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ABSTRACT- Quality impravament of ambulatory slactrocardiographic (ECG)
eignals I8 an {mportant aubject and cruclal n computer aidad
dlagnosils and monitoring. Howaver, the poor quallity of the =signals
. neceesitates signal enhancaments. Hencw, in thla paper, thres adaptive
fllter structures are presented to sliminate the diverse forms of
nolee. The parformance of each technlqua le thoroughly lnvestigated by
simulated signalae as wall as elgnals obtained from human subjecta. A
ctage Filtear conaleting of an adaptive noiss canceller and
iptive recurrent fllter hae bsen found to rsduca sfficiantly the
carious types of nolsa whils the characteristics of the ralevant ECG
algnal is little affected.

LHTRODUCTIOM

Ambulatory eslectrocardiogram (ECG) recording is now routinely used to
detect infrequent. asymptomatic arrhythmias or to monitor sffects of
cardiac drugs or surgical! procedures. Recantly, microprocessor— baged
event records have besn developed that carry out on-line =ignal
processing. data reduction and arrhythmia detection [1].

Signal processing problems related to ECG include the elimination of
the diverss forms of noise interfered with the ECG and the detection
of the presence of R-waves to compute the heart rate. A useful methed
is the application of digital filtering. For example. Lynn [2]1 and
Alste and Schilder (3] have developed integer coefficient and FIR
filters, respectively, for real-time processing. Ahlstrom and Tompkinsg
{4] described similar filters for vreal-time ECG signal processing.
Recently, an FIR filter based on the use of a matched (ilter has Dbeen
succegsfully applied to reduce the noise interfered with the ECG
signalIISI. The effectiveness of this technigue depends on initial
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estimate of the signal waveform and on the signal-to—-noise ratio.
Making a good estimate may be difficult if the signal-to-neise ratio
is low and spectira of the signal and noise are overlapped. ’

Adaptive signal processing technigues have been shown useful in many
biomedical applications. Adaptive filters are self-designing filters
based on an algorithm which allows the filter to "learn" the initial
input statistics and to track them i{f they are time-varying. These
filters estimate the deterministic signal and remove the noise
uncorrelated with the deterministic signal. The basic idea behind
adaptive filtering has been summarized by Widrow et al, (6] and used
in a wariety of biological signal processing applications. The
closed-loop adaptive filtering technigue has been applied to several
biomedical signals: ECG (7.8]. evoked pot=ntjials [9,10], EGG [11), and
vibroarthrograhic signals [121. cular, predictors [13] were
applied bto detect His-Purkinjie sicgnals  and  ventricular late

potentials (14, 15). Another adaj approach which has been applied
to biological <gignals 1is interference cancelation [.51. A third
approach is the adaptive 1impulse correlated [1lter [17, 18} which is

effective in processing signals that are time-locked to a stimulus.

The first aim of the present paper is to demonstrate adapt.ve
filtering (AF) applications in ECG gignal enhancement. We deve.ooned
specialized filter combinations for cancellation of noise interfering
-with ECG signals and arising from diverse sources, The secone aim 12
to compare quantitatively the performance of these adaptive f1l%=-
structures in signal enhancement. Our idea 1is to determine

adaptive filter structure that performs the best and gies high
fidelity ECG signals.

ADAPTIVE FILTER STRUCTURES

The principle. derivation and structure of " predictors
canceller, and the adaptive 1impulse correlated filter Te
documented well by Widrow et al. [6. 17] Laguna et al
respectively., Here. a brief overview 1 d ¢ the
convenience in the following discus-ion ~nd . slysis.

The Widrow-Hoff LMS Algorithm

Fig. 1 shows a schematic o¢f an adaptive filtering system wWith the

basic components i.e. the tapped delay. In the Ifigure z* represents a
one-sample delay and ; stands for Che time iInstant. The ocutput signal

9i is formed as the weighted sum of a set of 1nput signal samples xr
-xkt' C e X Mathematically, the output o is expressed as:
M
T
L woox - W
yi kzxk‘ % x: J (1)

During the adaptation process. the welghts are adjusted according the
ILMS algorithm |13]). Let dJ stands for primary input which contains the

signal sjo plus additive noise nlo. They are assumed Lo bDe
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of the weight wvector can be obtained as follows:
e = d - ~d - X W
) j Y j P
lsint the steepest-descent method and approximat

m= squared errvor (MSE)

by gradient sguared error,

Widrow-Hoff LMS algowithm is derived [13):

1 Apn adaptive [iltering system with the tapped delay line

X, contains noige

A general expression for the error as a function

(2}

ing the gradient

the well-known

W= + 2une X, {3)

jt1 ] i T

wikh
T
WJ { W, , wNJI (4)
T

X, = U0 = T (5
where o is the reference signal at time iastant j, wkj(k = 1, 2,
Nl are the xth coefficients of the adaptive filter at time i, and N s
the length of the adaptive filter and © is the step size which

contrels the convergence rate and the stability ¢f the system.

the gradisat
introduced. but the faster the algorithm converges.

larger tha wvalue of p,

the

larger is

The

noise that ia

and vice wvarsa.
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Fig.2 The odaptive predictor Flg.3 The adaptive noiss
cance!ller

The Adaptive Predictor

The adaptive predictor or the adaptive line ephancer 1= shown
Fig.2. The primary input dj contains a desiresd ana | s’ and noisz
n., . The reference input xj is derived from the primary input dJ by
H
only insertipng a delay 4. Assume the primary input consists of a
correlated signal 55' such as periodic signal., and uncorrelated nc.-9
no The only difference between the primary and the reference .npuis
is the delay a. If the delay is chosen such that the noise noL in
referenca input becomes uncorrelated with rn in the primarv inpu
then the output of the adaptive filter contains the signal = alo:
after convergence of the adaptive algorithm, 1.8. the mean sgquared
value of the errar signal ej is minimal and the output of the adaptive
filter, Y, is the best estimate of the signal s in the primary inp:*
in the sense of the mean square [6]. More generally. the ¢
filter generates & replica of the part of t: imary input wh 2
correlated with the reference irout (cr M Lie sJaptive

The Adaptlive Noise Canceller

The Widrow—ﬁoff LMS algorithm creates an I.MS estimate of the noise
the primary _1npu; by filtering the reference noise. The filtered
reference noise is subtracted from the primary input to yield the

system output, which in turn is an LMS estimate of the primary signal.
A critical requirement for the successful operation of this scheme is
tbat the primary and the reference noise sources must be uncorrelated
w]Fh the primary signal component, but corrslated with each other
This can he seen through the following demonstration (for conveniencé
the subscript ) is omitted).

From Fig. 3. the system output is the error given by
e =8 4n -y (6)

Then. the MSE can be obtained as

4 2
Eie®)y = E(s 3 + E£itn, - »%) (7
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Fig.4 Schematic of adaptive recurrent filter

Minimizing the M3E results in a filter error output that is the best
least-squares estimate of the signal s,. The adaptive filter extracts

the ﬂiqnql. or eliminates noise, by iteratively minimizing the MSE
between the primary and the reference inputs.

The Adaplive Recurrent Filter

The adaptive recurrent filter (ARF) is an extension of Gthe LMS
adaptive filter. It is applicable to the estimation of that subset of
nonstationary signals having recurring (but not necessarily periodic]
statistical character [l17]. Its objective is to adapt the filter
weights so that Gthe impulse response of the desired signal is
acquired.

The primary 1nput d that is the =ignal s, of recurring nature with
addilive noise n,. The reference input 18 & unit impulse ssgquence
synchronized in time with the beginning of each recurrence of s . Each

racurrencs t = 1, 2, ... of the signal results in a new refersnce
impulse and a new updats ¢f all the filter weights (Fig.4). Thua. the

T .
reference input 1s X = (0, 0, 1,.... 0] . This 1impulse sS8quence Xj
J r
can be generated in different ways. depending on the signal dj. 2

gignal detector can define the impulse from high-amplitude wavea as 1n
the case of ECG signals. For a signal of span L, ths tranaversal
filtter will require L weights. At each time step only one filter
weight is adapted. All the filter weights are adapted once each
recurring cycle.

In case of the ECG signal, in order to implement the ARF, tha_QRS
complexes must be detected first using any (RS detection algorithm
[19). The referenca impulge is now coincident with each occurrence of
the QRS complex. The actual filter weights are once again gelected s0
as to span the entire QRS complex.
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SIMULATION STUDY

A simulation study has been carried ocut to test the performance of the
three different structures of adaptive filtering. A signal ' was
synthesized ags a sgequence of records d.' Each one consisted of the

uncorrupted ECG beats s, takan from a real ECG record. and additive

simulated noise n generated from diffsrent sources.

The Uncorrupted ECG Signal

The uncorrupted signal was obtalned by recording the Lead II ECG of a
human volunteer on a Philips analog ECG recorder. This recording was

digitized using & gampling rate of 250 (samples/s). The digitized’
signal cycle of the ECG was copied and appended to itself repetitively
in order to form an ensemble of 37 beats o! the ECG for a total of 32

s of data. The digitized ECG was plotted on a graphics terminal and
subsequently edited until it appeared consistent with the analog
recording. The heart rate 1is a constant 69 beats per min, the QRS

width 1s 88 ms (22 samples). and the R-wave amplitude is 1.08 mv.
Fig. .5 shows the simulated noise-free ECG signal (the deterministic

component s in sach primary input).

The Slmulated Molse

Six different repressntative nolse sources were selected and simuladed
in this study: (a) Power line interference. (b) Baseline drirct

respiration, (c) Abrupt shifts in the baselins due to its large [irst
derivative, {d) Electromyographic interference (EMG), {#) Motion

artifacts noise. and {(f) A composite of all of the previous.

We simulated the above Lypes of noise uging the models proposed by

Freizsen et al., [19). A detailed description for computer genseration
of these noiszes 13 given 1in [20]. Fig. 5 shows the ECG =1g
corrupted with the six different types of simulated noise. awveral
signal—-to-noise ratios (SNR 1} were studie!

The Adaptive Enhancement Scheme

Due to its simplicity and =ase [ implewcentation. the princip

adaptive signal enhancement discussed above have been successfully
applied in processing wvaricus biomedical signals (7-18|. Depending on
the practicatl problem and on how the principle is used, the structurs
of the adaptive filtering system. the interpretation of the signal

vactors, and the parameters of the filter, may ail wvary from
application to application. In this subsection, we present a practical
adaptive signal for the enhancement of ambulatory ECG gignals.

A- Removal of Motion Artifacts and Abrupt Changes in Baseline

The adaptive filter used to remove Dbaseline wander and motion
artifacts is a special case of the noise canceller {(a notch filter),
with the notch at 0.04 Hz (or almost dc). Only one weight is needed
and the reference input is a simulated unit step. This filter has a
"zero" at dc and consequently creates a notch with a bandwidth of
(/) f- whare f‘ ig the sampling rate [(16]).
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B~ Removal of Baseline Drift Due to Respiration

The adaptive filter used for removing the respiration effect is a
notch filter, with the notch at 0.33 Hz. There is only one weight and
the reference input is a gimulated sinusoid with frequency of 0.33 Hz.

C~ The S0 Hz Powerline Interference Cancellation

The adaptive filter used here employs twoe weights so that in-phase and
out—of—-phase components of the 50 Hz powerline ncise can be canceled.
The primary input to the filter 1s the ECG signal corrupted with 50 Hz
powerline interference and the rsference input is a simulated sgine
wave having a frequency of 50 Hz.

D- Cancellation of Electromyoqraphic Noise

Two types of adaptive fillters were alternatively utilized to cancel
the effect of EMG noise. The first is the adaptive predictor (line
enhancer) which needs no external reference input to be available. The
reference input is a version of the primary input delayed with 1
sample. The second filter is Lhe adaptive recurrent filter {(ARF). The
reference input consists o¢of 1mpulses coincident in time with the
bagining of each P~-RS5-T complex. The primary input is the ECG signal
te be filtered. As the QRS 1n the simulated signal has 22 samples
length, therefore, the filter requires 22 welights., Bach recurrent beat
of the signal complex results in a new reference 1mpulse and & new
update of all filter weights.

E- Cancellation of Composite MNolse

Composite noise is a more realistic model of the noise problem which
would be expected in a clinical setting. Therefore. the ECG corrupted
Wwith composite noise is processed using the adaptive enhancement
system shown in Fig.6. It consists of two =stages. the first
consists of stage W1 and stage W2 in parallel functions as proc:

unit for reducing the nonwhite noise. The primary input is

signal to be filtered. Stage W1l separates . . basel ine wander
artifacts and the respiratory effects. The _ccond stage W2 is i
canceller to remove the 50 Hz noise. Th last stage W3 consists of
either a recurrent filter or a predictor to remove EMG noise. The

output of the third stage is the desired signal free of noise.

Fig.6 Two-stage adaptive filter: Wl: filter for 50 Hz cancellation:
W2: filter for baseline removal: W3: filter for EMG removal
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Performance Analysis

The three stuctures of adaptive filters: the adaptive noise canceller
(ANC). the adaptive predictor (AP) and the adaptive recurrent filter
{ARF) were applied to the corrupted ECG signal da to remove the

different noise interferences. The reference input signals used in the
noise canceller are also simulated signals.

Fig.7 shows the results obtained for SNRt = 2 dB. At the Ltop, we can
see the corrupted signal d . The second raw shows the estimation of
the deterministic signal by means of adaptive filtering.

The performance of the different combinations of adaptive filters has

been evaluated quantitatively using three measures: the normalized
roct mean sSguared error (RMSE). the correlation coefficient (R), and a

well linown SNR estimate (SNRO). By comparing the wvalues of the three
parameters before and after the filtering procedure. we can determine
which structure performs the best. The normalized root mean sguare
errcor (RMSE) 1s calculated from

L
/2 s, () - vy
L=l
o L
/3w

L=0

RMSE (8]

where y(i.) denotes the output signal and s, () is the uncorrupted ECG
signal.

The correlation c¢oefficient (R) between Lwo signals X, and %, is
calculated from
g
E Xz .
R = -z {
s s
E k]
i z

where Sx N 15 the covariance of the aignals x, and x, and Sx and S5
1 2 1 z

are the standard deviations ¢of signals x,  and X respeclbively.

A third parameter was wused for comparing the performance Erom the

point of view of SNR improvement. A well known SHNR estimator was

utilized. This estimator computes an estimate of the SNR of a pair of

noise corrupted signals x, and x, . that have been sampied n times

f20). It is based on the sample correlation coefficient between two
signals X, and x_ i :
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The most significant features of these filters are that they allow
estimation of the underlying signal 1n the absence of a priori
knowledge of the statistical or spectral properties of the signal and
noigse. Other advantages are their adaptive c¢apability, their low
output noise, and their low signal distortion. The adaptive capabilaty
allows the processing of inputs whose properties are unknown and in
some case stationary. It leads to a stable system that automatically
turns itself off when no improvement in SNR can be achieved. Output
noise and signal distortion are generally lower than can be achileved
with conventional filter configurations.

Signal enhancement redquires different strategles for different nolse
sources. The adaptive noise canceller has been found to be effective
for the removal of the baseline wander, respiratory artifacts. and the
50 Hz interference. The adaptive predictor affects random neoise (EMG,
electrode contact., sampler., guantizer, R - =1 | to a reasonable
extent, however, the adaptive recurrent rilter .5 more effective in
this aspect as Indicated by the obtained wvalues of the root-mean
squared error, the correlation coefficient and the SNR improvement .

The performance ¢f each adaptive filtering technique has been
thoroughly investigated. It has been shown that a two stage adaptive
filter that consists of an adaptive noise canceller as the first

age
and an adaptive reccurent filter in the second stage can substantially
sliminate the effect of the different types of noise that iy
interfere with ambulatery ECG. The ECG signal itself has bsen L1t .e
affected and consequently. the signal-to~nocise ratic has a0
significantly improved.
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