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ABSTRACT

Recent works have shown that artifact removal ont@dical signals can be performed by using Discrete
Wavelet Transform (DWT) or Independent Componentlgsis (ICA). It results often very difficult to
remove some artifacts because they could be supesied on the recordings and they could corrupt the
signals in the frequency domain. The two conditioosld compromise the performance of both DWT and
ICA methods. In this study we show that if the twethods are jointly implemented, it is possible to
improve the performances for the artifact rejecfwocedure. We discuss in detail the new methodvand
also show how this method provides advantages meghect to DWT of ICA procedure. Finally, we tested
the new approach on real data.

Keywords: Artifact Removal, Discrete Wavelet Transform, Ipdadent Component Analysis, Neural

Networks, Surface EMG

1. INTRODUCTION

Parallelly, the authors worked to artifact
modeling/removal in other fields of research matyri

When the biomedical signals recordings are stronglycompetences strongly helpful for the problem under

corrupted by the artifacts, a preprocessing stegéied
in order to extract some clinical information frotime
data (Mammoneet al., 2012; Labateet al., 2011a;
2011b; Campoloet al., 2011; Inusoet al., 2007a).
Artifact removal is a key topic in biomedical data
interpretation and then it is powerful in various
applications. For these reasons, in the last yeamsy
researchers have studied the artifact removal heg t
have shown that it is a critical problem in therbedical
signal processing. In particular, the researchergeh
observed how contamination of Electroencephalodcaph
(EEG) activity by eye movements, blinks, cardiamais

study (Costantincet al., 2012; Caccioleet al., 2007;
2009; 2010; Angiulli and Versaci, 2002; 2003).
Recently, some works have shown that a successful
artifact removal procedure in biomedical signalke |
Electromyographic (EMG) or EEG recordings, can be
performed using Discrete Wavelet Transform (DWT) or
Independent Component Analysis (ICA). In particular
authors have discussed the effectiveness of theihod
based on DWT in order to perform the cancellation o
Stimulus Artifact (SA) in the serosal recordings of
Gastric Myelectric Activity (GMA). In this case DWT
method allows obtaining successfully artifact

and muscle and line noise remains today a seriousancellation because the SA is a superimposed Isigna

problem for EEG interpretation and analysis, esgbci

that is a combination of periodic rectangular psia@dth

for some patient groups since rejecting contamihate of 0.3 sec and frequency of 10% higher than thénsit
EEG segments may result in an unacceptable daga losgastric slow wave frequency.
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This procedure fails when the artifacts do not havemethods. These methods are computationally rather
these properties, for example DWT approach cannotinefficient and much more. Thus we propose to parfo
remove Electro Cardio Graphic (ECG) artifact présen  artifact cancellation by using a WICA method rattrem
some myoelectric recordings (Inusb al., 2007b; La  modified ICA methods. We also compare the obtained
Forestaet al., 2005) because the spectral components ofresults by the proposed methods. Finally we show a
artifact overlap with the myoelectric signal spaatt On  ¢linical application in which only the proposed ned
the other hand, the ICA method, its implementatians  4jjows performing successfully artifact cancellatio
its applications are well described in literatuned aa
review on artifact identification and removal, with 2. STATEMENT OF THE PROBLEM:

special emphasis on the ocular ones, can be alsalfo ARTIFACT REMOVAL METHODS
ICA was implemented in order to remove artifacts in

EEG and Magneto Encephalogram (MEG) signals. Some g artifact is a signal that hides some useful
problems can arise In some artifact r?mo"a' tgdmsq information in a measured signal. It is noticeabte
.th?t maybleaid to the dinsertiic:)n tc;I unde?ri]ragle netkaats classify the artifacts according to their featubegh in
!2 Ic')teraet r?lrllnrtehceosreIggsi'calijtronesr n(]eenecc)a dsaam time and in frequency domains. There are someaatsif
n i ure. ppicat w that are well localized in frequency, whereas their

amount of data where the amplitude of the artifact . . . : o
much hiaher than that of the EEG or MEG. Otherwiise influence is spread over all the time axis of thigioal
g ! " .Signal. Others typologies of artifacts, insteade ar

was shown that artifacts can indeed be estimated b fined t It | hile thei

using ICA alone. In fact, ICA is used with good uks confined 1o a sma lemporﬁ ﬁre?' while their Hpﬁc

to remove the eye activity artifacts from visualeBt CompF’r!emS_Co"er amc_)st all the requency specm_ m
the original signal. Only in a few described casesassic

Related Potentials (ERP) in normal and clinicaljscis. = .
This approach is able to perform the artifact reatov filtering is suitable. Thus advanced methods aregdly

only for multichannel recordings, in which it isgeible ~ needed to obtain good results. In the next sulosestive
to isolate the artifact by means of statistical briefly discuss the DWT and ICA methods and their

independence theory. applications for artifact cancellation. We also sgrat a
The objective of this study is to examine the method based on the joint use of DWT and ICA.

applicability of DWT and ICA methods for removing 21 DWT Method

artifacts from a surface Electromyography (SEM@)eT ) ) )

use of DWT and ICA in biomedical signal processing The wavelet analysis is a time-frequency
was analyzed by many researchers, who have proposert_gapres_entat_ion_ mtroduged in order to overcome the
several studies and books about this topic. The afim limitations in time and in frequency resolution fenéd
this study is to discuss the use of these methodsder ~ PY the classical Fourier techniques. The Wavelet
to perform artifact removal. Thus, we focus oueation ~ 17ansform (WT) is a Multi-Resolution Analysis (MRA)

on the performance of the various algorithms and WeHere, a S(if"‘"ng f;mctipn jlis usr(]edd_;? c_:reaée ;e;aeg
show their behaviors in different kinds of artifact aPProximations ot a signai, each dittering by

discussing the advantages and drawbacks of thes«gOr by another fixed factor) from its nearest néigiing

techniques and analvzina apolications in which DWT approximations. Additional functions y, called wkats,
q yzing appiicat are then used to encode the difference betweereadja
and ICA cannot remove some artifacts. Therefore, we

h . hich th licati £ DWT approximations. In its discrete the wavelet tramsfas
show some cases in which the application o Orimplemented by a bank of band-pass filters eaclinbav
ICA algorithms does not provide good results. Wepal

X Y frequency band and central frequency half than the
show that in these cases, a joint use of DWT-IQéved previous one. First the original signal S(t) is eas

improving _the quality of results; in the followinge through two filters, a low-pass and a high-pass @me
refer to this method by the acronym WICA. We prove approximation signal, A(t), is extracted from thmwl
that ICA method has very good performance when thepass filter, whereas from the high-pass signal tailde
recordings are redundant, ie., the observed dataignal D(t) is taken out. In the standard tree of
(mixtures) are equal or larger in number than decomposition only the approximation signal is pdss
independent sources; otherwise, classic ICA shaves p  again through the second stage of filters and sonag
performances. This problem is often called ICA with until the last level of the decomposition. For edevel
over complete bases and it was solved by modif@d |  the frequency band of the signal and the sampling
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frequency are halved. The Wavelet Series Expardipn separately, channel by channel, applying the same

of a signal x(t)L* (R) is Equation (1): algorithm for each channel recording.
R 2.2. ICA Method
X :;abibk(tiok) +j:zj(:)zk:d"’1k (t) (1) The Independent Component Analysis is a method to

find underlying factors or components from multiass
(multidimensional) statistical data. What distirghés
ICA from other methods is that it looks for compntse
N that are both statistically independent and norsgjau.
dj :J_m X(t) Wi, () dt The ICA solves the Blind Source Separation (BSS)
problem to recover n independent source signalssider
N samples of the observed data vector x, whoseegitsm
are the mixturesxx,, ..., %, modeled by Equation (4):

Where:

are called the detail or wavelet coefficients and:

1 [(t-k2 n
‘Vj,k(t):\/g"’[ 2l ] x:As:Zaj§ (4)

are the wavelet functions. The approximation otlisga

- where, A is the unknown m-by-n mixing matrix with
coefficients are:

column vectorsjaj =1, 2, ...... , nand s is an unknown
i n-dimensional source vector containing the source
Ci =J'_m x(t)q)j_k* (tH)dt signals g, $, ..., $» Which are assumed to be statistically
independent. In general, the dimensionality m of th
Where: vector x and acan be different from n. Usually it is
assumed that there are at least as many mixtures as
1 (t-ko source (rmn), the mixir_lg matrix_A has full rank and_that
9,1 :_(p( ] at most one of sourcgis Gaussian. The BSS techniques
V2! do not use any training data and do not assumeaany
priori knowledge about parameters of mixing systems
are the scaling functions the details and the(i.e., no knowledge about the matrix A). The ICA
approximations are defined in Equation (2): resolves the BSS problem under the hypothesistlieat
sources are statistically independent each othirs.

2i

S _ N\ particular it consists in estimating a n-by-m matW
Di(®= k;d“‘ i O A= kzz,zc'k i (1) @ such that Equation (5):
and the final reconstruction of the original signal u:Wx:Zm:wjxj (5)
computed by the details and the approximations is =1

described by Equation (3), for fixed N:
Such a model (5) can be used in different situation
St =A,(t)+D, (1) +D, () +...+ D, (t) 3) for example in multidimensional signal processing,
where each sensor receives an unknown superingositi

The Discrete Wavelet Transform (DWT) can be used of unknown source signals at time instants t =12,
in order to perform artifact removal (Inusbal., 2007a). N In the last ten years many algorithms were psedo
lts application is based on the spectral separatiorfn Order to perform ICA. We investigate, in partan on
between the original signal and the artifact: a djoo the INFOMAX algorithm implemented algorithm, we
removal is possible only if the artifact spectrahtent is ~ USed the switching extended rule Equation (6):
well localized (compactly supported). Thus, the alav
decomposition is able to remove the artifact by mseaf AWeo[ |- Ktanh(ud -ud | W (6)
the denoising procedure applied to the single vedvel
details DO(t), Dy(t)...Dn(t). If we have multichannel where, K is a n-dimensional diagonal matrix, whigh
recordings the artifact removal must be performedelements are:
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k, =1: supergaussia
k; = -1: subgaussian

We choose, jkrelated to the sign of the kurtosis: k
= sign (durt f)). ICA allows performing artifact
cancellation. The procedure consists in the extraaf
the Independent Components (ICs), to identify t@s |
related to the artifacts; the cleaned signals reiroction
is obtained by setting to zero in (4) the colunmetated
to the artifacts sources, of the matrix A. ICA cdten be
simplified by means of the Principal Component
Analysis (PCA) preprocessing lightening the
computational charge and then reducing
computational time. PCA extracts from a signal mxi
some uncorrelated sources: Uncorrelatedness isver lo

property than independence, i.e., two signals can b

uncorrelated without being independent; conversily,
two signals are independent, they are also unctect!
PCA can be also used to reduce the data dimengional
and/or to perform whitening process, to obtain somi¢
variance components. Unlike the wavelet analy€i#\ |
approach can be applied only to multichannel reogsd

2.3. Wavelet-I ndependent Component Analysis
The WICA method, described Fig. 1, encompasses

the properties of the DWT and ICA methods. The main

idea of WICA is to examine the statistical indepemck

of the recordings by means of ICA algorithm applied
only to corrupted wavelet details (Azzerboei al.,
2002). In other words, the ICA algorithm works ooy

a fixed frequency range. In the next section wé stibw
that this method improves the performances of I@4 a
it allows extracting successfully the artifact campnts
with less distortion. Thus, we perform the wavelet
decomposition at a fixed level for each channelthis
phase, a user interface is needed in order to ehthes
appropriate decomposition level and to select #tails
that concern the spectral range in which the attifa
localized. Next ICA minimizes a measure of statti

independence of new data set. We restrict the ICA

application only on the frequency regions of insgre
where the artifacts should be localized. A firstattage
of this technique is avoiding that the signal pelnich is

the

a new data set. In the selection step the usefaoteis
needed. (c) ICA of selected details. We apply ICA
algorithm to new data set. A preprocessing stepA PC
and/or whitening, is performed in order to reduwe data
dimensionality and to lighten the computational rgha
Thus, we estimate the ICs and we remove the oraesde
to the artifacts. (d) Reconstruction of selectethitieafter
artifact removal. The selected details are cledyeattifact
components by means of the procedure describe@An |
method. (e) Wavelet reconstruction. We perform the
wavelet reconstruction by (3) using the non-setbdetails
and the cleaned details after ICA step. Finallyphain the
multichannel recordings in which the artifacts@moved.

3. SIMULATIONS: ALGORITMS
TESTING

The simulations of the artifact removal by means of
DWT, ICA and WICA methods are shown in this
section. We test the performances on synthesizgalsi.
Also the artifacts are synthesized in order to tést
quality of the different approaches. In order toega
quantitative value to the goodness of the algorjtinm
compare in both time-and frequency-domains the
original signal (when the artifact is not yet addedd
the reconstructed one after the artifact removal.

3.1. Synthesized Signals

We synthesized six myoelectric-like signals (sugfac
EMG with of six electrodes). They are 12000 samples
digital signals equivalent to 12 sec (sampling fieacy
1 kHz). We also synthesized three typologies dfeats,
an impulsive artifact, a similar ECG artifact and a
impulsive-ECG artifactKig. 2).

The impulsive artifact is composed by a periodighhi
frequency burst. This kind of artifact can be vidvike a
stimulus signal. Moreover, its spectrum is wellalazed
and it is almost all separated by the signal spectr

The mean frequency of the artifact spectrum isdrigh
than the maximum frequency present in the original
signal. This is the most suitable kind of signal
identifiable by the DWT. The ECG-like artifact is a
signal that represents the cardiac activity. In €M

certainly artifact-free be corrupted by the source recordings, this artifact is often present andaitrwt be

separation algorithm. The main steps of WICA appioa
are discussed as follows: (a) Wavelet decompositide

removed by DWT method, because its spectrum is
overlapped to the EMG one. This is the most suitabl

apply DWT to every channel of the recordings. So we kind of signal identifiable by the ICA algorithmh# last

obtain signals that have non-overlapping spectpd. (
Identification and selection of corrupted detaile
identify and select only the details that contaome
artifact components. So, we organize the seleattallslin

////A Science Publications 60

artifact, impulsive-ECG, is obtained by linear
combination of the two previous typologies. Thug w
use these artifacts to corrupt the original SsEMG
recordings and we test the goodness of the methods.
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Fig. 1. Wavelet-ICA method. The procedure consists of Bteps:

(1) wavelet decomposition, (2) identificatand selection of

corrupted details, (3) ICA of selected details, (d@yonstruction of selected details after artifehoval and (5) wavelet

reconstruction
1t i‘_..__ "_.__ - L__._.. 'i, — 1
y) MMM "SI E— W "THSS— -
kI N - Yo
4 e b -
5 - ——h M A
i h—— —
0o 1 2 304 5 6 7 g 9 10 11 12
Time (sec)
(a)

I b e

—-
-
-

= e d ) A

3re—fr— Pt e +M

5 7 9 10 11 12

6
Time (sec)
(b)

01 2 4 8

-
3
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Fig. 3. The first channel of synthesized sEMG corrupted by
(a) an impulsive artifact and (b) a similar ECG
artifact
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3.2. Artifact Removal usng DWT Method

First, we corrupt the first channel of synthesized
SEMG recordings with impulsive and similar ECG
artifact, respectively.Figure 3 shows the corrupted
signals. InFig. 4 the six-level wavelet decomposition by
DWT algorithm) is shown. This figure confirms thigin
ability of this method to separate the EMG signaltiie
impulsive artifact, which is almost all includedthme first
detail (that contains the highest frequencies). Kihd of
wavelet function used in this application is theurfo
“Daubechies”. On the other hand, we can see that th
separation is bad for the EMG signal corrupteditnjlar
ECG artifact. The original and reconstructed EM@hals
are represented iRig. 5. It is easy to see that the DWT
method falils in the case of a corrupted ECG sidgriglre
5 also shows the goodness of the DWT method.
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Fig. 4. The wavelet decomposition of corrupted channellé&fy) (an impulsive artifact and (right) a similaCE artifact. In the first
case the DWT allows to isolate the artifact conttifn on the first detail, whereas in other cage@WT method can
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Fig. 5b. Performances of DWT method applied on the corruptgdals by the different artifact typologies showrFig. 3. On the
top: Comparison on the time- and frequency-domainveen the uncorrupted EMG signal and the recoctsiiuone after
impulsive artifact cancellation. The linear regiesscoefficient is very near to 1 (r = 0.98) withwi data dispersion and
there is a good agreement between their spectréhémottom: comparison on the time- and frequetwyain between the
uncorrupted EMG signal and the reconstructed otez similar ECG artifact cancellation. The lineagiression coefficient
is far from 1 (r = 0.72) with high data dispersimmd there are meaningful differences in the frequeange of the spectra
in which the artifact is localized
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Fig. 7. Independent Components after PCA dimensionalitg da
reduction. IC3 and IC5 represent the artifact domtions

3.3. Artifact Removal using | CA Method

Let's consider the synthesized SEMG recordings
corrupted by impulsive-ECG artifact, as showrig. 6.
This artifact is more difficult to deal with. Firsits
Comparing the uncorrupted signal with the recomsétl  spectrum is not compactly supported, but it is eoazn
one after the artifact removal, we note that thg®athm almost all the frequency axis. Moreover, its tirhage is
works very well with the first typology of artifast different for each recording chanrélg. 7. Independent
whereas it is enable to completely remove the skcon Components after PCA dimensionality data reduction.
typology of artifacts. IC3 and IC5 represent the artifact contributions

0 1 2 35 4 85 & 7 8 0 10 11 12

Time (sec)

Fig. 6. Synthesized sEMG channels corrupted by impulsive-
ECG artifact
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This is the most suitable kind of signal identifiab  approach has revealed the best ability to sepdhate
by the ICA method. We can see that this approach isoriginal signal by the artifactFigure 11 shows the
able to separate the artifact from the recordings.identified artifact by WICA.Figure 12 includes the
Figure 7 shows that the 3rd and the 5th componentsperformance of the proposed method in the time doma
represent the artifact contributions that corrupé t and it shows the comparison between the spectra.
SEMG. Thus, suppressing these components and Thus, we conclude that the performances of WICA
reconstructing the cleaned channels, we can removenethod are better than the ones obtained by the BWT
the artifact.Figure 8 shows the performances of the ICA method. So, the joint use of these techniquiesva
ICA method for the first channel. The same resatess  to perform the artifact cancellation to a wider ®#t
obtained for the other channels. corrupted recordings. In the next section, we diglcuss

This simulation confirms that the ICA method has a a clinical application in which only the WICA is lebto
very good performance when the recordings are dadin ~ remove the artifacts.

Let’s consider the similar case, but now we suppo$ave

only three recordingsF{g. 9 and 10) shows that ICA 4. RESULTS: A CLINICAL

algorithm is not able to isolate the artifact citmttion. This APPLICATION

occurs when there are more ICs than observed raitur

In fact, the signals ifrig. 9 are three mixtures of four Here, four active electrodes performing a SEMG were

synthesized independent EMG signals (ICA with over put on the pectoral muscles of a healthy subjeetput two
complete bases) and it was solved by modified ICA electrodes on the right muscle and the other efieton the
methods. These methods are rather inefficient amchm left one. InFig. 13 we show 10 sec of the recordings by
more complicated. We propose to perform artifact sSEMG; during the registration session a notcheftie Hz
cancellation by WICA rather than modified ICA. and a low-pass filter (cutoff frequency 500 Hz) ever
. . applied; the sampling frequency is=f1 kHz.
3.4. Artifact Removal using WICA Method IopVarious cyclgs ?)f s(i]multa)rqeous muscle contraction
The WICA approach is an alternative method to (both side muscles are contracted synchronouslg) ar
perform artifact removal with respect to ICA withves ~ recorded by the sEMG. Note that the recordings are
complete bases. In fact we show that WICA allows highly corrupted by the cardiac artifact. The featuof
performing artifact removal also in the case inabhive  this artifact are comparable with the peculiaritzsthe
have no redundancy in SEMG recordings. synthesized artifact shown ig. 9. In order to perform
Let's apply this method to the corrupted SEMG & good analysls of mus_cle activity, fl_rstly we must
recordings inFig. 10. For these corrupted signals the remove the artifact corrupting the EMG signals.

1 107

4
+ P8D of uncorrupted chamel
PSD of reconstructed chanmel after artifact removal

0.8}
350
0.6}

3
04t

2.5
51

1.5

Samples of original channel
o
Power spectrum density (PS1)

"1 08 06 04 02 0 02 04 06 08 1 0 5 10 15 20 25 30 35 40 45 30
Sample of reconstructed channel after artifact removal Frequency (Hz)

Fig. 8. Testing ICA method. Comparison on the time- aratjfency-domain between the uncorrupted first EM@nicll and the
reconstructed one after impulsive-ECG artifact eliation. (left) The linear regression coefficigntvery near to 1 (r = 0.99) with
low data dispersion and (right) there is a good@gent between their spectra. Similar resultstaeened for the other channels
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Fig. 9. Three channels of synthesized SEMG signals (channel Fig. 10. Independent Components of signals shown in Fig.

1, 3, 5 shown on the top of Fig. 2) corrupted by 9. The ICA algorithm cannot isolate the artifact
impulsive-ECG artifact contributions
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