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Applications of Adaptive Filtering to ECG Analysis : 
Noise Cancellation and Arrhythmia Detection 

Nitish V .  Thakor, Seiiior Member, IEEE,  and Yi-Sheng Zhu, Se~iior Momher, IEEE 

Abstract-Several adaptive filter structures are proposed for 
noise cancellation and arrhythmia detection. The adaptive fil- 
ter essentially minimizes the mean-squared error between a 
primary input, which is the noisy ECG, and a reference input, 
which is either noise that is correlated in some way with the 
noise in the primary input or a signal that is correlated only 
with ECG in the primary input. Different filter structures are 
presented to eliminate the diverse forms of noise: baseline wan- 
der, 60 Hz power line interference, muscle noise, and motion 
artifact. An adaptive recurrent filter structure is proposed for 
acquiring the impulse response of the normal QRS complex. The 
primary input of the filter is the ECG signal to be analyzed, 
while the reference input is an impulse train coincident with 
the QRS complexes. This method is applied to several arrhyth- 
mia detection problems: detection of P-waves, premature ven- 
tricular complexes, and recognition of conduction block, atrial 
fibrillation, and paced rhythm. 

I .  INTRODUCTION 
MBULATORY electrocardiogram (ECG) recording A is now routinely used to detect infrequent, asympto- 

matic arrhythmias or to monitor effects of cardiac drugs 
or surgical procedures. Recently, microprocessor-based 
event recorders have been developed that carry out on- 
line signal processing, data reduction. and arrhythmia de- 
tection [ l ] ,  [2]. Computational power of the micropro- 
cessor allows us to implement digital filters for noise can- 
cellation and arrhythmia detection. For example. Lynn 
[3], [4] and Thakor and Didier [ 5 ]  have developed integer 
coefficient and quantized coefficient digital filters, respec- 
tively, for real-time execution by microprocessors. Ahl- 
strom and Tompkins [6] describe similar filters for real- 
time ECG signal processing. 

Adaptive filtering technique has been shown to be use- 
ful in many biomedical applications. The basic idea be- 
hind adaptive filtering has been summarized by Widrow 
et al. [7] and used in a variety of ECG processing appli- 
cations [8], [9]. One simple but important application is 
in 60 Hz powerline interference cancellation. A reference 

Manuscript received April 24. 1989: revised April 2 .  1990. This work 
was supported by Research Career Development Award HL.01509 from the 
National Institutes of Health and a Presidential Young I n \  estigator Award 
(ENG 8451491 ) froin the National Science Foundation. 

N .  V .  Thakor is with the Department of Biomedical Engineering. The 
Johns Hopkins School of Medicine. Baltimore. MD 2 1205. 

Y.-S. Zhu was with the Department of Biomedical Enginecring. The 
Johns Hopkins School of Medicine. Baltimore. MD 21705. He is nnw with 
the Department of Electrical Engineering. University of Science and Tech- 
nology of China, (USTC). Bei,jing. China. 

IEEE Log Number9101 193. 

signal representing powerline interference from some part 
of the body (other than the ECG recording area) may be 
used to cancel powerline interference from the ECG. An- 
other application is in fetal ECG recording. Yelderman er 
al .  [8] used the idea that the mother’s own ECG recorded 
from one of the conventional leads can be used as a cor- 
related noise source for adaptive cancellation. To improve 
the signal-to-noise ratio, multiple channels are employed 
for adaptive filtering. Dufault and Wilcox [ 101 employed 
multiple surface leads to discriminate P-waves. Another 
interesting application is cancellation of cardiogenic in- 
terference from an impedance plethysmographic signal. 
Sahakian and Kuo [ l  I ]  employed ECG signal as the ref- 
erence input to the adaptive filter to cancel the cardiogenic 
artifact from the thoracic impedance signal. A similar idea 
is used by Zhu and Thakor [ 121 to detect P-waves. How- 
ever. a more comprehensive scheme is needed for noise 
cancellation and arrhythmia detection in ambulatory ECG. 

The first aim of this paper is to demonstrate adaptive 
filter application in  noise cancellation. We develop spe- 
cialized filter structures for cancellation of noise arising 
from diverse sources. The second aim is to show how an 
adaptive recurrent filter structure detects cardiac arrhyth- 
mias. Our idea is to build an impulse response of the QRS 
complex and to detect as arrhythmias the signals whose 
impulse response deviates from normal. 

11. ADAPTIVE FILTER STRUCTURES 
A. Basic Adaptive Filtering Structure 

Fig. I(a) shows a filter with a primary input that is an 
ECG signal sI with additive noise n l ,  while the reference 
input is noise tz2, possibly recorded from another genera- 
tor of noise n2 that is correlated in some way with n l .  If 
the filter output is .v and the filter error is E = (sI + n l )  
- y ,  then 

E 2  = (SI + f11)’ - 24’(s1 f !?I) + Y 2  

= (HI - J)? + s; + 2s1n1 - 2ys,. (1) 

Since signal and noise are uncorrelated, the mean-squared 
error (MSE) is 

(2) E[E2] = E[(n1 - y)?]  + E[s: ] .  

Minimizing the MSE results in a filter error output that is 
the best least-squares estimate of the signal sI. The adap- 
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(b) 
Fig. 1. Two adaptive filter structures. Type I(a) :  the reference input is 
noise nz  correlated with noise n , ;  the desired signal appears at E .  Type I @ ) :  
The reference input is signal s2 correlated with signal s i :  the desired siganl 
appears at y .  

tive filter extracts the signal, or eliminates noise, by it- 
eratively minimizing the MSE between the primary and 
the reference inputs. 

Fig. l(b) illustrates another situation where the ECG is 
recorded from several electrode leads. The primary input 
sI + n l  is a signal from one of the leads. A reference 
signal s2 is obtained from a second lead that is noise free. 
The signal sI can be extracted by minimizing the MSE 
between the primary and the reference inputs. Using a 
procedure similar to (1) we can show that 

(3) 
Minimizing the MSE results in a filter output y that is the 
best least-squares estimate of signal sI. 

B. The Least-Mean Squares (LMS) Algorithm 
The LMS algorithm [7] is an iterative technique for 

minimizing the MSE between the primary and the refer- 
ence inputs. Usually a transversal filter structure is em- 
ployed and the filter coefficients or weights are obtained 
using the LMS algorithm. The LMS algorithm is written 
as 

E[E*] = E [ ( s ,  - y12] + ~ [ n : ] .  

(4) 
where W, = [wlk w2, wj, . * . wnklT is a set of filter 
weights at time k ,  X ,  = [xl, x2, . . . xj, * * xn,]' is the 
input vector at time k of the samples from the reference 
signal, dk is the desired primary input from the ECG to 
be filtered, yk is the filter output that is the best least- 
squares estimate of d, 

E ,  = dk - yk. 

Parameter p is empirically selected to produce conver- 
gence at a desired rate; the larger its value, the faster the 
convergence. The time constant for convergence is = 

1 /(4pcy) where CY is the largest eigenvalue of the autocor- 
relation matrix of the reference signal [6]. This parameter 
may not be so large that it causes excessive misadjustment 
or instability. To ensure stability,  CY > p > 0. 

Fig. 2 .  Schematic of adaptive recurrent filter. Primary input si(;) is the 
sample at time k for the P-QRS-Tcomplex i. Reference input is an impulse 
sequence (indicated as 0. 0, I . . . 0, 0) coincident with recurrences of the 
QRS complexes. Filter output yi is the desired impulse response. Error t, 

is used to adapt filter weights W,. 

C. The Adaptive Recurrent Filter (ARF) 
The objective of the ARF technique is to adapt filter 

coefficients, or weights, so that the impulse response of 
the desired signal is acquired. Let the P-QRS-T signal 
complex span k = 0 . * ( J  - 1) samples, and therefore 
the transversal filter will require L weights. The reference 
signal is an impulse coincident in time with the first sam- 
ple of the signal complex. Each recurrence i = 1,  2,  - . 
of the signal complex results in a new reference impulse 
and a new update of all the filter weights (Fig. 2). The 
desired impulse response is obtained by minimizing the 
MSE between the primary and the reference inputs. 

For the adaptive recurrent filter, the reference vector is 
xh = [O, 0 ,  1 * * * 01'. Therefore, 

wh+ I = WI; f 2pEk. (2) 

At each time step only one filter weight is adapted. All 
the filter weights are adapted once each recurring cycle. 

D. Reference Impulse Detection 
To implement the ARF, we must first begin by identi- 

fying a reference impulse train coincident with the QRS 
complexes. The reference impulse is located in such a 
manner that the filter weights span the entire QRS-T com- 
plex. This may be accomplished by placing the impulse 
at the very beginning of the QRS complex. This is very 
conveniently done when a pacemaker is being used; the 
reference impulse sequence is obtained by detecting the 
pacemaker spike. For nonpaced rhythms, we must detect 
the QRS complex. QRS detection is a very common first 
step in all arrhythmia detection algorithms, and can be 
carried out in hardware [ 131 or in software [ 141, [ 151. The 
reference impulse is now coincident with each occurrence 
of the QRS complex. The actual filter weights are once 
again selected so as to span the entire QRS complex. 

111. NOISE CANCELLATION I N  AMBULATORY ECG 
Noise in ambulatory recordings is contributed both by 

biologic and environmental sources. Examples of envi- 
ronmental noise are 60 (or 50) Hz and its harmonics gen- 
erated by power lines, radio-frequency and electrosurgi- 
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Filter Primary Reference Input Result 
Noise Type Type Input at Example 

ECG + noise Constant t Fig. 3 
Common-mode E Fig. 4 

Baseline wander 1 (a) 
60 Hz 1 (a) 

Motion artifact 1 (a) ECG + noise Impulse v Fig. 6 

signal 
EMG l(b) aVf aVr-aVI Y Fig. 5 

sequence 

cal noise, and instrumentation noise [16]. Examples of 
biologic interference are: baseline drift and wander, elec- 
tromyogram (EMG), and motion artifact [17]. The first 
aim of this paper is to present a step-by-step approach to 
cancellation of thpse diverse noise contributions to am- 
bulatory ECG. Table I summarizes all the designs and 
applications considered in this paper. 

A .  Baseline Wander Reduction 
Van Alste and Schilder [ 181 describe an efficient finite 

impulse response (FIR) notch filter that is rather effective 
at removing baseline wander and power line interference. 
The adaptive filter to remove baseline wander is a special 
case of notch filtering, with the notch at zero frequency 
(or dc). Only one weight is needed, and the reference in- 
put is a constant with a value of 1 (Table I). This filter 
has a "zero" at dc and consequently creates a notch with 
a bandwidth of (p/n) * fs where fs is the sampling rate. 

Frequencies in the range of 0-0.5 Hz should be re- 
moved to reduce baseline drift. If the sampling rate is 500 
sample /s, the convergence parameter p should be smaller 
than 0.003. Fig. 3 shows the result obtained by the adap- 
tive baseline canceller. Parameter p may be dynamically 
adjusted to obtain the desired low-frequency response. 
Note that this filter will produce some distortion of the 
ST-segment since low-frequency components of ECG are 
attenuated. Since the selected value of p is small, this 
filter converges slowly and therefore cannot track abrupt 
transients produce by motion artifacts. 

' 

B. Adaptive 60 U .  Canceller 

Fumo and Tompkins [ 191 and Sahakian and Fumo [20] 
describe filter designs that subtract a 60 Hz sinusoid from 
ECG. Widrow et al. [7] describe a filter employing two 
weights so that in-phase and out-of-phase components of 
the 60 Hz can be cancelled. In general, however, the pow- 
erline noise is not a pure 60 Hz (or 50 Hz) sinusoid, but 
is distorted. Therefore, we suggest the use of the true in- 
tefering signal as a reference. The common-mode signal, 
usually recorded at the right leg reference electrode, is 
truly correlated with the noise in the ECG recording. The 
primary input to the filter is the ECG signal to be filtered, 
and the reference input is the common-mode signal (Table 
I). Fig. 4 shows an example of 60 Hz cancellation. 

C. Multilead Canceller for EMG Noise 

EMG noise has a broad bandwidth which sometimes 
overlaps that of the ECG [22]. Simple low-pass filtering, 
therefore, is not adequate. Our idea is to employ more 
than one ECG lead. Since electrodes are usually placed at 
different locations, the EMG noise from various leads iqay 
be uncorrelated. We ensure uncorrelated inputs to the fil- 
ter by selecting two orthonormal ECG leads. The standard 
ECG lead system employs three limb leads-I, 11, and 
111-as well as three augmented leads-aVr, aV1, and aVf. 
From the analysis of the cardiac vector, we note that the 
aVr-aV1 vector is orthonormal to aVf. Noise in ortho- 
normal leads is expected to be uncorrelated. The prima@ 

~~ ~ 
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Fig. 4.  60 Hz filter: (a) original ECG with 60 Hz noise; (b) filtered ECG: 
(c) separated 60 H z  noise. 

Fig. 5 .  EMG filter: (a) primary input, the ECG in  lead aVf; (b) reference 
input, derived from aVr-aVI: (c) filter error t, (d) filter output y. 

input to the filter is the ECG signal from lead aVf, while 
the reference is the signal aVr-aV1 (Table I). Fig. 5 shows 
the results of adaptive cancellation of EMG. 

beginning of each P-QRS-T complex (Table I). The ad- 
aptation takes place only for the samples spanning the sig- 
nal complex, and subtraction of this complex from the 
ECG leaves the motion artifact as residue (Fig. 6 ) .  Note 
that since the filter does not adapt between QRS com- 
dexes.  the baseline between complexes is simply inter- D. Motion Artifact Cancellation 

. .  

Motion artifact is usually the most difficult of 
This 

polated. This clearly results in some signal distortion. The 
resulting ECG is not suitable for diagnostic quality dis- noise to be eliminated from ambulatory ECG 

is because its spectrum completely overlaps that of the 
ECG, and its morphology often resembles that of the P ,  

Play 9 but the noise-free QRS comPlexes at the Output 
such as heart rate measure- be in 

QRS, and T waves [17], [21]. Most linear filtering ap- ments and arrhythmia detection. 
proaches fail to solve this problem. The adaptive recur- 
rent filter [12] is useful in cancelling noise from signals 
that have a repetitive morphology. The primary input to 
this filter is the ECG signal with motion artifact, and the 
reference input is an impulse that is coincident with the 

E. Two-Stage Multichannel Filter 

In ambulatory ECG all forms of noise may occur simul- 
taneously and unpredictably. Fig. 7(a) illustrates a com- 



THAKOR AND ZHU: ADAPTIVE FtLTERlNG TO ECG ANALYSIS 789 

Fig. 6. Application of recurrent filter to motion artifact cancellation: (a) 
ECG with motion artifact; (b) impulse sequence coincident with QRS com- 
plexes; (c) filter error e ,  the motion artifact, (d) filter output. 

h I- x3 

(b) 
Fig. 7. (a) Two-stage multiinput adaptive filter: W1: filter for baseline re- 
moval; W2 filter for 60 Hz cancellation; W3: filter for EMG and motion 
artifact cancellation. (b) Cancellation of baseline wander, 60 Hz, EMG, 
and motion artifact from ambulatory ECG: d: ECG signal to be filtered; 
y l :  filter estimate of baseline wander; y 2 :  filter estimate of the common- 
mode 60 Hz noise; c l :  ECG without 60 Hz and baseline wander; 13: im- 
pulse coincident with QRS complex; €2: EMG and motion artifact; y3:  
filtered ECG. 
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bination filter structure. The primary input is the ECG 
signal recorded from a subject who is jogging. The noise 
includes 60 Hz, baseline wander, EMG noise, and motion 
aqifact. The first stage of the filter separates baseline 
wander y l  and 60 Hz noise y2 [Fig. 7(b)]. The second 
stage is a recurrent filter (Section 11-C) to remove EMG 
noise and motion artifact. A two-stage filter is necessary: 
if we did not remove the baseline and 60 Hz noise first, 
there might be false QRS detections, and these would 
cause the impulse sequence to the recurrent filter to be 
incorrect. The output of the second stage y 3  is the desired 
signal free of noise. 

IV. ARRHYTHMIA DETECTION 
Adaptive filtering can be applied to arrhythmia analy- 

sis. This application is facilitated by two facts: 1) the ECG 
signal is usually characterized by a well-defined P-QRS-T 
complex, and 2 )  the signal compexes are recurrent with 
each heart beat. Under normal situations, the morphology 
remains stable from beat to beat (although there may be 
some minor variations). Any significant departure in mor- 
phology indicates presence of an arrhythmia. Under nor- 
mal circumstances the P-QRS-T complex remains well 
synchronized. If this normal sequence is disrupted, as in 
the case of many arrhythmias, the adaptive filter picks out 
uncorrelated components in the sequence. 

A .  Adaptive Cancellation of the QRS-T Complex 

Let us first examine the ability of the ARF to acquire 
the impulse response of the QRS-T complex. Fig. 8 illus- 
trates the waveform of a normal ECG, coincident impul- 
ses obtained after QRS detection, and a gradual adaptation 
of the transversal filter. The result is an excellent cancel- 
lation of the QRS-T complex, leaving behind the P-wave 
sequence as the filter error. If a large enough convergence 
parameter p is selected, the ARF should adjust to small 
beat-to-beat variations in the QRS morphology. P-waves 
can subsequently be used by algorithms to detect atrial 
arrhythmias. 

B.  Detection of Ectopic Beats 

Ectopic beats are usually characterized by a morphol- 
ogy that is distinct from that of normally conducted QRS 
complexes. Fig. 9 shows an ECG signal with infrequent 
ectopic beats that are abnormally conducted and, there- 
fore, have different morphologies. The ARF first adapts 
to the impulse response of the normally conducted QRS 
complexes, resulting in a minimal filter error. A subse- 
quent ectopic beat results in a significant misadjustment. 
The filter error, or residue, clearly delineates the ectopic 
beat. The ARF quickly reacquires the impulse response 
of the normal complexes, and as a result adaptation error 
for subsequent beats is minimal. 

R 
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P P 
Fig. 8 .  (a) A normal ECG signal with well defined P-QRS-Tsequence. (b) 
Each reference impulse I coincides with the begining of each QRS-Tcom- 
plex. (c) The filter error output. The ARF learns the impulse response of 
the QRS-Tcomplex, and cancels the learned complex from the ECG at each 
successive beat. After several beats the adaptation is complete, so that the 
QRS-T complex is completely cancelled, leaving P-waves as residue (or 
the filter error output). 

C. P- Wave Detection in Conduction Blocks 
P-waves, in view of their small amplitudes, are very 

difficult to detect. In conduction disorders, the P-waves 
are dissociated from the QRS complexes, making the de- 
tection problem even more difficult [ lo], [ 121. In fact, 
P-waves may occasionally and randomly overlap the QRS 
complexes in the case of second or third degree blocks. 
Fig. 10 shows that the ARF first achieves complete can- 
cellation of the QRS-T complex as described earlier. The 
adaptation error now prominently displays the P-wave se- 
quence. Since the P-wave sequence is uncorrelated with 
the QRS-T complex, the adaptive filter considers it as 
noise and does not adapt to it (even when there is a perfect 
overlap of a P-wave and a QRS complex). The present 
results are by no means perfect. Further signal processing 
may be required, especiaIly when EMG or motion artifact 
is present. 
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(b) 
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Fig. 9. Detection of ectopic beats by the ARF. (a)  ECG signal. (b) Ini-  
pulses coincident with QRS complexes. (c) Filter error output. The filter 
first acquires the impulse response of the normal QRS complex, so that the 
QRS complex is gradually cancelled (top set of traces). When the filter 
input contains ectopic beats (middle and lower set or traces), the filter pro- 
duces a very large adaptation error. A5 a result, the filter error output clearly 
delineates the ectopic beats. 

D. Detection of Atrial Fibrillation 
Atrial fibrillation exhibits no apparent P-waves, and in- 

stead a fluctuating wave pattern is seen throughout the 
baseline. The QRS complexes may not recur at regular 
intervals. Using the ARF, we acquire the impulse re- 
sponse of the QRS complex and adaptively cancel the QRS 
complexes from the ECG. The residue comprises the atrial 
signal. SIocum et al. [23] suggest calculating the auto- 
correlation function to extract the rhythm of the atrial 
waveform. Fig. 11 shows the autocorrelation of the ECG 
signal, the ventricular signal, and the adaptation error 
comprises principally of the atrial signal. Atrial fibrilla- 
tion is thus identified from the differing autocorrelation 
functions of the atrial and the ventricular rhythms. 

E. Paced Rhythms 
When a patient has a pacemaker implanted, the surface 

ECG carries a pacemaker spike artifact. The pacemaker 
spike is only a few milliseconds wide and hence is readily 

Fig. 10. Detection of conduction block. (a) ECG signal with P-waves 
marked. As a result of the conduction block, the P-waves and the QRS 
complexes are dissociated. (b) A series of impulses that are coincident with 
the QRS complexes. This serves as the reference input to the filter. (c) The 
filter error output. The ARF adapts only the impulse response of the QRS 
complexes, and cancels these from the ECG signals. This results in P-waves 
as filter error. Even when P-waves and QRS complexes overlap (partially 
or fully) they are delineated. 

detected. The ARF is triggered by the pacemaker spike, 
and the impulse response of the paced rhythm is acquired 
by adapting the filter weights (Fig. 12). Occasionally the 
pacemaker fails to initiate paced rhythm (owing to lead 
failure or the altered pacing threshold of the heart). In that 
case the paced and the nonpaced signal complexes exhibit 
different morphologies. The ARF, triggered by a non- 
paced beat, registers a large adaptation error. This tech- 
nique can be used to monitor pacemaker performance and 
failure. 

V .  DISCUSSION 

There are several advantages to the adaptive filtering 
approaches just described. The most significant feature of 
these filters is that they allow estimation of the underlying 
signal in the absence of a priori knowledge of the statis- 
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Fig. 1 1 .  Detection of atrial fibrillation. (a) Composite atrial fibrillation 
signal. (b) Filter error (mainly atrial rhythm). (c) Filter output (mainly 
ventricular rhythm). Adaptive cancellation of the QRS complex leaves be- 
hind the baseline signal consisting mainly of atrial fibrillation waves. Dif- 
ferent rhythms of ventricular and atrial signals can be distinguished from 
the autocorrelation functions. (d) Autocorrelation function of the ventric- 
ular rhythm. (e) Autocorrelation function of the atrial rhythm. 

tical or spectral properties of the signal and noise. These 
filters are easy to implement on modem microprocessors 
with numeric capabilities. An ideal application of these 
filters is in ambulatory arrhythmia monitoring [ I ] ,  (21. 

R I 

h 
## 

(c) 

Fig. 13. Distortion arising from inaccurate placement of the reference im- 
pulse. (a) Correct cancellation of the QRS complexes with P wave as the 
residue. (b) Leftward movement (marked #) of the impulse results in in- 
accurate cancellation of the impulse response of the QRS complex. (c) Dis- 
tortion resulting from a rightward movement (marked ##) of the impulse. 

The ARF acquires the impulse response of the normal 
QRS complex. This filter structure is superior to the con- 
ventional adaptive filter that continuously adapts since fil- 
ter weights degrade between signal complexes. Previ- 
ously, Ferrera and Widrow [9] proposed a time-sequenced 
filter in which a large number of separate transversal fil- 
ters are constructed for each sample within the signal 
complex. The principal limitation of the time-sequenced 
filter is that it requires a great deal of memory. 

Two limitations of the ARF technique are apparent. The 
first problem is that the reference impulse must be exactly 
coincident with the signal complex. When this is done 
independently by detecting QRS complexes, there is the 
possibility of uncertainty and error. QRS detection, es- 
pecially in the presence of noise and artifact, can be in- 
accurate. Fig. 13 shows the filter error and resulting dis- 
tortion in the impulse response of the QRS complex, due 
to inaccurate placement of the reference impulse. The 
second problem arises from unusual beat-by-beat varia- 
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tion that may prevent complete adaptation from taking 
place. On the one hand, abrupt variation (as in Fig. 9) can 
be detected from a large filter error, and even can be used 
to detect ectopic beats. On the other hand, gradual vari- 
ations in QRS morphology (due, for example, to sinus ar- 
rhythmia) may lead to incomplete adaptation and insuffi- 
cient filter error for detection purposes. The convergence 
parameter p must be carefully selected to track rapid or 
slow changes as desired. 

Noise cancellation requires different strategies for dif- 
ferent sources. An adaptive filter with constant or unity 
reference input is used to cancel baseline wander. Imple- 
mentation of the baseline wander filter is considerably 
simpler than in previous designs [ 181. Still, the lower cor- 
ner frequency may be high for some applications. This 
filter is inappropriate when the ST-segment shape must 
not be distorted at all. Powerline noise (60 Hz) can be 
cancelled by a variety of methods, including simple ana- 
log and digital notch filters. The adaptive filter does not 
offer a significant advantage, except that the notch band- 
width can be easily controlled by a single convergence 
parameter. Our new idea here is to use a common-mode 
signal as the reference, so that the reference is highly cor- 
related with noise in the ECG. EMG noise is usually re- 
duced by conventional low-pass filtering. The adaptive 
filter helps remove EMG components whose spectrum 
may overlap that of the ECG. Our idea is to take advan- 
tage of the lack of correlation in the noise from ortho- 
normal ECG leads. The multichannel filter. of course, 
does not work effectively when only a single lead is avail- 
able or when EMG noise originates at all the electrodes. 
Motion artifact is the most difficult problem, and the re- 
current filter only partially solves it .  Because of the rela- 
tively slow convergence time of the filter, large nonsta- 
tionary motion artifacts that overlap with the QRS complex 
cannot be cancelled. The recurrent filter also distorts the 
signal somewhat since adaptation takes place only over 
the QRS complex samples spanning the filter. Conse- 
quently, this filter is more suited to applications such as 
rhythm analysis in ambulatory monitoring and less suited 
to diagnostic ECG analysis. 

The adaptive recurrent filter is employed in various 
forms for ectopic beat and arrhythmia detection: P-wave 
detection, ectopic beat detection, atrial arrhythmia anal- 
ysis, and pacemaker evaluation. Arrhythmia detection is 
a complex problem, often involving diverse morphologies 
and rhythms that vary among different subjects as well as 
over time for the same subject. A data adaptive algorithm, 
therefore, is desirable. The proposed adaptive filters only 
form one step in a complex strategy to detect arrhythmias. 
In view of their minimal computational burden, these fil- 
ters should find application in microcomputer-based ar- 
rhythmia monitors [2]. Additional pattern recognition al- 
gorithms [23]  may be required to detect a vast range of 
arrhythmias normally encountered in diagnostic ECG 
analysis [ 11. 
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