HEART RATE VARIABILITY ANALYSIS USING WAVELET TRANSFORM

Project: Biomedical sensors and sign&i51.029)

Una Pale

Matr. Number: 1528390

Mentors

Ao.Univ.Prof. Dipting.Dr.techn.Eugenijus Kaniusas

Dipl-ing.Cf 2 NA I Yy ¢ KNNJ

TU Wien, 2015.



CONTENTS

(R 101 (0T [§Tox 1 o] o FO PP PP PP PP PPPPRP P 3
2 Heart rate variabilityg HRV............uiie e 3
3 WaAVEET trANSTOMML .. e e e e e e e e e e e 5
3.1  Continuous wavelet tranSTOrMCWT.........coooiiiiiiiiiie e 7
3.2 Continuous wavelet transform using FRIWTFT.......cccoooiiiiiriereeeereee e 7
3.3  Discrete wavelet tranSformDWT..........uiiiiiiiii e 3
4 Comparison Of MELNOMS..........oooo i e e e e e e e e e e e e e e e e e e e 9
4.1  Reconstructiorfor different frequency bands............ccccoviiiiiiiiee e 9
4.2 SUM OF COBTIICIENTS......ueiiiiieiiiite e e e s e e e e e 11
4.3 Energy distriDULION.........coooiiiiii e 13
4.4 CalCUIAtION TIMIE.... ittt e e e e s e e e e s e e e e e e 13
5 DWT MEthOd @NalYSIS......ccccciiiiiiiiiiiiiiiiiii e e e e e e e e e e e e e e e e e e e s s e e e s s e e e s anaaanerrrerraerseeeees 15
5.1  Quality of deCOMPOSILION........cciiiiiiii e e e e e e e e e 15
5.2 NOISE INTIUBNCE. ....coiiieeeee et e e e e e e st eeeeeans 18
5.3 Influence of chosen wavelet fUNCHQN. ...........ccuiiiiii e 19
5.4 TempPoral r@SOIUDN..........ooiiiiiiiiiiiii e e e e e e e e e e e s e e e e e e aas 22
6 HRV analysisS @Xampla...........uiiiiiiiiiiiiiiii e e e e 23
T CONCIUSION. ...ttt ettt e st e e s e e e e e e bt e e e e st e e e e nnn e e e e annneeeeas 25
S 1 (T £ (1 (= OO PPPRRT PP 26

Heart rate variability analysissing wavelet transform Una Pale 2126



1 Introduction

Heart rate variability (HRV) refers to the variation of the intervals between consecutive hearthveats
time. Since the heart rhythm is modulated by the autonomic nengystem,HRV is considered as®
of the most promising noimvasivemarkers of the activity of the autonomic nervous systaaRV
power spectrumcan be separated into three frequency banlish physiologicalmportance: the ultra
low frequency (UF) componentiow frequency (LF) componeand high frequencyHF) componentLF
component is thought to bef both sympathetic and parasympathetic natuasad HF component is
mostly connected witlparasympatheticervoussystem

¢ 2RI&Qa Y2 andlysiOmemyudi/HRV arespectral analysis témiques using the Fourier
transform, which assumes that the heart rate series is statiorfrgblem with such techniques is lack

of temporal resolution.To overcome this limitation time window frames are often used, so that small
segments of the signal @ranalyzed, for example as in Short time Foutiansform STFT). However,
time-frequency resolution depends on the width of the window used. As a consequence, higher
temporal resolutionmeans lower frequencyresolution and vice versa-rom this reasonWavelet
transform as a method which performs timeequency analysis of nestationary signal is studied

Three methods of wavelet transform will be analyzed on HR signal. The best one will be chosen and
further studied in order to detect what are advantagand drawbacks in HRV analyEiequency and

time resolutioninfluence of noise and type of wavelenhd energy distributionvill be taken into account

In the end interpretation of such decompositiavill be given

2 Heatt rate variability ¢ HRV

Heartrate (HR)or heart pulse is a term that describes how often heath contrgmts unit oftime and
usuallyis expressed in numhbeof beats per minute (bpm). Normal heart rate at rest ranges from 60 to
100 bpm, but it vdesaccording to bod§ ghysical needs. HIso depends oour different activitiesand
states physical exercise, illness, stress, sleeping, eatinglachycardias a fast heart rate, defined as
above 100 bpm at rest, nile bradycardiais a slow heart rate, defined as below 60 bpm at rest. When
the heart is not beating in a regular pattern, this is referred to aardmythmia

Since heart rate is closely related with other body sigaald physiological processes in the boily,
measurementis of high importancefor diagnostics and therapy. There are various methods to tecor
heart activity but mostommon is electrocardiogram. Electric signals flogart muscle excitation are
measured and signalonsistingof waves andpeaks is recorded. One period a heart beat can be
divided into five visible waveforms: P, Q, R, S amehiVeform. Eaclone of them isa reflection ofa
certainchange irheart P wave indiates atrial depolarization, €ptal depolarization, R and S eahd
late ventriculardepolarizationand Trepolarizationof ventricles. Examples of ECG signal with rijetsan
and scheme of changes insiteartis shownin Figurel Heartrate is usually expressed dswhile heart
period @/ f) is usually referred to as RR period, the time between two consecutive R.peaks
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Major factors that incease HR are: decreased level of @ecreased blood pressure, increased’Ca
decreased Kand N4, increased body temperature, increased body exercise Meaijor factors that
decrease HR are opposite factors from the ones increasing HR

QRS Duration
- |
R _ Normal Heartbeat

Atnial Venﬁncular Ventricular t
Depolarisation Depolarisation Repolarisation '\’L’VL-’\AL’V'L’VM

1

Fast Heartbeat

Ak

Slow Heartbeat

Irregular Heartbeat

PR Interval

Activation of the Activation of the Recovery wave
atria ventricles

Figurel: ECG signal with description and scheme of changes inside[8&art

Heart rate variability (HRV) & measure of changes of heart periods ¢
consecutive values of heart raté.}. It is indicator of many physiologice
processes happeng inside ofthe body since it is being controlled b
regulatory mechanisms of autonomic nervous system whielacts
immediately to any physiological state. Actually, too static HRV is indic
that regulatory mechanisms are not working properly and tbanething
wrong is happening with organism

g
(parasympathetic)
decreasos hoast rato.

Sympathetic cardinc norvos
increase hean rate and
foeco of contraction.

While heart rhythm is regulated entirely by th&noatrial nodeunder
normal conditions, heart rate is regulated bgympathetic and
parasympathetidnput to the sinoatial node. Sympathetic nervous systel
(SNS) by releasing hormones increases hear (fajeand thus controls
some extreme situations. On the other hangbarasympatheticnervous
system (PNSjontrolsroutine functions of the body and mainly decreast
heart rate. As a consequence continuous interplay of SNS and PNS c.
measured by the HR¥igure2).

Figure2: HRV as a consequence of
continuous interplay of SNS and PNS
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Hart rate plot is achieved by calculating d4Tor each two consecutive RR peaks on ECG signal. It is
normal that HR changes inme, but the speed of changes (HRV) is whaery interestingto observe.
Frequencies of HRAfe separated in three bands, high, low and utoav as specified iTablel

Tablel: Frequency bands and gesponding frequencies

Ultra-low frequencies (ULF)

0.003¢ 0.004 Hz

Lowfrequencies (LF)

0.04¢0.15 Hz

High frequencies (HF)

0.15Hz 0.4 Hz

It was shown thaPNS is related with power of HF band and indicates ghart regulatory mechanisms,
while on the other handSNS activitfand sometimes PNSs related with power of LF band and
indicates mieterm regulatory mechanismd4JLF band is related to very slow oscillations and indscate
longterm regulatory mechanisms. Their physiological origins arembess defined but probably include
thermo regulation, blood pressure regulation, humoral and metabolic regulation&gt.

From all things mentionedollows that SNS activatiopresentsas slow increase df meaning also
reduction in HRV, while PNS activation indicates as fast decredsaraf increase in HRV. Increased
activation of SNS can lausedby stress physical activitystandinE ¢ n ¢ wihiila dctivatich OfPNIS
can be attaineddy controlled respiation, cold stimulation of the face or rotational stim{fi.]. Physical
exhaustion is indicated both by decrease in PNS and increase in SNS, whieodiner side positive

stress is indicated as increase in both PNS and SNS. SNS plays important role in causes of arrhythmias

and PNS reduces possibilities of arrhythmias thus hawiotectiverole. Altogether PNS activity is sign
of healthier people, Wile its reduced activity caindicatesome type of dysfunctian

3 Wavelet transform

Many methods for signal analysis exist but most famous one is Fourier transform, which breaks down
signal into sum of sinusoids of different frequencies. It shifts repregemt of signal from time to
frequency domain and this frequency content of the signal is often very important information. But
drawback is that duringhe transformation temporal information about signal is lost, so it is impossible
to say when some everfe.g. change of main frequendyappened. Br this reason it isnainlyused for

a0l GA2YIFNE aAadylrfa gKAOK R2yQi

In order to overcome this drawbackhorttime Fourier transform was designed. It is adapted Fourier
transform in a way tht only short section of the signal amalyzedat a time. It is often represented as

that there is a window of certain width, and this window moves along time axis. This maps signal into
two dimensionalsignalwhere it is possible to determine when sometly happened and what was
frequency content at this moment. However this information can be obtained only with certain
resolution which is determined by the size of winddwawback is that once you choose a particular
size for the timewindow, that windowis the same for all frequencieslowever many signals require a
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more flexible approach where we can vary the window size to determioe2 accurately either time or
frequency

Wavelet transformis next possible methodsince it offers variable size tfe window. Wavelet analysis
allows the use of long time intervalghere we wanto observemore precise low frequency information,
and shorter regionsvhere we wantto observehigh frequency informationln Figure3comparison of

FT, STFT and WT gsaphicallyrepresented.Wavelet transform is called thavay because it uses a
waveform instead of sinusoid function as in Fourier transform. Wavelet is waveform of effectively
limited duration that has an average value of zero. Alscaiit be noticed that wavelet analysis does not
use a timefrequency region, but rather a timscale region. This is because wavelet analysis is the
breaking up of a signal in&hifted and scaled versions of the original wavelet

Scaling a wavelet meamstretching (or compressing) it where small scale is very compressed signal and
large scale is very stretched signal. Scale is related to the frequency of the signal in a way that smaller
scale means larger frequency and vice versa. Shifting of a wavelet ehelagig it in time
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Figure3: Comparison of temporal and fgeiendgy resolution ofFFT, STFT and 8]

In order to describe wavelet transform maore clearly it can be divided into five $eps

1 Take a wavelet and compare it to a section at the start of the original signal.
2. Calculate a number C that represents how closely correlated the waveldthighis section of
the signal. The higher C is, the more the Einity. Notethat the results will depend on the shape of the

wavelet you choose.

3. {KATFTO GKS 41 @St Sl (2 GKS NRARIKG theywRoleN@bOSF & aaGSL
4, Scale (stretch) the wavelet and repeat steps 1 through 3.
5. Repeat stps 1 through 4 for all scales.

The resultis set ofcoefficients that are a function of scale and position. These coefficients can be
represented and useth many waysln some casesnverse transform can be donevhich enabledo
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reconstruct signal usg only some coefficientshiswill be shown laterIn following subsections three
types of wavelet transform will be represented: continuous wavelet transform (CWT), continuous
wavelet transform using FFT (CWTFT) and discrete wavelet transform.(DWT)

3.1 Cortinuous wavelet transform- CWT

Continuous wavelet decompositioran calculatecorrespondence with signdibr any scale of wavelet
function. It is done in a way that scaled wavelet function is shifseabothly along the signabnd
correlationwith that signal sectionis measured. If similarity is larger the coefficient for that tiarel
scale is also larger

Here ontinuous wavelet decomposition was made for sdhles whicltorrespond tofrequencies that

we are interested ir{Tablel). Graphin Figure5a) showscoefficients for each frequency level. For lower
frequenciessmaller resolutionof scaleswas used in order to speed up the calculationm.Table 2
boundary scales and casponding frequencies for each frequency bamd listed. Alsaesolutionsof
scaleusedfor eachfrequencyband are notedThis means that in HF band coefficients for only 11 scales
were calculatedUnfortunately this has to be adapted for every signéhé samplingate of the signal is
changed, because relation between scale and frequency depends on the sampling rate. Even though
most popular mother wavelets for CWT are wavelets from Daubechies féflyre 13), omexre (so

c £t SR &Y Srhathé wavelek was éséd because this wiaycould be compared with CWTFT
method.

Table2: Scales, corresponding frequencies and resolutions for frequency bands with CWT method

HF LF ULF
Scale boundaries 300- 850 850-3050 3050- 41350
Frequency boundariefHz] 0.416 0.156 0.156 0.041 0.041-0.0032
Resolution 50 200 2000

3.2 Continuous wavelet transform using FFCWTFT

Problem with continuous wavelet transform is thats redundant and there is no unigueay to define
inverse Thismeans thatit is not possible to reawstruct signal from coefficientdn order to be able to
reconstruct only high frequency (HF) or LF part of the sigoalinuous wavelet transform using FFT
algorithm is usedCWTFT uses Ff the wavelet function in order to reconstruct signdat all wavelet
functions can be used in CWTFT. Condition isitHatreal value function and that its FFT has support on
only positive frequenciesWavelets that satisfthis admissibility condion are called analytical wavelst
Since Daubech@®g @St SGa Yz2adfte R2y Qi aldarafe GKAa O2yRAGA
wavelet was usedin Figure5b) coefficientsfor all frequendes areshown. It differs fom the onesin
Figureba). when CWT was uselh HF frequency range there is almost no difference, but as approaching
to ULF frequencies differences increadafortunately,appropriate explanation for that is not found but

it is believed that it is because of some constraints of CWT function for very low frequencledle3

list of scales, corresponding frequencies and resolutions for all frequency ranges is shown.
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Table3: Sales, corresponding frequencies and resolutions for frequency bands with CWTFT method

HF LF ULF
Scale boundaries 300- 800 800- 3000 3000- 43000
Frequency boundaries [Hz] | 0.417-0.156 0.156 0.0417 0.0417 -0.0029
Resolution 50 100 1000

3.3 Discrete waelet transform- DWT

In order to speed up calculatioeven more,discrete wavelet transform was uset.y 52 ¢ G R& I RA
(which means based on factor two) scales and positions are used. Even though only few scales are used

to coverthe whole area of frequenes, transform is much more efficient and equally accurate. In each

level of transform signal idecomposed2 y G RSGFAf € YR &l LIWNRPEAYLF GA2YEd
frequency) components of signal, while approximations are high scale (low frequencgacin

consecutive level approximation is decomposetb detail and new approximation whose scale is

smaller and frequency is larger. Iteratiof this processesults inwavelet decompositioriree. Example

of one decomposition tree is showin Figure4 [7.]. This process could be continued indefinitéty

theory, but in practice it is limited withhe resolution of the signal. When individual detail considta o

single samplethe end level of decompmitionis reachedHereis signal decomposeth 19 levels (chosen

because of the length of the signal), and for every level (scale) corresponding frequency is calculated.

After that, levels are distributed in belonging frequency range. Since frequenc@sate by factor of

two, usually only two or three levels are in each frequency range which can be s@abléd. Here

GRomng Sl @3 &4 dzaSR T2NJ RSO2YLRaAGA2YS 0SOFdzasS AdG A

Table4: Scales, corresponding frequencies and resolutions for frequency bands with DWT method

HF LF ULF
Scales 1024 and 2048 4096and 8192 16384 32768and 65536
FrequenciegHz] 0.334and0.167 0.0835and0.0417 0.0208 0.0104and0.0052
Levels 10 and 11 12 and 13 14,15 and 16
S :: “( Ly 1

‘o j
s

.

cA, cD;4 17'; ‘l 2
¥ L Ay 2 D,
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Y _ Y _— ﬁ cAy j Dy
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Figured: Wavelet decomposition tregd.]
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4 Comparison of mthods

It is not easy to compare coefficients and results that are achieved with CWT, CWTFT and DWT because
firstly coefficients depend fothe type of wavelet even if type of transform is the same. Here same
waveletfunctionO2 dzf Ry Qi 0 S dza $évauFedMNdstrictiohs ofishtheyfransf@rideaise

of discretized scale levels for CWTFT and DWT notlgxtae same rangefdrequencies for ULF, LF and

HF range is used all transforms.

In Figure5 coefficients for all frequency levels for CWT and CWTFT method are shown. The difference is
visible.In HF frequency range thers almost no difference, but as approaching to ULF frequencies
differences increase. Unfortunately, appropriate explanation for that is not found but it is believed that

it is because of some constraints of CWT function for very low frequerdsEssome iferences could

be caused byslightly different boundary frequencies for frequency band

All coefficients - CWT All coefficients - CWTFT

140

frequency [Hz)
frequency [Hz]

50 100 150 200 250 300 50 100 150 200
time [s] time [s]

Figure5: CWT and CWTFT decomposition for range of frequencies that are important for HRV

4.1 Reconstruction for different frequency bands

dgnal was reconstructed using coefficieits each frequency band separatelyhis was only possible
to do in CWTFT and DWT method. Results are separated for HF, LF and ULF anth $figune6.
Difference is very snfiafor highand low frequencies. @y for ultralow frequencies difference imore
visible, lut even then main trends are the same.
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b) Reconstruction of low frequency coefficients of signal
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Reconstruction - ULF
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Figure6: Reconstruction bdifferent frequency bands (HEF, ULF) coefficients of signal with CWaRd DWT method

4.2 Sum of coefficients
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a) Sum of high frequency coefficients of signal
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Figure7: Sum of coefficientsfaifferent frequency bands (HEF, ULF) achieved with CWT, CWTFT and DWT methods
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Since it is not possible to do the reconstructiorttwd signal basean coefficients for CWT, only sum of

all coefficients for every frequency band was studied. This way all three methods could be compared as
shownin Figure7. Results are very similar for all three methods with only minor difiees for HF and

LF bandOnly for ULF band larger difference for CWT is noticed. The same effect ia Begme5, even

though reason for such difference of CWT for ULF is not.clear

4.3 Energy distribution

Distribution of energy hrough different frequencies was studied in order to compare methods with
Fourier decomposition of sign@ + I f dzSa R2y Qi KI @S G2 060S GKS arys
same. This can be seen Figure8 where energy distbution for all three methods is shown and from

Figure9 where FFT of the signalpikotted. This showserygoodcorrelation

4.4 Calculation time

The last thing to consider was computation time for different methods. CWT method ro@ssuery

much time and CPU power. CWTFT takes only few (< 5) minutes to compute even for signals with almost
million samples in comparison to CWT which takes few hours (<3) for the same task. On the other hand
DWT is even faster than CWTFT and it takegumdnute to do the decomposition.

DWT is best method for the wavelet decomposition of signal for several reasons: time and CPU power
consumption, simplicity of decomposition and reconstruction and the quality of decomposition and
reconstruction itself.
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Energy distribution

Energy distribution
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Figure8: Sum of coefficients of different frequency bands (HF; LF, ULF) achieved with CWT, CWTFT and DWT methods
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Figure9: FFT of the signal
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5 DWT method analysis

5.1 Quality of decomposition

In order toquantitatively determinehow good discrete wavelet transform decomposes signal on HF, LF
and ULRrequency bands itvas tested on artificial (known) signal. Idea was to use signal that consists of
sinusoidsof three different frequencies, one from each fiegency band. But before thatinusoidsof

different frequencies were used to observe decompositiormore details. Energy distributiagiobally

and how well the peak of maximal energy corresponds to the frequencginoioidin signal were
studied. Also reonstruction using separately HF, LF and ULF frequencies was observied=igare10
reconstructionand energy distribution fosinusoidsof different frequencies is showrn Figure10a)

where frequerty is 0.005Hztican beseen onreconstruction graphs thathis frequency isvery well
detected as a ULF barahd alsoenergydistribution frequency of pealagrees to theinput frequency

very well In Figurel0Ob) frequency of0.02Hz isusedwhich isstill in ULF band but closer to therder of

ULF and LF ban8inusoidal shape is recognized both band levels UL&nhd LF, ad also frequency of

peak agreedrery well.In Figurel0c) frequency 0.07Hzavhichisin LF bangis used. On reconstruction it

is also detected under LF bard Figurel0d) frequency 0.1Hz is usgdathich is still irlLF band but closer

to HF bandAgain in reconstruction graph it is detectdd both bandsLFand HFIn energy distribution

graph it can be seen that frequency of peak is not very precisely detected. This is because DWT uses
GReFRAOE RAAGNAOdzIAZY 2 Fwo EoNSBdptozSiedhén8ies McreadefasK Y S| y a
of 2. for this reasorthe peakbelongs to thdrequency which is closest to the input frequency.

In Figurel0e) and f)frequencied).3 and 0.9Hz respectivelyvere used. They are nicely reconstructed in
correspondingHF frequency band Again if frequency is not exactly one of decomposition level
frequencies then peak is not precisely detected. For larger frequencies resolution is smaller so the error
is larger.

In all thesegraphs two things can beoted. Detectionto which band some frequency belog)dased on
reconstruction is precisely detected only for frequenciggchare in the middle fothe frequencyband

and further from the boundaries. As getting closer to the boundaries other bands detect these
frequencies too. Also quality afetection bagd on energy distribution dependghetherthe frequency

is closer or further from one of the frequencies corresponding to the scales that were used in
decomposition.
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5.2 Noise influence

In Figurella) signal which consists sihusoidwaves of three different frequencies is shown on the left,

and the same signal with added Gaussian noise of two different amestod the right. Influence of
noise on DWT decompositiorreconstruction andenergy distribution is studiedin Figure 11b)
reconstruction and energy distribution for signal without noise is represertieergy distribution graph
revealsthree peaks,and their frequencies are close to real frequencies ofdgimeisoiddn signal. Error is

due to discreg¢ scale and frequencies used in decomposition, as was explained in previous section. Also,
reconstruction is very well if periods signals for ULF, LF and HF are observed. Even though shape is not
completely sinusoidaperiods match very well with initial frequencies.

Figurellc) shows energy distribution for signal with two levels of noise . Even thoagifbdtion is not
completely the same, positions of peaks remained the same. Furthermore, obsEigimgl1d), where
NEO2yaldNHzOGA2Y F2N) 6KSasS (g2 OFrasSa Aa akKz2eys Al
recondruction even when amplitude of noise was in range of signal amplitude. This is another very
positive property of DWT transform.
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b) Decomposition and energy distribution without noise
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c¢) Energy distribution with noise: 20% of signal amplitgdeper graph, and
100% of signal amplitudelower graph

d) Decompogion with noise: 20% of signal amplituddeft and 100% of signal amplitudgright
Figurell: Energy and decomposition for signal with and without noise

5.3 Influence d chosen wavelet function

Finally, theinfluence of chosemother wavelet function on energy distribution and reconstruction was

studied. Four wavelets from Daubeclie ¥ YAf & G6SNB dzaSRY BROHPEEGARBYE
noticedin Figurel2a) that difference is very small for LF andéfad, but for ULF there araoticeable

differences. Since there is no trend for ULF peak as increasing Daubechie function it is hard teconclu

what is the reasonin Figurel2b) differences béwveen reconstructionsvhen different wavelet functions

were used can be mostly seen on Wirid LAband signalFor LF and HFeconstruction signalkok very
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