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In the present work, processing of an electro cardio signal using a wavelet transform is consi-
dered. In electrocardiography, various digital signal-processing techniques are used to detect, ex-
tract, and analyze the various components of an electrocardiogram. Among them, the wavelet
transform technique gives promising results in the analysis of the time-frequency characteristics of
the electrocardiogram components. The urgency of solving the problem of improving the quality
of life of people with the help of early diagnosis and timely treatment of various cardiac diseases
is obvious. The process of automated analysis of a huge database of electrocardiographic data is
especially important. Wavelet analysis can be successfully used to smooth and remove noise in
the ECG signal. Electrocardiogram signal, cleaned from noise components, looks clearer, while its
volume is from 10 to 5% of the original signal, which largely solves the problem of storing cardi-
ac records. Aim. Development of an algorithm for threshold processing of wavelet coefficients
and filtering of an electrocardiography signal. Materials and methods. Cardiograms were taken
for analysis. Then they were digitized and entered into a computer for processing. A program was
written in the MATLAB environment that implements continuous and discrete wavelet transform.
Results. The work shows the result of filtering the ECG signal with the addition of noise with
a signal-to-noise ratio of 35 and 45 dB using the decomposition levels N =2, N =3, N = 4. Conclu-
sion. Based on the analysis of the data obtained, it can be concluded that the second level of de-
composition is the most optimal for filtering the ECG signal. With an increase in the level of
decomposition, the output ratio decreases, at the level N = 4 the output signal-to-noise almost does
not exceed the input one, therefore, the filtering becomes ineffective. The correlation coefficient
to the fourth level is significantly reduced, which means a significant increase in the distortion
introduced by the filtering algorithm.

Keywords: electro cardio signal, wavelet transform, filtering algorithm, development of an al-
gorithm.

Introduction

The increase in the number of diseases and deaths associated with functional disorders of the car-
diovascular system is one of the most important problems of modern medicine. The urgency of solving
the problem of improving the quality of life of people with the help of early diagnosis and timely treat-
ment of various cardiac diseases is obvious. The process of automated analysis of a huge database of
electrocardiographic data is especially important.

In recent years, a number of new noise reduction techniques have emerged. One of the first works in
this area was devoted to cleaning the ECG signal from additive filter noise [1-9]. In the literature in
the field of ECG research, a large number of noise reduction methods are currently described, for exam-
ple, wavelet transform [10, 11], adaptive filter [12], fuzzy threshold [10], band rejection filter, nonlinear
filter, Kalman filter [13] stationary wavelet transform [11] and Fourier transform. However, the ap-
proach based on the wavelet transform gives the most promising results [12].

Wavelet analysis can be successfully used to smooth and remove noise in the ECG signal. Electro-
cardiogram signal, stripped of noise components, looks clearer, while its volume is from 10 to 5% of
the original signal, which to a large extent solves the problem of storing cardiac records.
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The electrocardiogram signal, ECG, plays a critical role in the diagnosis of human heart dis-
ease. The primary processing of the ECG signal data and its subsequent study becomes much more
efficient if the signal has no noise component, therefore, noise removal is a task of paramount im-
portance [14].

When recording an ECG, the signal is inevitably more or less distorted by various noises.
For example, network high-frequency interference of the electrical network (network noise), noise
of electrocardiograph amplifiers, muscle tremor, low-frequency swimming of the isoline due to
breathing. Fast discrete wavelet transform effectively removes the noise present in the digitized sig-
nal. The purpose of this work is to develop an algorithm for threshold processing of wavelet coef-
ficients [1].

To implement the procedure for wavelet filtering of the CS, the method of threshold processing of
coefficients was chosen. In the course of the work, an algorithm for the wavelet filtering of the CS by
the thresholding method was developed and implemented [15]. There is a wide choice of wavelet bases
used for filtering signals by the thresholding method, the choice of the wavelet function and noise reduc-
tion parameters, such as the type of threshold, the level of decomposition, etc., plays a decisive role
in the method's operation. To implement the algorithm and conduct modeling, software was written
in the language programming MATLAB.

1. Noises arising from registration of ECG signals

When recording an ECG, the signal is inevitably more or less distorted by various noises.
The high-frequency components of the cardiac signal are considered to be noise. To smooth the cardio-
gram, high-frequency components are usually removed using various filters. It is clear that some of
the information recorded by the cardiograph is lost. The origin of the high frequencies of the cardiac
signal is not fully understood. The network high-frequency interference of the electrical network
(network noise), due to the inclusion of a large number of electrical appliances in the electrical net-
work, and the electronic noise of the electrocardiograph amplifiers have some influence. The frequency
of this interference is 50 or 60 Hz [11].

It is assumed that physiological high-frequency noises are to a large extent a consequence of
the electrical activity of the heart, since they are recorded by sensors located near the heart. Also,
the noise causes the baseline to float, the baseline drift is a low-frequency interference with a frequen-
cy of less than 1 Hz, due to the influence of respiration and high skin resistance. The volatility of
the isoline affects the accuracy of measuring the amplitude parameters of the electrocardiosignal,
since it is from it that the count is taken. Traffic disturbances appear as single or cyclical bursts.
The frequency of such interference is in the range from 1 to 40 Hz. They arise as a result of a change
in the position of the patient or the electrode, hiccups, coughing, etc. In modern technical equipment
with appropriate grounding, the hardware noise is practically insignificant in comparison with physio-
logical noise. Effective separation of high-frequency noise components is possible using wavelet
transform of the signal [3].

2. Noisy signal model
Wavelet analysis is effectively used to remove noise in a signal. Let's consider the simplest model,
where the noisy signal looks like:

S'(1)=S8(t)+on(t), M
where S (t) — useful signal; ¢ —noise level; n(t) — gaussian white noise.

Gaussian white noise is a stationary random sequence that is absolutely uncorrelated, with a math-
ematical expectation of zero and a variance of one. The signal n() is called white noise, because it has a
constant spectrum at all frequencies, by analogy with white light, which has a uniform continuous spec-
trum in the visible part [13].

The essence of noise removal, in other words, signal filtering, consists in suppressing the noise part
n(?) of the signal and restoring the useful signal S(¢). In this paper, a threshold filtering algorithm with
one-parameter threshold functions is used.
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3. Threshold processing of wavelet coefficients

Wavelet transform of signals is one of the types of spectral analysis, the most famous representative
of which is the Fourier transform. The English word wavelet (from the French “ondelette”) literally
translates as “short wave”. In various translations of foreign articles, there are also terms such as:
“burst”, “burst function”, “low-wave function” and others [1-4].

Continuous wavelet transform is carried out according to the formula:

W(x,s)zé [v (“ij £(¢)dt, @)

where ¢ is the time axis; x is the time instant; s is the parameter inverse to the frequency (scale);
\u* means the complex conjugate; f(t) is the signal under study; W(x,s) is the result of
the wavelet transform for 2 values x and s; y is the wavelet function. Expression [7] is used for
discrete transformation.

dig=[wa(x) f(x)ax, (3)

where d is the coefficient for the scale j (j = 0, 1, —n) and point k. Scaled and offset versions of the parent

L .
wavelet: y ; , =2F \y(2/ x— k) )

The result of the Wavelet transform of the signal is the decomposition of the signal into approxima-
ting coefficients A,,, which represent the smoothed signal, and detailing coefficients D,,, which de-
scribe the oscillations.

It is known that the noise component is more reflected in the detailing coefficients D,,. Therefore,
for noise removal, usually only detail coefficients are processed.

The second assumption is that the noise component is a signal that is less in magnitude than
the main one. Therefore, the simplest way to remove noise is to zero the coefficient values that are less
than a certain threshold value [2].

This procedure is called coefficient thresholding and, ideally, allows you to get rid of the coef-
ficients due only to the noise component and preserve the decomposition coefficients of the main signal.
In foreign literature, the threshold processing of coefficients is called thresholding.

There are such thresholding methods as hard tresholding and soft thresholding. With strict
thresholding, all coefficients exceeding a certain threshold value t are considered to belong to the origi-
nal signal, and the smaller ones are referred to as noise and are zeroed out. With soft thresholding,
the modulus coefficients smaller than t vanish, the remaining coefficients decrease in modulus by
the value of t.

The value of the threshold value t plays the role of a control parameter that affects the filtering er-
ror. The choice of the threshold value determines the quality of the signal noise reduction, estimated as
the signal-to-noise ratio.

With an underestimated value of 1, some of the noise expansion coefficients do not vanish, which
leads to poor filtering, the signal-to-noise ratio increases only by an insignificant amount. When
the threshold t is overestimated, some of the informative coefficients vanish, the filtered signal is dis-
torted [5].

Searching for the optimal value of T means finding such a threshold that, with the smallest change in
the reconstructed signal, provides the highest value of the signal-to-noise ratio [3].

The quality of signal noise reduction and, consequently, the degree of increase in the signal-to-noise
ratio depends not only on the type of the trasholding function, but also on the method of its application.
Distinguish:

* general trasholding, carried out using a fixed value of the threshold T — a value that is the same for
all levels of decomposition and signal detail coefficients;

 multilevel trasholding, carried out using the threshold t, the values of which vary from level to
level;

* local trasholding, implying the use of the threshold 1, variable not only in terms of the level of de-
composition, but also depending on the position of the detail coefficients at a given level.
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4. Development of an algorithm for threshold processing of wavelet coefficients

Based on the generalized wavelet filtering algorithm, we will compose a wavelet filtering algorithm
using the thresholding method of coefficients:

1) Decomposition (Direct wavelet transform):

a) Choosing a wavelet function;

b) Choice of the decomposition level N;

c¢) Calculation of the wavelet decomposition of the original signal to the level N;

2) Thresholding of detail coefficients:

a) Choice of thresholding method (hard / soft);

b) For each level from 1 to N, a threshold is selected and soft (and in the case of images, hard)
thresholding of the detail coefficients is applied;

3) Reconstruction. An inverse wavelet transform is performed based on the original N level approx-
imating coefficients and the filtered detail level coefficients from 1 to V.

The block diagram of the wavelet filtering algorithm using the coefficient thresholding method is
shown in Fig. 1.

Noisy signal
S*(t) =S(t) + t
©=S®+on® Inverse wavelet
transform
h 4
v v -
Selecting a wavelet Choice of thresholding Rec.onstlru Ctll on lothhe
function method (hard / soft) penalto leve
v v
Choice of Determination of the

decomposition level N threshold Filtered signal S (t)

l

Signal decomposition
to level N

A 4
Processing detail
coefficients

Direct wavelet transform
Coefficient Thresholding

Filtered
Decomposition

Noisy decomposition
coefficients
Amka Dmk

Coefficients
Dmk

Fig. 1. Wavelet filtering algorithm by thresholding wavelet coefficients

To assess the efficiency of the algorithm and identify the optimal set of filtering parameters,
the output signal-to-noise ratio will be used as a measure. The calculation of the correlation coefficient
between the original and cleaned signal will also be carried out. The result of calculations will be dis-

played in text form for m variants of signal-to-noise mixtures S1',S2’,...,Sm’.
For the filtered signal obtained at the output, the signal-to-noise ratio will be determined:
4y
An
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where A is the average amplitude of the filtered signal; 4, is the average amplitude of the noise pre-

sent in the signal after filtering.
The noise component of the filtered signal is determined from the following relationship:

n(i)=S(i)-S,(i), i=1L, (5)
where n(i ) is the sample of the noise component; S (l) — reading of the initial ECS without an additive

component; S (i ) is the count of the filtered signal; L is the signal length.

Correlation is understood as the relationship of some quantities represented by data — vectors or
matrices. The generally accepted measure of linear correlation is the correlation coefficient. Its close-
ness to unity indicates a high degree of linear dependence. The degree of signal coupling is expressed
in normalized units of the correlation coefficient, i.e. in the cosine of the angle between the vectors of
the signals, and, accordingly, will take values from 1 (complete coincidence of signals) to —1 (com-
plete opposite).

The calculation of the cross-correlation coefficient between the original S and the cleaned S, sig-

nals of length L will be performed according to the formula:

2(5-5)(8,-5/)

) (6)

. L L
where S is the initial ECG signal; S - filtered signal; S Z%ZS”S I =%ZS - the mean of
=1 t=1

the samples for Sand S, respectively.

Let us determine the optimal level of decomposition N, to which it is advisable to carry out the de-
composition in subsequent studies.

We act on the initial ECG signal S with white Gaussian noise nc with a given signal-to-noise
ratio.

Table 1 shows the results of comparing the decomposition levels N =2, N=3, N =4 for the Simlet 4
wavelet. The type of the threshold function is soft, using an adaptive method for choosing the threshold
value.

Table 1
Results of comparing the levels of decomposition N=2, N=3, N=4
Input signal-to-noise N=2 | N=3 | N=4
ratio, dB Output signal-to-noise ratio, dB
30 35.721 33.819 30.655
35 39.697 34.862 30.878
40 43.270 35.182 30.959
45 45.271 35.336 30.984
Correlation coefficient, %

30 91.3 84.5 63.1
35 96.5 87.9 65.2
40 98.3 88.7 66
45 99 89.1 66.2

Figs. 2—4 show the result of filtering the ECG signal with added noise with a signal-to-noise ratio of
35 dB using the decomposition levels N=2, N=3, N=4.
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Fig. 2. The result of filtering the ECG signal with the addition of 35 dB noise N =2
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Fig. 3. The result of filtering the ECG signal with the addition of 35 dB noise N=3
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Fig. 4. The result of filtering the ECG signal with the addition of 35 dB noise N = 4

Figs. 5-7 show the result of filtering an ECG signal with added noise with a signal-to-noise ratio of
45 dB using decomposition levels N=2, N=3, N=4.
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Fig. 5. The result of filtering the ECG signal with the addition of noise 45 dB N = 2
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Fig. 6. The result of filtering the ECG signal with the addition of noise 45 dB N=3
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Fig. 7. The result of filtering the ECG signal with the addition of noise 45 dB N = 4
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Conclusion

Based on the analysis of the data obtained, it can be concluded that the second level of decomposi-
tion is the most optimal for filtering the ECG signal.

With an increase in the level of decomposition, the output ratio decreases, at the level N = 4 the out-
put signal-to-noise almost does not exceed the input one, therefore, the filtering becomes ineffective.

The correlation coefficient to the fourth level is significantly reduced, which means a significant in-
crease in the distortion introduced by the filtering algorithm.

The analysis of the graphs shown in Figs. 2—7 also confirms the conclusion about the optimality of
the level N =2.

Anastasia Denisovna Chupina, a student of the KE-658 group, took part in the process of experi-
mental research.
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BEUBJIET-NMPEOGPA3OBAHUE B OEPABOTKE
SNEKTPOKAPOUOCUIHAIA

B.®. TenexkuH', b.6. Caudoe” ?, 1.A. Y2apoe', A.H. Pazo3uH’

" fOxHO-Ypanbckuli 2ocydapcmeeHHbIll yHusepcumem, . YensbuHck, Poccus,
2 Tadxkukckull mexHuyeckuli yHusepcumem umeHu akademuka M.C. Ocumu,
2. [ywanbe, Pecrniybniuka TadxukucmaH

B nacrosmieit pabote paccMaTpuBaeTcsi 00padoTKa AJIEKTPOKAPIMOCUTHANIA TPU TTOMOIIHN BEHB-
ner-ipeoOpazoBanus. B anexTpokapauorpaduu ans oOHapyKeHHS, N3BICUCHUS U aHAIM3a pa3iInd-
HBIX KOMIIOHEHTOB JJIEKTPOKAPIHOTPAMMbl MPUMEHSIOTCS pa3iiMyHble METOAbl 00paboTku nudpo-
BBIX CHUTHaIOB. Cpein HUX TEXHHMKa BEHBIICT-IPEOOPa30BaHMs JaeT MHOTOOOCIIAIONINE PE3yIbTaThl
B aHAIM3€ YaCTOTHO-BPEMEHHBIX XapaKTEPUCTHK KOMIIOHEHT 3JIEKTPOKapAHOrpaMMBI. AKTyalb-
HOCTPH PEIICHHUs MPoOIeMBbI MOBBIIICHHS KauecTBa HU3HH JIIOJICH MIPH ITOMOIIY PaHHETO JAWarHOCTH-
POBaHUSA U CBOEBPEMEHHOTO JICUCHHUS PA3JIMYHBIX KapAHOJOTHYECKUX 3a00JICBaHHUN SIBIISETCS OYe-
BuHOH. OCOOCHHO BaXKHBIM SIBISETCS IPOIECC aBTOMATH3MPOBAHHOTO aHalINW3a OTPOMHON 0asbl
3MeKTpoKapauorpapuuIeckux MaHHBIX. BelBieT-aHamW3 MOXET YCHEIIHO HCIONb30BaThCS IS
criaaxuBaHus M ynaneHus myma curHana OKI'. Curaam snekTpokapIuorpaMMbl, OUHIICHHBIH OT
ITYMOBBIX KOMIIOHEHT, BBITJISANT HATJISAHEE, TIPU 9TOM ero oosem coctasisteT oT 10 mo 5 % ot uc-
XO/IHOTO CHTHAJIA, YTO B OOJNBIION CTENEeHM pemaeT IpodieMy XpaHeHus kapiauozanuceil. Ileas
HcciieI0BaHusI: pa3paboTKa alIropuT™Ma MnoporoBoi 00paboTku BeliBieT-koddduireHToB n Guibt-
panmu curHana syekTpoxapauorpadun. Marepuanbl 1 MeToAbI. [y aHanm3a ObUIN B3STH KapANO-
rpamMel. [lanee onn ObuTH onM(pPOBAaHbI U BBEJCHBI B KOMITbIOTED /st 00paboTku. beiia Hanucana
mporpamma B cpene MATLAB, peanmsyromias HENpepslBHOE W IHUCKPETHOE BeWBIET-TipeoOpa-
3oBaHHe. Pesyabrarel. B pabore mokasan pesynbrar QuisTparmu curHaia OKI ¢ moOaBieHnem
LIyMa C OTHOLICHWEeM cHrHajl/myMm 35 u 45 nb ¢ ucnosjp3oBaHHMeM ypoOBHeH pasnoxeHus N =2,
N=3, N=4. 3akmoyenune. Ha ocHOBe aHanu3a MOJYyYEHHBIX JAHHBIX MOXHO CAEJATh BBIBO, YTO
BTOPOI YPOBEHb Pa3iioKeHust Hanbosee ontumaneH aust Guiaprpanun DKI-curHana. C yBeandeHH-
€M YPOBHS Pa3JIOXKEHHs BBIXOJHOE OTHOIICHHWE YMEHBIIAeTCs, Ha ypoBHE N =4 BBIXOJHOE CHI-
HaJI/IIyM TIOYTH HE INPEBBIINIAET BXOJAHOE, CIIEJ0BATENLHO, (DUIIBTpPALUsS CTAHOBUTCS HEd((PEKTHB-
Hol. KoadummenT koppemsnuu K 4eTBEPTOMY YPOBHIO 3HAUMTEIBHO CHIDKAETCS, YTO O3HAYaeT
3HAYUTEJIBHOE TIOBBIIICHHE HCKAKEHH, BHOCUMbBIX AJITOPUTMOM (DHIIbTPALHH.

Kniouegvie crnosa: snexmpokapouocucnan, eetignem-npeoopasosanue, aieopumm Quismpayuu,
paspabomka aneopumma.

B nporiecce 3KCriepuMEHTATBHBIX HCCISAOBAHUMA MPUHUMANA Y9acTHe CTyACeHTKa rpynmbl KD-658
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