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ABSTRACT
Spectral- and time-domain analysis of Heart Rate Variability (HRV) signal is widely used as a
quantitative marker of the Autonomic Nervous System (ANS) activity. A robust algorithm was
developed to derive HRV from photoplethysmographic (PPG) signals, to compute FFT- and AR-
based spectra of these HRV signals, and to determine time- and frequency-domain features. This
algorithm has detrending, sample-rate reductions, false-peak removal, automatic peak detection,
peak-to-peak (P-P) interval detection and correction, time-domain feature extraction, HRV signal
generation, and spectral-domain feature extraction from the HRV signal. Adapting to the very
low spectral contents of the input PPG signal is very helpful in reducing the
processing/computational effort. The spectral features include the LF/HF ratio since this can be
used to quantify parasympathetic influences and sympathovagal balance. To validate the efficacy
of the algorithm, PPG signals were recorded under different conditions such as stimulating an
acupuncture point using a nanoscale patch, measuring relaxation after exercising, and others
which are known to elicit changes in the state of the ANS. Significant differences in LF/HF were
observed due to these effects. The pNN50, a time-domain measure of PP interval variability,
was also considered for quantifying ANS activity and exploring its correlation with spectral
features. We also used multiple sensors placed on different fingers to record PPG signals and to
confirm that their respective spectral analysis was almost identical. We observed that a multiple
sensor approach could be used to effectively reduce the impact of motion artifacts and of
deterioration of signal quality due to loss of good PPG sensor contact. Finally, a time varying
approach for analysis of HRV signal spectra was developed. It is proposed as a tool to estimate

the ANS balance at any particular instant of time.

Vi
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CHAPTER 1

INTRODUCTION

1.1 Objective
The main objective of this thesis was to design an algorithm that uses biological signal such
Photoplethysmogram (PPG) as a source signal to derive the Heart Rate Variability (HRV) signal
and perform time- as well as frequency-domain analysis to study the balance of Autonomic

Nervous System (ANS) with application to human mental stress estimation.

1.2 Background

1.2.1 Heart Rate Variability (HRV)

The HRV signal is a measure of variations in beat-to-beat time intervals [1]. It is usually
measured in the units of seconds or milliseconds. The time intervals between two beats are
usually referred as RR Intervals for an Electrocardiography (ECG) signal and P-P (for peak-to-
peak) intervals for a PPG signal. There are numerous methods that could be used for the
detection of beats such as ECG, blood pressure, PPG etc. The methods that we chose for beat
detection to design the algorithm presented in this thesis were the PPG and the ECG. Analysis of
the HRV signal has been widely used as a non-invasive tool for studying the balance of
Autonomic Nervous System [1]. Typical HRV analysis techniques include Time-Domain,
Frequency-Domain, Geometric, and Non Linear analysis [2]. For this thesis we mainly
considered time- and frequency-domain methods for HRV analysis

1



1.2.2 Electrocardiography (ECG)

An ECG signal is primarily used for derivation of HRV [3]. ECG signals are collected using
electrodes placed on the body that detect signals that are recorded by a device that is external to
the body. Therefore, ECG is a totally noninvasive method to pick up the electrical activity of the
heart over a period of time. We used ECG signals to calculate the beat-to-beat time interval and
hence derive an HRV signal from it for further analysis and eventually estimating the human
mental stress level. All the ECG signals that we use for this research were downloaded from the

Physionet website. Figure 1.1 shows a typical ECG signal with beat to beat (R-R) intervals in

units of milliseconds (ms).

845 745

812

732

Figure 1.1: Example of R-R intervals in a ECG Signal [4]




1.2.3 Photoplethysmography (PPG)

A PPG signal is recorded using a PPG sensor usually placed on the finger tip. A PPG sensor
uses a visible or infrared light emitting diode (LED) and a photodiode to measure blood volume
changes in the capillary system with each heartbeat. With each cardiac cycle, the change in blood
volume is detected by measuring the amount of light which is transmitted to the photodiode
through the tissue [5]. As with the ECG signal, a PPG signal can also be used to detect the beats
and thus beat to beat intervals. Figure 1.2 shows an example of a typical PPG signal in

comparison with an ECG.

RR, RR, RR,
<+----- e e

PP, PP, PP,
“« e e

Figure 1.2: Example of P-P intervals in a PPG Signal [6]

The advantage of PPG over ECG is the ease it provides in recording. To record an ECG signal, at
least two electrodes have to be placed on the body to detect the electrical activity of the heart [5].
Whereas a PPG sensor can be easily placed on the fingertip and the PPG sensor would also
detect the beats through blood pressure activity rather than through electrical activity. We used

PPG sensors along with a National Instruments Elvis Il board and Matlab’s Data Acquisition



Toolbox to record PPG signals and then using them for processing and derivation of HRV for

ANS balance estimation.

1.2.4 Autonomic Nervous System

The ANS is a part of the Nervous System that acts as a control system in the human body [7].
Thus studying the balance of ANS is extremely important in estimating the level of mental stress.
The ANS is divided into two subsystems: Parasympathetic Nervous System and Sympathetic
Nervous System. In some cases the two systems act opposite to each other while in some they act

together. Figure 1.3 shows how the two ANS subsystems affect the different body parts:



Parasympathetic Svmpathetic

Eyes
Dilate pupil

Eves ¢
Constrict pupal

Salivary plands
Inhibit salivation

salivary plamls
Stimuolades salrvabion

Wenrt
Accelermtes Henmbea

Hean
Slirws hearbaal

-

A YN XY

| Vapus nerve | |I ! Lumgs
) Lungs } — i ! Dilate broncha
Consinict brouchi | .__i |
a— | V- |
| —F - Stomuach
Stemach L J Inhihits digestion
Simulwtes digestion | .—.l_ Salut
L= plexus
| :'l i & Liver
| ._-I Stumulaes glucose release
Liver | .,,_} Tl
Stimukates bale e — —
release - [ -~ Kidneys
L | >‘ Strmulate epanephrne and
lmiestines : | 17 norepinephanee release
Stimlate peristalsis 1 |
and secretion | |
':J | Imiesines
| | Imhibi penistlsis
Bladder ll" I j and secretion
Contracts |
bllader II |I Chain of @ Blzdder
U sympathetic Relaxes bladder

gatuglia

Figure 1.3: Example of Autonomic Nervous System Regulating Functioning of organs [8]

Spectral analysis of Heart Rate Variability (HRV) has been widely used as a noninvasive tool for
studying the state of the ANS [1]. The HRV signal contains the frequency components
associated with the sympathetic and parasympathetic part of the Autonomic Nervous System [2]
thus; a successful separation of these components in the HRV Spectrum can be used to assess the
human mental stress. HRV spectrum is divided into Very low Frequency band (0-0.04 Hz), Low
Frequency band (0.04-0.15 Hz), High Frequency band (0.15-0.4 Hz) and Very High Frequency
band (>=0.4 Hz) [2] where more High Frequency components represent vagal dominance
whereas more Low Frequency components represent stress. Therefore, the Low Frequency to

High Frequency ratio index could be used as a noninvasive marker of mental stress level.



1.2.5 Time Domain Analysis

Once an HRV signal is derived using an ECG or a PPG signal there are a number of methods
that could be employed for analysis. The most common analysis method is Time Domain
Analysis. Usually, it is performed on two kinds of data.

a) Analysis done directly on the measurement of Peak-to-Peak (P-P) intervals.

b) Analysis done on the successive differences between pairs of P-P intervals [2].

The various time domain measurement techniques that are used for the analysis of HRV are;
= Standard Deviation of P-P intervals (SDP-P)
= Standard Deviation of Average P-P Intervals (SDAP-P)
= Root mean square of successive P-P differences (RMSSD)
= Standard Deviation of differences between adjacent P-P intervals (SDSD)
= Histogram of Successive Differences
= Histogram of P-P intervals.
= Histogram of (instantaneous) Heart Rate values.
= Number of pairs of adjacent P-P intervals differing by more than 50 ms in the entire

recording (NN50)

NN50 count divided by the total number of P-P intervals (pNN50) gives as a percentage

A detailed result of this analysis is shown in chapter 3.



1.2.6 Frequency Domain Analysis

Frequency domain analysis typically requires interpolating the P-P intervals to produce a
continuous HRYV signal as a function of time. Next, the interpolated HRV signal is decimated to
lower rates, typically 2 Hz or 4 Hz (2 or 4 samples/second) [1]. Once the HRV signal at a
reduced rate is produced, spectral analysis is performed to generate an HRV spectrum which is
then divided into low frequency or LF (0.04-0.15Hz) and high frequency or HF (0.15-0.4Hz)
regions to compute the total power under these regions to estimate the dominance of sympathetic
or parasympathetic part of the ANS. Usually, ANS balance is estimated by computing the LF/HF
ratio of signal power in the two regions; higher ratio suggests more Sympathetic Nervous System
dominance and lower ratio suggests more Parasympathetic dominance. For spectral analysis we
used parametric and non-parametric methods [2]. Figure 1.4 is an example of spectral estimation

results and the resulting ratio.
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Figure 1.4: Power Spectral Density of a HRV Signal

1.3 Motivation

The main motivation behind this research was to develop an algorithm that takes an input
PPG signal and performs various processing steps to eventually produce a mental stress
index. The details are given in figure 1.5 which represents an overall block diagram with a
step-by-step working of the algorithm that we designed. Another motivation, also shown in
figure 1.5, was to choose subjects and test conditions that could produce different mental

stress index values.



Figure 1.5: Overall Block Diagram of all the processing done to arrive at a Mental Stress Index.



CHAPTER 2

LITERATURE REVIEW

2.1 Heart Rate Variability

Heart Rate Variability (HRV) is a measure of variation in beat-to-beat interval (N-N) over a
period of time. It has been widely used as a noninvasive marker for studying the balance of
Autonomic Nervous System and it is relatively easy to derive [1]. It is one of the various
measure obtained from the biological signals that provide significant knowledge about the
balance of the ANS.

The significance of HRV dates back to 1965 when Hon and Lee found that fetal distress resulted
in alterations in inter-beat intervals. During the 1970s, Ewing et al, devised a number of simple
bedside tests of short term N-N differences to detect autonomic neuropathy in diabetic patients.
In 1977, wolf at el first showed the association of higher risk of post infarction mortality with
reduced HRV signal variance. Introduction of Power Spectral analysis of heart rate fluctuation
for quantitatively evaluating beat-to-beat cardiovascular control was done by Akselrod et al in
1981. In late 1980, the importance of HRV became apparent with confirmation of HRV as a
strong and independent predictor of mortality following an acute myocardial infarction. Today
with the availability of new digital high frequency, multiple channel signal recorders, HRV has

gained potential as a provider of additional valuable insight about physiological and pathological

conditions [2].
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2.2 HRV Derivation

Heart Rate Variability signal is typically derived from an Electrocardiograph (ECG). ECG is a
graphical recording of electrical activity of the human heart [1, 9]. This electrical activity is the
result of the depolarization and repolarization of atria and ventricles. Depolarization is said to
occur when electrically polarized cardiac cells lose their internal negativity. As depolarization
travels from cell to cell a depolarization wave is produced across the entire heart. This wave
represents a flow of electricity and gets detected by electrodes placed on body surfaces. Once the
depolarization is complete, the cardiac cells get restored to their resting potential and this process
is known as repolarization. This occurrence of polarization and repolarization gives rise to a
ECG waveform which consist of P wave, QRS complex, T wave and finally U wave per cardiac

cycle [9]. Figure 2.1 shows a typical electrocardiogram (ECG)

Figure 2.1: A Typical Electrocardiogram Signal [10]
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ECG recording can be a complex process as it requires that at least two electrodes to be
connected to human body. Each heartbeat is a result of section of heart producing electrical

activity which is recorded from the skin using appropriate electrodes. To record an ECG, 2, 3, 6,
10, 12 or 16 electrodes can be fixed to the body of the subject [11].

Other than ECG, the HRV can also be derived using a PPG signal. The multiple-electrode
drawback can be overcome by using a photoplethysmographic (PPG) signal for deriving the
HRV. A PPG sensor uses a combination of an LED and a photodiode to measure a blood volume

change in the capillary system. During each cardiac cycle, the blood volume change is detected
by quantifying the amount of light that is transmitted to a photodiode through tissue [5].

A human heart is divided into four chambers: left and right ventricles and left and right atrias.
The right ventricle pumps the blood to the lungs where blood gets oxygenated. The oxygenated
blood then enters the left atrium then the blood passes to the left ventricles through a valve which
then pumps the blood to the rest of the body. The deoxygenated blood reaches the right atrium.
The contraction of ventricles is called systole and the relaxation of ventricles is called diastole.
During diastole the ventricles are refilling. Thus, the period of PPG is split into two parts the

rising phase which is called systolic time and the falling phase which represent diastolic time

[11]

2.3 Autonomic Nervous System

Autonomic Nervous System is a part of the Nervous System and acts as a system that controls

the cardiac muscle. Thus studying the balance of ANS is extremely important in estimating the
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level of mental stress. ANS affects heart rate, digestion, respiratory rate, perspiration, pupillary
dilation, salivation etc. ANS is divided into two subsystems Parasympathetic Nervous System
and Sympathetic Nervous System. In some cases the two systems acts opposite to each other
while in some they act together [12]. ANS activity, which comprises of the activities of the
sympathetic and parasympathetic together, influence the sinus node of the heart therefore
modulating heart rate. The sympathetic activity is primarily responsible for preparing body for
stress related situations by boosting energy. On the contrary the parasympathetic activity tries to
overcome the effects of sympathetic activity and restores the body to a resting state.
Parasympathetic activity is most active during a restful state. Under normal conditions the two
activities show a balance between them however, during rest this balance changes and
sympathetic activity starts dominating [13].

As mentioned earlier, the HRV signal contains frequency components that could be divided into
ultra-low frequency (0.0001-0.003 Hz), very low frequency components (0.003-0.04 Hz), low
frequency components (0.04-0.15 Hz) and high frequency components (0.15-0.4 Hz) [2].
Traditionally it is believed that high frequency is affected by parasympathetic activity whereas
low frequency is affected by sympathetic activity. Thus the ratio of power associated with low
frequency region and high frequency region is used to study the balance of Autonomic Nervous
System. The very low frequency component is associated with factors like hormone, temperature

etc. [13]
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2.4 HRV Analysis

Analysis of HRV is typically categorized into time- and frequency-domain analysis. With time
domain analysis techniques parameters such as mean heart rate, distance between longest and
shortest NN interval, difference between night and day time heart rate, etc. can be calculated.
Statistical analysis is usually divided into two parts: a) those derived from the direct
measurements of the NN intervals or instantaneous heart rate; b) those derived from the
differences between the NN intervals. These variables can be derived by analyzing the whole
recording of the signal or by dividing the whole signal into multiple segments. The later method
is preferred as it allows result to be compared between different segments such as comparison of
day time vs. night time recording results, sleep vs. wakefulness recording results, etc. [2]

The overall variables that are calculated under time domain analysis techniques are listed in

figure 2.2 [2].
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Variabl Units Description
Satstical measures

SONN ms  Standard devition of all NN intervals.

SDANN ms Standard deviation of the averages of NN ntervals in all  min segments of the enire recording

RMSSD ms The square root of the mean of the sum of the squares of differencs between adjacent N
intervals

SONN index ms Mean of the standard deviatins of ll NN ntervals for all 3 min segments ofthe entie recording,

308D ms Standard devation of ifrence between adacent NN intevals.

NNG0 count Number of peirs of adjacent NN intevalsdifering by more than 5 ms in th entire recording.
Three variants are possblecountng all such NN intrvals pairs or only pirs in which the first or
the second interval s longer

pNNJ0 % NN3D count divided by the total pumber of all NN intervals

Figure 2.2: Various Time Domain Parameters in HRV Analysis (table taken from [2]).

Other authors have used 14 different variables to determine and index subjects, dividing them

into low and high stress groups [14].

Frequency domain analysis is also used for estimating the balance of the Autonomic Nervous
System. In frequency domain analysis the non-parametric and parametric Power Spectral Density
(PSD) of the HRV signal is calculated. The PSD is split into very low frequency, Low Frequency
(LF) (0.04-0.15Hz) and High Frequency (HF) (0.15-0.4 Hz) regions. The total power in the
respective region is calculated and their ratio (LF/HF) is calculated to estimate the balance of the

sympathetic and parasympathetic activity. The non-parametric is a Fast Fourier Transform (FFT)
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based approach whereas the parametric method is an Auto Regressive (AR) based approach to
estimate the PSD of the HRV signal [2].

PSD analysis provides information about how the power has been distributed as a function of
frequency. Literature review indicates that both the non-parametric and parametric method
provides comparable results. However, there are some advantages of non-parametric method
over parametric method. These advantages are [2]:

a) Simplicity of the algorithm employed as they are based on FFT computations.

b) Fast processing speed.

Some advantages of parametric method are [2]:
a) Smoother spectral components.
b) Easy post processing of the spectrum and easy identification of central frequency of each
spectrum.
c) Accurate estimation of PSD even on small number of samples over which the signal is

supposed to maintain stationarity.

The basic disadvantage of parametric PSD estimation is the verification of the model chosen i.e.
the order of the model and complexities associated with it [2].

Short term recording are those which have a recording length between 2 and 5 minutes. Whereas
long term recordings have a recording length of 24 Hrs. The spectral components are divided
into Ultra Low Frequency (ULF), Very Low frequency (VLF), Low Frequency (LF) and High
Frequency (HF). Figure 2.3 shows the distribution of various frequency components in the PSD

of the HRV signal [2].
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Figure 2.3: Spectral Regions of Typical Power Spectral Density [2]

Also, figure 2.4 shows various spectral components considered in short term vs. long term

recording.
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Variable Units Description Frequency range
Analysis of short-term recordings (5 minj

5 min total power ms’ The variance of NN intervals over the iI[J[J['(inII]EIIi‘l\’ <0-4 Hz
temporal segment

VLF ms®  Power in very low frequency range <004 Hz
LF ms’  Power in low frequency range 0-04-0-15 Hz
LF norm nu.  LF power in normalised units

LF/{Total Power-VLF) = 100
HF ms®  Power in high frequency range 0-15-0-4 Hz
HF norm nu.  HF power in normalised units

HF/(Total Power-VLF) = 100
LF/HF Ratio LF |ms“/HF |ms’|

Analysis of entire 24 h

Total power ms®  Variance of all NN intervals approximately <0-4 Hz
ULF ms’  Power in the ultra low frequency range  <0.003 Hz

VLF ms®  Power in the very low frequency range  0-003-0-04 Hz

LF ms’  Power in the low frequency range 0-04-0-15 Hz

HF ms*  Power in the high frequency range 0:15-0-4 Hz

a Slope of the linear interpolation of the  approximately <0-04 Hz

spectrum in a log-log scale

Figure 2.4: Various Frequency Domain Parameters (Long Term Vs. Short Term) [2]

2.5 Data Collection
Electrocardiogram signals for research and verification of algorithm can be obtained from MIT-
BIH Arrhythmia Database [15]. The MIT-BIH Arrhythmia Database contains two channel ECG
recordings which were acquired from 47 subjects who were studied by the BIH laboratory
between 1975 and 1979. Twenty three recordings were chosen from 4000 ECG recordings
acquired from mixed populations of inpatients (60%) and outpatients (40%) at BIH. The other
25% were selected from the same set to include less common but clinically significant
arrhythmias. The signals were sampled at a sampling rate of 360 samples per second with 11 bit

resolution over a 10 mV range [15]. All these data can be freely accessed by installing a WFDB
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Software package for Matlab [15]. Previously authors have used data from this source to verify
their research [9]. A pertinent literature review indicates that it is important to sample the signal
at relatively high rates (usually over 300 Hz) to accurately detect the peaks [16, 17]. Sampling
the signal at much low rates produces jitters and thus could lead to inaccurate detection of peaks
and finally false estimation of mental state. Literature review also indicates that lower sampling
rate (>=100 Hz) may also work satisfactorily only if proper interpolation is used to refine the R

wave fiducial point [2].

2.6 Peak Detection and HRV Derivation
Previously, researchers have proposed many techniques for detecting peaks from ECG and PPG
signals. Such of these techniques include: wavelet transform, differentiation, Hilbert transform,
enhanced Hilbert transform, digital filters, etc. [1, 9]. A thresholding step has also been
discussed in the literature to further refine the accuracy of the detection of peaks for NN interval
detection. Usually adaptive thresholding is considered better than fixed thresholding since fixed
thresholding doesn’t work well with amplitude varying signals and tends to result in missing
peaks [18]. Manual checking for detection of any missed peak is also a common practice and
some algorithms have been proposed to declare when a peak has been missed and a measure to
correct it. Although it is also mentioned that manual editing should be minimized as time and
frequency domain analysis of such signal tends to produce biased result [2], [18]. After detecting
accurate peaks, the distance between the peaks (N-N interval) are calculated in the units of
seconds. These NN intervals are also termed as a discrete event series (DES). A non-uniform
interpolation scheme is then performed to obtain a continuous Heart Rate Variability signal as a

function of time. Both parametric and non-parametric methods could be applied for the analysis
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of the continuous HRV signal (obtained after interpolating the DES). However, it is
recommended in literature that the parametric method be used [2]. Figure 2.5 shows typical
processing steps recommended by the Task Force of The European Society of Cardiology and

The North American Society of Pacing and Electrophysiology [2]

RR interval NN data Interpolation
rejection | sequence | + sampling
RR data
editing

~Artefact
identification Y Y
A TIME FREQUENCY
Microcomputer DOMAIN DOMAIN
ECG

recording

Figure 2.5: Typical Signal Processing Steps [2]
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2.7 Correlation between Time and Frequency Domain Analysis

Both time- and frequency-domain methods have been used in the literature for HRV analysis.
Although frequency domain methods are clearer marker of the balance of Autonomic Nervous
system, there have been researchers who used solely time-domain parameters to differentiate
between stress and non-stress states. The possibility of using time-domain parameters as an
alternative to the LF/HF ratio has been explored [19, 20]. Thus understanding correlation
between time and frequency domain parameters becomes an interesting study. Figure 2.6 shows
existing significant correlations between time and frequency domain measures found in the

literature [2]

Approximate frequency

Time domain variable .
domain correlate

SDNN Total power
HRYV triangular index Total power
TINN Total power
SDANN ULF
SDNN index Mean of 5 min total power
RMSSD HF
SDSD HF
NN50 count HF
pININ50 HF
Differential index HF
Logarithmic index HF

Figure: 2.6 Typical Correlations between Time and Frequency Domain Analysis [2]
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2.8 Existing HRV Analysis Software
Kubios is HRV analysis software that interpolates a DES signal, performs time-domain,
frequency-domain and nonlinear analysis. The user feeds an N-N signal and the software
produces all the analysis results, and the user can also save a pdf file as a report. This software
can be downloaded for free from Internet [21]. There have been other software packages that
have been developed or are in development [22]. Figure 2.7 is example report generated by the
Kubios HRV analysis software [21]. This Software uses a detrending scheme as mentioned in

[23] .
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HRV Analysis Results
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Figure 2.7: KUBIOS HRV Analysis Report
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2.9 Accuracy of PSD Based Estimation
As mentioned before the LF/HF index has been used as a marker of balance of ANS. For
example high ratio indicates sympathetic dominance whereas low ratio indicates parasympathetic
dominance. It is also believed that low frequency is affected by both sympathetic and
parasympathetic activity and high frequency is solely affected by parasympathetic activity. Thus,
LF/HF index is an imperfect approximation of the balance of the autonomic nervous system. The
literature also reveals that physiological mechanisms that are responsible for heart rate
fluctuations have nonlinear components and since the LF/HF index is based on linear processing,
it does not consider the nonlinear characteristics of the ANS. Therefore, a new method is
required that takes into account the nonlinear components responsible for heart rate fluctuations.

[16] [17].

2.10 Principle Dynamic Mode (PDMs)
The method of Principal Dynamic Modes (PDMs) decomposition seem to address the above
mentioned problem and it can separate the nonlinear dynamics of the Autonomic Nervous
System [16, 17]. The nonlinear PDM method was first introduced by Marmarelis and was
applied to the analysis of physiological systems. The PDMs are calculated using Volterra-Weiner
kernels based on the expansion of Laguerre polynomials [24]. Some work has been done already
using this technique to quantify the state of the autonomic nervous system and the authors found

that the PDM method produces slightly better results than PSD method [25], [26].

24



2.11 Effects of Light on ANS
Blue enriched light has been used to enhance the mood of people. The blue light therapy claims
to provide promising results to treat subjects suffering from Seasonal Affect Disorder (SAD)

[27-29].
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CHAPTER 3

ALGORITHM FEATURES

3.1 Data Collection
All the ECG data that were used in this research were collected from the Physionet website [15]
using WFDB toolbox. All the physionet’s ECG data were sampled at 360 Hz. The entire PPG
signals that we used were recorded in our own biomedical engineering laboratory using one or
three PPG sensors (Easy Pulse kit: A DIY pulse sensor based on photoplethysmography from
tindie.com), a National Instruments Elvis Il board, and Matlab’s Data Acquisition Toolbox. The

PPG signals were mostly recorded at 1000 samples/second for maximum flexibility.

3.1.1 A Multiple Sensor Concept
As part of the research documented in this thesis, we briefly explored the idea of using multiple
sensors to record PPG signals. Sensors were put on more than one fingers of a person to collect
signals from different fingers. Using multiple signals one signal was created as a combination of
the entire signal available using a simple coherent averaging technique. This allowed us to get rid
of any loss in contact occurred with sensor while recording signals. The simplicity of the
approach is possible due to the adaptive nature of the signal processing done to find the peaks in
the PPG signal. Figures below shows three different PPG signals (after detrending with a high-
pass filter) collected from different fingers and the resulting averaged signal. The recorded
signals suffered loss of contact at different time interval and then we showed that the averaging

technique can be used to overcome this problem.
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PPG Signal Collected Using Sensor 1
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Figure 3.1: A PPG Signal Collected Using Sensor 1 after detrending.
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Figure 3.2: A PPG Signal Collected Using Sensor 2 after detrending.
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PPG Signal Collected Using Sensor 3
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Figure 3.3: A PPG Signal Collected Using Sensor 3 after deterending
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Figure 3.4; Combined PPG Signal Using Coherent Averaging technique
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3.2 Sampling Rate Reduction
Since the original PPG signals were sampled at a very high rate of 1000 Samples/Second (SS),
and since the bandwidth of the signals was found to be well below 40 Hz, the original signal can
be decimated down to a rate of 80 SS without needing an anti-aliasing filter. According to the
Nyquist sampling theorem, we should sample at twice the bandwidth (BW) of a low-pass band
limited signal:
Fs>2(BW)

Sampling rate reduction speeds up the processing time without causing aliasing if the signal has
been decimated to a lower rate approaching the minimal (Nyquist) rate. Figure 3.5 shows the
spectrum of the original signal using a decibel vertical scale clearly showing the essential
bandwidth of 40 Hz Beyond that frequency, the spectrum is more than 50 dB below its

maximum value.
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Figure 3.5: Full Spectrum of Original Signal Sampled at 1000 Hz

This degree of severe oversampling allowed us to consistently reduce the sampling rate and
process the signals at lower rates to speed up the processing time. The Welch spectra that we
obtained by processing the signals at different rates were very similar at low frequencies. Figure
3.6 and 3.7 show the HRV spectra of a signal processed mostly at 1000 SS and the same signal

processed mostly at 100 SS.
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Bandpass PSD LFHF ratio = 0.27315
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Figure 3.6: HRV PSD Derived from a Signal Processed Mostly at 1000 Samples/Sec.

0.24059

Bandpass PSD LFHF ratio

02 025 03 035 04 045 05

0.15

0.1

Hz

Figure 3.7: HRV PSD Derived from a Signal Processed Mostly at 100 Samples/Sec.
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3.3 Preprocessing
Usually the raw ECG/PPG signals have high and low frequency noises that get incorporated into
while recording. Most sensors would have automatic high-frequency noise rejection of while
most would not reject low-frequency noise (unwanted trends). Therefore, it is always better to
preprocess the signals to get rid of low frequency trends. The two preprocessing filters that were
considered for our algorithm were a simple Infinite Impulse Response (1IR) high-pass filter and a
1-d Discrete Wavelet Transform Daubechies-6 Finite Impulse Response (FIR) filter. The IIR
filter proved to be sufficient and the other approach was not considered further. The use of the
discrete wavelet transform, which provides time-frequency representation of the signal and is
very well suited for non-stationary signals like ECG or PPG was considered for more general
analysis though it is not mentioned further in this thesis. A typical block diagram of

preprocessing step based on IIR filters is shown in figure 3.8.

Signal De-
Original Signal ‘ trending Using ‘ Raw PPG Signal

IR HP Filter

Figure 3.8: Preprocessing Steps to Detrend the PPG Signal.
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We used a simple IIR high-pass filter with the following transfer function for removing trends

from the input signal

l+a 1-277
H(z) =—+ ——
(2) 2 1-az’

Where the value of o used to produce a very narrow notch was chosen to be 0.99.

Figure 3.9 a) and b) shows the pole-zero plot and a frequency response plot of this 1IR filter.
Clearly, the phase of the filter is nearly linear at very low frequencies, a desirable property since
peak locations would not be affected.  Figures 3.10 and 3.11 shows an original and a

preprocessed signal respectively:

Pole-Zero Plot of IIR High Pass Filter
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Frequency Response of IIR High Pass Filter
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Figure 3.9: Pole-Zero a) and Frequency Response of IIR High Pass Filter
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3.4 Thresholding and Peak Detection

Once the preprocessed signal is obtained, the next step is to discard the non-positive peaks as the

negative peaks can never be candidates for PPG signal peaks associated with heart beats . This

step is followed by squaring the positive peaks to increase the dynamic range of the beats (actual

peak) compared to rest of the peaks which are not candidates for actual beat peak. Figure 3.12 is

an example of one such processing:
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Figure 3.12: Signal after Clipping Negative Amplitudes and Squaring Positive Parts.

Once the non-positive values have been eliminated, a zero-crossing method, based on the

derivative of the signal, was then used to detect the locations of the peaks. Only large amplitude

parts of the squared signal were considered when looking for zero-crossings of the derivative to

be declared beat peaks. While using the zero-crossing method we also used a parameter Q which

assures that there is a certain minimum distance between two peaks. This allowed us to get rid of
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the peaks that were too close to be actual peaks that correspond to heart beats. Figure 3.13 shows

an example of the locations where beat peaks were found.

locations of peaks from zero-crossings
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Figure 3.13: Determination of Locations of Peaks Using Zero Crossings of Derivatives

In the peak detection, e we also used a smart thresholding step to further eliminate invalid

peaks. In general, thresholding operation is performed as a global or as a variable step.

3.4.1 Global Thresholding
This thresholding technique just uses one threshold value and ignores all the peaks below or
above it as specified by the user. This is not a good thresholding technique as the amplitude of
the squared signal changes a lot therefore one threshold value cannot provide the desired result
[18]. Lots of peaks could not be detected using this thresholding technique when it was

evaluated.
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3.4.2 Variable Thresholding
Variable thresholding is an ideal approach to detect beat peaks and discard all other invalid
peaks. Variable thresholding is a time varying approach where the amplitude of the threshold
keeps changing according to the local, average amplitude of the signal or a similar quantity based
on previously detected peaks [18]. By employing the first approach we were able to reduce the
number of missed peaks significantly compared to what we would get using global thresholding.
Figure 3.14 shows an example of variable thresholding and actual peaks that were detected as a
result of this thresholding. The blue line is the squared signal, the red line shows the local
threshold that was used to decide where to look for beat peaks (above this line), and the green

vertical lines show the locations of the beat peaks that were found.

Signal Thresholding, Threshold used (red), peaks found (green)
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Figure 3.14: Variable Thresholding Using Time Varying Threshold
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3.5 Peak-to-Peak (P-P) Interval Detection
The peak finding step gives all the indices where a beat peak was obtained. The peak-to-peak
intervals signal is then obtained as the successive difference of the sample indices associated
with the peaks divided by the sampling frequency. Mathematically, the peak-to-peak interval
sequence (in units of seconds) is given as:
PP(n)=(P(n)-P(n-1))/Fs

where P(n) is the ™ location of a beat peak.

3.6 P-P Outliers (Missed Peaks) Detection and Smoothing Scheme

The peak-to-peak or Peak-Peak (P-P) interval signal plays a very important part in deriving the
HRV signal through a non-uniform interpolation technique and this signal plays a key role in
estimating the state of the Autonomic Nervous System (ANS). Thus, detecting the correct
intervals is very important. Therefore we incorporated a scheme in our algorithm that
automatically checks if there have been any P-P interval outliers, and if so it uses a moving
average filter to correct them to prevent HRV signal corruption. The moving average filter keeps
track of the P-P intervals and uses the value equal to the local average of the past N and next N
P-P intervals to replace the locations where a missed peak was detected. A typical value used for
N is 5. An outlier is declaring if any P-P interval is 1.5 times greater than the local average of the
P-P intervals. An outlier is replaced with the local average of P-P intervals. Thus, this technique
smooth’s the P-P interval outliers. Previous researchers have also incorporated automatic
correction schemes to produce better results than manual editing to correct the signal [1].

Figures 3.15 and 3.16 are examples of P-P outlier detection and smoothing.
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Figure 3.15: Signal with Missed Peaks

CORRECTED RR Interval times
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Figure 3.16: Corrected Signal Using Moving Average Filter
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The corrected Peak-Peak intervals signal is then used to perform Time-Domain Analysis. Time
most commonly used time-domain analysis is to compute simple statistics, such as mean and
standard deviation, of the P-P intervals. Also Peak-Peak interval signal is used to compute an
average Heart Rate over a period of time. An instantaneous Heart Rate can be obtained as

HR= 60. / (P-P Intervals);
in the units of beats per minute. We also performed a histogram generation operation of P-P and
HR because it is useful to visualize their spread. Figure 3.17 and 3.18 shows two such

histograms.

Histogram of P-P Intervals, Mean = 0.77716 Std = 0.10963

0.4 0.5 0.6 0.7 0.8 0.9 1 1.1 1.2 1.3
P-P Intervals (secs)

Figure 3.17: Histogram of Peak-Peak interval Signal
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Histogram of Heart Rate in BPM, Mean = 78.8201 Std = 11.8252

50 60 70 80 90 100 110 120 130
Heart Rate (Beats Per Minute)

Figure 3.18: Histogram of Instantaneous Heart Rate

3.7 Heart Rate Variability Signal Derivation
After obtaining Peak-Peak intervals we used interpolation techniques to obtain a Heart Rate
Variability (HRV) signal that is a function of time. We explored various interpolation schemes
available in Matlab such as cubic splines, linear, nearest neighbor, etc. To perform the
interpolation operation we used the Matlab command interpl. An example of a command that
performs the (non-uniform) interpolation operation has the format as follows:

Vq = interpl(X,V,Xq,METHOD,EXTRAVAL)

Where,

Vq =resultant interpolated signal
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X= locations where a peak was found

V= values of the P-P interval signal at the peak locations,

Xg= locations where the HRV signal is desired (query points) which is typically a uniform set of
time locations

Method= cubic, linear, nearest, piecewise

Extraval= value given to interpolation results outside of the range of X which would otherwise
result in O or an undefined value (NaN).

A HRV signal which is obtained as a result of above explained operation with the nearest

neighbor method is shown in figure 3.19.

HRYV Signal (Interpolated RR intenals) using method = nearest

Seconds

Figure 3.19: Derived HRV Signal Using Nearest Neighbor Interpolation Technique
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Also, figures 3.20 and 3.21 show a reduced time range of the HRV signal to show the

comparison of two interpolation schemes that are used to generate the HRV signal. The cubic

spline method tends to give a smoother connection of points compared to the linear (not shown)

or nearest neighbor methods.

HRV Signal (Interpolated RR intenals) using method = nearest

Seconds

Figure 3.20: Example of HRV Derivation Using Nearest Method
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HRV Signal (Interpolated RR intenvals) using method = spline
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Figure 3.21: Example of HRV Derivation Using Cubic Spline Method

Figures 3.22 and 3.23 are two example spectra of an HRV signal generated using the spline and
nearest neighbor methods. Based on empirical results we found that spline interpolation
techniques gives the lowest LF/HF ratio compared to nearest neighbor and linear methods.
Between the linear and nearest neighbor methods, the high frequency information is guaranteed

to be lower for linear interpolation which produces a higher LF/HF ratio.
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) Spectrum of HRV signal using Spline method
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Figure 3.22: Spectrum of HRV Using Cubic Spline Method

Spectrum of HRV signal using Nearest method
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Figure 3.23: Spectrum of HRV Using Nearest Method
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Table 3.1 shows the low frequency to high frequency (LF/HF) ratio that we obtain using various

interpolation schemes and the non-parametric method of spectrum estimation.

Data Nearest |Linear Spline

Datal 1.88 2.2 1.61
Data2 1.26 1.49 1.09
Data3 2.5 2.97 2.13
Data4d4 1.83 2.41 1.78
Data5 2.53 2.87 2.23
Data6 1.05 1.18 0.93
Data7 1.16 1.38 1.09
Data8 1.32 1.63 1.08
Data9 2.05 2.44 1.76
DatalO 1.6 1.96 1.39
Datall 2.06 2.54 1.69
Datal2 2.86 3.44 2.42
Datal3 1.19 1.4 1.02
Datal4d 0.94 1.14 0.8
Datal5 0.87 0.99 0.77
Datal6 2.72 3.09 2.4
Datal?7 2.68 3.03 2.41
Datal8 1.73 2.05 1.5
Datal9 1.82 2.09 1.64
Data20 0.89 1.02 0.8
Mean 1.74 2.06 1.52
STD 0.65 0.76 0.57

Table 3.1: Comparison of Interpolation Results (LF/HF Ratio) Using Non-Parametric Spectral Estimation

Table 3.2 shows the low frequency to high frequency (LF/HF) ratio that we obtain using various

interpolation schemes and the parametric method of spectrum estimation.
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Data Nearest |Linear Spline

Datal 1.88 2.16 1.59
Data2 1.27 1.5 1.08
Data3 2.52 2.93 2.13
Data4d 1.73 2.29 1.68
Data5 2.79 3.19 2.48
Data6b 1.29 1.43 1.1
Data7 1.38 1.7 1.3
Data8 1.39 1.76 1.13
Data9 2.13 2.56 1.81
DatalO 1.63 2.02 1.39
Datall 2.12 2.63 1.74
Datal2 2.57 3.08 2.18
Datal3 1.27 1.53 1.06
Datal4d 0.88 1.07 0.74
Datal5 0.87 0.95 0.74
Datal6 2.69 3.16 1.55
Datal?7 2.55 2.85 2.31
Datal8 1.73 2.03 1.5
Datal9 2.16 2.44 1.88
Data20 0.99 1.11 0.86
Mean 1.79 2.11 1.51
STD 0.62 0.72 0.51

Table 3.2: Comparison of Interpolation Results (LF/HF Ratio) Using Parametric Spectral Estimation

3.8 Downsampling HRV Signal
Since the original PPG signal was sampled at a very high rate, it is very important to resample it
at lower rate before doing any spectral analysis. This is mainly because the frequency content of
interest in an HRV signal is limited to very a very low frequency range (less than 0.5 Hz).
However, if a spectral analysis has to be done on a signal that is sampled at a high rate, a very
long window size would have to be used which makes the process computationally inefficient.

By resampling the HRV signal to a lower rate, we were able to study the spectral features using a
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small window size. Before decimating the HRV signal its spectrum was calculated to determine
the essential bandwidth of the signal to see if anti-aliasing filtering was required for a severe
downsampling of the signal. Figure 3.24 shows a typical spectrum of an HRV signal before

downsampling.

Log10 of Norm. Welch Full Spectrum of HRV Signal
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Figure 3.24: Welch Full Spectrum of HRV before Downsampling

From spectrum above we declared the bandwidth of the signal to be about 3Hz. To resampled

the signal down to 2 SS for an efficient spectral analysis, we used an anti-aliasing filter.

To severely downsample the HRV signal this way, we used a Matlab command as shown below:
Y = decimate(X, R,'FIR’)

Where,

Y=Decimated signal

X=Signal to be decimated

49



R=Factor by which signal has to be decimated (an integer)
FIR=length of an FIR filter to be used for anti-aliasing filtering.

A severely downsampled HRV signal is shown in figure 3.25:

HRV Signal after severe downsamp. to Fs3 = 2 Hz. for Spectrum Estimation
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Figure 3.25: HRV Signal after Severe Downsampling

3.9 Frequency Domain Analysis

As mentioned earlier, frequency domain analysis techniques are used to generate the spectrum of
the HRV signal to study the balance of Autonomic Nervous System. In approach which follows
[2] we incorporated two different spectrum estimation techniques i.e. Non Parametric and

Parametric.
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3.9.1 Non Parametric Method
For non-parametric spectral estimation we used the Welch method. Welch method splits the data

into overlapping segments and compute its modified Periodogram of each segment and then
averages the results to produce power spectral density estimate.
Each of the overlapping segments is first windowed using Hamming window or by any user
defined window. The size of the window and the degree of overlap are defined by the user. The
simplest use of the function in Matlab that computes non-parametric spectral estimates is
explained below;

[Pxx,w] = pwelch(x,window)
Where Pxx is the vector of values of the Power Spectral Density (PSD) of the signal x using the
Welch method and a window of type and size defined by the user and whose values are in the
vector with the same name. The vector w has the associated frequency values where Pxx is
defined. Figure 3.26 shows a PSD of signal determined using Welch method and a Hamming

window of size 128.
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Welch Full Spectrum, DTFT scale omega/pi
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Figure 3.26: Welch Full Spectrum of HRV after Severe Downsampling

The PSD is calculated in the units of power vs. radians per sample. However we are interested in
calculating frequency in units of Hz for our research. Therefore, the frequency scale was
normalized to give power between 0-1 Hz. as shown in figure 3.26.

Finally, we were interested in computing the power in the frequency range that corresponds to
Sympathetic Nervous System and Parasympathetic nervous System. Thus we divided the
estimated Welch PSD into low (0.04-0.15 Hz) and high frequency (0.15-0.4 Hz) regions. The
total area under these two regions were computed and then the ratio of two regions to estimate

the balance of Autonomic Nervous System. Figure 3.27 shows an example of such estimation:
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Bandpass PSD LFHF ratio = 0.51911

NPSD

Figure 3.27: Non-Parametric Spectrum of HRV Signal

The area under the red region is total high frequency power and it corresponds to the
Parasympathetic Nervous System. The area under the blue region is the total low frequency

power and it corresponds to the Sympathetic Nervous System.

3.9.2 Parametric Method
For parametric spectral estimate of the HRV signal we used the Burg method of Auto-Regressive
(AR) spectrum estimation with specified order.
Figure 3.28 shows full spectrum of an HRV signal obtained using the Burg method using an

order of 16.
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Burg Full Spectrum, DTFT scale omega/pi
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Figure 3.28: Burg Full Spectrum of HRV Signal

To obtain the estimate of the balance of Autonomic Nervous System the spectrum has to be
divided into low frequency and high frequency regions as it was done while computing the
estimate using the Welch spectrum.

An example of such an estimate using AR modeling is shown in figure 3.29 with model order 16

as suggested in [2].
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Bandpass AR LFHF ratio = 0.56649
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Figure 3.29: Parametric Spectrum HRV Signal
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Chapter 4

Time Domain Analysis

In this chapter various time domain techniques used in ECG/PPG signal analysis will be
discussed in detail.

4.1 Time Domain Analysis
Time domain analysis techniques performed on ECG/PPG signals is often referred to as simplest
way of analyzing such signals. Depending upon the length of the recording, the time domain

analysis technigue can be divided into long term and short term time domain analysis.

4.1.1 Long Term Recording
Long term recording involves collection of data for 24 hours or more. The various time domain
parameters that are used to analyze long term recordings are instantaneous heart rate, comparison
between night time and day time heart rate, average heart rate over a period of recording,
standard deviation of heart rate over a period of recording, average of peak-to-peak intervals,
successive difference of peak-to-peak intervals, standard deviation of peak-to-peak intervals,
NN50 count, pNN50 value, etc. [2].

However, for the purpose of this research we did not analyze any long term signals.

4.1.2 Short Term Recording
Short term recordings are recording of signals over 5 to 10 minutes in length. For this research
we used a variety of short term recordings for time domain analysis to estimate the mental status

of a subject. The various time domain parameters that we incorporated in this algorithm are
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histogram of heart rate, histogram of peak-to-peak interval, histogram of successive differences
of peak-to-peak intervals, average heart rate, average peak-to-peak interval, root mean square of
successive difference of peak-to-peak intervals, NN50 count and pNN50 value [2].

To perform time domain analysis, short term recording was done on three different groups which
were relaxed (medicated), normal (un-medicated) and (presumably) stressed. In following

sections we will show results of time domain analysis performed on these three groups.

4.2 Time Domain Analysis on Relaxed Person (Medicated)
All the results of analysis which we show in this section were performed on a signal which was 5
minutes in length. Figures 4.1-4.3 show histograms of heart rate, peak-to-peak (P-P) interval and
successive differences of P-P intervals (in units of seconds) for a signal that belongs to a relaxed

(medicated) case.

Histogram of Heart Rate in BPM, Mean = 73.2625 Std = 7.4886

55 60 65 70 75 80 85 90 95 100

Figure 4.1: Histogram of Heart Rate of Relaxed Subject
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Histogram of Peak-Peak interval in Secs, Mean = 0.82749 Std = 0.084275
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Figure 4.2: Histogram of Peak-Peak interval of Relaxed Subject

Histogram of Successiwve Difference of PP Intervals
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Figure 4.3: Histogram of Successive Differences of Peak-Peak interval

58



Table 4.1 shows the combined compiled results of analysis of various time domain parameters
for the relaxed (medicated) subject case. Results show relatively consistent numbers for all 6

recordings considered to illustrate this case.

Data Mean HR] STDHR | RMSSD NN50 pNN50 |Mean P-P] STD P-P
Datal00 72.2 7.23 0.074 222 63.06 0.83 8.54
Datal01 75.63 8.12 0.072 205 55.7 0.8 8.63
Datal02 74.19 9.01 0.09 232 64.44 0.82 10.06
Datal03 73.84 10.07 0.11 247 69.77 0.82 11.04
Datal04 76.31 9.3 0.08 229 61.72 0.79 9.52
Datal05 78.82 11.82 0.1 239 64.42 0.77 10.96

Mean 75.16 9.36 0.08 229 63.18 0.8 9.79

STD 2.29 1.37 0.01 14.54 4.57 0.02 1.09

Table 4.1: Results of Various Time Domain Parameters for Relaxed Subject

4.3 Time Domain Analysis on Normal Person (Un-medicated)

Figures 4.4-4.6 show histograms of heart rate, peak-to peak-interval and successive difference of

P-P intervals (in units of seconds) of a signal of that belongs to un-medicated case.
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Histogram of Heart Rate in BPM, Mean = 82.8855 Std = 5.0185
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Figure 4.4: Histogram of Heart Rate of a Normal Subject

Histogram pf Peak-Peak interval in Secs, Mean = 0.72659 Std = 0.044916
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Figure 4.5: Histogram of Peak-Peak interval of Normal Subject
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Histogram of Successive Difference of P-P Intenals
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Figure 4.6: Histogram of Successive Differences of Peak-Peak intervals

Table 4.2 shows combined compiled results of various time domain analysis parameters for this
case. Again, results show relatively consistent numbers for all 6 recordings considered to

illustrate this case.

Data Mean HR| STDHR | RMSSD NN50 pNN50 |Mean P-P| STD P-P
Datal10 82.88 5.01 0.074 121 29.72 0.72 4.49
Datalll 80.9 5.63 0.03 108 27.2 0.74 5.35
Datall2 79.92 5.97 0.03 137 34.86 0.75 5.54
Datall3 80.59 6.33 0.03 133 33.67 0.74 5.7
Datall4 77.88 5.89 0.04 156 40.83 0.77 5.87
Datall5 76.18 5.94 0.04 183 48.93 0.79 6.3

Mean 79.72 5.79 0.04 139.66 35.86] 0.75 5.54

STD 2.37 0.44 0.01 26.63 7.92 0.02 0.6

Table 4.2: Results of Various Time Domain Parameters for Normal Subject
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4.4 Time Domain Analysis on Stressed Person
Figures 4.7-4.9 show histograms of heart rate, peak-to-peak interval and successive differences
of P-P intervals (in units of seconds) respectively for one signal that belongs to a stressed subject

case.

Histogram of Heart Rate in BPM, Mean = 85.5417 Std = 3.0285
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Heart Rate in BPM

Figure 4.7: Histogram of the Heart Rate of a Stressed Subject
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Histogram of P-P intenvals in secs, Mean = 0.709 STD = 2.7282
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Figure 4.8: Histogram of the P-P Intervals of a Stressed Subject
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Figure 4.9: Histogram of Successive Differences of Peak-Peak interval
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Table 4.3 shows combined compiled result of analysis of various time domain parameters for
this case.  The results still show relatively consistent numbers for the 6 recordings; however,

more consistency is noted for the first 4 recordings considered to illustrate this case.

Data Mean HR| STDHR | RMSSD NN50 pNN50 |Mean P-P| STD P-P
Datall6 84.96 3.74 16.11 15 3.58 0.7 3.17
Datall7 82.42 5.49 31.41 13 3.21 0.73 3.68
Datall8 85.54 3.02 15.04 14 3.31 0.7 2.47
Datall9 84.85 3.27 13.88 13 3.11 0.7 2.72
Datal20 67.7 4.15 0.06 46 13.85 0.88 4.77
Datal2l 68.1 4.18 0.04 19 5.72 0.86 5.14

Mean 78.92 3.97 12.75 20 5.46] 0.76 3.65

STD 8.61 0.87 11.73 12.93 4.22 0.08 1.09

Table 4.3: Results of Various Time Domain Parameters for Stressed Subject
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CHAPTER-5

Frequency Domain Analysis and Algorithm Validation

To verify the algorithm we recorded PPG signals while making the subject experience different
environmental and mental conditions and the response of the subject was studied by analyzing
frequency domain features. All recorded data that we used were 5 minutes in length. We found
very different results as a consequence of using different conditions. We employed both
Parametric and Non-Parametric frequency domain analysis technique and the results were in
agreement with each other.

The various conditions that we used to stimulate different conditions were: (1) using a nano
patches, (2) recording signal after an intense work out session, and (3) using blue enriched light

to study their effects on the Autonomic Nervous System.

5.1 Nano-Scale Patch
There are nano-scale patches that are used to stimulate appropriate acupuncture points and thus
their application is expected to relax a subject. The nano-scale patch used here is designed by
Lifewave, is very convenient to apply, and it starts showing effects as early as 15 minutes after
its application [30].
Figures 5.1-5.4 show information about the patches and their proper location for their application
on the human body.

Figures 5.1-5.4 show the patches its description and position of application of nano scale patch.
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Figure 5.1: Y-age Relaxation Patches Packet [31]

Figure 5.2: Relaxation Patches
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Figure 5.3: Labeled Explanation of a Patch [32]

Figure 5.4: Location of Application of Patch on a Body [30]

Since the patches are expected to reduce the stress, we are expected to show more power in the
high frequency region of the HRV signal spectrum i.e. dominance of the Parasympathetic ANS.
Figures 5.5 and 5.6 are examples of parametric and non-parametric HRV spectra on a normalized

scale generated from a signal collected using the nano-scale patch.
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Bandpass PSD LFHF ratio = 0.26034
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Figure 5.5: Welch Spectrum of a Relaxed Subject
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Figure 5.6: AR Spectrum of a Relaxed Subject
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Table 5.1 and Table 5.2 show a collection of experimental frequency domain results obtained by
analyzing signals which were recorded using the nano-scale patches. Both methods used to
produce the PSD estimate give similar results with the parametric methods producing a slightly
higher average LF/HF ratio. All parametric PSD estimates are obtained using the recommended

model order of 16 [2].

Data LF (n.u) HF (n.u) LF/HF (FFT)

Data 200 0.473 0.527 0.8974
Data 201 0.5395 0.4605 1.1718
Data 202 0.2066 0.7934 0.2603
Data 203 0.3417 0.6583 0.5191
Data 204 0.2833 0.7167 0.3953
Data 205 0.535 0.465 1.1507
Data 206 0.5205 0.4795 1.0855
Data 207 0.4984 0.5016 0.9938
Data 208 0.3435 0.6565 0.5233
Mean 0.4157 0.5843 0.7775
STD 0.1238 0.1238 0.3528

Table 5.1: Results of Frequency Domain Analysis Using Patches and FFT Method

Data LF (n.u) HF (n.u) LF/HF (AR)

Data 200 0.4776 0.5224 0.9144
Data 201 0.5378 0.4622 1.1636
Data 202 0.2922 0.7078 0.4129
Data 203 0.3616 0.6384 0.5665
Data 204 0.3238 0.6762 0.4788
Data 205 0.5491 0.4509 1.2177
Data 206 0.5146 0.4854 1.0603
Data 207 0.5179 0.4829 1.0745
Data 208 0.3829 0.6171 0.6204
Mean 0.4397 0.5604 0.8343
STD 0.0995 0.0995 0.3147

Table 5.2: Results of Frequency Domain Analysis Using Patches and AR Method

69



5.2 Normal Condition (Without Application of Patch)
In this next case, the signals were recorded without any medication under the regular room light.
We obtained varying results from subject to subject depending on their stress level.
Figures 5.7 and 5.8 show typical examples of parametric and non-parametric PSD estimates for

signals recorded under this condition.

Bandpass PSD LFHF ratio = 1.738

NPSD

Figure 5.7: Welch Spectrum of a Normal Subject
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Bandpass AR LFHF ratio = 1.7024

NPSD

Figure 5.8: AR Spectrum of Normal Subject

Tables 5.3 and 5.4 show results of frequency domain analysis of signals that were recorded under
normal (non-medicated) conditions. The results show consistency among the various data
records used; however, significantly lower values are obtained for the LF/HF ratio compared to
the relaxed (medicated) case.  On the average, for these data sets, the LF/HF ratio is

approximately twice as high without patch compared to the use of the patch.
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Data LF (n.u) HF (n.u) LF/HF

Data 210 0.5815 0.4185 1.3892
Data 211 0.5466 0.4534 1.2056
Data 212 0.7109 0.2891 2.4595
Data 213 0.4014 0.5986 0.6706
Data 214 0.6275 0.3725 1.6846
Data 215 0.5176 0.4824 1.0731
Data 216 0.6418 0.3582 1.7915
Data 217 0.6021 0.3979 1.5132
Data 218 0.6879 0.3121 2.2044
Mean 5908 0.4093 1.5539]
STD 0.0943 0.0942 0.5568

Table 5.3: Results of Frequency Domain Analysis of Normal Subject using FFT Method

Data LF (n.u) HF (n.u) LF/HF

Data 210 0.5497 0.4503 1.2208
Data 211 0.5538 0.4462 1.2412
Data 212 0.6593 0.3407 1.9347
Data 213 0.4712 0.5288 0.8911
Data 214 0.6894 0.3106 2.2199]
Data 215 0.4975 0.5025 0.99I
Data 216 0.6345 0.3655 1.7362
Data 217 0.6103 0.3897 1.566
Data 218 0.6988 0.3012 2.3196
Mean 0.5961 0.4039 1.5688
STD 0.0823 0.0823 0.5211

Table 5.4: Results of Frequency Domain Analysis of Normal Subject using AR Method
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5.3 Blue Light Effect
We also briefly investigated the effects of blue enriched light on the Autonomic Nervous
System. To perform this experiment we used a Go Lite lamp designed by Philips which is
expected to enhance the mood and help subjects suffering from Seasonal Affect Disorder (SAD)
[27-29]. The Blue light was applied with regular ambient light on test subjects while recording
PPG signals. The experimental results in this case were very subjective; on some subjects it tends
to have a strong effect while on others it has very mild to no effect. Figures 5.9-5.13 show non-
parametric and parametric HRV spectra before and after bringing the blue light into the signal
collection environment.  The blue light was placed directly in front of the subject’s face

approximately 3 feet away.
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Figure 5.9: Philips Go Lite [33]
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Bandpass PSD LFHF ratio = 11.8627

——— -

Sl kol
0.25

Sl o ke skl el
Tt

035 04 045 05

0.3

0.2

0.15

0.1

Hz

Figure 5.10: Welch Spectrum before Application of Blue Light

Bandpass AR LFHF ratio = 10.7718

02 025 03 03 04 045 05

0.15

0.1

Hz

Figure 5.11: AR Spectrum before Application of Blue Light
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Bandpass PSD LFHF ratio = 6.7438
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Figure 5.12; Welch Spectrum after Application of Blue Light
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Figure 5.13: AR Spectrum after Application of Blue Light
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Chapter 6

Advance Techniques, Conclusions and Future Work

In this chapter we would discuss some advanced processing techniques that could be used for
analysis of Heart Rate Variability signals to estimate the balance of the Autonomic Nervous

System more accurately. These techniques include a Time Varying Approach and Principal

Dynamic Mode method for analyzing HRV signals generated by processing a PPG signal.

6.1 A Time Varying Approach
The previous frequency domain analysis techniques were the parametric and non-parametric
PSD estimation methods. These were used to produce an index that is a marker of balance of
the Autonomic Nervous System. The drawback of these techniques is that it produces a single
overall index (the LF/HF ratio) that is used as an ANS balance marker. This index does not
provide an indication about how the balance of ANS changes over time. This problem is
addressed in a time varying approach to spectral analysis where the ANS balance marker i.e. the
ratio of power in the low and high frequency region is determined at every instant of time and
plotted as function of time. This technique could be advantageous while analyzing a long term
HRV signal where knowing the shift in dominance from sympathetic to parasympathetic and

vice versa is important.

76



6.1.1 Block Diagram of Time Varying Approach
For performing a time varying analysis we two 8" order IR Chebyshev Type-1 band-pass filters
to isolate the contributions of the low and high frequency components of the HRV signal.
Exponential averaging was done to produce a smoothed estimate of the power of each of the two
output signals so that a time varying LF/HF ratio could be generated. Figure 6.1 shows an overall

processing block diagram of the time varying analysis approach to LF/HF ratio calculation.

Severely Down | 8" Order IR | LF and HF Bands of | Exponential
sampled HRV - Chebyshev Type | - HRV - Averaging
Signal SS9 ( LFBP and HFBP — i '

Filters r /

B

Overall Ratio of Low and 1 Time Varying Low and High I Time Varying Low and
High Frequency Power - Frequency Power Ratio - High Frequency Power

Figure 6.1: Block Diagram of Processing of Time Varying Analysis Technique

Figures 6.2-6.7 are results of step-by-step processing of the above mentioned block diagram.
The processing is applied to the severely downsampled HRV signal which is usually choses as 2
samples/second. In figure 6.5, the first 153 samples or 76.5 secs. belongs to the transient or time-

constant interval for data of 5 minutes in duration and this was not considered while computing

round(log10(1-0.9)/log10(alphaExp))

Where, alphaExp depends on the length of signal. For example AlphaExp=0.9851 gives a time
constant of 153 samples so that the step response of the exponential averaging filter is 90% of its

maximum value at time index 153.
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2 Hz. for Spectrum Estimation

HRV Signal after severe downsamp. to Fs3
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Figure 6.2: HRV Signal after Severe Downsampling

Frequency Response of LF IIR and HF (red) filters , Notch in Hz

Omega DTFT / pi

Figure 6.3: Frequency Response of low Frequency and High Frequency IIR Band-Pass Filters
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Figure 6.4: Low frequency (Blue) and High Frequency (Red) Bands of HRV signal
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Figure 6.5: Low Frequency (Blue) and High Frequency (Red) HRV signal power as a Function of Time
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Exp. Averaged Time domain LFHF Ratio
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Figure 6.6: Ratio of Low and High Frequency Power as a Function of Time (initial range of the time-constant

transient interval is not shown)
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Figure 6.7: Standard Spectra of LF and HF Filter Output Signals Showing Overall Ratio
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Also, the overall time varying LF/HF ratio obtained was compared with the ratio obtained using
non parametric and parametric PSD estimation techniques and we found these results to be very

similar. Table 6.1 shows the comparison of LF/HF ratio obtained using different techniques:

Data Welch LF/HF | AR LF/HF TV LF/HF

Datal 1.61 1.59 1.69]
Data 2 1.09 1.08 1
Data 3 2.13 2.13 1.85
Data 4 1.78 1.68 1.84
Data 5 2.23 2.48 1.58
Data 6 0.93 1.1 0.95
Data 7 1.09 1.3 0.96
Data 8 1.08 1.13 0.69]
Data 9 1.76 1.81 1.71
DatalO 1.39 1.39 1.26
Datall 1.69 1.74 1.79]
Datal2 2.42 2.18 2.17
Datal3 1.02 1.06 0.92
Datal4d 0.8 0.74 0.65
Datal5 0.77 0.74 0.65
Datal6 2.4 1.55 2.35
Datal7 2.41 2.31 2.59]
Datal8 1.5 1.5 1.71
Datal9 1.64 1.88 1.79]
Data20 0.8 0.86 0.95
Mean 1.52 1.51 1.45
STD 0.57 0.57 0.95

Table 6.1: Comparison of Time Varying Ratio (LF/HF) with FFT and AR Based Ratio
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6.1.2 Verification of Time Varying Analysis Algorithm
To verify the time varying analysis algorithm we generated a signal that was a concatenation of
signals from a relaxed subject and stressed subject. The signal was 20 minutes in length divided
into segments of relaxed, stressed, relaxed and stressed while each segments being 5 minutes in
length. Thus, we expect to see a sudden change in the ratio once we progress from a relaxed-
subject segment towards stressed-subject segment and vice versa. The figures 6.8-6.10 shows the
HRV signal derived from the concatenated signal and the results confirming marked changes in
the low frequency power as well as high frequency power as the analysis progress from one
segment to another and therefore a change in the time varying LF/HF ratio. Clearly, all changes

are gradual due to the exponential averaging over time.

HRV Signal after severe downsamp. to Fs3 = 2 Hz. for Spectrum Estimation
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Figure 6.8: Severely Downsampled HRV Signal which is a Combination of Relaxed and Stressed State
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Exp. Averaged LF (blue) and HF (red) signals
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Figure 6.9: Variation in Low Frequency and High Frequency Power as a Function of Time
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Figure 6.10: Variation in Low Frequency and High Frequency Ratio as a Function of Time
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6.2 Conclusions

Following are the major conclusions of this thesis:

A robust algorithm was developed for deriving Heart Rate Variability (HRV) spectra to
estimate the balance of Autonomic Nervous System (ANS) (Chapter 3)

A multiple sensor concept was introduced to overcome noises that get incorporated into a
signal due to loss of contact with the sensor. (Chapter 3)

We showed in chapters 4 and 5 that for a relaxed case (medicated with a nano-scale
acupuncture patch) the pNN50 number was high having an average value of 63.18%
compared to the normal (un-medicated) case which has an average value of 35.86% and
stressed case with mean pNN50 value of 5.46%. Also, we showed that that on an average
the LF/HF ratio for the relaxed (medicated) case was lower having a mean value of 0.77
on the FFT spectrum and mean of 0.83 on the AR spectrum compared to normal (un-
medicated) which had a mean LF/HF ratio of 1.55 on the FFT spectrum and 1.56 on the
AR spectrum.

Using the results from tables in chapter 4 and 5 a reasonable agreement between time and
frequency domain analysis i.e. for low LF/HF ratio, a high pNN50 value is obtained, and

vice versa.

In addition, a time varying spectral analysis technique for HRV signals was introduced which

would be helpful in estimating the ANS at any particular instant of time. Also, the Time Varying

Analysis Technique can detect sudden changes in the shift of dominance from Sympathetic to

Parasympathetic Nervous System.
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6.3 Future Work
More work remains to be done to develop the multiple sensor PPG signal merging approach.
More experimentation to validate various correlations that exist between time and frequency
domain analysis is also an important future topic. Finally, using more advance analysis
techniques to better estimate the balance of Autonomic Nervous System is an important future

research topic. A brief discussion of these future topics follows.

6.3.1 Multiple Sensors Concepts
We explored the multiple sensors concept and stated that it could well be used as a way to
produce an input signal that is free from noises and distortions that arise due to loss of contact,
motion artifacts, etc. However, a more sophisticated and automated scheme needs to be designed

to generate a signal that is an optimal combination of signals obtained using multiple sensors.

6.3.2 More Experiments
More experiments need to be done to verify correlation between various time domain and
frequency domain parameters. For this research we only incorporated the pNN50 parameter to
check the expected correlation with frequency domain markers produced by our algorithm.
However, there are other time-domain parameters that could have a correlation with frequency

domain parameters and this could be validated empirically

6.3.3 HRV Analysis Using Principal Dynamic Modes
As mentioned earlier in chapter 2, the physiological mechanism those are responsible for heart

rate fluctuations have nonlinear components. Thus, a nonlinear analysis technique could be used
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to better estimate the state of the Autonomic Nervous System. HRV analysis using Principal
Dynamic Modes (PDMs) seems to address the non-linearity problem associated with the ANS.
Therefore, HRV analysis using this method could be used to more accurately estimate the ANS

state.
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