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Beat-to-Beat ECG Ventricular Late Potentials
Variance Detection by Filter Bank and Wavelet

Transform as Beat-Sequence Filter
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Abstract—This paper presents a novel method that employs a
wavelet transform and filter bank to detect ventricular late poten-
tials (VLPs) from beat to beat in order to keep its variance. Con-
ventionally, three time-domain features, which are highly related
to the QRS complex endpoint, are generally accepted as criteria
for classifying VLPs. Signal averaging is a general and effective
de-noising method in electroencephalogram late potentials detec-
tion, but it may also eliminate the beat-to-beat variance. Other
types of filter applied to the time sequence may destroy the late po-
tentials as well when trying to filter out the noise. To preserve the
variance from beat to beat as well as late potentials as much as pos-
sible, the concept of a beat-sequence filter will be introduced and
the wavelet transform can be directly applied to the beat sequence,
as will be demonstrated in this paper. After de-noising, instead of
applying the voltage comparison on the de-noised signal to deter-
mine the QRS complex endpoint, the signal will be processed by a
filter bank, and the QRS complex endpoint will be determined by
consideration of the correlation between two beats. Both simula-
tion and clinical experimental results will be presented to illustrate
the effectiveness of this method.

Index Terms—Beat-sequence filter, late potentials, wavelet
transform.

I. INTRODUCTION

VENTRICULAR late potentials (VLPs) are very weak sig-
nals (several to tens of microvolts) with relatively high fre-

quency components (up to hundreds of hertz) found in the early
ST segment, and they are considered to be a marker for ven-
tricular tachycardia and sudden cardiac death. Due to their low
amplitude, VLPs are often buried in different kinds of noise, like
electromyogram and power-line interference signals [1].

Three time domain features used to describe the QRS complex
are QRS duration (TQRSD), high-frequency low-amplitude
signal duration (HFLAD), and the rms voltage of the last
40 ms of the QRS complex (RMSV). These are generally
accepted as criteria for classifying electroencephalogram VLPs
positive or negative [2]. All three features rely highly on the
QRS complex endpoint, while the determination of the endpoint
is dependent on the noise level.
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A. QRS Endpoint Determination

Theoretically, the signal after the QRS complex in the ECG
signal should be “flat” after being processed by a bandpass filter.
This implies that the determination of the QRS complex end-
point position would not be difficult. However, because of the
existence of different types of noise, the signal following the
QRS complex is not stable and this adds difficulty to the deter-
mination of the endpoint location. Typically, to determine the
endpoint, one would compare the voltage of the QRS complex
terminal part with the noise voltage on the ST segment, and,
when the ratio reaches a threshold that is maintained for a few
milliseconds, it will be considered as the endpoint. This is why
the endpoint is very sensitive to noise level. To have a reliable
result, it is necessary to reduce the noise of the original high-res-
olution ECG to a value around 0.3–0.5 V. If the noise is not
sufficiently reduced, the analysis may give a false negative re-
sult. On the other hand, too much noise reduction may cause a
false positive result [1].

B. Noise Reduction

The conventional method to reduce noise in detection of
VLPs employs the use of a multibeat average. Typically, a few
hundred ECG beats will first be averaged to reduce the noise.
The averaged signal is then used to determine the QRS endpoint
and calculate the parameters on the basis of the assumption
that the ECG and the VLP signals remain unchanged from
beat to beat. Under this assumption, a multibeat average can
reduce the noise to a certain level. For fulfilling the noise level
requirement, 200–300 beats (around 3 min) are needed. It is not
difficult to understand that to detect the existence of ventricular
variance from beat to beat using this method is impossible.
Some recent reports suggest that adaptive line enhancing and
modified signal averaging could reduce the number of averaged
beats to about 50 [3], [4]. Still, the methods were not able to
detect the beat-to-beat VLP variance.

Significant research efforts have attempted to apply different
types of filter to reduce noise, most of them applied to the time
sequence. Since the unknown characteristics of the late poten-
tials and their behavior are so similar to noise, these “time-se-
quence filters” did not provide results that are widely accepted
by clinical doctors.

Currently, the widest acceptable method is still multibeat
average [5]. Comparing this most successful method to the
others, there is an obvious difference. If the multibeat average
is regarded as a filter, it implements filtering according to the
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Fig. 1. VLP detect algorithm block diagram. Top: conventional multibeat
average. Bottom: proposed new method.

beat sequence instead of the time sequence. This procedure
has the advantage of not causing significant effects on the
late potentials as it is done by filtering according to the time
sequence. However, besides the improvement of the SNR, the
beat-to-beat variance is completely eliminated by the multibeat
average. To preserve the variance, signal averages can be
modified through the use of a moving-average filter on the
beat-sequence. This kind of filter on beat sequence can be
called a “beat-sequence filter.” Based on the same concept, it is
possible to apply other types of filter on the beat sequence to
perform the de-noising operation [6], [7].

Conventionally, the de-noised beats will be used to determine
the QRS complex endpoint by voltage comparison, and then the
same beats will be also used for parameter calculation (Fig. 1,
top). These two processes have different noise level require-
ments. For example, 1- V noise is not acceptable for QRS end-
point determination but will not have much effect on parameter
calculation. On the other hand, excessive de-noising may cause
serious signal distortion and will have a negative effect on pa-
rameter calculation.

The goal of this paper is to investigate the preservation of
beat-to-beat variance by applying a beat-sequence filter to
de-noise. Two types of beat-sequence filter, which are based on
moving-average and wavelet transform, are studied here. After
de-noising, a new method based on filter bank and correlation is
used to determine the QRS complex endpoint (Fig. 1, bottom).
To evaluate the effectiveness of this algorithm, results and
comparisons are given for both simulation and clinical signals.

II. THEORY AND METHOD

A sequence in the ECG can be expressed as a combination
of the “pure” ECG signal and the noise. Thus, for the th ECG
beat, we have

(1)

where is the “real” th beat of the ECG signal and is

the noise. The VLP is part of and is buried in normally.

A de-noise procedure is then needed to recover from to
retrieve the VLPs.

A. Conventional Multibeat Average

The most common and successful method of de-noising in
VLP detection is the multibeat average, which was first intro-
duced by Berbari in 1978 [5]. This method is based on the as-
sumption that the beat-to-beat ECG signal containing also the

VLP is invariant and uncorrelated with the noise. This means
that and, for the th beat, . For -beats
average, we have

(2)

and

(3)

From (3), it can be seen that, if an infinite number of beats
can be averaged, the original signal can be retrieved without
distortion. Practically, to reduce the noise to an acceptable
level, 200–300 beats (3–5 min ECG signal) are needed, and for
such a long duration the assumption of beat-to-beat invariance
may not be reasonable. Actually, the VLPs as well as the ECG
signal itself may be varying during this period. To overcome
this disadvantage, we may expand the multibeat average into
a dynamic moving-average filter and introduce the concept
of beat-sequence filter.

B. Beat-Sequence Filter Based on the Moving Average

After sampling, the ECG signal can be divided into beats. Let
us take out samples from the most interesting part (PQRST)
from the th beat and place them into a vector as follows:

(4)

The ECG signal should be separated into beats according to the
alignment of the QRS complex. The alignment used here is a
two-step alignment method. In the first step, the ECG beats will
be prealigned according to the R peaks detected. Then the multi-
beat average will be found according to this prealigned ECG
signal and will be applied as a template. In the second step, this
template will then be used as a reference and the beat will be
realigned until the correlation between the template and each
beat becomes the maximum. The serious distortion beats (cor-
relation ) will be discarded and the other beats will then be
rearranged into matrix format according to the alignment. Then,

beats from the ECG signal can be combined into a ECG matrix

...
...

...
. . .

...
(5)

Most approaches that use filters in noise reduction apply the
filters to the time sequence (i.e., on rows of , according to
samples). Beat-sequence filtering in turn is applied to columns
of , according to extracted beats. By applying the concept of
the beat-sequence filter [6], [7], the multibeat average can be
expanded to the moving-average filter in the beat sequence.
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The moving-average beat-sequence filter is a finite-impulse
response (FIR) filter which has the impulse response of

...
...

...
. . .

...

...
...

. . .
...

(6)

The frequency response of this moving-average filter is actually
a low-pass one.

After expanding the multibeat average to moving-average
beat-sequence filter, the slowly changing (low-frequency) part
of the VLP variance can be retrieved.

C. Beat-Sequence Filter Based on Wavelet Transform

Besides the low-frequency response of the VLP variance,
we are also interested in the high-frequency variance. To
improve the limitation of the moving-average beat-sequence
filter, a wavelet transform can be applied to replace the
moving-average filter.

The wavelet transform describes signals in terms of co-
efficients, representing their energy content in a specified
time–frequency region. This representation is constructed by
means of decomposition of the signal over a set of func-
tions generated by translating and scaling one function—the
mother wavelet —as follows:

(7)

where
scale;
shift;
conjugate.

The continuous wavelet transform is extremely redundant. The
original signal can be recovered from the wavelet transform by
calculating only on a discrete grid [8] which is called the discrete
wavelet transform (DWT)

(8)

(9)

The are called the wavelet transform coefficients of .
The de-noising procedure using wavelet transform proceeds

in three steps.

• Decompose—choose a mother wavelet and a level
. Compute the wavelet decomposition of the signal to

the desired depth, . Here is the number of iterative
decomposition process.

• Threshold detail coefficients—for each level from 1 to
, select a threshold and apply thresholding to the detail

coefficients.

Fig. 2. QRS complex endpoint enhancement algorithm.

• Reconstruct—compute wavelet reconstruction based on
the original approximation coefficients of level and the
modified detail coefficients of levels from 1 to .

From the discussion above, it can be found that wavelet
transform de-noising is actually a time–frequency filter. It does
not de-noise by rejecting some frequency components such as
in moving-average filtering. Thus, it will preserve both high-
and low-frequency VLP components when filtering out the
noise. Therefore, the wavelet transform beat-sequence filter
is expected to retrieve both fast and slowly changing VLP
variance.

D. QRS Endpoint Determination

The de-noised signal can now be used for QRS endpoint de-
termination. The proposed method is shown in Fig. 2, which is
based on the wavelet, filter bank, and correlation. Noise reduc-
tion with the wavelet transform is based on discarding the coeffi-
cients that are smaller than a selected threshold. The threshold is
normally decided by the statistical properties of the signal. Due
to the lack of knowledge in late potentials statistical properties
and the fact that the VLP has so much similarity with noise, it
is easy to discard the VLP itself during the de-noising proce-
dure. To reduce the dependence on VLP statistic properties, we
propose here to find the threshold by studying the correlation of
two successive beats.

By inducing the threshold according to correlation, wavelet
noise reduction will not consider single coefficients but lumps
all coefficients in the same scale. To improve the accuracy, it
is needed to improve the frequency resolution in the high-fre-
quency part of wavelet transform. This can be done by applying
the wavelet transform iteratively on high-frequency parts as well
as on low-frequency parts and implemented by filter bank.

The approach can also be explained in another way: the ECG
signal can be decomposed into different frequency bands and
the correlation coefficient of the same band in two successive
beats will be compared with a threshold to decide if the output
should be discarded. The signal will then be reconstructed to get
the de-noised signal, and then, to determine the QRS complex
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endpoint. To decompose the ECG signal, a sequence of band-
pass filters can be applied. When the signal is decomposed into

different frequency bands, the data volume will also increase
-fold. Large values of also cause large redundancy in the

data. To avoid the redundancies, a filter bank can be used in-
stead of a normal bandpass filter. The block diagram is shown
in Fig. 2. A detailed presentation is given below.

E. SNR and the Correlation Coefficient Between Two Beats

If two successive beats of an ECG signal are and
and noise and are induced during sampling, the two
sampled beats of ECG signal should be

(10)

(11)

Their correlation coefficient is given in the equation shown at
the bottom of the next page, where is the ensemble value
of which will be estimated by using the time average of the
sampled sequence. Since the ECG signal in two successive beats
should be highly correlated,

, and because , and
are noncorrelated with each other, we obtain (12), shown at
the bottom of the page. For two successive beats, the statistical
properties of noise and can be treated as the same,
thus, we have

(13)

or

(14)

where is the SNR of the sampled ECG
signal. It can be seen from (14) that the correlation coefficient of
two beats is related to the SNR. Thus, the SNR of the sampled
ECG signal can in principle be found by calculating the corre-
lation coefficient of two successive beats.

1) ECG Signal After Passing the Filter Bank: Let two beats
of the ECG signal and pass a filter bank of filters.
The filter outputs are

(15)

(16)

where , and are the th outputs of the filter
bank with the input , and . According to (14),
the SNR of the th output is

(17)

Because of the bandwidth difference between the noise and
ECG signal, the SNR will be changed after the signal passes
the filter bank. The SNR will be increased on some frequency
bands on which the ECG signal energy is concentrated and
decreased on the others. The ratio of the output signal SNR and
the input signal SNR are

(18)

where is the ratio of correlation coeffi-
cient after and before filter banks. From (18), we obtain

(19)

When is small enough , the th output is mainly from
noise or and can be set to zero. This means that
when or . Obviously, a larger

is better for de-noising purposes. However, discarding too
many may cause serious distortion of ECG signal and
cause bad results in detection.

F. Threshold Selection

For a certain output of the filter bank means
the SNR of output is worse than the original one, and
means improvement. So, the improved part should be preserved
and the worsened part may be discarded. This means ,
and according to (19), .

G. Filter Bank Selection

The objective of the filter bank is to separate the noise from
the signal as much as possible. The selection of the filters means
the selection of the corresponding wavelet function. To best
meet the target, the selection should follow some rules. The first
is to fulfill the perfect reconstruction (PR) condition [10]. The
second is to ensure that the correlation coefficients of filter bank
outputs are broadly distributed with a large variance. This means

(12)
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Fig. 3. Endpoint of original simulation signal with 0.5 �V noise.

that should be maximized, so this filter bank can con-
centrate on the useful signal only on a few outputs. This is an
advantage in de-noising, and such a filter bank is called an op-
timized filter bank.

To select the optimized filter bank empirically, a database for
PR condition [9] filter bank should be constructed. After an-
alyzing the variance of correlation coefficients from different
filter banks outputs, the optimized filter bank can be decided.

Considering the number of filters used in the filter banks,
basically, a larger can give better results. This is because a
larger means that the filter banks will separate the signal into
more segments and this means the higher chance for separating
the noise and signal. However, each beat has a limited samples
and a very large will cause the signal length to become too
short after down sampling. This will reduce the accuracy of the
estimation of correlation coefficients.

III. RESULTS

The purpose of these experiments is to compare the results
of applying two types of beat-sequence filters described above
in noise reduction. The filter bank and correlation method in
QRS complex endpoint detection will also be applied to confirm
the VLP variance preservation of the wavelet transform beat-se-
quence filter. The efficiencies of the filter bank and correlation
method only in detecting the QRS complex endpoint was dis-
cussed in [12].

A. Simulation ECG Signal

The simulated bandpass ECG signal used in the experiment
is generated by low-pass filtering an impulse train with proper
interval spacing and different voltage with 5 V Gaussian white
noise added [13]. Different impulse trains will result in VLP
positive or negative simulation signals.

To illustrate the variance of the endpoint, the simulation
signal will be arranged in such a way that the VLP will be
alternated to exist and not exist for every beats so the endpoint
will appear like a square wave as shown in Fig. 3.

Two different beat-sequence filters, which are based on
moving-average (low-pass filter) and wavelet transform, are
used to de-noise. The moving-average uses a filter with filter
length equal to 100 to reduce the noise to around 0.5 V. The

Fig. 4. QRS endpoint of the de-noised simulation signal. Top:
moving-average. Bottom: wavelet transform.

(a) (b) (c)

Fig. 5. Simulation signal of the 100th and 150th beats. (a) Original signal
with 0.5 �V noise added. (b) Moving-average de-noised output. (c) Wavelet
de-noised output.

wavelet transform is based on a Coiflet wavelet with order
5 and is controlled to reduce the noise to the same level of
0.5 V. A coiflet was chosen because its performance here was
observed to be relatively stable as compared to other common
wavelets.

The endpoint of the QRS complex is defined as follows. The
voltage of a QRS complex terminal part is compared with the
noise voltage on the ST segment, and, when the ratio becomes
higher than 3 and continues for a few milliseconds, it will be
considered the endpoint. The results are shown in Figs. 4 and 5.

Fig. 4 shows the endpoint detected after de-noising. The
upper panel is de-noised by the moving-average filter and the
lower panel is de-noised by the wavelet transform. Compared
with the endpoint of the original signal in Fig. 3, it is very clear
that after the moving average most of the endpoint position
variance has gone while the variance is mostly preserved on the
output from the wavelet transform.

Fig. 5 shows two typical beats. The top panels are the 100th
beat, which is a VLP negative beat, and the bottom panels are the
150th beat, which is VLP positive. The panels in Fig. 5(a) are
the original signal with 0.5 V noise. The panels in Fig. 5(b)
are the signal output from moving average, and the panels in
Fig. 5(c) are signals from wavelet de-noising. It can be found
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TABLE I
CLINICAL DATA RESULTS

that the results from the moving-average filtering cannot reflect
the difference between the positive and negative VLP when the
wavelet de-noising can clearly reflect both the positive and neg-
ative VLP cases.

B. Clinical ECG Signal

A total of 18 sets of ECG signals from heart disease patients
are used here. Patients were selected by clinical doctors with
their professional comments. These signals were collected in
hospitals under supervision and help from doctors and other
medical professionals. The noise levels in most of the samples
are around 7 V, which requires approximately 100 beats to de-
tect a VLP when using a conventional beat average. The filters
used in our proposed method for de-noising are the same as
those used for the simulation signal. The results comparisons
are shown in Table I.

Figs. 6 and 7 show part of the results for the signal from sub-
ject 18. Fig. 6 shows the endpoint detected after de-noising.
The upper panel is de-noised by a moving-average filter and
the lower panel is de-noised using a wavelet transform. Fig. 7
shows two beats. The top panels are the 100th beats and the
bottom panels are the 217th beats. The panels in 7(a) show the
signals output from a moving-average beat-sequence filter and
the panels in 7(b) show the signals from a wavelet transform
beat-sequence filter.

C. Data Analysis

From Fig. 4, it can be seen that, to reduce the noise level
from 5 to 0.5 V, the length of moving-average filter is 100,
and this will destroy nearly all the variance of the VLPs. From
Fig. 5, the 100th beat and the 150th beat (VLP positive and
VLP negative beats) shows that the moving-average filter output
tends to average all outputs to be very similar. This explains the
curve in the top panel of Fig. 4. Compared with this, the wavelet
transform de-noising can clearly separate these two different
types of beat (Fig. 5), and the endpoint detected curve in the

Fig. 6. Clinical data endpoint detected after de-noised. Top: moving-average.
Bottom: wavelet transform.

(a) (b)

Fig. 7. De-noised output of the 100th and 217th beats of clinical data. (a)
Moving-average filter. (b) Wavelet transform.

lower panel of Fig. 4 can reflect the fact that the endpoint is
changing like a square wave, as shown in Fig. 3.

For clinical signals, it can be found from Table I that, among
the eight high-risk VLP positive patients diagnosed by clinical
doctors, there are only three (38%) that are found to be VLP
positive by a multibeat average. Using our proposed method, six
of them (75%) are found to be VLP positive at least in part of
the beats. The proposed method provides results that correlate
very well with the doctors’ diagnosis.

In the top panel of Fig. 6, it is shown that the endpoint detected
by using a moving- average beat-sequence filter is quite “stable”
at around 80 ms when an obvious variance can be found on the
output of the wavelet transform beat-sequence filter de-noising
(bottom panel of Fig. 6). Both of these two curves have an av-
erage value of 79 ms.

From this endpoint curve, it can be found that some beats
have obviously longer QRS durations, probably because the
VLPs exist in these beats while the other beats are normal.
Fig. 7 shows the filtered ECG signal around the endpoint of the
100th beat and the 217th beat. In Fig. 7(b) (wavelet transform
beat-sequence filter output), the 100th beat exhibits no low level
electrical activity at the end of the QRS complex, while the 217th
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beat has a distinct low-amplitude “tail.” The moving-average
beat-sequence filter [Fig. 7(a)] shows no apparent different
between the beats.

This can explain why the VLP instrument gives negative re-
sult for this high-risk patient. It is because only part of the ECG
beats of this lady have developed VLP and, when the machine,
outputting the de-noised ECG signal by taking the average for
many beats, destroyed also the VLP itself.

IV. CONCLUSION

From the experimental results obtained for the simulation of
the ECG signal, it can be found that, for the “square-wave-like
endpoint” simulation signal, the new proposed method based on
a beat-sequence filter and wavelet transforms, with a QRS end-
point detected by filter bank and correlation, gives satisfactory
results that will reflect the variance of the ECG signal while the
moving-average de-noising is very weak in this aspect.

From the clinical experimental results, it is shown clearly
that the new proposed method is more capable of detecting
VLP variance as compared to the moving-average filter. The
method using the wavelet transform beat-sequence filter to
de-noise can show the “hidden” VLP of some high-risk patients
whose ECGs are near the VLP positive critical point. The VLPs
may exist on only some but not all of the beats. For such cases,
using a conventional beat average to de-noise will only get a
“negative” result.

It can be concluded that the new proposed method of the
beat-sequence filter based on the wavelet transform, accompa-
nied with the filter bank and correlation QRS complex endpoint
determination, has the ability to detect the endpoint variance of
the QRS complex from beat to beat. Since this is the basic pa-
rameter for the detection of VLP variance itself, this means that
it is almost certain to conclude that this method may help very
much in the detection of VLP variance from beat to beat.
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