cycle. Generally speaking, the cardiac cycle includes the diastolic, the 

systolic, and the intervening pause and involves five steps [36]: 

1) Diastole: the blood passively flows from the two atria into the two ventricles. The 

semi-lunar aorta and pulmonary valves remain closed. The valves between the atria 

and the ventricles (A-V valves) open. 
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2) Atrial systole: all the blood in the atria flows into the ventricles as the atria contract. 

3) Isovolumic contraction: the A-V valves close and the ventricles start contracting to 

pump the blood into the aorta and pulmonary arteries. 

4) Ventricular ejection: the ventricles keep on contracting until close to empty and the 

semi-lunar aorta and pulmonary valves are open.  

5) Isovolumic relaxation: the ventricles begin to relax and pressure decreases. The 

semi-lunar valves close again. 

Figure 2.2 is the Wigger’s diagram showing two cardiac cycle events occurring in 

the left ventricle [37]. 

The pressure exerted by the blood upon the blood vessel walls is defined as the 

arterial blood pressure, which is controlled by human cardiovascular system. The arterial 

blood pressure increases and decreases within each cardiac cycle. Nowadays, blood 

pressure measurement has become a routine inspection item for any medical examination, 

along with body temperature, respiratory rate, and pulse rate. It varies depending on the 

age, gender, activity, and the health statues of the subjects. Usually, the arterial blood 

pressure refers to the pressure in the systemic circuit and is expressed in terms of systolic 

blood pressure (SBP) over diastolic blood pressure (DBP). The SBP is the maximum 

pressure. It occurs when the blood is pumped from the left ventricle into the aorta. The 

DBP is the minimum pressure. It occurs when the blood flows from the atria to the 

ventricles. Normal SBP falls in the range of 90 to 120 mmHg and the DBP lies between 60 

and 80 mmHg.  Figure 2.3 shows a typical waveform of normal arterial blood pressure. 

The red curve represents the aortic pressure. The definitions of SBP, DBP, and mean blood 
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pressure (MBP) are illustrated in [38]. MBP is usually calculated using the following 

equation: 

𝑀𝐵𝑃 =
1

3
× (𝑆𝐵𝑃 + 2 × 𝐷𝐵𝑃)                                            (2.1) 

 

 

Figure 2.2: Two cardiac cycles in Wagger’s diagram [37] 

 

 

Figure 2.3: A typical waveform of the arterial blood pressure 
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If the arterial blood pressure is lower than the normal value, it is called hypotension; 

and if the pressure is consistently higher than the normal value, it is called hypertension. 

Approximately 26% of the world’s population is affected by hypertension [39]. Long term 

hypertension can lead to kidney failure, heart disease, and stroke. Heart attack or stroke 

caused by hypertension is considered to be one of the major risk factors of cardiovascular 

disease, which is the most common cause of death in Western countries [40]. Long term 

hypertension is often undetectable due to infrequent monitoring and the absence of 

symptoms. To depict the classification of the arterial blood pressure levels, Table 2.1 

presents different blood pressure categories and value thresholds adopted by the American 

Heart Association for adults aged 18 years and older [41][42]. 

The arterial blood pressure thresholds in Table 2.1 are obtained from clinical 

measurements during medical examinations. While blood pressure is fluctuating all the 

time, the highest readings are often obtained in the afternoons and the lowest readings at 

night [43]. Previous clinical research proves that compared to day-time blood pressure, 

night-time blood pressure is a stronger indicator of cardiovascular events [44]. For that 

reason, the blood pressure values collected from medical examinations can only reveal a 

partial view of the nature of hypertension. To achieve a full view of the arterial blood 

pressure, 24-hour continuous measurement of the blood pressure is needed.  
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Table 2.1: Arterial blood pressure classification and thresholds [41][42] 

Category SBP(mmHg) DBP(mmHg) 

Hypotension <90 <60 

Desired 90-119 60-79 

Prehypertension 120-139 80-89 

Stage 1 hypertension 140-159 90-99 

Stage 2 hypertension 160-179 100-109 

Hypertension emergency ≥180 ≥110 

Isolated systolic hypertension ≥140 <90 

 

Ambulatory blood pressure measurement was developed to measure the blood 

pressure during the subject’s daily activities. The most common way for the ambulatory 

blood pressure measurement to be taken is through the usage of brachial oscillometric blood 

pressure cuffs to obtain the blood pressure value every twenty to thirty minutes throughout 

the day and night. However, there are limitations on the ambulatory measurements. In 

particular, it is a discontinuous measurement due to its intermittent nature. Another 

limitation is that the oscillometric devices would bring discomfort or anxiety to the subjects, 

especially while they are sleeping.  Therefore, new techniques for 24-hour cuff-less, 

noninvasive, continuous monitoring of the subject’s blood pressure variation are in demand. 
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2.2    Blood Pressure Measurement Techniques 

2.2.1    Validation Standards for Blood Pressure Measurement 

In the 1960s and 1970s, protocols used to validate the blood pressure measuring system 

were proposed. Two of the most widely used standard protocols for blood pressure 

measurement validation are the standard set by the US Association for the Advancement 

of Medical Instrumentation (AAMI) published in 1986 and the British Hypertension 

Society (BHS) published in 1990 [65, 66]. Both of them set a tolerated error range when 

comparing the estimated blood pressure measurements by a given technique. Table 2.2 

shows the grading criteria of the two validation standards. 

 

Table 2.2: Grading criteria of AAMI and BHS 

AAMI Statistical comparison 

 Mean difference Mean Standard deviation 

 <5mmHg <8mmHg 

   

BHS Absolute difference between standard and test technique 

 ≤5mmHg ≤10mmHg ≤15 mmHg 

Grade A 60% 85% 95% 

Grade B 50% 75% 90% 

Grade C 40% 65% 85% 

Grade D Worse than Grade C 
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All the percentages need to be greater than or equal to the gold standard 

measurements obtained from the mercury sphygmomanometer for a certain grade for both 

SBP and DBP. 

2.2.2    Direct Measurement 

The most accurate way to measure the arterial blood pressure is the direct measurement 

through an arterial line. A cannula needle is placed in an artery and is connected to a sterile 

fluid-filled system [45]. Although the measured arterial blood pressure is constantly 

monitored and relatively accurate, this technique is only applied in human and veterinary 

intensive care medicine or for research purposes because inserting the cannula is painful 

and is usually done under anesthesia. Besides that, the cannulation for invasive arterial 

blood pressure measurement is occasionally associated with complications like thrombosis, 

infection, and bleeding [46].  Due to the high potential danger of invasive arterial 

monitoring, close supervision on the patients are required. This method is not suitable for 

daily monitoring. To avoid these drawbacks, techniques that noninvasively measure the 

arterial blood pressure were developed. 

2.2.3    Occlusive Measurement 

Noninvasive blood pressure measurements are quicker and safer than invasive 

measurements. They are less unpleasant and less painful to the subjects. Since the 19th 

century, noninvasive blood pressure measurement has been the objective of clinical test 

and technological developments [47]. Jules Herisson developed a mercury based device to 

measure the pulse pressure in 1835 [48]. Poseuille developed the first hemodynameter to 

monitor the blood pressure continuously [49]. Vierordt developed a pioneer pulse recorder 

to record the beating of a radial artery pulse which was published in a paper in 1855 [50].  
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At the end of the 19th century, Scipione Riva-Rocci developed the first 

sphygmomanometer with an inflation cuff, shown in Figure 2.4 [51]. By occluding the 

whole upper arm with a cuff, there was no more need for locating specific arteries. SBP 

could be measured by using a mercury sphygmomanometer along with palpation. The 

popularization of the modern sphygmomanometers based on inflation brachia cuffs was 

done by Harvey Cushing [50].  

In 1905, Nikolai Korotkoff established the basics of the modern auscultation blood 

pressure measurement by characterizing the sounds generated by the blood flow [51]. The 

discovered blood flow sounds were also known as “Korotkoff sounds”. Now both SBP and 

DBP were able to be measured, using the upper-arm cuff technique developed by Riva-

Rocci. The blood pressure measurement using the auscultatory method based on the 

Korotkoff sounds is illustrated in Figure 2.5 [52]. The grey line represents the cuff pressure 

and the red curve represents the arterial blood pressure. 

 

Figure 2.4: Riva-Rocci sphygmomanometer used by Korotkoff in his measurements [51] 
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As shown in Figure 2.5, the procedure of the auscultatory method, based on the 

Korotkoff sounds, can be described as follows [53]: 

1. Place the brachial cuff around the whole upper-arm to occlude the brachial artery. 

Then place a stethoscope below the cuff over the artery. 

2. Inflate the cuff to a pressure above 150 mmHg. The brachial artery is completely 

occluded when the cuff pressure is higher than the SBP and there is no blood flow 

and no sound. 

3. Deflate the cuff slowly until a first sound is heard through the stethoscope. Cuff 

pressure is associated with the SBP, as shown in Figure 2.5. 

4. Deflate the cuff gradually until no more sounds can be heard through the  

stethoscope. At this time, the artery is fully open and the blood flows freely. Cuff 

pressure corresponds to the DBP, as shown in Figure 2.5. 

 

Figure 2.5: Blood pressure measurement using the auscultatory method based on the 

Korotkoff sounds [52] 
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In the auscultatory method, the brachial cuff, being placed around the upper-arm at 

roughly the same vertical height as the heart, is attached to a mercury sphygmomanometer, 

an aneroid sphygmomanometer, or a hybrid sphygmomanometer. Nowadays, the mercury 

manometer which measures the height of a column of mercury is regarded as the gold 

standard for arterial blood pressure measurement [53]. 

Based on the procedure of the auscultatory method, it is obvious that the auscultatory 

measurements provide a point-measurement only. However, frequent measurements will 

lead to soreness in the subject’s arm. Also, it requires the intervention of an operator to 

inflate and deflate the brachial cuff and interpret the Korofkoff sounds. For these reasons, 

this method is relatively subject to human errors. The deflation rate and the size of the 

brachial cuff also affects the accuracy of the measurement [47]. 

The oscillometric method was developed to overcome the limitation of the operator-

dependent nature of the auscultatory method. Oscillometric devices were first utilized in 

1876 [54]. An oscillometric device employs a sphygmomanometer cuff with an electronic 

pressure sensor to detect cuff pressure oscillations caused by the oscillations of the blood 

flow. The inflation and the deflation of the cuff is automatic. Thus oscillometric 

measurement may be suitable for automated home-monitoring. Over the deflation period 

of the oscillometric method, the extracted oscillometric pulses are known as the 

oscillometric waveform. The maximum amplitude of the oscillometric waveform is 

reached when the pressure approximates the MBP. An accurate SBP and DBP cannot 

directly be provided from the oscillometric method. Nevertheless, the oscillometric method 

raised the standard of unsupervised measurement of blood pressure and started a new way 

of cardiovascular monitoring [55]. 
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2.2.4    Semi-Occlusive Measurement 

During the 20th century, some semi-occlusive methods were developed after the 

auscultatory and oscillometric methods. They are called semi-occlusive because in these 

methods, the blood flow is never completely impeded. Applanation tonometry was 

introduce by Pressman and Newgard in 1963 [56]. Figure 2.6 is a sketch of the arterial 

blood pressure measurement using applanation tonometry. The tonometer is about the size 

of a pen. The basic principle of the method is that the vertical displacements detected by 

the tonometer are proportional to the arterial blood pressure [57][58]. Therefore, no 

absolute blood pressure can be obtained. The Vasotrac device created a way to get an 

absolute estimation of MBP. This was achieved by gently compressing and decompressing 

the radial artery for twelve to fifteen beats. As the tonometer pressure reached the 

maximum signal amplitude, the absolute estimation of MBP was obtained [59].  

Applanation tonometry is regarded as the gold standard method to noninvasively 

assess the arterial blood pressure waveforms in some reseach. Several commercial medical 

devices have been invented and have been introduced for clinical use, such as the 

supervised SphygmoCor, and the unsupervised Vasotrac [60]. 

 

Figure 2.6: Sketch of applanation tonometry 
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In 1969, Czech physiologist Penaz introduced the volume-clamp measurement, 

which employed a finger cuff and an inflatable bladder with a photoplethysmographic 

(PPG) device [61]. A feedback loop and a servo control system was used to clamp the 

volume of the blood vessels in the finger which was placed in the sensor. Figure 2.7 shows 

the scheme of the volume-clamp measurement. 

 

Figure 2.7: The scheme of the volume-clamp method 

 

In the volume-clamp method, the proper unloaded diameter of the arteries, at which 

the finger cuff pressure is equal to the intra-arterial pressure and the transmural pressure 

across the arterial walls is zero, needs to first be determined at first. The servo control 

system defines a set point, which is the signal of the PPG device being clamped. The light 

detector provides the measured value. Once the volume of the blood vessels is fixed, the 

changes in the arterial blood pressure can be determined by the changes in the external 

pressure needed to keep the volume constant.  

With the development of the volume-clamp method, 24-hour blood pressure 

variations could be recorded. The cardiovascular parameters during the subjects’ daily 

activities could be acquired and analyzed. One of the limitations of the volume-clamp 
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method is that since it is a semi-occlusive method, continuous long-term measurement may 

lead to periods of venous congestion [61]. 

2.2.5    Pulse Wave Velocity 

The use of pulse wave velocity (PWV) as a measurement in estimating the arterial blood 

pressure has been studied since the 1960s. An innovative family of noninvasive arterial 

blood pressure measurement techniques based on the PWV principle was developed in the 

1990s. The primary advantage of these techniques is that they can measure PWV values 

continuously and non-occlusively. After a calibration procedure, PWV values are then 

translated into arterial blood pressure values. PWV has been recognized as integral to the 

diagnosis and treatment of hypertension by the European Society of Hypertension [62]. 

It is believed that the velocity of the blood flow depends on the arterial blood pressure 

[63]. PWV is defined as the velocity of an arterial pressure pulse traveling along the arterial 

tree. The relationship between PWV and the incremental elastic modulus of the arterial 

wall can be described by the Moens-Korteweg equation [64]. 

𝑃𝑊𝑉 =  √𝐸𝑖𝑛𝑐 ∙ ℎ/(2𝑟𝑣𝜌)                                                 (2.2) 

where 𝐸𝑖𝑛𝑐 is the incremental elastic modulus, ℎ is the thickness of the arterial wall, 𝑟𝑣 is 

the vessel radius, and 𝜌 is the blood density. So for constant wall thickness, vessel ratio, 

and blood density, PWV is proportional to the square root of the incremental elastic 

modulus or its distensibility. The Moens-Korteweg equation relies on some necessary 

assumptions or simplifications. One of these is that the changes in vessel area and in the 

wall thickness are insignificant. Hence, PWV can be considered carrying information on 

the arterial stiffness for large elastic arteries, where the wall thickness to vessel radius ratio 

is relatively fixed. 
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Basically, there are four major determinants of PWV, namely age, gender, arterial 

blood pressure, and heart rate. With increasing age, the arterial stiffness increases [67]. 

With regard to gender, there is no difference in PWV for children. Young and middle-aged 

healthy women have lower PWV than healthy men. After age 50, there is no significant 

difference in PWV between women and men [68]. PWV is proportional to the arterial blood 

pressure. With increased blood pressure, the blood flow propagates faster along the vessels 

[69]. Also, increasing heart rate is associated with increasing PWV [70]. 

PWV has been regarded as the gold standard in assessing the arterial stiffness and 

has been used as a surrogate for the arterial blood pressure during the last two decades. 

PWV is also a robust parameter in predicting cardiovascular events [69]. The stiffness of 

the artery increases when blood flows from the aortic to the periphery. Because of this 

increase in arterial stiffness, the shapes of aortic and brachial blood pressure waveforms 

are different, as shown in Figure 2.8 [71]. 

  

Figure 2.8: Different shapes of blood pressure waveforms [71] 
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The ideal method to obtain PWV is invasive. But obtaining PWV invasively is not 

suitable in clinical examinations or home monitoring. Noninvasive techniques are being 

developed to measure PWV. Generally, the calculation of PWV for an arterial segment 

with length D can be described as: 

PWV =  D/PTT                                                      (2.3) 

where PTT is the pulse transit time, which is the required time for a pressure pulse to travel 

through the designated arterial segment. So we can also say that PTT is the time when the 

pressure pulse arrives at the proximal extremity of the arterial segment, subtracting the time 

when the pressure pulse arrives at the distal extremity of the arterial segment [72], as shown 

in Figure 2.9. 

 

 

Figure 2.9: Measurement of PTT and PWV 
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In Figure 2.9, A is the proximal extremity of the arterial segment, B is the distal 

extremity of the arterial segment, D is distance traveled by the pulse wave, and ∆T, namely 

PTT, is time delay between the foot waves. The foot of the waves is defined as the end of 

the diastole. In the section that follows, PTT techniques are elaborated on in detail. 

 

2.3    Pulse Transit Time Technique 

As mentioned in the preceding section, exiting arterial blood pressure measurement 

techniques based on PWV rely on the measurement of PTT, which is the time required for 

the blood pulse to travel from one location to another location along the arterial tree. An 

acute rise in arterial blood pressure will cause an increase in the vascular tone and allow 

the arterial wall to become stiffer. Therefore, the PTT will be shortened. Conversely, when 

the arterial blood pressure falls, the vascular tone will decrease and then the PTT will 

become larger [73]. PTT is inversely proportional to the arterial blood pressure. 

PTT has been proven to be a promising index of arterial stiffness and cardiac output. 

It has been proposed that it is an efficient way to measure the blood pressure noninvasively 

and continuously, particularly in estimating the arterial blood pressure variations [74]. Also 

PTT-based techniques are designed in such a way as to avoid complex circuits and high-

cost sensors [75]. 

Since the 1970’s, a number of different scenarios have unfolded where PTT has been 

applied as a noninvasive surrogate method to estimate changes in the arterial blood pressure 

[75]. In 1981, Geddes et al. proved that PTT was closely related to diastolic time when it 

was detected from different sites along the vessel [76]. PTT was demonstrated to be highly 

correlated to the arterial blood pressure during dynamic and static exercises by Marie et al. 
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[77]. The kinetic energy of the pulse wave and the gravitational potential energy were 

employed by studying the relationship between the PTT and the arterial blood pressure by 

Fung et al. in 2004 [78]. Zhang collected continuous blood pressure, ECG signal and PPG 

signal data from healthy subjects and indicated that PTT could be used to estimate the 

blood pressure for healthy static body states. The PTT-based technique to wearable devices 

were also applied [79][80]. In 2006 the Wearable Intelligent Sensor and System for e-

Health was proposed [81]. The PTT-based technique was applied to estimate the blood 

pressure in a wearable multi-parameter remote physiological monitoring system in [82]. 

Recently, more and more wearable devices have been designed to measure blood pressure 

variations continuously and conveniently by using PTT [83]. 

The true value of PTT can be measured by recording the time intervals between two 

different sites along the passage of the arterial pulse wave. The first group of aortic PTT 

measurement methods was designed by detecting the arrival of the arterial pulse at two 

substitute arterial sites that were close to the aorta [84]. It was assumed that the carotid-to-

femoral transit time was the best surrogate of the aortic PTT. In this type of measurement 

an experienced operator was required to manually localize the carotid and femoral arteries 

and, in addition, the pressure sensors needed to be held during the examination [85]. 

The second group of aortic PTT measurement methods was based on wave reflection 

theory. When the arterial pulse travels through the high-resistance arterioles and major 

arterial branching points from the heart to the periphery, a reflected wave will be created, 

traveling back from the periphery to the heart. Reference [86] showed that one of the main 

sources of pulse reflection was the iliac bifurcation at the distal extremity of the descending 
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aorta. However, the choice of the reflection point in the arterial tree in this method group 

has not been identified [87]. 

To simplify the measurement of PTT, a third group of aortic PTT measurement 

methods using the R or Q wave of the ECG signal as the starting point and the arrival of 

the arterial wave detected by photoplethysmograph at a peripheral site as the ending points 

was developed. It often used at peripheral sites, such as finger tips, ear lobe, and toes. 

Among these sites, the finger was the most convenient site and was used the most. Usually 

the ending point was chosen at either 25%, 50%, or 100% of the height of the maximum 

value of the PPG pulse wave, depending on the equipment used [88]. The PTT 

measurement using ECG and finger PPG is non-obtrusive, relatively cheap, and portable. 

This thesis proposes two strategies to calculate PTT. One is through the time delay 

between the R-peak of the ECG signal and the following peak of the PPG signal during 

one pulse cycle. The other one is through the time difference between two areas of interest 

on the human skin by applying the Eulerian video magnification (EVM) technique. The 

theoretical backgrounds of the technologies used to calculate the PTT will be provided in 

the following sections.  

The major problem of PTT measurement is that of artifact. The quality of the ECG 

signal and the finger PPG signal influences PTT in estimating the arterial blood pressure. 

Electrical noise and movement artifacts could lead to missing or false detection of the R-

peak in the ECG signal. Interference in the finger PPG signal could cause a shift in the PPG 

primary peak. To overcome this problem, EMD-based algorithms were proposed in this 

thesis to de-noise the ECG signal and curve fitting algorithms were proposed to detect the 

primary peak of the PPG signal.  In the meantime, we also explored the possibility of using 
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EVM, which was recently developed to reveal subtle color changes in human skin, to 

measure the PTT. The EVM method is video-based and contact-free. No probes or sensors 

are needed to measure the biomedical signals. The computational complexity of the second 

strategy, which applied the EVM method, is less than the computational complexity of the 

algorithms used in the first strategy. 

 

2.4    Noninvasive Measurement Technologies 

The technologies concerned with signal enhancement in this thesis are ECG, PPG, and 

Eulerian video magnification. The theoretical background and the previous applications of 

these technologies relating to noninvasively measure the PTT is elaborated in this section.  

2.4.1    Electrocardiography  

ECG is a diagnostic tool widely used throughout the world to analyze heart conditions. It 

is a bioelectric signal measured by placing a set of electrodes directly on the skin surface 

to observe the electrical activity of the heart. Changes on the skin surface are known to be 

related to the activity of the heart muscle underneath and the proximity to the heart muscle 

[89]. The goal of ECG measurement is to detect the ionic current from the skin surface and 

noninvasively acquire the information on the electrical behavior of the heart. 

2.4.1.1    ECG Morphology 

A typical ECG signal for one cardiac cycle is shown in Figure 2.10 [90]. A normal ECG 

signal mainly contains P wave, QRS complex, and T wave. The genesis of the ECG 

waveform through the depolarization and repolarization of the heart is illustrated in Figure 

2.11 [91]. 
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Figure 2.10: A typical ECG signal [90] 

 

 

Figure 2.11: Waveform of ECG signal related to the depolarization and repolarization of 

the heart [91] 
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2.4.1.2    ECG Measurement 

The electrical current generated through the depolarization and the repolarization of the 

heart can be measured by placing a set of electrodes on the human body. In clinical practice, 

a commonly used electrode system is called the 12-lead system. It can differentiate between 

different cardiac events and consists of a combination of electrodes measuring the activity 

of the heart muscle from different regions, such as a limb, a precordia, and the chest [92]. 

Each lead corresponds to the nature of activity on a specific part of the heart muscle [93].  

Figure 2.12 illustrates the placement of the ten electrodes and the 12 leads for ECG 

signals [94][95]. The leads on the limbs are designated as leads I, II, and III and the 

augmented limb leads are designated as leads aVR, aVL, and aVF. The latter three leads 

are calculated by combining the signals from the limb leads. Precordial and chest leads are 

designated as leads V1, V2, V3, V4, V5, and V6. 

             

 

Figure 2.12: Electrodes placement for ECG measurement and the Einthoven’s triangle 

[94][95] 
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Each lead represents the electrical potential difference (the voltage) between two 

points. Leads I, II, and III can be obtained from the following equations: 

I = LA – RA 

II = LL - RA 

III = LL – LA                                                      (2.4) 

The augmented limb leads are derived from the same three electrodes that were used 

for leads I, II, and III. The equations are as follows: 

aVR = RA -1/2(LA+LL) 

aVL = LA-1/2(RA+LL) 

aVF = LL-1/2(RA+LA)                                              (2.5) 

In clinical practice, wet electrodes are used to provide the best possible ECG reading. 

But when used in continuous self-monitoring, the wet electrodes have some limitations, 

such as long-term degradation of the electrolyte composition, low regeneration rate, and 

discomfort caused by the electrode gels. Dry electrodes and textile electrodes have been 

developed for wearable devices to maintain comfortable self-monitoring [96][97]. 

2.4.1.3    Noises in ECG  

ECG measurements are susceptible to noise because of the small amplitude of the ECG 

signal on the body surface. For 24-hour continuous monitoring, ECG measurement may be 

contaminated by different sorts of noise, such as power line interference, baseline wander, 

electrode contact noise, and muscle artifacts. The noise will corrupt the ECG signal and 

increase the difficulty in analyzing the ECG signal.  

Power line interference occurs for two reasons: capacitive coupling and inductive 

coupling. Capacitive coupling is defined as the transfer of energy in an electrical network 
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by means of the capacitance between circuit nodes [98]. Inductive coupling is generated 

by mutual inductance between two conductors. Capacitive coupling and inductive coupling 

are responsible for high frequency noise and low frequency noise, respectively. Depending 

on the power supply, the value of the power line interference is either 50 Hz or 60 Hz. To 

reduce the amount of interference the power line emits, electrodes should be placed 

properly and all electrical components should be adequately shielded [99].  

The variation in the isoelectric line of the ECG signal is called the baseline wander. 

This is mainly caused by large movement of the limbs and the chest due to respiration or 

coughing [100]. The range of the baseline wander is between 0 and 0.5 Hz, which is a low 

frequency signal. 

Electrode contact noise is a high amplitude signal compared to the ECG signal. It 

occurs due to the shifting of the electrodes during exercise. The electrode contact noise 

usually has a duration of 100-500ms and has overlapping frequency contents with the ECG 

signal [101].  

Muscle artifacts occur due to the contraction of other muscles during ECG acquisition. 

It has been proven that the electromyographic (EMG) signal has a stochastic amplitude and 

a mean of zero. The frequency of the muscle artifacts is between 100 Hz and 500 Hz [101]. 

2.4.1.4    ECG Database 

The ECG signal used in the ECG signal enhancement section was from the MIT-BIH 

Arrhythmia Database, which was setup by Massachusetts Institute of Technology (MIT) 

and Beth Israel Hospital (BIH) [102]. The database contains 48 excerpts of two-channel 

ambulatory ECG recordings (lead II and lead V1). Each recording is digitized at 360 Hz 

with 11-bit resolution over 10 mV range and has a duration of 30 minutes [103]. 
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Two types of noise were considered for ECG enhancement: Gaussian white noise and 

contact noise. Gaussian noise was used as a test experiment, and was generated by 

MATLAB. Gaussian noise was added to the original ECG signal with the signal-to-noise 

ratio (SNR) of 10 dB. The other type of noise was actual noise from the MIT-BIH Noise 

Stress Test Database [104]. This database contains three types of noise that usually appear 

in ECG signals, like baseline wander, muscle artifacts, and electrode contact noise. All the 

recordings were taken from standard recorders and healthy subjects. Two noise recordings 

were employed, the muscle artifact, which was noted as “ma”, and the electrode contact 

noise, which was noted as “em”. In order to compare the de-noising performance to the 

previous research, we combined the muscle artifacts and the electrodes contact noise 

together with same contribution to contaminate the original ECG signal. Therefore, the 

noise applied could be described as [105]: 

𝑛(𝑡) =  𝑘1𝑛𝑚𝑎(𝑡) +  𝑘2𝑛𝑒𝑚(𝑡)                                            (2.6) 

2.4.1.5    ECG De-noise Algorithms 

Efficient algorithms and techniques are needed to remove the aforementioned interference 

existing in the ECG signal, especially to recover the original ECG signal corrupted by the 

motion and activities of the patients. There has been some research done working on the 

enhancement of the ECG signal, such as nonlinear filter banks [106], adaptive filtering 

[107], the wavelet transform [108], and independent component analysis (ICA) [109]. For 

instance, sinusoidal noise was used as the reference input for reducing the contact noise in 

[110]. More complicated noise was considered in [111]. 

Among the above-mentioned signal enhancement methods, adaptive filtering 

techniques were mainly used. The basic concepts and applications of the adaptive filtering 
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techniques were first described by Widrow [112] and have been used in many ECG signal 

processing problems [113][114]. One important application was extracting the fetal ECG 

from the maternal ECG. The input obtained from the chest leads was regarded as the 

reference input containing the maternal ECG and the power-line interference. Different 

adaptive filtering structures were proposed for noise cancellation and arrhythmia detection 

according to diverse types of noise in [107].  Besides adjusting the filter coefficients with 

fixed filter order, J. Lee and G. Lee developed an adaptive filter with a dynamic structure 

to make the filter order adaptable [115]. In [116], a light-emitting diode and an optical 

sensor incorporated into an ECG electrode were used to obtain the reference signal of the 

adaptive filter. The wearable system and method had certain capability to reduce muscle 

artifacts and electrode contact noise for ambulatory ECG monitoring, but the accuracy of 

the muscle strain measurement could not be guaranteed.  

Though there have been many advanced signal processing methods applied to de-

noise the ECG signal, the research on ECG enhancement is still largely open due to its 

unique difficulty. Traditional signal enhancement and noise reduction algorithms are 

almost all based on standard filter processing. Due to the de-noising process, some useful 

components of the ECG signal itself, which may contain very important information about 

the health status of the patients, may be removed or reduced as well.  

The filter-bank based de-noising technique smooths the amplitude of the P-wave and 

the QRS-complex of the ECG signal and it is more sensitive to different levels of noise 

[117]. The limitation of the adaptive filtering based ECG de-noising lies in the fact that a 

reference signal has to be additionally recorded together with the ECG [107]. In wavelet 

transform, the ECG signal is analyzed and expressed as a linear combination of the sum of 
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the product of the wavelet coefficients and the mother wavelet [118]. The mother wavelet 

and the cut-off frequencies of a series of low-pass and high-pass filters needs to be 

determined ahead of time. A statistical model of the ECG signal and noise was first 

extracted in ICA or neural networks (NN), and then the in-band noise was removed by 

discarding the dimensions corresponding to the noise in [119]. The derived statistical 

model is not only fairly arbitrary, but also extremely sensitive to small changes in either 

the signal or the noise. To conquer this problem, the basic functions have to be trained on 

a global set of ECG beat types. One of the difficulties with the application of ICA is the 

determination of the order of the independent components [119]. 

A recent algorithm called Empirical Mode Decomposition (EMD) has been 

developed as a technique for processing nonlinear and non-stationary signals [120]. This 

method was originally used for the study of blood pressure in [121]. In [122], EMD was 

used to investigate the chaotic nature of ECG signals. Blanco-Velasco developed an EMD-

based method to remove the baseline wandering and high-frequency noise of ECG signals 

in [105]. Compared to other de-noising methods, such as filter banks, ICA, NN, adaptive 

filtering, and wavelet de-noising algorithm, EMD was found to be more effective in 

reducing noise from the ECG signal [123].  

The advantage of EMD is that it is intuitive and adaptive, with basic functions derived 

fully from the data. The computation of EMD does not require any previously known value 

of the signal. The key task is to empirically identify the intrinsic oscillatory modes by their 

characteristic time scales in the signal, and accordingly, decompose the signal into intrinsic 

mode functions (IMFs) [120]. Therefore, EMD is especially applicable for nonlinear and 

non-stationary signals, like ECG.  
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Ensemble EMD (EEMD) is an improved EMD algorithm, and was originally 

developed to reduce the mode-mixing effect between the next two IMF scales [124]. When 

the high frequency components of the signal have intermittence or the frequencies of the 

next two IMFs lie close to each other, the mode-mixing problem will arise. Chang 

compared the de-noising results between EMD and EEMD and used EEMD to enhance the 

arrhythmia ECG signals [125][126]. The method in [125] and [126] used the partial 

reconstruction method, which meant that several IMFs were removed directly. Z. Zhao 

proposed a method which combined EMD and adaptive filtering to remove the power-line 

frequency and baseline wander in ECG signals [127][128].  Results demonstrated that the 

proposed method was very useful, and both power-line interference and baseline wander 

could be reduced efficiently, but contact noise was not taken into consideration. In [60], 

we designed an improved EEMD-based method to enhance ECG signals, and the results 

demonstrated that the contact noise could be efficiently reduced. 

Details of the EMD-based algorithms and the methods proposed in this thesis will be 

discussed in Chapter 3. 

2.4.2    Photoplethysmography 

PPG is an optical technology which noninvasively assesses the information on the 

subcutaneous blood circulation. PPG has been widely used in a clinical setting in 

monitoring heart rate, respiration, depth of anesthesia, and hypo- and hypervolemia. The 

principle of PPG technology involves illuminating the tissue with an infra-red light source 

and analyzing the changes in absorption caused by the arterial pulse. The arrival of the 

arterial pulse can be detected through the temporal series of the light absorption [129]. In 
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the current thesis, PPG technique is used to assess the arrival time of the arterial pressure 

pulse.  Then PTT can be measured from the enhanced ECG signal and PPG signal. 

2.4.2.1    Principle of PPG  

When skin is exposed to light, the light will be reflected, absorbed, or transmitted. The 

human tissue bed consists of different components, such as blood, bone, blood vessels, 

tissue, fluid, and skin. Different components have unique optical properties and different 

absorption rates. Generally, PPG relies on three aspects [130]. One aspect is illuminating 

the tissue at the area of interest with a light beam. Another is capturing a portion of the 

light which has propagated through the tissue. The last is analyzing the captured light and 

illustrating the structural information on the tissue.  

The Beer-Lambert law was adopted to establish a model for understanding the 

principle of PPG [131]. The equation used to depict the Beer-Lambert law is as follow: 

𝐼 = 𝐼𝑏𝑒− ∑ 𝜔𝑛𝑙𝑛𝑁                                                    (2.7) 

 where 𝐼 is the intensity of the transmitted light through the tissue. 𝐼𝑏 is the intensity of an 

injected light beam. N is the number of absorbing optical segments that the tissue at the 

area of interest has. 𝑙𝑛 is the optical path length and ω𝑛 is the light absorption coefficient 

for each optical segment.  

In one heart cycle during systole, the blood is pumped from the heart to the body. 

The increase of blood results in more light absorption. During diastole, the blood fills the 

ventricles. The decrease of the blood in the arteries results in less light absorption. 

Therefore, the PPG waveform primarily contains two components: a DC component and 

an AC component. The DC component is a slowly varying baseline and depends on the 

amount of light that is absorbed from different types of tissue. The DC component changes 
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with respiration, while the AC component is varying, depending on the volume of blood 

flow through the arterial blood vessel [132][133]. The fundamental frequency of the AC 

component is the same as the heart rate.  

Usually there are two peaks in one cycle of PPG signal. The primary peak happens 

when the artery distends due to blood flow. The secondary peak (smaller peak) occurs 

during the time when the blood flows back to the heart through the veins. 

2.4.2.2    PPG Measurement 

The PPG signal is measured using a pulse oximeter which illuminates the skin and detects 

the changes in light absorption. Common light sources used in PPG measurement are Light 

Emitting Diodes (LED) or Laser [130]. The chosen light wavelength is between 600 and 

1300nm [134]. Basically, based on the positions of the light source and the photodiode, 

there are two types of modes of PPG measurement, namely the reflectance mode and the 

transmission mode. Figure 2.13 is a simple illustration of the reflectance mode and the 

transmission mode PPG. 

  

Figure 2.13: Illustration of the reflectance mode and the transmission mode PPG 

 

In reflectance mode, the LED and the photodiode are placed adjacent to each other 

on the skin surface. The photodiode detects the light back-scattered or reflected from the 

skin. The intensity of the back-scattered or reflected light displays the information on the 

changes of the blood volume. The reflectance mode PPG measurement is often used on a 
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flat skin surface, such as chest, forehead, or cheek, places where the transmission mode is 

not suitable. To measure the PPG signal accurately, the sensors should be attached firmly 

to the skin surface and an opaque shield is needed between the LED and the photodiode.  

In transmission mode, the LED is place on one side of the tissue and the photodiode 

is placed on the opposite side to gather the transmitted light through the tissue. This mode 

is usually used on the fingertip, earlobe, or toe, where the transmitted light can be detected. 

The photodiode needs to be placed as close as possible to the skin surface to avoid any 

exerting force.  

2.4.2.3    Peak Shifting Phenomena 

The PPG signal is very sensitive to movement and susceptible to erroneous recordings, 

especially when the perfusion is low. Generally there are two peaks in one PPG cycle. The 

peak with the greater amplitude is defined as the primary peak and the peak with the smaller 

amplitude is the secondary peak. The secondary peak will become invisible due to 

movement [135]. When the patients are older adults or have cardiovascular disease, the 

secondary peak will easily be embedded in the whole PPG signal.  In order to demonstrate 

the influence of the secondary peak in measuring PTT, the peak shifting phenomenon is 

briefly depicted in this section.  

Taking Gaussian curves as an example, Figure 2.14 illustrates two of the many 

scenarios in which the primary peak shifts and the secondary peak becomes invisible after 

combining the two curves together. More scenarios of peak shifting problems will be 

illustrated in Chapter 4. 

The scenario in Figure 2.14 (a) is that the two curves too close to each other. Figure 

2.14 (b) shows the scenario in which the difference of the amplitude of the two Gaussian 
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curves is too large. It is obvious that the position of the primary peak has been shifted to 

the right and the secondary peak disappears under both conditions. Since we measure the 

PTT as the delay between the R-peak of the ECG signal and the following primary peak of 

the PPG signal, the shifting of the primary peak will influence the accuracy of PTT 

measurement. 

 

(a) 

 

(b) 

Figure 2.14: Peak shifting phenomenon illustrated by the combination of two Gaussian 

curves 
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2.4.2.4    PPG Database 

The PPG signal used in this thesis is from the MIMIC II database. The MIMIC II database 

contains time series of clinical signals and vital signs obtained from hospital medical 

information systems. The signals in the MIMIC II database were multi-parameter 

recordings, which were obtained from both a bedside monitor and the medical records of 

the patient [136]. Clinical data was obtained from the CareVue Clinical Information 

System (models M2331A and M1215A; Philips Health-care, Andover, and MA), as well 

as from hospital electronic archives [137]. So the measurement instruments used to acquire 

the biomedical signals in this part is real clinical devices. The algorithm we proposed does 

not only work on some specified cases, but also for most of the clinical cases.  

The signals used for the simulations are selected from the clean portions of the 

patient’s record.  So the signals are clear enough for to detect the feature points. The tool 

used to extract the signals from the database is called PhysioBank ATM, which has several 

toolboxes, including plotting the waveforms of one specific signal, showing samples as 

text, and exporting signals as .mat [138]. 

2.4.2.5    PPG Peak Detection Algorithms 

Due to respiration, contact noise, motion artifacts, and the physiological variability of the 

PPG signal, the detection of the PPG peaks is difficult in practice [130]. Recently, some 

PPG peak detection algorithms were developed. An EMD-based signal processing method 

on correctly extracting the heartbeat was proposed in [139]. It was mentioned that the 

heartbeat information embedded in the PPG signal was one of the most important 

physiological observations in clinical and mobile health monitoring. The accuracy of the 

heartbeat detection was improved and the detection rate was 84.68%. Wavelet and 
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correlation methods were demonstrated to have the ability to determine the heart rate. The 

fuzzy logic discriminator was used to extract pulse peaks in the slope of the PPG signal 

[140].  

An automatic peak detection algorithm was designed in [141]. The first peak 

following each heartbeat was detected for pressure signals. The algorithm consisted of a 

filter bank, nonlinear filters, heart rate spectral estimation, and the decision logic. The 

importance of PPG detection was emphasized in [142]. The paper showed the diagnosis of 

twenty physiological and cardiovascular diseases based on PPG temporal analyses, which 

mainly relied on the PPG peak points.  

There is also some research that looked into the dictoric notch of the PPG signal. 

Dicrotic notch is a small downward deflection that separates the systolic and diastolic phase. 

The location of the dicrotic notch is used to calculate systolic time intervals and monitor 

cardiac function [143]. The dicrotic notch plays an important role in evaluating various 

diseases in the early stage.  

A parameter from PPG dicrotic notch, called relative amplitude of secondary peak 

(RAS), was used for the estimation of systolic blood pressure in [144]. The result showed 

that the bias underestimated could be largely reduced by introducing RAS. Hyun and his 

colleges proposed a method for blood pressure estimation using multiple-regression with 

pulse arrival time (PAT) and two other confounding factors: heart rate and the duration of 

the maximum derivation point to the maximum of the dicrotic notch in the PPG signal 

[145]. 

In this thesis, three secondary peak detection methods are proposed to accurately 

detect the peak locations of the PPG signal.  
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2.4.3    Eulerian Video Magnification 

Nowadays, both the speedy development of cell phone technology and the markets have 

driven the cost of cameras down. This essentially means that cameras could be used as a 

very inexpensive bio-sensor under well-designed algorithms. A novel method, called 

Eulerian video magnification (EVM), was proposed recently by Rubinstein and his 

colleagues [146]. The principle of EVM is to reveal the subtle changes, such as color or 

motion which are impossible to detect with the human eye, through the usage of cameras.  

2.4.3.1    Principle of EVM 

The Eulerian framework is designed for fluid flow analysis. The Eulerian video 

magnification method is similar to the Eulerian framework. It was developed to observe 

and manipulate temporal variations at specific spatial locations. Compared to Lagrangian 

approaches, the Eulerian approaches do not explicitly estimate motions. They calculate 

non-motion compensated frame differences to estimate subtle variations [147]. So EVM is 

able to not only magnify motion changes, but also to magnify color changes. 

The principle of the EVM is to visualize temporal variations that are impossible to see 

with the naked eye and re-render a video to display these variations. The input of the EVM 

is a standard video sequence. After applying spatial decomposition and temporal filtering to 

the frames, the filtered signal is then amplified to reveal the subtle changes, like the color 

changes on different locations caused by the pulse. With this method, not only can the heart 

rate be easily obtained, so can the moment when the flow of blood goes through certain 

spots of interest can be easily obtained. 

Figure 2.15 shows the framework of the EVM. The input video is first decomposed 

into different spatial frequency bands. These frequency bands may be differently magnified 
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according to their different signal-to-ratio values. Temporal processing is then applied on 

each frequency band. The frequency bands of interest are extracted by a band-pass filter. A 

factor α is chosen to magnify the extracted frequency bands. The selection of α is determined 

by specific application. The magnified signal is eventually added to the original video to re-

render the output. 

 

Figure 2.15: Framework of the Eulerian video magnification method 

 

2.4.3.2    Spatial Processing 

In the spatial processing part, the frames of the input video are decomposed to obtain a 

spatial pyramid. Spatial filtering can enhance the subtle changes in the signals if the used 

spatial filter used is large enough to reveal the signal of interest. The size of the spatial 

filter can be estimated through the spatial characteristics of the signal. The variance of the 

noise can be reduced by the spatial low-pass filtering according to the area of the low-pass 

filter. The estimated size of the spatial filter used to visualize the signal under certain noise 

can be described as [146]: 

𝑆(𝑟) =  𝜎′2 = 𝑘𝜎2/𝑟𝑙𝑝
2                                                  (2.8) 

where 𝑆(𝑟) represents the signal power over spatial frequencies. 𝜎′2 is the filtered noise 

power level. 𝑘 is a constant depending on the shape of the low-pass filter. 𝜎2 is the noise 

power estimated in a stable region and 𝑟𝑙𝑝 is the radius of the spatial low-pass filter. From 
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equation (2.8), it can be seen that the filtered noise power level is inversely proportional to 

the radius 𝑟𝑙𝑝, within which the signal power is greater than the noise. 

2.4.3.3    Temporal Processing 

After the pre-processing of the spatial filtering, the temporal processing is performed on 

each spatial band. Temporal filtering is used to extract the subtle changes to be amplified. 

The choice of the filter is determined case by case. A broader band-pass filter is more 

suitable for motion magnification while a narrow band-pass filter is mainly employed for 

color magnification [147].  If it is for heart rate detection, the selected frequencies of the 

band-pass filter could be within 0.8 Hz and 3 Hz. The temporal processing is uniform for 

all pyramid levels and for each pixel in each level.  

2.4.3.4    EVM Applications 

Although EVM is a new method and was first proposed in 2012, there have been some 

applications with EVM. The second EVM technique based on the observation of the phase 

variations corresponding to motion was developed in 2013 [148]. The phase-based 

technique has been demonstrated to have better de-noising performance than the linear 

technique. In [149] EVM was used for processing video sequences obtained from a 

standard video camera for pulse rate assessment. The results showed the requirement of a 

high quality camera for the usage of EVM. An enhanced EVM was proposed in [150]. A 

post-processing technique was introduced to EVM. The proposed processing was shown 

to be able to support larger amplification and was more independent of the frame noise. 

EVM was used to extract micro-expression on the face to detect the emotions of the 

subjects in [151]. EVM was applied to Histogram of Oriented Gradients (HOG) features 

and Back-propagation Neural Network. 
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In the current thesis, EVM is applied so that the periodic color changes caused by the 

blood pulse at different areas on the human skin become visible to the human eye. Due to 

the blood flow, human skin color changes slightly. The changes of the skin color provides 

useful information about human cardiovascular system [152]. But this color variation is 

below the detection capacity of the human visual system, which means the variation is 

invisible to the naked eye. By detecting the pulse arrival time at two different locations, 

PTT can be obtained. EVM is considered as an invasive and contact-free method to 

continuously measure the PTT, which triggers the interest in the development and 

commercialization of medical devices implementing the EVM method. 

 

2.5    Summary 

This chapter described the background of the arterial blood pressure measurement and the 

PTT technique. Two strategies were introduced for the PTT measurement. By defining the 

PTT as the time difference between the peak of the R-wave of the ECG signal and the 

primary peak of the following PPG signal in one pulse cycle, one strategy was to improve 

the accuracy of the PTT measurement through enhancing the ECG signal and the PPG 

signal. The other strategy was applying a video processing framework, namely Eulerian 

video magnification, to measure the PTT directly. Details on the two strategies will be 

explained in the following chapters, respectively. 
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Chapter    3 

 

ECG Enhancement using EMD-based Algorithm 

 

3.1    Introduction 

The morphologic analysis of electrocardiogram (ECG) signals is an important standard for 

the diagnosis of heart diseases and other pathological phenomena. The ECG signal, 

however, is always contaminated with different types of noise, especially when the sensor 

is worn by patients during their normal activities, where the muscle and motion artifact is 

the dominant noise.  

This chapter proposes a new ECG enhancement method, which is based on Ensemble 

Empirical Mode Decomposition (EEMD) and the adaptive filtering techniques, to 

eliminate the contact noise contained in ECG signals. The reference signal of the adaptive 

filter is produced by the selective reconstruction of the decomposition results of the EEMD 

method.  The performance of the proposed method is validated by using real data from the 

MIT-BIH database. Simulation results show that ECG signals from wearable monitoring 

sensors can be significantly enhanced by filtering out the contact noise while all the ECG 

features are kept. The EEMD-Adaptive (EEMDA) method exhibits obvious advantages 

over other similar ones in terms of de-noising. 
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3.2    Overview for EMD-based Algorithm and Adaptive Technique 

EMD is a technique to separate an arbitrarily given signal into a sum of intrinsic mode 

functions (IMFs). The IMFs act as a naturally derived set of elemental functions for the 

signal, so EMD could be regarded as an exploratory data analysis technique [153]. Actually, 

EMD and the Hilbert-Huang transform are the basic components of the “Hilbert Spectral 

Analysis” [117]. 

3.2.1    Instantaneous Frequency and IMFs 

Given an arbitrary time series ( )X t , its Hilbert transform ( )Y t  is as:  

                           
'

'

'

1 ( )
( )

X t
Y t P dt

t t






                                                   (3.1) 

where P stands for the Cauchy principal value. 

( )X t  and ( )Y t  form a complex conjugate pair, so we can have an analytic signal 

( )Z t  as:  

                              ( )( ) ( ) ( ) ( ) i tZ t X t iY t a t e                                               (3.2) 

where 2 2 1/2( ) [ ( ) ( )]a t X t Y t   and 
( )

( ) arctan( )
( )

Y t
t

X t
  . The instantaneous frequency is 

defined as: 

                                        ( ) /d t dt                                                         (3.3) 

Equation (3.3) shows that the instantaneous frequency is a single value function of 

time, so there is only one frequency value corresponding to each time point. The necessary 

conditions for us to define a meaningful instantaneous frequency are, that the functions are 

symmetric with respect to the local zero mean, and have the same numbers of zero 
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crossings and extrema [117]. So Huang proposes a class of functions designated as intrinsic 

mode functions.  

An IMF is defined as a function with an equal number of zero crossings and extrema, 

or differs at most by one; and the mean value of the envelope defined by all the local 

maxima and the local minima is zero. Each IMF represents an oscillatory mode of the 

signal. IMF distribution is very similar to a filter bank, but it is not band restricted, which 

is not same as the traditional filter bank. Comparing to the wavelet transform algorithm, 

the main feature of EMD-based method is that the decomposition is adaptively and is 

totally based on the signal pattern complexity. 

3.2.2    EMD Algorithm 

The decomposition process used in EMD is called the sifting algorithm.  The steps of the 

process are as follows: 

Step 1) Find all the local maxima and minima of the signal ( )x t ; 

Step 2)  Connect all the local maxima by a cubic spline curve as the upper envelope 

( )uppere t , and connect all the local minima by a cubic spline curve as the lower 

envelope ( )lowere t ; 

Step 3) Subtract the mean of the two envelopes 
1( ) [ ( ) ( )] / 2upper lowerm t e t e t   from 

the signal and get the first proto-IMF 1 1( ) ( ) ( )h t x t m t  ; 

Step 4)  Repeat the sifting process (1) to (3) on 1( )h t  until the resulting proto-IMF, 

which is named as IMF1 1( )c t , satisfies the IMF conditions. Some stopping criteria 

are used such as: 

2

1

20
1

| ( ) ( ) |

( )

T k k

t
k

h t h t
SD

h t







                                        (3.4) 
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The value of SD is usually set to 0.2-0.3. 

Step 5) Subtract the IMF1 from the original signal. The residual is 1 1( ) ( ) ( )r t x t c t  ; 

Step 6) Repeat step (1) to (5) to obtain other IMFs until the residual of step (5) is a 

constant, a monotonic slope, or a function with only one extremum. The last residual 

is the trend. 

The EMD of the original signal can be represented as: 

1
( ) ( ) ( )

N

n Nn
x t c t r t


                                               (3.5) 

3.2.3    EEMD Algorithm 

The principle of EEMD is to add white noise into the original signal with several trials. 

The added noise is different in each trial, and can be canceled out on an average, under the 

condition that the trial number is high enough. Then the ensemble result is the original 

signal as more and more trials are added [119]. Although the basic decomposition process 

of EEMD is the same with EMD, the improved ensemble process can reduce the mode-

mixing problem that exists in the EMD algorithm. The process steps for the EEMD 

algorithm are as follows: 

Step 1) Add white noise to the original signal to obtain 𝑥𝑖(𝑡) = 𝑥(𝑡) + 𝑛(𝑡); 

Step 2) Use the EMD algorithm to decompose 𝑥𝑖(𝑡); 

Step3) Repeat step (1) and (2) m times, until m reaches the given trial number. Add 

different white noise of the same power in each loop. The IMFs ( )ijc t  is the new 

IMFs, where i presents the iteration number and j is the IMF scale; 

Step 4) Calculate the mean of the final IMF: 

𝑐𝑗 =  ∑ 𝑐𝑖𝑗(𝑡)𝑚
𝑖=1                                                   (3.6) 
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3.2.4    Adaptive Filtering Technique and LMS 

The basic idea of the adaptive filtering technique was first introduced by Widrow. 

Depending on the resource of the reference input, an adaptive filter normally has two 

consitions [107]. The first condition is that the reference input is the noise correlated in 

some extent with the real noise contained in the original input signals. The other condition 

is that the reference input is a noise-free signal, which can be used to minimize the mean-

squared error (MSE) between the original signal and the reference input. Under both 

conditions, the essence of the adaptive filtering is the same: time-varying and self-adjusting. 

If the original input signal is x with noise n, the reference input noise is rn , the output 

of the adaptive filter is y, and the filter error is e, then the MSE can be calculated as: 

  2 2[ ] [( ) ]E e E s+n - y                                                     (3.7) 

As the pure signal and the noise are uncorrelated, the cross term 2𝐸[𝑠(𝑛 − 𝑦)] is zero. 

Therefore equation (3.7) can be simplified as: 

2 2 2[ ] [( ) ] [ ]E e E n - y E s                                                 (3.8) 

To obtain the best estimation of the pure signal is to minimize the MSE of the filter 

error, which is to minimize the MSE between the noise and the output of the adaptive filter. 

The most widely used adaptive algorithm is the least-mean-squares (LMS) algorithm. 

It is an iterative algorithm to minimize the MSE between the original signal and the 

reference input by adapting the filter coefficients. The general equation of LMS is as: 

𝐖𝑘+1 = 𝐖𝑘 + 2𝜃𝑒𝑘𝐍𝑟𝑘                                                 (3.9) 

T

k k rky W N                                                           (3.10) 

k k k ke s n y                                                         (3.11) 
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where kW  is the vector of filter coefficients and rkN  is the reference input vector. θ is the 

step size which controls the balance between the convergence rate and the system stability. 

3.2.5    EEMD-Adaptive Algorithm 

There are two ways to improve the performance of the adaptive filtering in ECG 

enhancement. One is to modify the adaptive filtering algorithms or structures, such as the 

sign LMS algorithm, the normalized LMS algorithm, the error normalized LMS algorithm, 

and the cascade adaptive filtering structure. The other way is to find an efficient and easy 

method to obtain more useful and precise reference input for the adaptive filter, as 

mentioned in references [111], [127], and [128]. As for the advantages of EEMD method 

in analyzing nonlinear and non-stationary signals and the adaptive filtering technique in 

dealing with time-varying signals, we combined these two algorithms together to enhance 

noisy ECG signals without bringing distortion to the original signals. The diagram of the 

EEMDA method is shown in Figure 3.1. 

EEMD

Adaptive Filter

Noisy ECG signal s+n

Reference input nr

+
-

Output e

y

 

Figure 3.1: The scheme of EEMDA algorithm 

 

The reference input in Figure 3.1 is obtained from the selective reconstruction of the 

EEMD output. The details of the reconstruction processing are described in the following 

section. 
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3.3    Signal Enhancement 

3.3.1 ECG Signal and Noise Signal 

The ECG signal used in this study is from the Arrhythmia ECG Database in the MIT-BIH 

Database [102]. Each record was digitized at 360 Hz with 11-bit resolution. Five records 

are chosen, each record containing 30-minute duration. 

Clean ECG signal 

 

Noisy signal with SNR value of 10 dB 

 

Muscle artifacts noise 

 

Motion artifacts noise 

 

Figure 3.2: The original ECG signal and noise used in this chapter 
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ECG signals usually contain two types of noise, Gaussian white noise and contact 

noise. Gaussian noise is used as a test experiment, and is generated by MATLAB. Gaussian 

noise is added to the clean ECG signal with the signal-to-noise ratio (SNR) of 10 dB. The 

other kind of noise is the real noise from the MIT-BIH Noise Stress Test Database.  Two 

noise records are taken, the muscle artifacts, which is recorded as “ma”, and the electrode 

motion artifact, which is recorded as “em”. In order to compare with the previous work, 

we combine the muscle and motion artifacts together with the same contribution to corrupt 

the clean ECG signal. So the total noise is 1 2( ) ( ) ( )ma emn t k n t k n t   [105]. 

Take the first lead of record 103 as an example, Figure 3.2 showing the segment of 

the clean ECG signal, the ECG signal contaminated by Gaussian white noise with an SNR 

value of 10 dB, and the contact noise. 

3.3.2 Decomposition Performance of EMD and EEMD 

One major drawback of the original EMD is the frequency appearance of mode mixing, 

which is defined as a one IMF consisting of signals of widely disparate scales, or a signal 

of a similar scale residing in different IMF components. Mode mixing is a consequence of 

signal intermittency [124]. In order to demonstrate that EEMD has the ability to reduce the 

mode-mixing impact exists in EMD, the decomposition performance and the 

corresponding IMF spectra of the two methods are shown in Figure 3.3 and Figure 3.4, 

respectively. 

 

 

 

 



56 
 

EMD of the noisy ECG signal 

 

 

 

EEMD of the noisy ECG signal 

 

 

Figure 3.3: IMF distribution of EMD and EEMD for the noisy ECG signal. The noisy 

ECG signal is contaminated by Gaussian noise with the SNR value of 10 dB 
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Single-Sided Power Spectra of the IMFs of EMD 

 

Single-Sided Power Spectra of the IMFs of EEMD 

 

Figure 3.4: The power spectra of corresponding IMFs for the noisy ECG signal with 10 dB 

Gaussian noise 
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From Figure 3.4, we can see that the high-frequency components are contained in the 

lower IMF scales, the low-frequency components are contained in the upper IMF scales, 

and the IMFs of EEMD are more concentrated and band limited. The power spectra can 

elaborate it much clearer that EEMD has better performance. There is an obvious spectrum 

overlapping between the IMF components of EMD at almost each scale, while the IMFs 

of EEMD are localizing in different ranges of frequency at each scale. 

3.3.3 Delineation of the QRS Complex 

In order to delineate the QRS complex, the low IMF scales are considered, because the 

QRS complex spreads over the lower-order IMFs based on the principle of the 

decomposition of the EMD/EEMD algorithm. In other words, although the lower-order 

IMFs correspond to some high-frequency noise, we cannot just remove them simply and 

reconstruct the original signal by summing up the remaining IMFs without the first several 

IMFs. 

It is mentioned that the first several IMFs can be jointly used to delineate the QRS 

complex [56]. Only the EMD method is used in this part. In order to demonstrate the 

advantage of EEMD, we compare the delineation of the QRA complex in the EMD domain 

and the EEMD domain by adding the first four IMFs as shown in Figure 3.5 and Figure 

3.6, respectively. 

 

Figure 3.5: Delineation of the QRS complex in the EMD domain 
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Figure 3.6: Delineation of the QRS complex in the EEMD domain 

 

With the summation of the same number of IMFs, the EEMD algorithm has a better 

performance in terms of detecting the QRS complex, and the low IMF scales of EEMD 

contain more important QRS complex information. 

After the summation of the first four IMFs is obtained, it still needs to identify the 

fiducial points and the boundary lines of the QRS complex to separate the QRS complex. 

The fiducial points can be determined by the curve of the signal or the annotation from the 

database.  

For ECG signals contaminated by the contact noise, the method used to detect the 

two closest zero-crossing points described in [105] is no longer effective, because the 

contact noise contains some low-frequency noise or baseline wandering that changes the 

baseline of the ECG signal, and some segments of the signal may not cross the axis 

anymore. In this study, we develop a new method described as follows to detect the QRS 

complex. The steps are as follows: 

Step 1) Identify the fiducial points of the noisy signal, which are the peaks of the 

signal; 
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Step 2) Apply EEMD to the noisy signal, and sum up the first four IMFs to obtain 

s(t); 

Step 3) Calculate the derivative of s (t) and detect the difference of the sign of the 

nearest derivative on the both sides of the fiducial points. The two points when the 

sign changes twice are identified as the boundary lines of the QRS complex. 

A segment of the detection result is shown in Figure 3.7. The QRS complex can be 

separated accurately from the noisy signal. 

 

Figure 3.7: The boundary lines of the QRS complex. The yellow lines are the boundary 

lines. The noisy signal is the clean ECG signal contaminated by the contact noise with the 

SNR value of 10 dB 

 

3.3.4 Preservation of the QRS Complex 

After the boundary lines of the QRS complex are known, windowing is used to preserve 

the QRS complex components exist in the first several IMFs. As said in [105], the 

requirements of the used window are flat out during the QRS complex segment, reduce 

gradually to zero, and its function should adjust the size according to the spreads of the 

QRS complex. We use Kaiser Window, because compared with the other windows, it has 

narrower main lobe and lower ripples, and it can be described as: 
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                              (3.12) 

where 0I  is the 0th-order modified Bessel function of the first kind.   determines the 

shape of the window. M is the length of the window, which depends on the spreads of the 

QRS complex. 

 

Figure 3.8: The first two IMFs after windowing 

 

The first two IMFs of the Gaussian noisy signal are shown in Figure 3.8. The QRS 

complex components can be preserved and separated from the noisy signal. 

During the preservation of the QRS complex, one more factor should be considered, 

that is the number of the noise-dominated IMFs. A statistical test named t-test is used in 

[105] and [154]. 

3.3.5 Elimination of Low-frequency Noise 

The higher orders of IMFs contain the low-frequency components of the noise. The residue 

of the decomposition process should be also regarded as the last IMF, but it does 
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correspond to the low-frequency noise, because it does not have multiple extrema and zero-

crossings. Although the last several IMFs have significant noise components, the removal 

of the last several IMFs will cause serious distortion. There is also some important 

information about the original clean signal spreading over the last several IMFs. We use a 

series of high-pass filter ( )ih t  to eliminate the low-frequency noise.   

3.3.6 Partial Reconstruction 

Both low-frequency and high-frequency noise is considered in this study. Based on the 

elaboration above, the equation used to partially reconstruct the ECG signal can be written 

as: 

 

(3.13) 

There are five parts in the reconstructed signal �̃�(𝑡). The first part is the windowed 

IMFs for delineating the QRS complex. H and L are the number of IMFs which contributes 

primarily to the high-frequency noise and low-frequency noise, respectively.  ( )iw t  in the 

second part is the conjunction of  ( )iw t . The third part is the remaining order of IMFs. The 

following part is the filtered IMFs that contain low-frequency noise and the last item is the 

residue. 

3.3.7 Reference Input of the Adaptive Filter 

As for the input signals of the adaptive filter, the more convenient and easier way to obtain 

the reference signal is from the original noisy signal itself, because no more signal 

generator or extra leads are needed. In the meantime, the complexity of hardware and 

software can be reduced. 
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The EEMD method could separate the original signal into a series of IMFs, which 

are distributing from local high frequency to local low frequency, as filter banks, but not 

band restricted. The decomposition processing is adaptive and is totally based on the 

pattern of the original signal. The contact noise can be selectively reconstructed by certain 

number of IMFs and the reconstructed signal can be used as the reference input of the 

adaptive filter. The reference input obtained from signal reconstruction after EEMD for the 

noisy signal with Gaussian white noise, muscle artifacts, and motion artifacts are shown in 

Figure 3.9, Figure 3.10, and Figure 3.11, respectively. All the SNR values of the noisy 

signals are 10dB. 

 

Figure 3.9: The noisy signal, pure Gaussian noise, and the reconstructed signal as the 

reference input of the adaptive filter 

 

Figure 3.10: The noisy signal, pure muscle artifacts, and the reconstructed signal as the 

reference input of the adaptive filter 
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Figure 3.11: The noisy signal, pure motion artifacts, and the reconstructed signal as the 

reference input of the adaptive filter 

 

The correlation coefficients between each type of reference input signal and the pure 

noise are 0.92, 0.85, and 0.85, respectively. The values of the correlation coefficients are 

all above 0.8, which means that correlation is very high. 

After obtaining the reference input, the LMS algorithm is used to adaptively update 

the coefficients of the adaptive filter to minimize the MSE of the output of the whole system. 

Once the minimum MSE value is achieved, the output is the enhanced ECG signal. 

 

3.4    Experimental Results 

Two sets of experiments were performed in this study. The first one was to use the Gaussian 

white noise as a test experiment. Record 103 is used as an example to evaluate the 

performance of our proposed EEMDA algorithm. The other experiment was to add muscle 

artifacts and motion artifacts into the clean ECG signal. Five records with three different 

SNR values are carried out, and the results are compared with the previous work. 

The quantitative evaluation criteria used are signal-error-ratio (SER) and the 

displacement between the clean ECG signal and the reconstructed signal. By using the 
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displacement, we can see the differences step by step, rather than the global difference, 

which may conceal some of the bad de-noising points. The equation of SER is: 

                                   (3.14) 

where x(t) is the original signal and �̃�(𝑡) is the reconstructed signal. 

 

 (a) 

 

(b) 

Figure 3.12: The denoising results of the Gaussian noisy signal with SNR value of 10 dB 

 

The clean ECG signal and the Gaussian noisy signal are shown in Figure 3.2. By 

using the EEMDA method, the result of the ECG de-noising for Gaussian noise is shown 

in Figure 3.12. 

In Figure 3.12 (a), the red dashed graph stands for the clean ECG signal, and the blue 

solid graph stands for the reconstructed signal. In Figure 3.12 (b), the red line is the 

displacement. The maximum value of the displacement is 34.73 mV, and the minimum 

value is 5×10-4mV. The SER for the reconstructed signal is 18.93 dB. In Blanco-Velasco’s 

work, the SER is 18.85 dB. The advantage of the proposed EEMDA method is not 



66 
 

significant from the results of this experiment, but the superiority of the developed EEMD 

will be shown clearly in the next experiments for which the ECG signal is corrupted by 

real contact noise. 

 

(a) 

  

(b) 

Figure 3.13: The EEMDA method de-noising results of the contact noisy signal with 

SNR value of 10 dB 

 

In order to compare the de-noising performance to previous work, long-term 

experiments were carried out. Records 100, 103, 105, 119, and 213 were used, and three 

different values of SNR were taken. Taking record 103 as an example, the reconstructed 

results and the displacement by using EEMDA method are shown in Figure 3.13. 

Figure 3.13 (a) shows the comparison between the reconstructed signal (blue graph) 

and the original signal (red graph). We can see that the dominating components of the noise 

have been eliminated. Figure 3.13 (b) shows the displacement of the results with the 

maximum value of 43.00 mV and the minimum value of 6.5×10-3 mV, respectively. 
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The results of applying the EEMDA method in this chapter are mainly compared with 

the results achieved by Blanco-Velasco [105] who studied the ECG de-noising problem by 

using EMD and compared the results with the Butterworth low-pass filtering and the 

wavelet-based method. The comparisons are presented in Table 3.1. Due to the usage of 

the adaptive filtering, the performance of the EEMDA method is better than the 

performance of the EMD method. 

 

Table 3.1: The comparison of the de-noised results of the EEMDA method and the 

EMD-based method for the first 46000 samples of selected records 

 

 

 

 

 

 

 

 

Taking record 103 with contact noise as an example, the reconstructed results and the 

displacement by using EEMDA method are shown in Figure 3.14. The value of the step 

size was 0.1 and the filter order used was 25. 

In Figure 3.14, the blue graph is the filtered signal and the red graph is the noisy 

signal. The value of SER is 14.97, and the maximum and minimum displacement is 44.01 

mV and 6×10-4 mV, respectively. The results demonstrate that the EEMDA method has a 

Record 
SNR = 6 dB SNR = 10 dB SNR = 14 dB 

SEREEMDA SEREMD SEREEMDA SEREMD SEREEMDA SEREMD 

100 11.57 11.40 15.53 13.95 17.39 16.75 

103 11.38 9.85 14.65 12.90 18.57 15.70 

105 12.70 9.62 15.96 11.94 18.68 14.54 

119 15.49 11.45 20.68 14.71 22.02 17.29 

213 9.15 8.87 15.24 11.89 17.99 14.74 
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good performance in reducing the contact noise in ECG signals and the characteristics of 

ECG signals is kept after the de-noising processing. 

 

 

(a) 

  

(b) 

Figure 3.14: The EEMDA method de-noising results of the contact noisy signal 

with SNR value of 10 dB 

 

To better show the performance of the proposed EEMDA algorithm, an interface was 

designed by MATLAB Graphic User Interface (GUI), shown in Figure 3.15. The functions 

of the interface included importing original ECG signals from the MIT-BIH database, 

plotting the original and noisy data in time and frequency domain, adding Gaussian noise 

to the original ECG signal with adjustable SNR, applying the EEMD and plotting the 

single-sided power spectrum of each IMF, applying the EEMDA algorithm and displaying 

the de-noised ECG signal, giving the SER value and saving the results. The “Zoom In” and 

“Zoom Out” buttons were designed for observing a specific area on each plot.  
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Figure 3.15: Interface designed by MATLAB GUI 

 

3.5    Summary and Conclusion 

This chapter presented a novel signal enhancement method based on EEMD and adaptive 

filtering to remove noise from corrupted ECG signals while keeping all the ECG features. 

Two types of noise were considered: the Gaussian white noise and the contact noise. The 

new EEMDA method, even by using the basic LMS algorithm, had better performance 

than the EMD and EEMD method. Another advantage of the developed EEMDA method 

was that its de-noising processing was less complicated because the delineation and 

reservation of the QRS complex, the t-test to confirm the number of IMFs that were 

dominated by noise were not required to be taken into consideration. Experiments on real 

ECG signals corrupted by noise showed that the developed method can enhance the ECG 

signal significantly.  
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Moreover, the EMD-based sub-band adaptive filtering structure was proposed. This 

structure was assessed for the application of acoustic echo cancellation. Appendix A 

presents the results associated with the use of the EMD-based sub-band adaptive filtering 

structure in acoustic echo cancellation. The basic principle of the structure was to separate 

the far-end speech signal and the microphone output signal into different sub-band based 

on the power spectral density of the signal itself. The simulation results had shown the 

efficiency of the proposed structure and proved that the EMD-based algorithm could be 

applied to solve echo cancellation problems, and the EEMD and NEMD algorithms out-

performed the EMD algorithm. 
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Chapter    4 

 

PPG Signal Description, Modeling, and Peak Detection 

 

As indicated in chapter 3, it is possible to estimate the arterial blood pressure from the pulse 

transit time (PTT). One possible method of estimating the PTT is to calculate the delay 

between the peak of the photoplethysmograph (PPG) signal from a finger and the R-peak 

of the electrocardiogram (ECG) signal. However, noise on the PPG and ECG signals leads 

to inaccuracies in estimating these peaks. The objective of this chapter is to propose 

approaches to accurately detect the peak locations of the PPG signal. 

Figure 4.1 illustrates the characteristic parameters employed for blood pressure 

estimation. The red curve, blue curve, and green curve represent the blood pressure, finger 

PPG signal, and ECG signal, respectively. The R-peak index is determined by locating the 

local maxima of each ECG cycle. The systolic blood pressure (SBP) is calculated based on 

the maximum points of the blood pressure. The diastolic blood pressure (DBP) is calculated 

based on the minimum points of the blood pressure. The dicrotic notch of the PPG signal 

is visible in Figure 4.1. But not all the dicrotic notch of the PPG signal is visible from the 

MIMICII database. 
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Figure 4.1: Characteristic parameters and PTT determined from one set of synchronous 

ECG and finger PPG signals used for blood pressure estimation 

 

4.1    PPG Signal Description 

It has been widely demonstrated in the literature that the PPG signal can be used to monitor 

many physiological parameters, such as blood oxygen saturation (SaO2), arterial blood 

pressure, respiration, heart rate (HR), and cardiac output (CO) [130]. PPG signal has also 

been utilized as a noninvasive method in vascular assessment and autonomic function 

assessment, such as arterial stiffness, aging, thermoregulation, blood pressure, and heart 

rate variability [130]. The full understanding of the hidden physiological information in the 

PPG signal is still a hot topic [165]. 
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4.1.1    Ideal PPG Signal Waveform 

The PPG signal usually has a primary peak and may show additional secondary peaks. 

Figure 4.2 shows an ideal PPG signal.  Generally, the PPG signal can be regarded as 

containing two phases: the anacrotic phase and the catacrotic phase. The anacrotic phase is 

mainly concerned with systole, while the catacrotic phase is about the diastole and the wave 

reflections from the periphery [166]. Figure 4.2 also illustrates some of the characteristic 

parameters of the PPG signal in one cycle. The primary peak is the location of the 

maximum value of the PPG signal. The secondary peak is the location of the second peak.  

The dicrotic notch is the valley between the primary peak and the secondary peak.  A1 is 

the amplitude of the primary peak and A2 is the amplitude of the secondary peak. T1 is the 

crest time.  T2 is the secondary wave time, and T3 is the pulse duration.  

 

 

Figure 4.2: Ideal PPG signal and its characteristic parameters 
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4.1.2    Clinical PPG Signal and Challenges 

The dicrotic notch of the PPG signal is usually visible only in the catacrotic phase of 

subjects with a healthy cardiovascular status [167]. Sometimes the secondary peak is 

embedded in the whole PPG signal, especially when the subjects are old people or people 

with cardiovascular disease. Figure 4.3 is an example of the clinical PPG signal with a 

negligible dicrotic notch. To distinguish the peak in Figure 4.3 from the primary peak 

shown in Figure 4.2, this only peak of the clinical PPG signal is defined as main peak.  

 

Figure 4.3: Clinical PPG signal without visible dicrotic notch 

 

As the disappearance of the dicrotic notch, the location and the amplitude of the 

maximum value of the PPG signal will be changed from the primary peak to the main peak. 

This effect will result in the disappearance of certain characteristic parameters of the PPG 

signals and lead to inaccurate measurement of PTT. As a result, the correlation between 

the blood pressure and the PTT can be affected [167]. To overcome the above problems, 

the detection of the primary peak of the PPG signal has become an essential procedure to 
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improve the accuracy of the measurement of PTT. The detection of the primary peak is 

also the detection of the secondary peak and the dicrotic notch. 

 

4.2    PPG Signal Modeling 

Generally speaking, instead of providing a methodology for modeling the PPG signal, 

former researchers mainly focus on analyzing the PPG signal [168]. A nonlinear signal 

model was proposed to analyze and handle the nonlinearity of the PPG signals in [169]. 

Three different sinusoidal source signals were applied to reproduce the primary harmonic, 

the second harmonic, as well as the respiratory and other spectra. The performance of the 

nonlinear model was evaluated on the subjects of smoking, drinking, and taking physical 

exercise. As the nonlinearity of the PPG signal got stronger, the reproduction ability of the 

model became weaker. 

In [170] selected parametric models were developed to fit the PPG signal. The high 

frequency components of the PPG signal were selected, since they contained valuable 

information about the arterial blood pressure. Two points, the left and the right index 

fingers, were simultaneously measured. Four linear parametric models, Auto-Regressive 

with eXogenous input (ARX), Auto-Regressive Moving Average with eXogenous input 

(ARMAX), Output Error (OE), and Box-Jenkins (BJ) were proposed. The performance of 

four linear parametric models with different polynomial values was compared. Due to the 

linearity limitation, the four models were not suitable when the period of the PPG signal 

was long. 

Given the nature of the PPG signal, Gaussian curves were employed to model the 

PPG signal in [168][171][172]. Regarding the PPG signal was formed by a forward wave 
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and a backward wave, a model consisting of two Gaussian curves was used and a linear 

local trend was considered for a better fit. In mathematical view, each PPG cycle could be 

summarized by a parameter vector containing ten variables. Since the PPG signal is patient-

specific, statistical atlases were also constructed in [171]. 

Traditionally, the contour of the PPG signal is described as a combination of four 

waves, including one primary wave and three reflected waves [171][172]. After dividing 

the PPG signal into two phases, the systolic phase (anacrotic phase) and the diastolic phase 

(catacrotic phase), each phase of the signal was fitted by the summation of two Gaussian 

curves. That is to say, four Gaussian curves in total were used to model the PPG signal.  

4.2.1    Gaussian Curves Modeling 

In this part, we applied two types of models: the two-Gaussian-curve model and the four-

Gaussian-curve model. After setting the initial values of the coefficients of the Gaussian 

curves, the fitted model was determined by the combination of two methods: the nonlinear 

least squares algorithm and the “Trust-Region” fitting algorithm. The equation used for 

describing the fitted model is as follows: 
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                                       (4.1) 

where Aj is the amplitude, µj is the center of the fitted curve, and σj is the width of the jth 

Gaussian curve. x is the PPG signal sample. The relative sum of the least squares is set at 

1×e-6. When applying the two-Gaussian-curve modeling, n is equal to 2. And when using 

the four-Gaussian-curve modeling, n is set to 4. 

Figure 4.4 and Figure 4.5 are examples showing the performance of the two-

Gaussian-curve model and the four-Gaussian-curve model, respectively. In both figures, 
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the black curve is the original PPG signal. The red star curve stands for the fitted curve. In 

Figure 4.4, the blue and green curves represent the two modeling Gaussian curves, 

respectively. In Figure 4.5, the four Gaussian curves are represented by the blue, green, red, 

and cyan curves, respectively. The absolute differences between the original PPG and the 

fitted curves are 0.03V and 0.007V for two-Gaussian-curve modeling and four-Gaussian-

curve modeling, respectively. 

 

Figure 4.4: Two-Gaussian-curve model for PPG signal 

 

Figure 4.5: Four-Gaussian-curve model for PPG signal 
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Figure 4.6 is the boxplot showing the comparison of the absolute differences between 

the original PPG signal and the two proposed models. It is obvious that the four-Gaussian-

curve modeling has absolute advantage in fitting the original PPG signal with much smaller 

absolute difference value. The possibility of using the four-Gaussian-curve model to 

localize the primary peak will be discussed in section 4.7. 

 

Figure 4.6: Absolute differences between the original PPG signal and the fitted curves by 

using two-Gaussian-curve modeling and four-Gaussian-curve modeling 

 

4.3    Signal Processing Methodology 

The primary peak of the PPG signal happens when blood is pumped from the heart and the 

secondary peak of the PPG signal is caused by the reflection of the blood in the vessel. 

When the reflection is not strong enough, the secondary peak will be buried and the dicrotic 

notch will become unobservable. The three method types to reveal the secondary peak of 

the PPG signal proposed in this chapter are: symmetrical curve fitting method (SCF), 

Gaussian curve fitting method (GCF), and adaptive curve fitting method (ACF). 
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As mentioned in paper [24], the processing procedure of PPG peak detection involves 

several steps and can be described as follows: 

Step 1) Select the relatively clean and complete signal segments that have the blood 

pressure in the designated range. The selected PPG records are regarded as the 

original PPG signals.  

Step 2) De-noise the extracted signal segments.  

Step 3) If the dicrotic notch of the original PPG signal is obvious, continue to step 4. 

If there is only one visible main peak of the PPG signal, apply secondary peak 

detection methods on the original PPG signal to visualize the secondary peak and 

relocate the primary peak of the PPG signal. The processed PPG signal is defined as 

the adjusted PPG signal. The procedure of the three different detection methods will 

be described in the following part.  

Step 4) Detect the peaks of R-wave of the ECG signal and the peaks of the original 

PPG signal.  

Step 5) Detect the maximum and minimum extremes of the blood pressure signal.  

Step 6) Determine the delay between each corresponding R-peak and the adjusted 

PPG peak, which is the adjusted PTT. 

Step 7) Calculate the correlation between the SBP and the adjusted PTT for each 

record and draw the linear, the quadric, and the cubic regression curves. 

Step 8) Compare the fitted regression curves and select the best one for future blood 

pressure estimation. 
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4.3.1    Symmetrical Curve Fitting Method 

The principle of the symmetrical curve fitting method is to take the upstroke of the primary 

peak as the reference and reserve the primary peak of the original PPG signa. Then observe 

the secondary peak. The steps of the symmetrical curve fitting method are as follows: 

Step 1) The upstroke side of the main peak of the original PPG signal mainly depends 

on the heartbeat. Select this part of the original PPG signal firstly as the reference r. 

Step 2) Find the axial symmetry of the reference r curve regarded as r_sym. Integrate 

r and r_sym together to form the first peak signal noted as p1, which is the primary 

peak. Pad p1 to the same length as the original PPG signal. 

Step 3) Subtract the padded p1 from the original PPG signal and obtain the residue 

p2, which is the secondary peak of the PPG signal. 

 

Figure 4.7: Illustration of the symmetrical curve fitting method 
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Figure 4.7 illustrates the procedure steps of the SCF method. The blue circle curve 

represents the reference curve r. The red asterisk line is the axial symmetry of r. The black 

dash and the pink triangular line stand for the primary peak p1 and the secondary peak p2, 

respectively. 

The position of the primary peak of the adjusted PPG signal is the same as the main 

peak of the original PPG signal. Since the SCF method is the first method we proposed to 

detect the secondary peak, the effect of the dicrotic notch to the PTT has not been 

considered. The simulation results in section 4.5 will show the improvement of the 

correlation between the blood pressure and the adjusted PTT with the concern of the peak 

shifting. This indicates the importance of the visibility of the secondary peak of the PPG 

signal in the blood pressure estimation. 

4.3.2    Gaussian Curve Fitting Method 

GCF method is another way to separate the secondary peak from the original PPG signal. 

Suppose the baseline of the fitting curve is at 0g  and the curve is not tilted. The Gaussian 

equation used only involves three parameters: the amplitude A, the mean 𝜇 , and the 

standard deviation 𝜎 [33]. The equation is normally expressed as: 

                                             
22)(

0 2/  xAegG                                            (4.2) 

One of the most important steps in applying GCF is to find the three parameters A, 𝜇, 

and 𝜎 of the Gaussian curve that can best fit the upstroke side of the original PPG signal. 

𝜇 is the center of the fitted curve and  𝜎 controls the width of the curve. 

The procedure of the GCF method is as follows: 
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Step 1) Obtain the original PPG signal from the MIMICII database and look into the 

shape of the signal. If no dicrotic notch can be detected, GCF method needs to be 

employed. 

Step 2) Calculate the second derivative of the original PPG signal, plot it, and observe 

the zero crossing points of the second derivative curve.  

Step 3) Assume the zero crossing points around the main peak of the original PPG 

signal are 
1x   and 

2x , as shown in Figure 4.8. The position and the standard deviation 

of the fitted Gaussian curve can be estimated by using the following equations: 

2/)( 21 xx   and 2/|| 21 xx  . The amplitude of the Gaussian curve A is 

calibrated by the amplitude of the main wave of the original PPG signal. 

Step 4) Subtract the Gaussian curve from the original PPG signal and get the 

secondary peak. 

 

Figure 4.8: Second derivative of the original PPG signal and the zero-crossing points 

 

Basically, the principle of the GCF method is to find the Gaussian curve that best fits 

the upstroke side of the original PPG signal. By finding the best fitted Gaussian curve, it 

means to locate the mean and the standard deviation of the fitted curve. Instead of using 

exhaustion method from observation, we decide to use the zero-crossing points of the 

second derivative curve to reduce the search range and the calculation complexity.  

Sample Number 
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4.3.3    Adaptive Curve Fitting Method 

Based on the performance of the SCF method and the GCF method, an adaptive Gaussian 

curve fitting method is designed to detect the secondary peak from the original PPG signal. 

The fitting curve of the ACF method is a Gaussian curve and the procedure of the adaptive 

method is as follows: 

Step 1) Obtain the original PPG signal and look into the shape of the signal. If no 

dicrotic notch can be detected, adaptive Gaussian curve fitting method needs to be 

employed. 

Step 2) Adapt the mean and the standard deviation values based on the position of the 

main peak and the shape of the upstroke of the main peak. 

Step 3) Adjust the amplitude of the fitting curve A according to the amplitude of the 

main peak of the original PPG signal. 

Step 4) Subtract the fitted curve from the original PPG signal to get the secondary 

peak of the adjusted PPG signal. 

4.3.4    Correlation 

In order to evaluate the strength and the direction of the relationship between the arterial 

blood pressure and the adjusted PTT signal, the correlation r and 2R are applied. The 

adjusted PTT is decreasing with the increasing of the blood pressure. The formula to 

calculate the correlation r between the arterial blood pressure and the adjusted PTT is as 

follows: 
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where x and y represent the arterial blood pressure data points and the adjusted PTT data 

points, respectively. n is the length of the data points and the value of r supposed to be in 

the range from 0 to 1. When r is greater than 0.8, it can be determined that the two sets of 

data points have strong correlation [79].  

The correlation r is only suitable for linear regression, while 2R can be used to 

evaluate both linear and nonlinear regression. 2R provides information about the goodness 

of the regression curve in fitting the model [79]. 

 

4.4    The Procedure of Secondary Peak Detection  

The simulations of this chapter are taken on one hundred patients, sixty-five being male 

and thirty-five female, aging from 60 to 80 years. The data points of the physiological 

signals are extracted from the MIMIC II database. The synchronism of the arterial blood 

pressure signal, ECG signal, and finger PPG signal for each record are guaranteed. Each 

record consists of around ten segments. Each segment lasts ten seconds and has an average 

of ten cycles. By obtaining the signals in this way, the range of the SBP and DBP for each 

patient can cover from 80 mmHg to 150 mmHg and 60mmHg to 110 mmHg, respectively. 

The ECG signals are recorded at 125 sampling frequency and with 8 to 12-bit resolution 

[136]. 

4.4.1    Secondary Peak Detection 

Three types of secondary peak detection methods are proposed in this chapter: SCF, GCF, 

and ACF methods. One patient (No. 3302803 in MIMIC II database) without visible 

secondary peak of the original PPG signal is chosen to show the detection procedure of the 

three methods. 
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Figure 4.9 illustrates the peak detection procedure of the SCF method. The blue curve, 

red curve, and green curve represent the original PPG, the fitting curve, and the secondary 

peak detected from the original PPG signal, respectively. The SCF method is the first 

method we tested for visualizing the secondary peak. The peak shifting phenomenon is not 

considered, so the position of the primary peak of the fitting curve is the same as the main 

peak of the original signal. 

 

Figure 4.9: Secondary peak detection procedure of SCF method 

 

In Figure 4.10, the GCF method is employed to detect the secondary peak of the 

original PPG signal. The second figure describes the second derivative of the original PPG 

signal with the zero-crossing points of the second derivative curve. The zero-crossing 

points are used to calculate the position and the standard deviation of the Gaussian fitting 

curve. Applying the value of 
1x  and 

2x  obtained from the second plot, the Gaussian fitting 
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curve is determined as the red curve shown in the third plot. The secondary peak of the 

PPG signal is shown in the fourth plot. We can see that there is a concave segment in the 

secondary peak due to the amplitude difference between the original PPG signal and the 

Gaussian fitting curve. 

 

Figure 4.10: Secondary peak detection procedure of GCF method 

 

Based on SCF and GCF, the ACF method is developed for the secondary peak 

detection. In Figure 4.11, the original PPG signal and the adaptive fitting curve are shown 

in the first plot. The value of the mean and the standard deviation of the fitting curve are 

adapted to fit the position and the upstroke side of the main peak. The peak shifting problem 

is clearly displayed as the location of the peak of the fitting curve is different with the 

location of the peak of the original PPG signal. 
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Figure 4.11: Secondary peak detection procedure of adaptive curve fitting method 

 

4.5    Detection Ability Demonstration of Proposed Methods 

4.5.1    Different Scenarios 

To illustrate the peak shifting phenomena, three different scenarios are set up. One is two 

Gaussian curves with the same standard deviation and amplitude but different mean. One 

is two Gaussian curves with the same standard deviation but different mean and amplitude. 

One is two Gaussian curves with different standard deviation, mean, and amplitude.  
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(a)  Distance of 37 steps                 (b) Distance of 32 steps 

  
(c)  Distance of 27 steps                 (d) Distance of 22 steps 

    
(e)  Distance of 17 steps                 (f) Distance of 12 steps 

  
(g)  Distance of 7 steps                 (h) Distance of 2 steps 

Figure 4.12: Two Gaussian curves with same standard deviation and amplitude but 

different mean 
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Figure 4.12 shows the demonstration of two Gaussian curves with the same standard 

deviation and amplitude but different mean merging together, causing the disappearance 

of the secondary peak. The range of the mean difference is from 2 to 40 sample numbers 

or steps. 

From Fig. 4. 12 (a) to (h), it can be seen that when the two Gaussian curves get closer, 

the primary peak and the secondary peak start merging into one main peak with greater 

amplitude. This is getting more and more obvious when the mean difference is less than 17 

steps with fixed standard deviation. 

Figure 4.13 is the scenario when the two original Gaussian curves are with the same 

standard deviation but different mean and amplitude.  

Figures in Figure 4.13 (a) to (h) display another scenario of peak shifting problem. 

With fixed standard deviation, when the distance of the two Gaussian curves in this 

scenario is less than 22 steps, the two peaks merge into one. And it can be seen that the 

location of the primary peak is changed. 

The third scenario is when the two original Gaussian curves are with different 

standard deviation, different mean, and different amplitude. The examples are shown in 

Figure 4.14. 
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(a)  Distance of 37 steps                 (b) Distance of 32 steps 

 

(c)  Distance of 27 steps                 (d) Distance of 22 steps 

 
(e)  Distance of 17 steps                 (f) Distance of 12 steps 

 

(g)  Distance of 7 steps                 (h) Distance of 2 steps 

Figure 4.13: Two Gaussian curves with same standard deviation but different mean and 

amplitude 
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(a)  Distance of 37 steps                 (b) Distance of 32 steps 

  

(c)  Distance of 27 steps                 (d) Distance of 22 steps 

  

(e)  Distance of 17 steps                 (f) Distance of 12 steps 

  

(g)  Distance of 7 steps                 (h) Distance of 2 steps 

Figure 4.14: Two Gaussian curves with different standard deviation, mean and amplitude 
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From Fig. 4. 14 (a) to (h), we can see that the peak shifting problem is more severe 

when the two Gaussian curves’ standard deviation, amplitude, and mean are all different. 

Even when the distance between the two Gaussian curves are 37 steps, the two curves 

already merge together. If the difference between the standard deviation of the two 

Gaussian curves is greater, the merging phenomenon will be more significant. The original 

shape and amplitude of the two curves are difficult to be distinguished. 

Figure 4.15 shows the peak detection thresholds for the standard deviation versus the 

distance between the two Gaussian curves under different amplitude ratios. A1 and A2 

represent the amplitude of the two Gaussian curves, respectively. As the standard deviation 

getting larger, the two Gaussian curves are becoming much easier to get merged. 

 

Figure 4.15: Peak detection thresholds for standard deviation verses the distance between 

the two Gaussian curves under different amplitude ratios 
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4.5.2    Curve Fitting Methods 

Three types of secondary peak detection methods are proposed in this study: symmetrical 

curve fitting method (SCF), Gaussian curve fitting method (GCF), and adaptive curve 

fitting method (ACF). The details of the procedure of these three methods are described in 

section 4.3. To demonstrate the performance of the three methods in detecting the primary 

peak, simulations are taken to apply these peak detection methods on the two merged 

Gaussian curves under different scenarios. The examples given below are when the 

distance between the two Gaussian curves is 17 steps. 

The first scenario considered is the two Gaussian curves with the same standard 

deviation and amplitude but different means. Since the original Gaussian curves have the 

same standard deviation and amplitude, the synthetic curve generated by these two 

Gaussian curves merging together is symmetrical. When applying the SCF method, the 

symmetry of the merged curve determines that the fitting curve would have the same shape 

with the synthetic curve. This will cause the failure in detecting the secondary peak. The 

detection results by using SCF, GCF, and ACF, are shown in Figure 4.16 (a) to (c). 

From Figure 4.16 we can see that if the original PPG signal has a perfect symmetric 

shape, SCF cannot be used to detect the primary peak. GCF and ACF can detect the primary 

peak and the secondary peak from the synthetic curve and ACF has better performance. 

The absolute differences between the original two Gaussian curves and the fitting curve 

and the secondary wave are given in Table 4.1. 
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(a) SCF 

 
(b) GCF 

 
(c) ACF 

Figure 4.16: Secondary peak detection methods applied on curve composed of two 

Gaussian curves with the same standard deviation and amplitude but different mean 

 



95 
 

Table 4.1: Absolute difference between original Gaussian curves and the fitting curves 

by using different methods 

 SCF (*10-3) GCF (*10-3) ACF (*10-3) 

Gaussian Curve one 10.127 3.928 1.118 

Gaussian Curve two 10.127 3.332 0.522 

 

Another scenario is two Gaussian curves with same standard deviation but different 

amplitude and mean mixing together. Figure 4.17 illustrates the performance of each 

dicrotic notch detection method. 

All of the three detection methods can reveal the secondary wave in this scenario. By 

adding the adaptive procedure in the ACF method, Figure 4.17 (c) shows a better fitting 

curve and the secondary wave. The difference between the first Gaussian curve and the 

fitting curve and the difference between the second Gaussian curve and the revealed 

secondary wave are displayed in Table. 4.2. 

Table 4.2: Absolute difference between original Gaussian curves and the fitting curves 

by using different methods 

 SCF (*10-3) GCF (*10-3) ACF (*10-3) 

Gaussian Curve one 3.517 1.873 1.103 

Gaussian Curve two 3.517 1.434 0.807 
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(a) SCF 

 
(b) GCF 

 
(c) ACF 

Figure 4.17: Secondary peak detection methods applied on curve composed of two 

Gaussian curves with the same standard deviation but different amplitude and mean 
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All of the three detection methods can reveal the secondary wave in this scenario. By 

adding the adaptive procedure in the ACF method, Figure 4.17 (c) shows a better fitting 

curve and the secondary wave. The difference between the first Gaussian curve and the 

fitting curve and the difference between the second Gaussian curve and the revealed 

secondary wave are displayed in Table. 4.3. 

 

Table 4.3: Absolute difference between original Gaussian curves and the fitting curves 

by using different methods 

 SCF (*10-3) GCF (*10-3) ACF (*10-3) 

Gaussian Curve one 3.517 1.873 1.103 

Gaussian Curve two 3.517 1.434 0.807 

 

 

A more complex scenario is that the original two Gaussian curves are with different 

standard deviation, different amplitude, and different mean. Generally speaking, the 

primary wave and the secondary wave of the PPG signals obtained from medical devices 

are totally different, because they are concerned with systole or diastole and blood flow 

reflections from the periphery. The detection performances of the three proposed methods 

are shown in Figure 4.18 (a) to (c). 
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(a) SCF 

 
(b) GCF 

 
(c) ACF 

Figure 4.18: Secondary peak detection methods applied on Gaussian curve composed of 

two Gaussian curves with different standard deviation, amplitude, and mean 
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Figure 4.18 demonstrates that SCF, GCF, and ACF can detect the dicrotic notch and 

distinguish the two Gaussian curves. ACF has better detection ability than the other two 

methods in general. Also the absolute difference between the first Gaussian curve and the 

fitting curve and the absolute difference between the second Gaussian curve and the 

secondary wave are calculated. The results are shown in Table 4.4. 

Table 4.4: Absolute difference between original Gaussian curves and the fitting curves 

by using different methods 

 SCF (*10-3) GCF (*10-3) ACF (*10-3) 

Gaussian Curve one 2.964 1.975 0.864 

Gaussian Curve two 2.964 1.164 0.590 

 

From the above simulations, the detection ability of our proposed secondary peak 

detection methods has been demonstrated. SCF, GCF, and ACF can separate the original 

Gaussian curves from the synthetic curve, except one condition that SCF cannot detect the 

dicrotic notch when the two Gaussian curves are with the same standard deviation and 

amplitude. From the calculated absolute differences, it can be seen that the more different 

the two original Gaussian curves are, the better the performance of the proposed methods 

have. In medical examination or self-monitoring situation, the PPG signals can be usually 

regarded as containing two different waves, the primary wave and the secondary wave. The 

proposed SCF, GCF, and ACF methods can be used to reveal the dicrotic notch from the 

embedded secondary wave. And the ACF method has better detection effect. 
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4.6    Primary Peak Location Analysis 

Since the PPG signal can be modeled by four Gaussian curves, the potentiality of using the 

fitted Gaussian curves to localize the primary peak of the PPG signal is discussed in this 

part. Record of patient #3011613 from the MIMICII database is used for simulations. Two 

different cycles are selected as shown in Figure 4.19 and Figure 4.20, respectively. 

 
Figure 4.19: Primary peak location comparison between ACF and the four-Gaussian-

curve modeling (cycle 1) 
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Figure 4.20: Primary peak location comparison between ACF and the four-Gaussian-

curve modeling (cycle 2) 

 

 In Figure 4.19, the upper plot is using the adaptive curve fitting method to detect the 

secondary peak. The red, blue, and black curves represent the original PPG signal, the 

adaptive fitting curve, and the detected secondary wave, respectively. The location of the 

primary peak of the fitting curve is 22.5. The lower plot is the four Gaussian curves 
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calculated to model the original PPG signal. The green circle line stands for the summation 

of the first two Gaussian curves. The peak location of the green circle line is 23. 

As the same as in Figure 4.19, Figure 4.20 shows another cycle of the PPG signal. 

The primary peak of the ACF fitting curve is 23. The location of the peak of the first two 

Gaussian curves’ summation is 23.5. 

The preliminary results show high correlation between the locations of the peak 

detected by the ACF method and the peak of the first two Gaussian curves’ summation by 

the four-Gaussian-curve modeling. So there is a high potentiality that the four-Gaussian-

curve modeling can be applied as another efficient way to analyze the arterial blood 

pressure. 

                

4.7    Summary and Conclusion 

The arterial blood pressure is one of the most important physiological parameters for 

pathologic diagnosis and healthcare monitoring. PTT is a commonly used parameter for 

arterial blood pressure measurement. Usually, PTT is defined as the delay between the R-

peak of the ECG signal and the following primary peak of the corresponding PPG signal. 

Sometimes the dicrotic notch and the secondary peak of the PPG signal is not visible, 

leading to the peak shifting of the primary peak of the PPG signal. This will impact the 

accuracy of the PTT value and is very severe when PTT is used for blood pressure 

estimation.  

In this chapter, Gaussian curves were employed to model the PPG signal, given the 

nature of the contour of the PPG signal. The absolute differences between the original 
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Gaussian curves and the modeled curves were calculated. Three types of secondary peak 

detection methods were developed, which were symmetrical curve fitting method, 

Gaussian curve fitting method, and adaptive curve fitting method. To illustrate the peak 

detection performance of the proposed algorithms, Gaussian curves were applied to 

simulate the peak shifting phenomena and different scenarios were considered. The four-

Gaussian-curve modeling showed high potential in estimating the arterial blood pressure.  
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Chapter    5 

 

Correlation between Arterial Blood Pressure and Pulse 

Transit Time  

 

The arterial blood pressure is an essential physiological parameter for health monitoring. 

The conventional method to measure the systolic and the diastolic blood pressure is through 

the inflation and the deflation of the bladder and the brachial cuff [11]. This method may 

cause anxiety to the users which in return can affect the blood pressure (white coat 

syndrome). Also, the cuff-based method is not suitable for continuous monitoring of the 

blood pressure. 

Pulse transit time (PTT) has been reported to have a high correlation with arterial 

blood pressure and has been proven to be useful as a continuous, noninvasive, and indirect 

technique to estimate the arterial blood pressure [23].  

In this chapter the real electrocardiogram (ECG) signal, photoplethysmograph (PPG) 

signal, and the arterial blood pressure signal are extracted from the MIMICII database. PTT 

is defined as the delay between the R-peak of the ECG signal and the primary peak of the 
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following finger PPG signal. After acquiring the enhanced ECG and PPG signal as 

described in chapter 3 and chapter 4, respectively, the adjusted PTT is calculated in this 

chapter. The correlation between the adjusted PTT and the arterial blood pressure is 

compared with the correlation between the PTT, which is obtained from the original ECG 

and PPG signals from the MIMIC database, and the arterial blood pressure. The simulation 

results show a high correlation between the arterial blood pressure and the adjusted PTT. 

Different polynomial regression curves are applied for further demonstration. The 

reliability of the regression curves are tested. 

 

5.1    Signal Analysis 

In this chapter, ten individual records were first extracted from the MIMICII database to 

study the relationship between the arterial blood pressure and the PTT. These records 

include the synchronized arterial blood pressure signal, the ECG signal, and the finger PPG 

signal. Each record contains ten segments. Each segment lasts ten seconds and has an 

average of ten cycles, which can be seen from Figure 5.1. 

For each patient, the ten segments can cover the range of SBP value between 80 

mmHg and 150 mmHg, and the DBP value between 60 mmHg and 110 mmHg. The ECG 

signal was recorded at 500 samples per second with 12-bit resolution. 

In order to demonstrate that the PTT and the SBP, DBP, and mean blood pressure 

(MBP) have high correlation and reduce the interference from other issues, the signals used 

for simulations are selected from the relatively clean portions of each patient’s record. The 

tool used to extract the signals from the database is the PhysioBank ATM, which has 
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several toolboxes, including plotting the waveforms of the specific signal, showing samples 

as text, and exporting signals in the format of .mat [138]. 

 

Figure 5.1: ABP, ECG, and PPG signal segment extracted from the MIMICII database 

 

As mentioned above, the PTT is defined as the delay between the R-peak of the ECG 

signal and the primary peak of the following PPG signal. Some features of the ECG signal 

are sometimes hard to detect; especially, when there is noise contamination in the original 

ECG signal. Compared with the inconspicuous features of the ECG signal, R peaks are 

easier to observe due to its amplitude and the unique shape. R peaks are also more stable 

than the other wave peaks. 

As shown in Figure 5.2, the red curve and the green curve represent the lead II ECG 

signal and the PPG signal, respectively. The time interval between the first red peak and 

the following green peak is the PTT. 
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Figure 5.2: Selected ECG signal and finger PPG signal from MIMIC database. The 

definition of PTT is determined by the delay between the R-peak and the PPG peak 

 

The processing procedure of this section involves several steps and can be described 

as follows:  

Step 1) Select the relatively clean signal segments that have the specific blood 

pressure range. 

Step 2) Detect the R-peak of the ECG signal and the primary peak of the PPG signal.  

Step 3) Detect the maximum and minimum extremes of the blood pressure signal to 

obtain the SBP and the DBP. 

Step 4) Determine the delay between each corresponding R-peak of the ECG signal 

and the primary peak of the PPG signal, which is the PTT. 
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Step 5) Calculate the correlation values of SBP versus PTT, DBP versus PTT, and 

MBP versus PTT for each record. Draw the linear, quadric, and cubic regression curves. 

Step 6) Compare the fitted regression curves and select the best one for future blood 

pressure estimation. 

 

Figure 5.3: Extremes of ABP, R-peak of ECG, primary peaks of PPG, and the calculated 

PTT 

 

Figure 5.3 shows the extremes of the blood pressure, the R-peak of the ECG signal, 

the primary peaks of the PPG signal, and the calculated PTT of one segment. It can be seen 

from the figure that when the SBP value is sticking around 90 mmHg, the PTT is stable 

with a value range of 0.42-0.43s.  



109 
 

5.2    BP-PTT Relation 

In order to evaluate the strength and direction of the relationship between the arterial blood 

pressure and the PTT, the scatter plot and the correlation r are applied. Usually, there are 

two types of correlation: positive and negative [173]. Since the PTT decreases with the 

increase of the blood pressure, the direction of the correlation between these two signals is 

negative. When the value of r is greater than 0.8, it can be decided that the two sets of data 

points have strong correlation [173]. 

Taking record #3302803 as an example, Figure 5.4 shows the scatter plot for the SBP 

versus PTT and the linear, quadric, and cubic regression curves. Each red dot is the PTT 

versus each corresponding arterial blood pressure value. The dashed graphs are the 

regression curves obtained from the data points in the same figure. It is obvious that all 

three regression curves can be used to estimate the SBP value, and the cubic regression 

curve fits the data points much better than the other two regression curves. 

 

Figure 5.4: Scatter plot for the SBP versus PTT and three different types of regression 

curves 
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Figure 5.5: Scatter plot for PTT versus SBP, DBP, and MBP with cubic regression curve 

 

Figure 5.5 illustrates the scatter plot for the SBP versus PTT, the DBP versus PTT, 

and the MBP versus PTT, respectively, by using cubic regression model. It can be 

demonstrated that the PTT does have strong correlation with different types of arterial 

blood pressure, including SBP, DBP, and MBP.  

Table 5.1 exhibits the equations obtained from the PTT versus SBP data points by 

using linear regression, quadric regression, and cubic regression models, respectively. For 

patient 2, the equations are corresponding to the dashed curves in Figure 5.4. x is the time 

delay between each ECG-PPG pair and y represents the corresponding SBP value. 

Table 5.1 presents the detailed analysis related to three patients. Preliminary results 

of the other seven patients show the same pattern. 
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Table 5.1: Different regression models of SBP-PTT on three-patient samples 

 Systolic Blood Pressure 

Patient 1 

Linear 

Regression 
y = −359.07x + 251.76 

Quadric 

Regression 
y = 2807.9x2 − 2725.4x + 738.3 

Cubic 

Regression 
y = 5850.1x3 − 4519.4x2 + 228.6x + 347.77 

Patient 2 

Linear 

Regression 
y = −991.48x + 523.65 

Quadric 

Regression 
y = 4928.8x2 − 5122.6x + 1387.3 

Cubic 

Regression 
y = 368090x3 − 459410x2 + 189740x − 25819 

Patient 3 

Linear 

Regression 
y = −652x + 339.28 

Quadric 

Regression 
y = 3954.4x2 − 3538.9x + 862.33 

Cubic 

Regression 
y = 20373x3 − 18908x2 + 4949.9x − 180.67 

 

Table 5.2: The correlation between PTT and each type of ABP for three-patient samples 

 Arterial Blood Pressure 

Systolic Diastolic Mean 

Correlation 

Patient 1 87.5% 87.7% 87.8% 

Patient 2 95.1% 94.0% 94.5% 

Patient 3 93.7% 94.2% 94.7% 

 

Table 5.2 displays the correlation values between the PTT and the SBP, DBP, and 

MBP of the three-patient samples, respectively. The average correlation for PTT versus 

SBP, DBP, and MBP of all the experimental subjects are greater than 87%, which means 

that the PTT and the types of blood pressure we considered in this section has high 
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correlation [173], and the PTT can be used as a measurement to estimate the noninvasive 

and cuff-less blood pressure.  

 

5.3    BP and Adjusted PTT 

In section 5.2, the ECG and PPG signals were regarded as noise-free signals and no de-

noising processing was done before the extraction of the characteristic parameters to 

calculate the PTT. The PTT obtained in this way was regarded as the original PTT. In this 

section, we take the de-noised version of the ECG signal and the dicrotic notch of the PPG 

signal into consideration. For the de-noising procedure, more details have been displayed 

in chapter 3 on enhancing the ECG signal by using the EMD-based algorithm and the 

adaptive filtering technology.  

Before showing the scatter plot and the regression models, the correlation between 

the adjusted PTT and the blood pressure after applying our proposed PPG secondary peak 

detection methods in chapter 4 is illustrated by the intuitive plots. The information about 

the peak shifting phenomenon and the adjusted PTT is also provided.   

 

Figure 5.6: Adjusted PPG signal and adjusted PTT by SCF 

(s) 
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Figure 5.7: Adjusted PPG Signal and adjusted PTT by GCF 

 

Figure 5.8: Adjusted PPG Signal and adjusted PTT by ACF 

 

The SBP and DBP for Figure 5.6, Figure 5.7, and Figure 5.8 are around 120 mmHg 

and 60 mmHg, respectively. As mentioned before, the adjusted PTT by using the SCF 

method is actually the same as the original PTT calculated from the original PPG. This can 

be used to evaluate the effect of the peak shifting phenomenon. From the plots we can see 

that the variation of the delay after employing GCF and ACF is smaller than the original 

(s) 

(s) 
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PTT, which demonstrates that the adjusted PTT is more specific for the certain value of the 

arterial blood pressure. 

 

Figure 5.9: R-squared values between the adjusted PTT and the blood pressure by using 

SCF, GCF, and ACF detection methods 

 

Figure 5.9 shows the R-squared values between the adjusted PTT signal and the blood 

pressure when using different secondary peak detection methods. R-squared value 

indicates how much the change in one variable can be explained by the change of the other 

variable, no matter whether their relationship is linear or nonlinear. It is obvious that the 

ACF method has better performance than the SCF method. So the reduction of the peak 

shifting problem and the detection of the secondary wave of the PPG signal are very 

necessary and important in using PTT for blood pressure measurement. 

The characteristics of the arterial blood pressure and the PTT are different from 

subject to subject. The measurement of blood pressure, ECG, and PPG signals are subject-

dependent. It is necessary to build the distinct relationship between the arterial blood 
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pressure and the PTT for each patient. So in this part, the calibration procedure of the PTT 

to the blood pressure is considered. 

If the relationship between the blood pressure and the PTT is assumed as linear, then 

at least two calibration points have to be taken into account and at least 15 mmHg 

differences [11] of the blood pressure between the calibration points in order to get reliable 

accuracy. Each patient’s record used in the simulations has twenty segments, selected to 

guarantee that the range of the arterial blood pressure varies from 70 mmHg to 160 mmHg. 

Ten segments are used for individual calibration and the other ten segments are used for 

estimation. 

 

 

Figure 5.10: Scatter plot for SBP versus adjusted PTT and different regression curves 

 

Figure 5.10 depicts the scatter plot for SBP versus the adjusted PTT by using different 

secondary peak detection methods. The linear (dash line), quadric (dot line), and cubic 
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(solid line) regression curves are drawn. The regression curves and the R-square values 

show that the ACF method can provide better adjusted PTT, which has a higher correlation 

with the arterial blood pressure, especially when using linear regression curve.  

In order to further illustrate the consistence between the proposed methods and the 

clinical data, Figure 5.11 shows the Bland-Altman plots under different regression methods. 

With more regression calculation, the cubic regression curve fits the data points better than 

the other two and the peak shifting impact can be further reduced. 

 

Figure 5.11: The Bland-Altman plot for the estimated and the reference blood pressure 

under different regression methods 

 

The performance of the blood pressure estimation is depicted in terms of mean error 

(ME) and standard deviation of error (SDE). Since the objective is to see how close our 
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estimated blood pressure is to the measured blood pressure, we are applying ME or mean 

absolute error (MAE) as criteria. Table 5.3 lists, in detail, the values of ME and SDE for 

different secondary peak detection methods for patient #3302803 as an example. The ACF 

method has smaller ME and SDE than the other two methods, which means the estimated 

blood pressure obtained from ACF has smaller bias and error variance. 

Table 5.3: Mean error and standard deviation of different secondary wave detection 

methods for patient #3302803 

Performance SCF GCF ACF 

ME(mmHg) 3.54 3.28 3.06 

SDE(mmHg) 4.35 3.97 3.69 

 

 

Figure 5.12: The Bland-Altman plot for the estimated and the actual blood pressure by 

SCF and ACF methods 
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Figure 5.12 displays the Bland-Altman plot of the estimated SBP of the proposed 

methods versus the actual blood pressure. It shows the agreement between the predicted 

and the actual blood pressure on average. The blue triangles and the red asterisks represent 

the performance of the SCF and ACF methods, respectively. We can see that the majority 

of the points locate within the limits of the agreement. The curve obtained by the SCF 

method can predict the blood pressure within 3.54 ± 4.35mmHg of the reference, while for 

the ACF method the value is 3.06 ± 3.69mmHg. This demonstrates that the estimation of 

the blood pressure can be improved by reducing the dicrotic notch impact and detecting 

the secondary peak of the original PPG signal. 

 

Figure 5.13: Boxplot of the average ME for the systolic blood pressure estimation by 

SCF and ACF methods 

 

To better demonstrate how the secondary peak detection can improve the blood 

pressure estimation results, Figure 5.13 shows the boxplot of the ME values of using SCF 

and ACF. In Figure 5.13, the red central mark is the mean value of the error, the edges of 

the box are the 25th and 75th percentiles, and the black lines are the extreme points. We 
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can see that the ME of using the SCF method can be as large as 9.27 mmHg, while the 

maximum value of the ME of using the ACF method is 7.04 mmHg. The values of mean 

errors for SCF and ACF methods are 3.54 mmHg and 3.06 mmHg, respectively. Therefore, 

the performance of the ACF is better than the SCF in both mean and variance of errors. 

 

5.4    Summary and Conclusion 

In this chapter, the correlation and the linear regression, the quadric regression, and the 

cubic regression models were used to evaluate the relationship between the PTT and 

different types of arterial blood pressure. Simultaneous neat ABP, ECG, and PPG signals 

were extracted from the MIMICII database. 

The correlation between the adjusted PTT and the arterial blood pressure was 

calculated. Linear regression, quadric regression, and cubic regression models were used 

to evaluate the relationship between the adjusted PTT and the SBP. Simulation results 

demonstrated that the GCF and ACF can resolve the peak shifting problem and the adjusted 

PTT had higher correlation with the blood pressure than the original PTT without an 

observable dicrotic notch. Among the three regression models, the cubic regression method 

fitted the adjusted PTT versus blood pressure data points best. This investigation verified 

that the adjusted PTT can be used to determine the blood pressure continuously and 

noninvasively without the usage of a cuff, which is convenient and very useful for self-

monitoring patients. 



 

 

 

 

Chapter    6 

 

Wrist Pulse Measurement and Analysis Using Eulerian 

Video Magnification Framework 

 

6.1    Introduction 

Pulse signal diagnosis has been used in traditional Chinese medicine for thousands of years. 

It has been proved that wrist pulse signals contain vital information on a person’s health 

status and can reflect the pathological changes [174]. Clinical experiments demonstrate 

that the shape of the wrist pulse signals has high correlation with the characteristics of the 

blood flow [175]. 

As one of the four traditional diagnostic methods, pulse diagnosis of palpation is more 

important, but more difficult than inspection, auscultation, and questioning [176]. The 

physicians use three fingertips on the radial artery of the patient’s wrist to assess the 

patient’s health condition. Three locations, named “cun”, “guan”, and “chi”, are chosen 

[177]. So the diagnosis results mainly depend on the experience and the skills of the 

physicians, which means different physicians may have different results for one patient’s 



 

wrist pulse. To improve the accuracy of the wrist pulse detection, computerized wrist pulse 

signal measurement is needed to objectify the ancient diagnostic technique.  

Computerized wrist pulse signal measurement and analysis usually has three stages 

[178]. The first stage is data collection. The second and third stages are feature extraction 

and pattern classification. Former research has proposed many models and algorithms to 

extract and classify the feature parameters from the wrist pulse signals, such as Gaussian 

model, information fusion technology, and clustering technique [179][180][181][182] 

[183]. The detection and location of partially overlapped peaks in a multi-component signal 

was facilitated by mathematical differentiation [184]. 

Usually, wrist pulse signals are collected by different types of sensors or probes. A 

Doppler ultrasound blood analyzer was applied in [185]. Piezoelectric film sensors were 

employed to replace the three fingertips to detect on “cun”, “guan”, and “chi” [186]. The 

use of sensors or probes can be heavily interfered by blood flow in the wrist and may be 

uncomfortable for patients, then affect the measurement accuracy. And this is not 

convenient for self-monitoring. 

A novel method called Eulerian video magnification (EVM) is recently introduced to 

reveal the invisible subtle variations in videos [146]. The system uses a standard video 

sequence as the input. Then spatial decomposition and temporal filtering are applied to the 

frames. The filtered signal is then amplified to reveal the subtle changes, either in the color 

or the motion changes on the skin caused by the wrist pulse when blood flow passes. With 

this technique, the wrist pulse signal, which cannot be seen by the naked eye, can be 

measured non-intrusively. 



 

In this chapter, the EVM method is first introduced to measure and analyze wrist 

pulse signals. The waveform of the wrist pulse signal is collected from the video and the 

characteristics of the pulse are extracted by applying two-Gaussian curve modeling method. 

This can open the possibility on using a video-based non-intrusive way to measure wrist 

pulse signal. 

 

6.2    Overview of the Eulerian Video Magnification Framework  

The purpose of EVM is to overcome the limitation of human visual system and reveal more 

informative signals, which are invisible to the naked eye. The framework of EVM is first 

brought up by Hao-yu Wu [146] in 2012. The basic approach was to observe the series of 

color values in time scale at any spatial location, say pixel, and then amplify the change in 

a certain temporal-frequency band [188].  

6.2.1    Framework of Eulerian Video Magnification 

Figure 6.1 shows the main framework of EVM in measuring the wrist pulse signal. The 

video is processed frame by frame and the subtle variations in the video are emphasized by 

the spatial and temporal processing, which involved several steps and can be described as 

follows: 

Step 1) Collect the standard input video that may contain informative color changes 

on the wrist. 

Step 2) Apply a full Laplacian pyramid [189], which is a set of band-pass filters, to 

decompose the standard video sequence into different spatial frequency bands. 

Different magnification might be made on these bands because of different signal-to-

noise ratio (SNR) or unsuitable spatial frequency for linear approximation. 



 

 

 

 

 

Figure 6.1: Framework of Eulerian video magnification method 

 

The Laplacian pyramid uses a Laplacian transform to process video frames. It 

decomposes the original image into a hierarchy of images and each level of the 

decomposed image corresponds to a different frequency band. The Laplacian pyramid of 

image can be described as: 

        
1( ) ( )i i iL P G EXPAND G                                                  (6.1) 

where 𝐺𝑖  represents the different levels in the adjacent low-pass images of the Gaussian 

pyramid. The reversal of the process can reconstruct the original image. 

Step 3) Perform the temporal processing on each of the spatial bands. During this 

step, different types of band-pass filters will be chosen according to the frequency 

band of interest. The temporal filtering process amplifies not only the color variation, 

but also the low amplitude motion. It keeps the same for all spatial levels and for all 

pixels within each frequency level. 

Step 4) Employ a magnification factor α to multiply the extracted band-pass signal. 

The value of α is specified by different applications and the boundary of α is 

determined by the video motion step δ and the image structure spatial wavelength λ. 

The equation is given by 

(1 ) / 8                                                    (6.2) 
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where 2 /    and   represents the specific spatial frequency. 

Step 5) Select a spatial cut-off frequency. α is attenuated beyond this frequency as 

shown in Figure 6.2. 

Step 6) Reconstruct the signal by adding the magnified signal to the original one and 

collapsing the spatial pyramid. 

 

Figure 6.2: Bound of the magnification factor α 

 

 Figure 6.2 (a) shows the relationship between the magnification factor α and the 

spatial frequency  . Figure 6.2 (b) illustrates the relationship between α and the spatial 

wavelength  . The area of lower spatial frequencies is magnified, which reveals the subtle 

variations of the video.   



 

6.2.2    Eulerian Color Magnification 

As mentioned above, the temporal filtering procedure cannot only amplify the color 

variation but also enhance the low amplitude motion. So basically, there are two types of 

EVM, Eulerian color magnification and Eulerian motion magnification. 

Hao-yu Wu and his colleagues have shown several perfect examples of both 

magnification methods on their research website [190]. According to each magnification 

method, the choice of temporal filter is different. A narrow band-pass filter is preferred for 

Eulerian color magnification while a broad band-pass filter is more suitable for Eulerian 

motion magnification. 

The color component of EVM method is applied in this chapter. The low spatial-

frequency changes are amplified, so the periodic color variation caused by blood pulse 

when blood flows through different locations in the wrist can be visualized. 

               

(a) Input 

               

(b) Output 

Figure 6.3: Two frames of the wrist video sequence. The output frames display the subtle 

changes on the wrist 

 



 

Figure 6.3 (a) displays two frames from the input video sequence. No color changes 

are visible in the input frames. The outputs of the same two frames in Figure 6.3 (a) are 

illustrated in Figure 6.3 (b). It can be observed that the variation of the wrist pulse is 

visualized after amplifying the reconstructed signal. Comparing to the input frames, the 

output frame in the left figure is stronger, while the output frame in the right figure is 

weaker. 

The three-dimensional surface plot of one frame after the spatial decomposition and 

temporal filtering is shown in Figure 6.4. Color is proportional to the height of the surface. 

 

Figure 6.4: Three-dimensional surface plot of one frame of the input video 

 

 

6.3    Wrist Pulse Signal Acquisition 

In the traditional Chinese medicine, the pulse diagnosis of palpation is realized by 

physicians placing three fingertips over the radial artery of a patient’s wrist. The wrist pulse 

contains useful information about the inside body and can reflect the type of disease [187]. 

In this chapter, a video camera is used to capture a standard video sequence of the 

wrist. The EVM method is employed to detect, non-intrusively, the wrist pulse signals. The 

data was collected according to the following three steps: locate the rough area in the wrist, 



 

obtain the most significant signal by measuring around the rough area, and record the wrist 

pulse signal. 

Instead of placing fingertip over the radial artery, the region of location “guan” on 

the wrist is selected for the contact-free measurement. Figure 6.5 shows the location chosen 

to measure the wrist pulse signal and its corresponding waveform obtained by the EVM 

method. 

 

 

Figure 6.5: The selected location for wrist pulse signal measurement and its 

corresponding waveform 

 

Figure 6.6: Finger PPG signal measured by Arduino board and PulseSensor 



 

Figure 6.6 is the measured finger PPG pulse by the Arduino board and the 

PulseSensor. It is measured at the same time when the video is taken. This can guarantee 

the synchronism of the detected wrist pulse signal and the finger PPG signal. IBI is the 

inter-beat interval. 

 

6.4    Wrist Pulse and PPG Pulse Modeling 

To observe the features of the wrist pulse signal, one period waveform is selected. There 

are two main peaks in a single period wrist pulse signal, the primary peak and the secondary 

peak. The secondary wave is formed by the reflection of the blood flow on the periphery of 

the arterial system [181].  

Given the characteristics of the pulse signal, a Gaussian curve can be used to model 

it. In this paper, we apply the two-Gaussian curve modeling method to analyze the pulse 

signals. After setting the initial values of the coefficients of the Gaussian curves, the fitted 

model was determined by the combination of two methods: the nonlinear least squares 

algorithm and the “Trust-Region” fitting algorithm. The Gaussian equation generally 

involves three parameters, the amplitude (A), the mean (µ), and the standard deviation (σ) 

[191]. The equation used for describing the fitted model is as follows: 
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where x is the original pulse signal and  is the sum of the two Gaussian curves used to model 

the pulse signal. 

When applying the two-Gaussian curve modeling method, the fitted model was 

determined by the combination of the nonlinear least squares algorithm and the “Trust-

Region” fitting algorithm.  



 

 

Figure 6.7: Two-Gaussian curve modeling for the wrist pulse signal detected by Eulerian 

video magnification method 

 

Figure 6.8: Two-Gaussian curve modeling for the PPG pulse signal measured by the 

Arduino board and the PulseSensor 

 

Figure 6.7 and Figure 6.8 show an example where the two-Gaussian curve modeling 

method was applied on the detected wrist pulse signal and on the PPG pulse signal, 

respectively. In both figures, the black curve is the measured pulse signal. The red star 



 

curve stands for the fitted curve. The blue and green curves represent the two modeling 

Gaussian curves, respectively. 

 

6.5    Characteristic Parameter Comparison 

The standard video camera used in the experiments has one million effective pixels. The 

video was compressed to a resolution of 640×360 at 30 frames per second. The spatial and 

temporal processing was done by MATLAB. To evaluate the proposed system, the Arduino 

board and the PulseSensors [192] were used to simultaneously measure the corresponding 

finger PPG pulse. 

The pulse signals contain many characteristic parameters. Each parameter happens 

for a reason and reflects the condition of the cardiovascular condition. To verify the 

proposed system, we calculate the average of the following parameters of the two fitted 

Gaussian curves for the detected wrist pulse signal and the PPG pulse signal: the ratio of 

the amplitude, the ratio of the phase shift, and the ratio of the width. The values of different 

characteristic parameters are given in Table 6.1. 

Table 6.1: Comparison of the values of different characteristic parameters 

Average Wrist Pulse Finger Pulse 

A1/A2 2.601 2.590 

τ1/τ2 0.588 0.603 

w1/w2 1.424 1.295 

T(s) 0.869 0.833 

 



 

In Table 6.1, A1/A2 is the average ratio of the amplitude, τ1/τ2 is the average ratio of 

the phase shift, w1/w2 is the average ratio of the width of the two Gaussian curves, and T 

is the pulse period.  

From the selected characteristic parameter values shown in Table 6.1, we can see that 

the difference between the two sets of fitted Gaussian curves are small. So the two sets of 

fitted Gaussian curves reflect similar cardiovascular conditions. 

Consider the PPG pulse signal measured by the Arduino board and the PulseSensor 

as the reference signal. By modeling the wrist pulse signal being detected through the 

video-based technique, the characteristic parameters containing important information on 

health condition can be obtained. The proposed system has high potentiality to be 

employed for wrist pulse signal measurement. 

 

 

6.6    Summary and Conclusion 

The measurement and analysis of the wrist pulse signal has always been an important tool 

to diagnose health status for thousands of years. The waveforms of the wrist pulse signal 

can be used to track the pathologic changes of a subject’s health condition. With the 

development of computer technology, computerized wrist pulse signal collection and 

classification have played a major role to conquer the difficulties existing in the traditional 

Chinese medicine.  

In this chapter, a novel non-intrusive contact-free system based on the EVM method 

was proposed on observing blood flow through the wrist and collecting the wrist pulse 

signal. Location “guan”, which was used in the traditional palpation technique, was 

selected in the experiment. To verify the proposed system, the Arduino board and the 



 

PulseSensor were applied to measure the finger PPG pulse signal at the same time. In the 

future, the EVM method may be implemented on the Arduino board to detect the pulse 

signals. The two-Gaussian curve modeling method was employed on fitting the wrist pulse 

signal and the finger pulse signal for analyzing the characteristics of these two signals.  

Preliminary results showed high correlation between the wrist pulse signal and the 

PPG pulse signal. The heart rate obtained through the two pulse signals was the same. The 

EVM method was demonstrated that can be used as a reliable method to collect the wrist 

pulse signal since the PPG signal had been used in estimating the arterial blood pressure. 

The wrist pulse signal detected by the EVM method can be considered having the potential 

of predicting cardiovascular events.  
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Chapter    7 

 

PTT Measurement Using Eulerian Video Magnification 

Framework 

 

7.1    Introduction 

Recent advances in sensor technology and mobile computing are now enabling practical 

non-intrusive approaches to measure vital signs and some biological signals. A non-

intrusive load monitoring system was proposed to monitor the activities of daily living 

within a smart home [193]. Furthermore, most smart phones are now equipped with high 

resolution cameras and powerful processors that can reliably measure these signals. One 

of the signals of interest is the PTT that is often correlated with changes in the blood 

pressure and stress level [194][195][196]. One technique for measuring PTT is based on 

measuring the ECG signal using leads attached to the chest and measuring the PPG signal 

from a finger [197][198][199].  

In Chapter 6, the Eulerian video magnification (EVM) framework was applied on 

measuring and analyzing the wrist pulse signal, which is one area of interest on the human 

body. This chapter the EVM is introduced to detect the color changes on two different areas 
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on the human body to measure the PTT non-intrusively. The proposed approach uses a 

video camera to capture a standard video sequence of the subject. After applying spatial 

decomposition and temporal filtering to the frames, the filtered signal is then amplified to 

reveal the subtle changing, like the color changing on different spots caused by the blood 

pulse. Two spots, the wrist and the neck, were selected to measure the PTT.  

To verify the performance and practicability of the proposed system, the measured 

PTT were compared with the time difference detected using a conventional technique 

based on two PulseSensors and the Arduino board. Ten subjects were studied under three 

statuses: climbing stairs, five minutes rest after climbing stairs, and twenty minutes rest 

after climbing stairs. The experimental results show that the PTT measured by the EVM 

framework is highly correlated with the PTT detected by pulse sensors, demonstrating that 

the proposed approach has the potential to be used for health-care monitoring. 

 

7.2    Color Variation Detection 

Eulerian color magnification is used in this study and low spatial frequency changes are 

emphasized since we are looking into the periodic color variations caused by the blood 

pulse when blood flows through different areas.  

Figure 7.1 (a) shows two frames from the original video sequence revealing the pulse. 

From the input of the two frames, no color changing is visible. Figure 7.1 (b) is the output 

of the same two fames shown in Figure 7.1 (a). It can be obviously seen that the variation 

of the color is visualized after the amplification. When the blood pulse reaches the certain 

spot, the color of the skin at that spot will turn darker (redder in Wu’s work). When the 

blood pulse is far away, the color will get lighter. 
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(a) Input 

           

(b) Output 

Figure 7.1: Two frames from one of the original video sequence showing the color 

changing on the wrist and neck caused by blood pulse 

 

(a) 

 

(b) 

Figure 7.2:  Three-dimensional surface plot of one frame 
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Figure 7.2 shows an example of the three-dimensional surface plot of one frame after 

the spatial and temporal processing. Figure 7.2 (a) displays the overall front view of the 

selected frame. After rotating the 3D plot into a certain point of view, the RGB frame of 

the image in Figure 1 can be seen much more clearly in Figure 7.2 (b). 

 

7.3    PTT Extraction 

PTT is a convenient parameter for continuous monitoring and is highly related to pulse 

wave velocity [200], which is a very important electromechanical characteristic of 

biomedical signals. Literally, PTT is the propagation time delay between two points. The 

conventional way to measure PTT is to calculate the time interval between the peak of 

QRS-complex of ECG signal and the corresponding PPG measurement site. 

In order to simplify the procedure of the PTT measurement for health-care monitoring, 

the Eulerian color magnification framework is introduced to realize a way to continuously 

and non-invasively measure PTT, furthermore, to estimate several biomedical 

characteristics. 

Eulerian color magnification is used to amplify the color variation of the human skin 

caused by blood pulse. Figure 7.3 illustrates the two areas we are looking into in this 

chapter. One is on the wrist and the other one is on the neck. Obviously, the moments of 

blood flow reach these two areas are slightly different. The color variation can be revealed 

by Eulerian color magnification. Then the blood pulse can be captured to calculate the PTT. 
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Figure 7.3: Selected pulse detection area of interest 

 

The green curve and the black curve in Figure 7.4 are the amplified color variation 

on the wrist and the neck, respectively. After the amplification, the subtle changes of the 

color can be observed clearly and the blood pulse can be obtained easily. The red triangles 

and the blue triangles stand for the moment when the blood flow reaches the measurement 

sites. From these triangles not only the PTT can be calculated, but also the heart rate can 

be obtained. From Figure 7.4, it can be seen that in 18 seconds, there are 16 pulses occur 

on both sites of interest.  

  

Figure 7.4: Pulse detection by using Eulerian color magnification on wrist and neck 

simultaneously 
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7.4    Experiments Using Eulerian Color Magnification 

Ten healthy subjects were tested in the experiments, with ages from 26 to 32. A standard 

video camera was used to obtain the video sequences. The recorded videos have a frame 

resolution of 640×360 and a rate of 30 frames per second. The spatial and temporal 

processing was done by MATLAB. We used the second-order IIR band-pass filter to 

amplify the color variations, with low and high cut-off frequencies of 0.8 Hz and 2 Hz, 

respectively. The magnitude response of the filter is shown in Figure 7.5. Table 7.1 shows 

the values of parameters used in Eulerian color magnification to generate the amplified 

output. 

 

Figure 7.5: The temporal filter used to amplify the color variation 
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Table 7.1: Values of parameters used in Eulerian color magnification to generate the 

amplified output 

Parameters Value 

Magnification factor (α) 100 

Wavelength (λ) 500 

Low frequency bound of the band-pass filter 0.6 Hz 

High frequency bound of the band-pass filter 3 Hz 

Frame rate 30 Hz 

Attenuation factor beyond the cut-off spatial frequency 0.1 

 

 

The video for each subject was recorded under three scenarios. One was recorded 

once the subject finishing climbing five flights of stairs. One was taken when the subject 

has had five minutes rest after climbing the stairs. And the third scenario was the subject 

has had half an hour rest after the stairs. 

Normally, the color variations of human skin along with the blood pulse and the 

respiration are invisible to the naked eye. By applying Eulerian color magnification 

framework, the color changes can be detected and the amplified signal is very useful for 

vital biomedical signals’ estimation and health-care monitoring. As shown in Figure 7.1, 

the color of the skin changes with the blood flow. By extracting the color signal and 

locating the peaks of the signal, we can determine both the heart rate and the PTT. The 

videos for the experiments were taken in an office room with incandescent lamp. Compared 

to the color changes on the skin, the changes of the light condition was insignificant and 

would not affect the detection of the pulse signals. 
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7.5    Evaluation 

We evaluated our proposed system by measuring the PTT using the Arduino board and the 

PulseSensor [192], shown in Figure 7.6. There are two pulse sensors, applying on the wrist 

and the neck, respectively.  

Figure 7.7 is an example of the measured pulse signals from the wrist and the neck 

by PulseSensor and the Arduino board. The red curve represents the pulse signal from the 

neck and the green curve is the pulse signal from the wrist. IBI is the inter-beat interval. 

 

Figure 7.6: The Arduino board and the pulse detecting sensors 

 

Figure 7.7: Pulse signals detected from the Arduino board and the PulseSensor 
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Figure 7.8: Comparison of the time difference between the detected pulses on the wrist 

and the neck through the usage of EVM and the Arduino board with PulseSensor 

 

Figure 7.8 illustrates the calculated PTT. The blue curve and the red curve represent 

the time difference between the detected pulses on the wrist and neck through the usage of 

EVM and the Arduino board and PulseSensor, respectively.  We can see the pulse signals 

and the time differences between the wrist and the neck obtained by the two methods are 

similar. Therefore, the Eulerian color magnification method can satisfy the measurement 

requirement in a more convenient and non-intrusive way. 

 

7.6    Summary and Conclusion 

Smart phone and high resolution cameras have been involved in our daily health-care 

monitoring. The main contribution of this study was to propose a non-intrusive way to 

observe the blood flow and to obtain the PTT. A novel method called Eulerian color 

magnification framework was introduced to measure the PTT. By doing so, the PTT can 
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be calculated without any former knowledge of the ECG and PPG signals. This can be 

simply calculated from the video recorded by the camera.  

In order to evaluate our proposed system, the comparison of the PTT between the 

proposed system and the real pulse sensor collection was studied. In this way, the Eulerian 

color magnification framework can be employed to measure some biomedical signals in a 

non-intrusive way, and the EVM framework can be used to process the information from 

the camera for health-care monitoring. 
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Chapter    8 

 

Conclusion and Future Work 

 

8.1    Conclusion 

In conclusion, this thesis has investigated several approaches in measuring the pulse transit 

time (PTT) and estimating the arterial blood pressure in a continuous and noninvasive way. 

Two approaches were proposed for signal enhancement to improve the accuracy of PTT 

measurement. The first one was through the enhancement of the ECG and PPG signals. 

The other one was through the application of the Eulerian video magnification method. 

The main contributions of this thesis are summarized as follows: 

 A new ECG enhancement method was proposed based on EEMD and the adaptive 

filtering technique to eliminate the contact noise contained in the ECG signals 

obtained from wearable medical monitoring sensors [27][28]. 

 The EMD-based algorithm was introduced into the acoustic echo cancellation 

field and a new EMD-based sub-band adaptive filtering structure was designed. 

The de-noise ability of the EMD-based algorithm was demonstrated [29]. 
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 The correlation between blood pressure and pulse transit time was evaluated and 

a cuff-less non-intrusive approach was investigated to estimate arterial blood 

pressure continuously [30]. 

 Three secondary peak detection methods were proposed to reveal the secondary 

peak from the original PPG signal. The correlation between the arterial blood 

pressure and the pulse transit time was improved, and the dicrotic notch impact on 

the PPG signal was removed [31]. 

 The wrist pulse signal was noninvasively measured by the Eulerian video 

magnification (EVM) framework. The two-Gaussian curve modeling method was 

used to analyze the detected wrist pulse signal [32]. 

 A video-based non-intrusive method was proposed to display the blood flow and 

to measure the PTT. The EVM framework was introduced and applied to calculate 

the time difference between different spots on the human skin surface [33]. 

The above results obtained in this thesis demonstrate that the enhanced ECG and PPG 

signals can improve the accuracy of the PTT in estimating the arterial blood pressure. The 

EVM method can capture the characteristics of the wrist pulse signal and detect the heart 

pulse on different areas of the human skin. This paves the way towards the usage of 

cameras for continuous arterial blood pressure monitoring. 

 

8.2   Future Work 

The work presented in this thesis focuses on measuring the PTT more accurately. The thesis 

investigated the usage of the ECG and PPG signals to estimate the PTT and correlate to the 
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arterial blood pressure. It was also shown that the PPG signal alone has the potential to 

estimate the arterial blood pressure. More characteristic parameters of the PPG signal can 

be extracted to detect the primary peak. Future work into the correlation between these 

parameters and the arterial blood pressure could lead to a better non-intrusive method to 

measure the blood pressure.  

The PTT-based approach to estimate the arterial blood pressure variations requires a 

calibration procedure to form individual-dependent mapping of the obtained PTT to the 

blood pressure values. Future work can explore the automation of this calibration procedure 

to design of a continuous blood pressure monitoring system. The periodicity of re-

calibration, the number of trials for calibration, and the accuracy of the calibration could be 

investigated. Furthermore, the usage of EVM can be explored to capture the wrist pulse 

signal, analyze it and classify various diseases using the appropriate pattern recognition and 

classification techniques. Also, as discussed in [201], the combination of EVM and other 

signal enhancement methods has a high potential to extract useful information on the health 

status of the patients.  

More clinical studies are needed with a large number of subjects to demonstrate the 

ability of the PTT measured by the EVM method in estimating the arterial blood pressure. 

Experiment has been taken to compare the estimated blood pressure with the blood pressure 

measured by the Omron Blood Pressure Monitor Series 10 [202], which can calibrate for 

each patient automatically and display the systolic blood pressure, diastolic blood pressure, 

and the pulse rate after each measurement. The preliminary results are very promising.  
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Appendices 

 

Appendix A: EMD-based Sub-band Adaptive Filtering for 

Acoustic Echo Cancellation  

 

Acoustic echo cancellation (AEC) is one of the most severe requirements in hands-free 

telephone and teleconference communication [155]. In previous research, the reverberant 

speech originating from different rooms was trained to combat the effect of testing with 

reverberant speech [156]. In order to further demonstrate the de-noise ability of the EMD-

based algorithm, we propose an EMD-based sub-band adaptive filtering structure, which 

applies the EMD-based algorithm dealing with the far-end speech signal and the 

microphone output to obtain two sets of intrinsic mode functions (IMFs). In addition, each 

IMF set is separated into different bands based on the power spectral density (PSD) of 

every IMF. Experiment signals were collected from a medium-size office room and 

simulations were taken under different conditions by three types of EMD-based algorithms. 

Results show that the proposed structure is able to model the transfer function of the 

unknown environment, and the ensemble EMD (EEMD) algorithm and the noise-

modulated EMD (NEMD) have better performance than the EMD algorithm in terms of 

echo return loss enhancement. 
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Compared with the full-band adaptive filtering technique, several studies [157][158] 

have proved that the sub-band adaptive filtering technique has better performance, 

especially when the impulse response is long [159][160]. The basic structure of the 

normalized sub-band adaptive filter (NSAF) system [161] is shown in Figure 9.1. 

 
Figure 9.1: Structure of NSAF system 

 

The structure of the proposed EMD-based sub-band adaptive filtering system is shown 

in Figure 9.2, where )(nx , )(nd  are the far end signal and the microphone output, 

respectively. )(ne  is the output error. In [162] it was pointed out that for a loss-less filter 

bank, the summation of the powers of each sub-band error was equal to the power of the 

output error. In addition, due to the simplicity of the normalized least mean squares 

(NLMS), it is used as the adaptive filtering algorithm in the sub-bands.  
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Figure 9.2: Structure of the EMD-based sub-band adaptive filtering system 

 

From Figure 9.3, we can see that when applying the EMD-based algorithm to echo 

cancellation, the echo return loss enhancement (ERLE) value is increasing as the sub-band 

number changing from two to eight, which is consistent with the previous work on the 

acoustic echo cancellation [163][164]. This, in one aspect, proves the proposed system is 

suitable to model the echo environment. 
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Figure 9.3: ERLE values of the EEMD sub-band adaptive filtering structure with sub-

band number N= 2,4,6,8 

 

 

Figure 9.4: ERLE values of different EMD-based sub-band adaptive filtering system 

under the exact-modeling and under-modeling scenarios 

 

There are two scenarios considered in this study. One is the exact-modeling scenario, 

when the length of the impulse response and the length of the adaptive filter are equal. The 
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other one is the under-modeling scenario, when the length of the impulse response is 

greater than the length of the adaptive filter. Figure 9.4 illustrates the ERLE of different 

EMD-based algorithm under these two scenarios.  

As shown in Figure 9.4, the performance of the EEMD and NEMD sub-band 

adaptive filtering system is better than that of the EMD, and all the three systems have 

better convergence under the exact-modeling scenario. The results also demonstrate that 

the EEMD and NEMD algorithms are able to conquer the mode-mixing problems existing 

in the EMD algorithm through different aspects. 
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