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The impedance cardiography (ICG) is a reliable, non-invasive method widely used in
clinical practice for the measurement of a multitude of hemodynamic parameters for the
diagnosis of cardiovascular disease and continuous monitoring. Signal processing field is
necessary to eliminate noises as an artefact of respiration and movement, to extract features
characteristics from ICG signals. This paper discusses the concept of wavelet denoising
based on scale-dependent thresholding, which is used in two types of the orthogonal wavelet
family: Daubechies wavelets (db) and Symlet (sym) applied to the ICG. The study is based
on wavelet coefficients that are thresholded using Sureshrink, NeighBlock, and classical
thresholds such as Rigrsure and Sqtwolog; they are all compared with linear filters as well
as with the LMS-based adaptive filtering algorithm already implemented in biosignal
denoising. The results of the evaluation of the performance parameters show that the best
denoising technique that gives good results in noise reduction is that of sym8 wavelets at
level 5, and the most optimal thresholding technique is the Rigrsure technique with a mean
error rate (MER) equal to 0.0001%. The proposed method has shown the reliability of results
that can help us later to extract precisely significant information to diagnose earlier and

monitor cardiovascular disorders.

1. INTRODUCTION

ICG is widely used in clinical applications, such as
hypertension, surgery, cardiovascular disease and pregnancy
[1]. It emerges in 1940, it is simple, safe, easy-to-apply, cost-
effective, non-invasive method of diagnosis and medical
monitoring that measures the change in blood volume due to
impedance changes using a system of electrodes placed on the
patient's skin. The detected impedance waveform called ICG
is vulnerable to noise such as respiratory and motion artifacts
due to patient movement during acquisition, poor electrode
placement and electrode material. The essential step in
deriving several significant parameters is the analysis of this
type of waveform using the concept of noise cancellation.
Some researchers have applied algorithms such as the LMS-
based adaptive filter [2, 3] as well as linear filters such as
Elliptic and Butterworth [4] to remove noise and artifacts from
the ICG waveform.

However, wavelet analysis is an advanced signal processing
tool, although its mathematical foundations date back to
Joseph Fourier in the 19th century, when the researcher
established the foundations for the Theory of Frequency
Analysis [5]. It is a method that measures average fluctuations
at different scales that have shown a significant reduction in
noise and preserves the characteristics of the signal. In 1909
the wavelet was discussed in Alfred Haar's thesis. Afterwards,
these methods of analysis were developed by Meyer and other
researchers [5]. In signal analysis, the wavelet transforms the
signal to extract the relevant information after noise
suppression [6]. One of the discrete wavelets is the sym26
which is used for noise suppression of the ICG signal [7].
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Five methods of denoising are compared using different
filters: the Savitzky-Golay filter compared to the median filter,
the bandpass filter, the wavelet (db8) and the moving average
filter. The results show that the first filter is the best [8]. A
comparison between the Empirical Ensemble Empirical Mode
Decomposition (EEMD), the optimal FIR filter, and the
Symlet (sym8) wavelet family for ICG denoising where the
latter is better [9]. Choudhari's study has shown that db4 is the
most efficient for denoising [10]. Chabchoub argued that the
best level of wavelet decay is the one that gives the greatest
softness separation between signal and noise; he found that the
db8 wavelet family is better than the other wavelet families
[11]. According to Chabchoub [11], and other papers in the
scientific literature [8-10, 12], the best denoising method has
the highest signal-to-noise ratio, the lowest root mean square
error, the smallest percentage difference, and the smallest
reconstructed error. The ICG denoising process is therefore
necessary to pass through the multi-scale decomposition, then
the threshold coefficients, after which the signal will be
reconstructed, using the inverse of the Discrete Wave
Transformation (DWT).

There is no better universal standard threshold applied for
the determination technique, which is why there are multiple
threshold techniques such as classical thresholding,
SureShrink and Neigh-Block. These techniques have provided
reliable results for denoising the ECG signal and have never
been used for denoising the ICG signal [13]. The advantage of
wavelet denoising is that it preserves the signal characteristics
and eliminates noise at all frequencies. However, it is different
from the smoothing used to suppress high frequencies and
maintain low frequencies [14].
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This study aims to study the denoising of the ICG signal
using linear filters. In addition, the LMS adaptive filter tested,
as well as different wavelet thresholding techniques such as
SureShrink (proposed by Donoho and Johnstone [15],
NeighBlock (local thresholding), Rigrsure and Sqtwolog
(universal thresholding) are compared.

2. MATERIAL AND METHODS
2.1 The impedance cardiography (ICG) method

Research on the impedance technique of cardiography is
devoted to the evaluation of the structural configurations and
physiological activities of biological tissues; this technique
measures the variations in Z impedance in the thorax during
the cardiac cycle. Studies in this field are applied to the
diagnosis and monitoring of the patient's pathological state and
to the detection of cardiovascular disorders through the
calculation of hemodynamic parameters such as systolic
volume and cardiac output for the elderly [16], by applying a
weak electric field longitudinally from 0.2 mA to 5 mA, and
of low frequency from 50 kHz to 100 kHz across a segment of
the thorax with the Tetrapolar technique [17]. Figure 1a shows
the electrode configuration of the ICG technique with the outer
electrode for current injection and the inner electrode for
impedance measurement values during diastole.

Figure 1b shows the typical ICG signal and the ECG signal
tracing.
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(a) Electrode configuration of the ICG technique

C = dZ/dtmax

ICG
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(b) Typical ICG signal and ECG signal tracing
Figure 1. The ICG signal measurement

The ICG signal is used to calculate cardiac function
parameters [3] such as stroke volume (SV) Eq. (1), New Bern
Stein [18, 19], Cardiac output (CO) Eq. (2) is an effective
parameter used to evaluate the mechanical activities of the
heart and cardiovascular disorders.

SV =V« |LVET ( ! ) (dZ)
= Ve * | — J—
7\ max

(M
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CO = HR xSV 2)
where, V< is the intrathoracic blood volume expressed in mL,
and LVET is the left ventricle ejection time, Zo: basic thoracic
impedance, (dZ/ dt)max is maximum aortic flow rate and
presents the maximum on the ICG signal curve, HR is the heart
rate.

2.1.1 ICG signal

The ICG waveform range is 0.8 to 20 Hz. This is the first
derivative of Z (dZ/dt) shown in the Figure 1b. It is
characterised by points, where, Zo: basic thoracic impedance
varies from 20 to 33Q2 and 27 to 48 Q for men and women
respectively [20]; P or A: atrial wave; B: aortic valve opening;
C: maximum aortic flow rate (dZ/ dt)ma; X: aortic valve
closure; Y: the pulmonary valve closing; O: mitral valve
opening. These points are detected to extract indices such as
SV and CO, as well as characteristic time intervals such as left
ventricular ejection time (LVET) to diagnose cardiovascular
disease [21]. The advantage of this technique is that it is simple
to perform, quickly to respond to rhythm, less expensive, non-
invasive and safe, and allows continuous real-time monitoring
[22].

Many researchers have devoted their studies to the
algorithms for detecting characteristic points. While the
problem with acquired ICG signals is that of respiratory and
motion artefacts, which have very low frequency ranges of
0.04 Hz to 2 Hz and 0.1 Hz to 10 Hz, respectively, it has
nevertheless made its analysis somewhat challenging. To this
end, this work aims to address this problem.

2.2 Transform wavelet

A wavelet has a short-term waveform; orthogonal wavelets
better characterise the local properties of signals than Fourier
bases. Its analysis is used to decompose the signal into shifted
and scaled versions of the mother wavelet, whose matrix is
defined as follows [23]:

1
1 for 0<x<§

P = 3)

1
-1 for E<x<1

0 otherwise.

Transformation wavelets used in a multitude of applications,
mainly for feature extraction, classification and noise
elimination [23], have simplified signal analysis. In several
fields, it has become well known over the last 15 years, such
as industry, medicine, where it is used for noise removal from
physiological signals [24] such as ECG, EEG, and others.

There are two types of wavelet transformation: continuous
wavelet transformation (CWT) and discrete wavelet
transformation (DWT). The latter, which is concerned with
statistical parameters, is precisely discretely sampled
functions, it describes the frequency content of the signal at
given moments, thanks to filter banks that decompose the
signal into coefficients with Details, and Approximation [25],
it is used to select scales and dynamic positions to obtain more
accuracy, the DWT Eq. (4) is as follows:

X [a,8] = 242 oo x[n]aln] 4)
Vaaln] = = [Wnya] )



where, a and B are the wavelet location parameters, x[n] is the
signal, n is the samples number, and y(.) is the mother wavelet
[26].

2.2.1 Wavelet thresholding

The wavelet thresholding method is used to threshold the
wavelet coefficients by eliminating their noisy part [14].
Noise-free wavelet coefficients are indeed rare, and those of
low amplitude are set to zero. The name wavelet thresholding
is derived from the comparison of a coefficient with a
threshold to determine whether or not it is a desirable
constituent part of the original signal. The wavelet
decomposes the signal into approximations ci, which represent
the low frequencies, where most of the information in the
signal resides, and details d;, which represent the high
frequencies.

The thresholding derives the significant coefficients of ¢;; if
they are less than a threshold level A, they will be equal to zero.
This threshold depends on the level of decomposition, which
is called Sureshrink [15, 27], and an inverse discrete wavelet
transformation using IDWT which leads to a less noisy
reconstruction of the signal [14]. Among these threshold
methods are classical thresholding such as Rigrsure which
used the Stein's unbiased risk principle (SURE), and Sqtwolog
which used for the universal threshold. The methods are
respectively defined as follows:

th=0;,/2log (N;) (6)
_ median|w| R
' 0.6745

where, 6; is the mean absolute deviation and N; is the length of
the noisy signal, and o is the wavelet coefficient to scale j.

th= 0iv/w,

where, 6 is the standard deviation of noisy signal, and wj, is
the coefficient wavelet square.

The Sureshrink method, proposed by Donoho and
Johnstone [15], is based on Steins' unbiased risk estimate
(SURE). Its principle is to set the coefficients to zero below a
certain threshold. For each sub-band, the calculation of the
threshold is crucial and is determined by the level of
decomposition [13].

The neighbourhood block method, proposed by Cai and
Silverman [28], is based on the calculation of the shrinkage
factor within blocks of successive coefficients. It is applied to
the group of adjacent coefficients, and is not applied for each
coefficient and level. The use of multiple thresholds for all
coefficients improves noise reduction performance [13]. The
choice of the threshold can be chosen according to the local
noise levels, this technique calculates a threshold value with
the neighbourhood [28, 29], and is based on the following
steps [29]:

e Step 1: Decomposition of the
coefficient with the DWT,

e Step 2: Carry out the coefficients in disjoint
block b;; for each level;

e Step 3: The shrinkage factor rule is chosen
according to the local properties of the
coefficient. It is defined in Eq. (6) as follows:

®)

signal in

Bij~(max(0,1- 245 9)
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with,
L= Lo + 2L1
log (n)
LO = 2

Lo
L; = max(1, 7)

S*=Y kepij Oi
K=1,..1L;

where, i is the block, j is the level, A=4.5053, and 62 is the
variance of the extended block.

There are two thresholding approaches which are defined as
follows [13]:

o (diif |di] > A
Hard: d; { 0 else } (10)
di - AfOT di >
Soft: d= {di + A for d; < —/1] (11)
0 else

Simple wavelet thresholding is the hard thresholding but
soft thresholding is more efficient, considered as the wavelet
denoising (shrinkage) method, i.e., a non-linear process
integrated in a linear denoising technique. According to
Donoho, the calculation of A is based on Stein's unbiased risk
principle (SURE) [15, 28] as follows:

A=,2logM

where, M coefficients numbers.

(12)

2.3 Proposed methodology

2.3.1 ICG signal recordings

ICG signal samples from 10 healthy subjects were recorded
with BioLab v.3.0.13 software at a sampling rate of 1000 Hz.
The ICG device was implemented in tree sections comprising
the Howland current injection stage, the latching amplifier
stage for impedance detection and the ICG evaluation
interface. ICG measurements in the tetrapolar configuration
are based on four electrodes. The proposed methodology is
mainly based on the denoising process, with some filtering
techniques: linear filters, LMS adaptive filters and wavelets.
These techniques were tested to eliminate noise and have a
better visibility of the ICG waveform.

2.3.2 Linear filters method

The linear filters used to denoise the ICG signal of 10
participants are:

e Butterworth

Elliptical
Bessel
Gaussian
Chebychevl
Chebychev2

The addition of a high frequency component of 600 Hz to
the signal was necessary for efficiency testing. The filters used
a frequency bandwidth for cutoff ranging from 0.1 to 10 Hz
and an order of 3. A comparison was made to identify the best
of them. The performance of the denoising method was
evaluated by calculating specific parameters to verify perfect
reconstruction.



2.3.3 Least mean squares (LMS)

The adaptive filter, in particular the fundamental LMS
adaptive algorithm, is widely applied in denoising biosignals.
Hence, it is used for the respiratory elimination artifact. The
LMS is simple in its implementation and is used to control the
finite impulse response (FIR) filter at each use. Moreover, it is
based on a feedback process to reduce the error e(n) of the
input signal x(n) and the reconstructed signal y(n) by adjusting
its parameters: a higher order is chosen, weighting coefficients
update w(n+1) Eq. (13) [2], and a predefined step size p (0<p<
(2/ FIR filter T-tap)) at the beginning of the adaptive filtering
process. If p is too small, the algorithm will converge, so we
took (0 <p< 0.2) and we added an HF component with a
frequency of 600 Hz to the ICG reference signal to also test
the efficiency of the filters.

wn+1) =wh) +pue(n)x(n) (13)

w(n) = [wo(n), wi(n), wii(n)]' (14)
where, n'" is the weight coefficient vector, K is the input
sample length, and e(n) is the difference between the reference
and the output signal.

Apply the threshold
techniques
(SureShrmnk,

MeighBlock,
rigrsure,
sqtwolog )

cocfficients

{db/sym)

2.3.4 Transform wavelet method of ICG signal

Figure 2 shows the overall scheme of the wavelet denoising
algorithm.

As we said above, we added a high-frequency component
of 600 Hz to ICG waveforms for efficiency testing, then
applied two types of DWT (db/sym) that split signals into
coefficients; Details and Approximation; where we used four
types of thresholding techniques (Sureshrink, NeighBlock,
Rigrsure, and Sqtwolog) for each type of DWT (db(2, 4, 6, 8),
sym (2, 4, 6, 8)), also we tested each threshold technique and
compared wavelet levels from level 1 to level 10. Finally we
applied the inverse DWT to reconstruct the final signal.

2.3.5 Simulation progress

The study is based on a comparison between linear filters,
LMS-based adaptive filter, and orthogonal wavelets such as
Daubechies (db) and Symlet (sym) with order N (2, 4, 6, 8),
which already used according to literature demonstration
citing above the paper. The thresholding methods used are the
classic threshold, Sureshrink, NeighBlock, which have chosen
according to Cai [28, 30], it has threshold criteria that exceed
that of Rigrsure and Sqtwolog, we also used the Soft
thresholding rule because it considered as the wavelet
denoising method and “mln” for rescaling that used for noise
estimation at each wavelet level from 1 to 10. Our method
based on the steps presented in the Figure 3:

IDWT
get the
denoised
estimation

Recomstruct

the denoised
1CG signal

Figure 2. Schematic diagram method

STEP 1

Comparison between the different wavelet orders N for the
same wavelet to deduce the best order for each thresholding

technigue.

L

STEP 2

Comparison between the best order N of each
type of wawelet (db and sym) for the same

thresholding method.

Comparison between the Linear
Filters already chosen.

Comparison between the different thresholding technigues with the better
Linear Filter and LMS-based adaptive filter.

Figure 3. Interpretable diagram algorithm
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2.4 Performance parameters evaluation

For the evaluation of the results of our comparisons, we
based on the following parameters [24, 30], to verify the
improvement of the reconstructed ICG signal: the square error
(SE), the signal to noise ratio output (SNR) expressed in dB,
the signal to noise ratio input (SNR;) expressed in dB which
the input noise range calculate thanks to Eq. (17) is from 0 dB
to 35 dB, the root mean square error (RMSE), and the percent
difference root mean square (PRD) expressed in %, their
formulas are defined in the order as follow:

SE = (x(n) — y(n))? "
i Tny:(0)
SNR = 1010g10 [Zn(y(n) — X(n))z (16)
1 L
RMSE = EZ(x(n) —y(m)® "

n

_ [Eh(x(m)-y(m)?
PRD (%) = 100 e (19)

where, x (n) is the original signal, y (n) is the reconstructed
signal, and L is the signal length.

The best denoising method has the highest SNR, the lowest
PRD, the lowest RMSE and the lowest reconstructed error.

3. RESULTS AND DISCUSSION
3.1 Results

This section presents a comparison between the selected
denoising techniques. Whereas, the first purpose is to apply
the linear filters. The second purpose is to denoise the ICG
signal using LMS-based adaptive filters, that had chosen
because it has shown reliability in studies [2, 3]. The third
purpose is to choose the best threshold (SureShrink,
Neighblock, Rigrsure, Sqtwolog) for two types of discrete
wavelet families (Daubechies, Symlet).

Our study used different thresholds to demonstrate that the
right choice of thresholding affects the obtained results'
effectiveness. Hence, Neighblock never applied for ICG
waveforms. Linear filters were applied to the ICG signals of
10 participants. The results are presented in Table 1.

Table 1. Estimation parameters of linear filters applied to 10
subjects

Filters SE RMSE PRD SNR
Butter 46.2660  0.2842  66.9836  4.4693
Elliptic 50.5032  0.2967  69.1668  3.8837
Gaussian 5.5373 0.0938  31.2531 13.8792
Bessel 210.0218  0.7360 185.1752 1.4735
Chebychevl 51.3537  0.2992  69.7024 3.8104
Chebychev2 198.89 0.6241 121.1752  2.321

According to the results in Table 1, the filter with the
highest performance is the Gaussian filter; it has a minimum

SE of about 5.5373, a minimum RMSE value of about 0.0938,
a minimum PRD value of about 31.2531 and a maximum SNR
of about 13.8792. Therefore, it did not fulfil the objective of
our analysis for assessing accuracy. High values were obtained,
hence the use of the LMS adaptive filter and discrete wavelets
is of paramount importance. We added White Gaussian Noise
with SNRi ranging from 0 to 35 dB to the signals to choose the
best threshold technique. Figure 4a-d explains exactly the
different comparisons made and the results obtained for 10
subjects. In addition, Figure 4 shows a comparison between
Daubechies (db) and Symlet (sym) with the order N (2, 4, 6, 8)
in relation to threshold techniques. First, we found that db2 is
better than db (4, 6, 8) in Sureshrink, db4 is better than db (2,
6, 8) in Neighblock, db4 is better than db (2, 6, 8) in Rigrsure,
and dbs8 is better than db (2, 4, 6) in Sqtwolog. Second, sym2
is better than sym (4, 6, 8) in Sureshrink, sym4 is better than
sym (2, 6, 8) in Neighblock, sym8 is better than sym (2, 4, 6)
in Rigrsure, and symS is better than sym (2, 4, 6) in Sqtwolog.
Thirdly, after comparing two types of wavelets in each
threshold technique, we found that the best are: db4 in
Neighblock, sym8 in Rigrsure, and sym 8 in Sqtwolog. Next,
the results obtained were compared with the Gaussian filter
and the LMS adaptive filter at different SNRi. The results
presented in Figure 5a was found using parameter estimation
calculations.
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Compariason between wavelets: Daubechies and symlets wavelets using Sqtwolog threshold
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Figure 4. Comparison results between different type of
thresholds at different SNRi values

3.2 Discussion

This study is based on a performance study using linear
filters: Bessel; Butterworth, Gaussian, Elliptic, Chebychevl,
and Chebychev2 with third order; the LMS adaptive filter, as
well as orthogonal wavelets such as Daubechies (db) and
Symlet, used with four thresholding techniques such as
Sureshrink, NeighBlock, Rigrsure, Sqtwolog. The evaluation
of all comparison results is a necessary step which was carried
out by calculating SE, SNR, RMSE, and PRD. In a first step,
a comparison between several linear filters, the results of
which are presented in Table 1. In addition, another
comparison of orthogonal wavelets of different N-order (2, 4,
6, and 8) was performed.

Although the best selected wavelets were taken from the
literature, namely db and sym, which are the most applied to
this type of signal, they were compared with multiple
thresholding techniques (Figure 4 a-d) such as NeighBlock
db4, Rigrsure sym8 and Sqtwolog sym8. Next, they were also
compared with the best linear filter which is the Gaussian filter

and the LMS adaptive filter. The results show that the best one
has a minimum value of PRD, RMSE, SE, and it has the
maximum value of SNR (Figure 5a, b). According to the
results obtained in the simulation, the best denoising method
for the ICG signal that preserves the characteristics of the
original waveform is the rigidity at level 5 of the symm§
wavelet with minimal degradation of the ICG signal shape.
Figures 6 and Figure 7 show all reconstructed samples for all
subjects.

The advantage of this performance study is to reduce the
noise and artefacts, which cause distortions in the ICG wave,
to a maximum and to preserve the shape of our ICG signal, i.e.
the peak max (dZ/ dt)max of the ICG signal which is present at
point C which is important in clinical decision making and
monitoring of cardiovascular diseases. The peak amplitude C
of the original signal and the reconstructed signal after using
each denoising technique was calculated to evaluate the results.
Pan-Tompkins algorithm [31] was used to detect the C peak.
Table 2 lists the results obtained.

According to the results in the above Table 2, the best
denoising method is the one that preserve the C peak
amplitudes with minimal degradation. We observe that the
mean C peak amplitudes of Rigrsure (sym8) equal to the mean
C peak amplitudes of the original signal is about 4.716 Ohms.
Moreover, for Gaussian filter is about 3.842 Ohms, 4 Ohms
for LMS, 4.087 Ohms for Neighblock and 4,286 Ohms for
Sqtwolog (symS).

The results of the mean error rate listed in Table 3 provide
better accuracy than the Ridder [9] and Chabchoub [11]
methods at different SNRi, especially for the best thresholding
technique, the Rigrsure of sym 8. For an SNRi of 0 dB, the
minimum MER value for the Chabchoub and Ridder methods
is equal to 0.3% and 7.3%, respectively. For 10dB, the
minimum MER value for the Chabchoub and Ridder methods
are equal to 0.01% and 0.7%, respectively. In this study, the
minimum MER value is equal to 0.00006% in 0dB and
0.0001% in 10dB.

Comparison between Gaussian Filter, adaptive LMS filter and the different wavalst thresholding methods at frequency 600 Hz
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Figure 5. Comparison results of performance parameters evaluation for Gaussian filter, LMS adaptive filter and various wavelets
thresholds at different SNRi values

924



Nomnalized Amplitude

The Reconstructed Signals

15 T T T T T T T T
— GausaFliter
—— HeighBlock
Rigrsurs
— Sqtwolog
1 LMS 1
1CG signal
05 .
2
A SUA
& = 7
ol e ,771/ \\ PR st iy
NAST \IE A
- ] :
1 W N
086 - b . X‘
\._/
-1 | | | | | | | | |
a 100 200 300 400 500 800 700 800 900 1000
Samples
(a)
The Reconstructed Signals
2 2
1 Fqf 1 signal j y 1
b N —~~2 A W
e,
1q 200 400 800 800 1000 1y 200 400 800 800 1000
Samples Samples
2 2
4 Rigrsure L
1 GG signal ] i
Dl- E af \""/""\L 4
- - -
g 200 400 800 800 1000 [ 200 400 800 800 1000
Bamples Bamples
2
LME
L ICG signal ]
D -
1q 200 400 600 s00 1000
Sampke
(b)

Figure 6. The ICG signal reconstructed after each technique applied for subject 1

1 T T T T L T T T
— rgrare. il
1C8 sgnai I
A T I
A i1
. A | w I
[\ AN
\ wr [ T
Y ] ol I | -
b 1 & j Y
\ H !
\ E oz \ A
\ g \ W R
\ . ] \ |
b\ ral i \
It A7 2 WA ?’\,‘J vl
! } Y LR
/ Yoy N
,r" 4 \
/ W \
W
. ! L L ) L L L ! a L . !
o 3 w0 am am o oo o0 o 0o 000 o 0o £ o o o0
ins
&
N ] A
15 /\ ) J
i\ J \
1 \
J \ £
f ] ]
- | :
) A / H
\ AN A H
0 | ,’\\ IRV -
I A \f
\ A N { Y
| IR § \ A
Vo W Al N S
T Voo AN Vosdoon S
W \f %
A | L L | L L L . 1 L L L L
o 100 200 30 400 500 00 800 200 1000 o 100 200 ann 400 500 800 00 800 200 1000
Timeins Timeins

925



T e 1 T T T T —
——— ICG signal /h‘ _ng
A / ey
18- -
r’ \‘ 1 | 4
L f \
{ | { \ P
1 | | 2 ‘.y \ :"
i . §o / {1
05 ~ | | {»‘ ;F \ |
E At ‘f\'l E oy IR | A& P /
H N g \ Fo0 ApMYY \ AVAR AWERVIY 1
o 2 A ot \ vV o A . SNV \ ): \ . \‘j \ Ay AVAY /
\ / \ Py N/ / I\ J v k
.’L\ "4 ‘?" / 7 N\ A / ‘-; 4 \—".‘ 2 | | ‘f W\
\ VA f ¥} VAR M W § J
. j \ / W A / ¥ Vi \‘.‘ J\A"; J 08 '\{z \ Y
J WV v \ \
¥ v v y
4 L L L 1 L L . 4 I L I L L | L
o w0 20 ) w© a0 %0 700 0 %0 000 o 100 200 ] o 00 0 0 %0 1000
Time ins Time ins
2 T T T T 2 T
- e
15 i ) 151 Y 4
» A Iy
\ {4 I
\ o / t.‘
T [ 1 ¢ 7T {0\
i ;
£ \ \ £ /A
o | . L w W
T . e 7
b \ = i I W
5 M . N H MR < N
o A N Fa 3\ - ofn I AVARY ) /A
A A A A% p | W)™ v \ ff
\ \ / ~ If
ﬁa A AN foN i) A/ VoA .J’ ~ Y7 ‘.\ Pt ey j,"\ i
{ 7 ) L 7RV Vi {/ n I
a5 \\ fh‘-"l \% \-\ ’»f \ .fF Lvi a5 G Y "‘. I,! 4 A A/ \.‘4“. |
W "&‘.,{ \ | AV v
- L 1 L 1 L 4:" 4 e 1 1 L 1 L 1
00 200 a0 400 500 800 700 800 200 1000 100 200 £ 00 500 700 800 900 1006
Timeins Timeins
. . . — 1 T T T e
——— ICG signal &m
14 f \
LS Al o 1 4
| 7 \
I 7o
/ f
1+ A / |
f ! ’[ 1
§ [\ /
H f AN
! 05 ‘I‘ l\
] 1 )
3 A \
I '\ Uy A e
a A y | Fawdl A s
A A \ j \r\ f \
A A, Y ! % 1 (V2 Ve
YAV W \ NS v
asf U \ W A J
\",/
4 | | | | | I . | | | | | L |
o wa =0 E E3 o =0 w00 00 o 10 0 =0 3 0 3 %0 000
Timeins Timeins

Figure 7. The ICG signal samples reconstructed after applying the best denoising technique for all participants: subjects 1 to 10

Table 2. Detection of peak amplitudes C (Ohms) from original noise-free ICG signals

Participants Original C peak C peak amplitudes after using denoising methods

amplitudes

Gaussian LMS Neighblock Rigrsures (sym8) Sqwolog

filter (db4) (sym8)
Pl 5021 4999 3429 4433 5001 4047
P2 4337 4337 4276 4336 4463 4743
P3 4959 2911 4049 4054 4654 4053
P4 4351 3357 4127 4353 4112 4357
P5 5401 4493 5106 4490 5287 4490
P6 5002 2511 3663 3870 5089 4294
P7 4756 3609 3383 3382 4665 3606
P8 4246 3197 4014 4424 4102 4009
P9 4486 5408 3021 4067 4365 4869
P10 4596 3395 4942 3447 4623 4396
Mean 4716 3842 4000 4087 4716 4286

Table 3. Mean error rate (%) of denoising methods for 10 subjects at different SNRi (ranging from 0 to 35 dB)

Methods SNR;
0 5 10 15 20 25 30 35
LMS 0.02855 0.02855 0.02855 0.02855 0.02855 0.02855 0.02855  0.02855
Gaussian  0.0035223 0.0041569 0.0045127 0.0047133 0.0048262 0.0048894 0.004925 0.0049452
Neighblock db4 10.1783  10.1796  10.1801  10.1803 10.1804 10.1804 10.1804 10.1805

Rigrsure sym8 6.2976e-058.8323e-050.000191180.000241630.00027019 0.000285 0.000293760.00029796

Sqtwolog sym 89.0362¢-050.000117340.000212620.000263960.000294010.000310660.000320040.00032441

926



4. CONCLUSIONS

Impedance cardiography is a reliable, non-invasive and
convenient method with less risk for the measurement of
multiple hemodynamic parameters and it can be used by
untrained personnel. It is considered a recent way to obtain
results with the same or higher accuracy than invasive methods
such as thermodilution, Fick or Doppler echocardiography.
The ICG method is promising in monitoring cardiac
contraction and functional status, and is therefore very useful
for the diagnosis of cardiovascular disorders and continuous
monitoring in the medical field. In this paper, a comparison
was made between the LMS adaptive filter, the Gaussian filter
and wavelet families (Daubechies and Symlet) using different
threshold techniques such as Sureshrink, NeighBlock,
Rigrsure and Sqtwolog to find the best technique for denoising
the ICG signal.

To our knowledge, DWT is used to remove noise from non-
stationary signals that no longer require special assumptions
for thresholding or denoising in general. Very interesting
results were obtained by calculating the estimation parameters,
which showed that the sym8 wavelet with Rigrsure
thresholding is the best in terms of noise reduction compared
to other techniques.

For future work, the denoising step will be added to the
current proposal, as it can help us to derive meaningful
information that will be used to develop cardiography
impedance systems for the non-invasive diagnosis and
medical monitoring of patients.
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NOMENCLATURE

A Atrial wave

B Valve opening

Cc Maximum aortic flow rate (dZ/ dt)max
Ci Low frequencies

Co Cardiac output, L/min

CWT Continuous wavelet transformation
(dZ/ dt)max Maximum of the first derivate

di High frequencies

DWT Discrete wavelet transformation
e(n) Error

ECG Electrocardiogram

EEG Electroencephalogram

IDWT Inverse discrete wavelet transformation
K Input sample length

L Signal length

LVET Left ventricle ejection time

MER Mean error rate, %

N Order

Ni Length of the noisy signal

nth Weight coefficient vector

0] Mitral valve opening

PRD Percent difference root mean square, %
RMSE Root mean square error

SE Square error

SNR Noise ratio output, dB

SNR; Noise ratio input, dB

SURE Stein's unbiased risk principle

SV Stroke volume, ml

X Aortic valve closure

x[n] Input signal

Y Pulmonary valve closing

y(n) Reconstructed signal

Z Impedance

Zo Basic thoracic impedance

Ve Intrathoracic blood volume, mL

Greek symbols

w()
A

0;
0
92
Ni
()]
W,
Bij
n

Subscripts

Mother wavelet

Threshold level

Mean absolute deviation
Standard deviation of noisy signal
Variance of the extended block
Length of the noisy signal
Wavelet coefficient

Coefficient wavelet square
Shrinkage factor

Predefined step size

Block
Level





