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Abstract: An ECG signal is usually corrupted by various types of noises. Some of these noises are power line
interface, baseline drift, muscle contraction, motion artifacts, electrosurgical noise, instrumentation noise and
electromyography noises. It is highly required to develop a method which can filter ECG signal noises
significantly. In this work, an EMD along with adaptive switching mean filter based new method for de-noising of
ECG signal has been proposed. Unlike, conventional EMD based de-noising approaches, where only lower orders
IMFs are denoised in this work, along with EMD, ASMF operation has been employed for further signal quality
improvement. The lower order IMFs are filtered through wavelet de-noising technique to reduce high-frequency
artifacts and retain the QRS complexes. Then, considering the effectiveness of ASMF, for further enhancement of
signal quality adaptive switching mean filtering is performed. The validity of the performance of the described
technique is evaluated on standard MIT-BIH arrhythmia database. Gaussian noise at different signal to noise ratio
(SNR) levels are added to the original signals
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I-INTRODUCTION

The ECG[4]isnothing buttherecording ofthe heart’sel
ectrical activity. The deviations in the normal electrical
patterns indicate various cardiac disorders. There are va
rious methodsto help restore ECG fromnoisy signal cor
rupted by various noises. Flow diagram of required wor
kforECGsignalfilteringisexplainedbelow.
Whileregisteringthe ECGsignal itmay getcontaminate
dbyrandomnoises uncorrelated with the ECG signal. T
hesenoises canbe approximated by white Gaussiannois
e[5]. Thresholding isused in wavelet domain to smooth
outortoremove some coefficients ofempirical mode de
compositionofsubsignalsofthemeasuredsignal. Thisr
educes the noise content of the signal under the non-
stationary environment. The proposed method is imple
mentedusing followingsteps.
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Figure 1 Flow graphofthemethodology

Step 1: ECGsignal generationletx(n).

Step2: addrandomand adaptive white Gaussiannoise w
ithdifferentquantity ofnoisetothe ECGsignal. White G
aussiannoise withzeromeanand constant variationisge
nerated and added to thenoise free ECG signal. Mathem
aticallythismaybewrittenas

y(m)=x(n)+w(n)

Where, x(n)isthenoise free ECG signal, w(n)is the whit
eGaussiannoiseandy(n)isthenoisy ECGsignal.

Step4: Decompositionofthe Signalinto frequency.
Step 5: choose appropriate filter methid and fiter out the
noisefromthe ECGsignal.

Step 6:inversetransformandreconstructthesignal.
Step 7: Signal to Noise Ratio(SNR)[1]-
[4] & Root meansquareerror (RMSE)[ 1][3] betweenor
iginal signal and estimated signaliscomputed.

EMD: The Hilbert—-Huang transforms (HHT)[ 1][2][3].
The fundamental part of the HHT is the empirical mode

2

decomposition (EMD)[1]-
[5]method. Breakingdownsignalsinto variouscompon
ents, EMD can be compared with other analysis method
ssuchasFouriertransformand Wavelettransform. Usin
gthe EMDmethod, any complicated datasetcanbedeco
mposed intoafinite and often small number of compone
nts. The EMD methodisanecessary steptoreduceany gi
vendataintoacollectionofintrinsicmode functions (IM
F)[3]towhichthe Hilbertspectral analysis canbe applie
d.

M
I(n) =Z IMF, (n) + Resy(n)
m=1
{\displaystyle I(n)}In is the multi-
{\displaystyle IMF {m}(n)}
My, {\displaystyle
Mode  Function, and
{\displaystyle

Where
component  signal.
IMF , (n)is the
M_ {th} } MIntrinsic
Resy (n)
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Res_{M}(n)}represents residue corresponding to M {\
displaystyle M}intrinsicmodes.

II-METHODOLOGY
Thebasicideabehind this thesis is estimation foruncorr
upted ECGsignal fromcorrupted ornoisysignal, & isals
0 referred to as “signal de-
noising”. Thereare variousmethodstohelprestore ECG
fromnoisysignal corruptedbyvariousnoises. Selecting
appropriate procedure plays amajorrolein getting desir
ed ECG signal. De-
noising methodstend to be problem specific. Forexamp
le a procedure that is used to de-
noise audio signal may not be suitable for de-
noising medical signals. Audio signals are stationary in
nature whereas ECG signals are non stationary ortime v
aryingsignals. Inthisthesis,astudyismadeonvarious T
hresholding & shrinkage functions are used for de-
noising signal & implemented in MATLAB[1]-
[15]. Proposed procedure is compared with various Thr
esholding & shrinkage functions in terms forits SNR &
RMSE. For quantify performance for various de-
noising algorithms, a simulative ECG is taken & few kn
ownnoise forexample Additive White Gaussian(AWG
)is added to it. This would then be given as input to de-
noising algorithm, which produces ECG signal close to
original ECG signal. Performance for proposed proced
ureiscompared by computing SignaltoNoise Ratio (SN
R)&RootMeanSquare Error(RMSE)[1]-[3].

In case for signal de-
noisingmethods features fordegrading system & noises
areassumedtobeknownbeforehand. Simulationiscarri
edtoproduce ECGsignal & then Additive White Gaussi
annoiseisaddedto simulative ECG signal. ECG signal
withadded AWGnoiseis given to Empirical Mode Dec
omposition(EMD)whichprocessesnoisysignal & uses
filter bank to find its detailed & approximate coefficient
sforsignal. Afterthat Thresholdingtechniqueisused. Fi
nallyreconstruction forsignal carried out. Atoutputexp
ected de-
noised ECGsignalisobtained. Theblockdiagramshow
n in Figure 2 is de-noising process. In de-
noising fornoisy ECGsignal[5] EMDisused, signalistr
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ansformed. Then Thresholding isused to eliminate nois
y components. Finally signal is reconstructed by applyi
nginverse Empirical Mode Decomposition (IEMD)[4].
Whileregistering ECG signal itmay get contaminated b
yrandomnoises uncorrelated with ECG signal. Thesen
oises may be approximated by white Gaussiannoise. Th
resholdingisusedinwaveletdomaintosmoothoutortor
emove few coefficients forwavelettransformforsubsig
nalsformeasuredsignal. Thisreducesnoisecontent fors
ignal under non-
stationary environment. Proposed procedure is implem
entedusing followingsteps.

Step 1: ECGsignal may be develop with help for MATL
AB function. Letitisx(n)

Step2:addrandom & adaptive white Gaussiannoise wit
hvarious quantities fornoiseto ECGsignal. White Gaus
siannoise withzeromean & constantvariationis generat
ed & addedtonoise free ECGsignal. Mathematically thi
smaybewrittenas
y(m)=x(n)+w(n)

Where, x(n)isnoise free ECG signal, w(n) is white Gaus
siannoise &y(n)isnoisy ECGsignal.

Step 3:apply LMS adaptive filter[9] for filter outunexpe
ctedshape fromnoisy ECGsignal. Adaptivefilters work
sonbehalfforitsavailableideal shape for ECG & remov
eallunexpectedshapes.

z(n)=filtyvs(x(n))

Step4: Usingan EMD and decompose EMF’s[2], tonoi
sy ECGsignalisdecomposedtoobtain approximate & d
etailedcoefficients.

{Zu(w), Zy(w) } =emf{z(n)}

Step 5: Choose a threshold value for Thresholding[13]-
[15].Selection forthresholdvalueplaysanimportantrol
e in de-
noising for ECG signal. A number for methods for thres
holdestimationhavebeen proposed. Thesiswork, evalu
ated performance for following threshold estimators on
de-noisingforECGsignal.
Universal Thresholding: Thisisproposed by Donoho. T
hresholdvalue[14] Tisgivenby

T =\/2*log(n)
where,nisnumber forsamplesinsignal.
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Figure2 Flow graph formethodology

Proposed Thresholding method: A new shrinkage funct
ionwas proposed in this thesis. Parameters for this shrin
kage function were optimized by comparing de-
noised results for simulative ECG signal at various cont
aminating levels. For verify de-
noisedresults for represented shrinkage conveniently,)
EMD and global Thresholding were used for whole de-
noisingprocess. Choice for threshold & shrinkage funct
ion is most important step for wavelet de-
noising. For obtain best de-
noisingresults,anew shrinkage functionwhichwouldb

5

e used in ECG signals de-
noisingwasproposedhere, expressedasformula

0 Yl <T,
ly —T,|v.T,
|TH - TL| 14
Y Y| >T H
Where THand TL arealterable. This Formulaisequal to
formula forhardthreshold when TL=TH; this formulais
equalto formulaforfirmwheny=1,TL=2/3TH; & same
formulaisequalto formulafor Yasserwheny=3,TL=0.

Y ={sgn(y) T, <Yl <Ty,
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Step 6: After estimating threshold values, apply Thresh [15]. Inhard Thresholding all coefficients below thresh
oldingtoshrinkage waveletdetailed coefficient fornois oldvaluearesettozero. Howeverinsoft Thresholding, i
ysignal. Normally there are two types for Thresholding n addition to that remaining coefficients are also reduce
methods, hard Thresholding and soft Thresholding[13] dlinearly.

Step 7: After Thresholding compute inverse Empirical Mode Decompositiontoestimate original ECGsignal.
Step 8: Toevaluateperformance forproposed method, Signalto Noise Ratio (SNR) & Rootmeansquareerror(RMSE)[3]
betweenoriginal signal & estimated signaliscomputed.

Traversal filter Noise Generator Random Apply EMD and
or AWGN Computes its EMD
Input ECG with different Various Noisy ECG
Frequencies signals

Reconstruct the

. ECG with IEMD
Noise free ECG LMS

Apply Propose

Compute SNR and MSE Thresholding Formula

Figure3 Proposedsystems
Figure 3 above showsblock description of proposed pro
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cedureasmaybeobserved fromblock thatits proposedd
esignof ECGfilteringusingtwolevel offiltering firstfilt
eringas conventionalway of Thresholdingwherenew T
hresholding procedureis been proposed & developed, n
ew Thresholding procedure[15] is filtering better than a
vailable Thresholding based method, second proposed
designisusing LeastMean Square (LMS)[9]basedadap
tive filter procedure which is aiterative adaptive filterin
gtechniquewhichadopteverysignal change & filterout
allpossiblenoises.

HI-RESULTS
SignaltoNoiseRatio(SNR): SNRisanimportantparam
eterwhileevaluationorprocessing foranysignal, which
gives information about quality forsignal. Higher SNR
betterisperformance forsystem & signaltonoiseratiois
givenby followingequation

2?]:1 (fili:eredsignal)2 ]
2?]:1 (originalsignal — filteredsignal) 2J
RootMean Square Error(RMSE): RMSE fororiginal si
gnal &de-noisedsignalis givenby followingequation
N

1
RMSE = NZ (Soriginal — Sdenoised)?
i=1

SNR =10log4

PRD:percentagerootmeansquaredifferenceshowsthe
RMSEchangesbetweeninputandfilteredsignal.

N (x. —y)2
Zl=1N(X| Y) X100

Yint (xp?
MIT-BIH arrhythmia database: The MIT-
BIH Arrhythmia Database[1]-[3] contains 48 half-

PRD =
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hour excerpts of two-
channel ambulatory ECGrecordings, obtained from47
subjects studied by the BIH Arrhythmia Laboratory bet

ween 1975 and 1979. Twenty-
threerecordings werechosenatrandom fromasetof400
0 24-

hourambulatory ECGrecordings collected fromamixe
dpopulation ofinpatients (about 60%) and outpatients (
about40%)atBoston's Beth Israel Hospital; theremaini
ng25recordings wereselected fromthesamesettoinclu
delesscommonbutclinically significantarrhythmiasth
at would not be well-
representedinasmallrandomsample. Therecordingsw
eredigitized at 360 samples persecond per channel with
11-

bitresolutionovera 10mV range. Two ormore cardiolo
gists independently annotated each record; disagreeme
nts were resolved to obtain the computer-
readable reference annotations for each beat (approxim
ately 110,000 annotationsinall) included with the datab
ase.Figure4isgraphicaluserinterface foruserinterface
where use can perform followings:- Provide input signa
1 Noise ECG signal input is taken through MIT-
BIH Arrhythmia Database[1]-
[3] Threeisolated graphs shows the original ECG, Nois
yECGandfiltered ECG The GUI also showsthe outputr
esults of RMSE, PRD[2], PSNR, Cross correlation and
AbsoluteMSE[1]
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Figure5Observeresults fortheMIT-BIH database 100

ECG data from standard MIT- ance evaluation. Simulation Results observe forthe The
BIH arrhythmiadatabase have beenutilized forperform ECGsignals,namely 100m, 101m, 103m, 105m, 115m
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and215mareemployed. These ECGrecordscontainnor
mal, abnormal ECG  beats and time-
varying QRS morphologies

Table 1 blowshowstheresultsof PSNR and RMSE obse
rve for the different MIT-

Volume 7 Issue 9

BIHdatabase(100,101,103,105,115,215)ECGsignal
s. Table also shows the results obtain by Manas Rakshit
work and ECG filtering with EMD only and make comp
arisonwithall. Theobserveresultsarewithoutaddingan
yexternalnoiseinthe MIT-BIH databasesignals.

MIT-BIH database PSNR
Proposed ManasRakshit EMDonly
100 32.3424 18.8345 16.8006
101 30.0379 18.5727 15.1525
103 24.7261 17.3609 14.7374
105 47.2972 23.5749 23.6749
115 30.1308 20.1399 16.7369
215 38.5656 24.4461 19.3686
Table 1 PSNR comparisonwithoutexternalnoiseinMIT-BIH database
50
Vol
o W
- / \ P ond Proposed
S0 — ,/ \/ _’_psmp;
e \/ —m— Manas
ao - B Rakshit PSMR
15 2= s —de— EMID only
i PSMNR
5
L8]

101 103 105 115 215

Figure 6 PSNR comparisonwithoutexternalnoiseinMIT-BIH database

MIT-BIH database RMSE

Proposed ManasRakshit EMDonly
100 0.001164 0.004479 0.0034
101 0.001224 0.003031 0.004161
103 0.007843 0.008691 0.009325
105 1.96E-05 0.000459 0.000104
115 0.002009 0.00296 0.00362
215 0.000244 0.000566 0.00103

Table2 RMSE comparisonwithoutexternalnoiseinMIT-BIH database
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Figure 7RMSE comparisons withoutexternalnoisein MIT-BIH database

IV-CONCLUSION

The proposed threshold & shrinkage function is useful

while processing ECG signal & to improve signal-to-
noiseratio(SNR)forobtainingcleanrecordings & prese
rveoriginal shape forsignal, especially peaks, withoutd
istorting waves & segments. mainjobistorecoveratrue

ECGsignal fromnoisyrecording & successfully achiev
ed by proposed method. This thesis work is study of EM
D based ECG signal de-
noising and three research work have been studiesand e
xplainedit’s been observe thatmost ofthe available met
hodsfor ECGnoiseremovaluse EMD forECGsignalde
compositionand laterondifferentmethodsusedifferent
filterslike[1]useswitchingmean filter[2]useadaptive f
ilter and [3] monitor activity and normal FIR filter RMS
E,SNR,PRDandstandarddeviationhasbeenused form
easurementoftheresultsofthe ECGsignalfiltering.
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