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Reemergence of the problem of baseline correction is related to recent advancements in the electr
cardiographic (ECG) analysis of beat-to-beat repolarization changes which play an important role in
risk assessment and the prediction of sudden cardiac death. These alterations often have an amplitt
of a few microvolts and duration of several milliseconds and their detection requires special accuracy
of baseline estimation. Using detailed analysis of various types of residual errors we designed a twc
step procedure for selective filtering of ECG and removal of residual error with minimal distortion of
cardiac complexes and tested this approach on 100 simulated and 210 real ECG signals. Application
this procedure provided a twofold reduction in the error of baseline estimation and T-wave amplitude
measurements compared to high-pass filtering. Selective application of this approach to the segmer
with low baseline drift allowed analysis of low-amplitude, beat-to-beat changes in repolarization during
more than 70% of the recording time.© 2000 Academic Press
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INTRODUCTION

Estimation and correction of the baseline wander (BW) constitutes the first step in
ECG analysisk). Removal of BW, which includes motion and respiratory artifacts, fror
the long-term ECG recordings can be difficult because the spectrum of noise often c
laps with the spectrum of cardiac sigrigl @ variety of filters and correction techniques
have been developed for estimation of baseline at rest, during ambulatory monitor
and for exercise testind€13. Due to the changing frequency of BW which often over-
laps with the low-frequency elements of the cardiac complexes, none of the methods
vide a general solution to the problem but several adequately detect and track the r
changes in the P and QRS complexes.

Reemergence of the problem of baseline correction is related to recent advancen
in the electrocardiographic (ECG) analysis of beat-to-beat repolarization changes w
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play important role in risk assessment and prediction of sudden cardiac death. Thes
terations often have amplitude of a few microvolts and duration of several millisecol
and their detection requires special accuracy of baseline estimbdiehf. Rapidly

growing computational power of microprocessors provides a basis for the impleme
tion of potentially more accurate but computationally expensive techniques. Sev
commercial Holter ECG and body surface potential mapping systems allow recorc
with a higher than 1+V resolution and greater than 1000-Hz sampling frequency.

Ambulatory ECG recordings are contaminated by highly variable noise across the
tire spectrum of frequency components. Obviously, a highly accurate analysis of mir
changes in repolarization cannot be performed in the segments that have a high r
However, our results demonstrate that ambulatory recordings do not contain high b
line noise more than 70% of the time and thus can be used for analysis of beat-to-be
polarization changes. We sought, therefore, to develop a method for classifying
segments of ECGs into those with high and low BW and to correct BW with minin
distortion of cardiac complexes.

Baseline artifact contains a broad spectrum of frequency components that can ch
from moment to moment. Since Wilson in 1931 defined the baseline as the potentia
time when the heart is producing no electrical current, several investigators emphas
practical difficulties in finding this interval on the ECL¥). The potential confounding
factors can be related to cardiac or extracardiac sources. The cardiac sources inclu
duction or disappearance of the isoelectric interval due to the fast heart rate, prolot
repolarization, or atrial flutter. The extracardiac sources include patient movem
changes in the electrode position, respiration, and muscle contraction. BW due to
one or a combination of these sources can cause substantial problems in trackin
changes in ST segment, T-wave amplitude, or QT interval. However, removal of Ic
frequency elements from BW is especially difficult in the context of analysis of repol
ization changes because spectrum of repolarization lies in the low-frequency rang
well. Therefore, in this study we focus on the low-frequency elements in BW and do
consider high-frequency artifacts.

In previous studies, the objective for the BW filter was defined as the suppressio
BW more effectively than the standard 0.05-Hz single-pole high-pass filter, and rey
duction of the ECG signal without visible distortion of cardiac complexes (7). We ¢
sumed that the optimal correction must satisfy the following two requirements: (1) rem
the low-frequency elements that are not related to the cardiac electrical activity;
(2) preserve the shape and amplitude of the PQRST complexes. The first condi
was assessed by the signal to noise ratio (SNR) and the root mean square (RMS) er
residual BW in simulated signals. Although the second condition is more difficult f
tracking, it can be estimated by the RMS error of T-wave amplitude, a sensitive anc
agnostically important parameter of cardiac repolarization. Since the amplitude and
guency of BW and cardiac complexes vary among individual subjects and even in
same subject over time, the correction must adapt to the behavior of BW. We soug
develop an adaptive procedure that can be adjusted to the magnitude and frequer
BW in each time interval, preserving the cardiac complexes from distortion and ac
rately removing BW. Using detailed analysis of various types of residual errors, we
signed a two-step procedure for selective filtering of ECG and removal of residual e
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and tested this approach on simulated and real ECG signals. This approach enablec
achieve a twofold reduction in the error of baseline and T-wave amplitude estimat
compared to high-pass filtering and to identify large portions of ambulatory ECGs t
do not require BW filtering, thus saving the original signal from unnecessary filtering

METHODS

It has been repeatedly emphasized that any filtering of the ECG signhal causes ce
distortion of the cardiac complexe® Q). Thus, an ideal filter for BW correction must
identify the periods that have minimal or no BW and avoid filtering of these portions

To illustrate this idea and to demonstrate a distortion caused by unnecessary filte
we consider a 20-s ECG shown in Fig. 1. The signal was constructed by concatenat
single PQRST complex recorded at 1000 Hz sampling frequency. Then it was filte
by a low-pass, second-order Butterworth filter with a cutoff frequency 0.6 Hz in t
forward/backward direction that yields a fourth-order null phase filter. The filtered sig|
represents the estimated baseline shown by the solid line in Fig. 1. Subtracting this t
line from the original signal is equivalent to high-pass filtering with the same cutoff fi
guency. This filter meets the AHA recommendations which require the cutoff frequet
for filtering the ECG signals to be less than or equal to 0.6Z1tzHowever, the filter
causes a downward displacement of baseline and, in addition, introduces a nonlinea
tortion with larger effect on the ST-T segment than the PR part of the cardiac comple
(Fig. 1). Figure 2 shows the spectrum of the same ECG which has an accurate, zero-
baseline. There are two major peaks in the power spectrum. The first peak is close to
and represents the positive mean level of the ECG signal due to the predominantly
itive content of the PQRST complexes. The second peak is approximately at 0.8 Hz
corresponds to the frequency of heart rate. The spectrum of the estimated baselin
tained by the above-described low-pass filtering has the same peaks. Thus, high-pa
tering of BW, which is equivalent to subtracting the estimated baseline from the origi
ECG, introduces two significant spectral distortions at 0 and 0.8 Hz. Although the ¢
off frequency of the filter was 0.6 Hz, it nevertheless affected the spectral componel
0.8 Hz because of the nonideal nature of the filter. Slower heart rates will thus resu
larger distortion of the cardiac complexes.
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FIG. 1. Clean ECG signal (dashed line), the estimated baseline from the 0.5-Hz low-pass filter (solid lir



ENHANCING THE PRECISION OF ECG BASELINE CORRECTION 147

7
— 6 _
Zs 1
: 4 '
=3
=3 T
g
g 2 ]
2 4

0 0.2 0.4 0.6 0.8 1.0

Frequency (Hz)

FIG. 2. Spectrum of the clean ECG signal in Fig. 1 has two components: at 0.05 and 0.8 Hz. The firs
component, is required for estimation of the correct zero level. The second component represents the frec
of heart rate.

This example demonstrates the problems associated with high-pass filtering and al
us to formulate the properties of the ideal BW correction. (1) Noise-free portions of
signal should not be filtered.(2) The cutoff frequency of BW filters should be sufficien
high for the removal of BW but lower than the frequency of heart rhythm to avoid the ¢
tortion of cardiac complexes. (3) Displacement of baseline and distortions of the hi
pass filtering require additional correction to obtain an accurate isoelectric line.

We developed a two-step correction procedure (TSC). (1) At the first step, portion
ECG that contain a large BW are identified and the frequency of BW is determin
These portions are filtered using high-pass filters with cutoff frequency adjustec
the frequency of BW. Infinite impulse response (IIR) filters are applied in a forwal
backward direction to avoid phase distortion. The transfer function of the bidirectiol
filter is then the square of the original one. The squared transfer function has a ste
slope and the cutoff frequency is effectively shifted resulting in a smaller passba
Considering this effect, the transfer functions were calculated for both the original :
bidirectional filters. As a result of this step, the major BW is filtered out from the sigr
without unnecessary filtering of BW-free portions. The processed signal is used a
input to the second step of the procedure (Fig. 3). (2) At this stage the ECG is free f
any large BW, and the QRS complexes can be detected using a simple algori
Following these procedures, a fine BW correction is performed bringing the baselin
the exact zero level.

Detailed Description of the Algorithm
Consider a noisy ECG signalnT) with baseline drifb(nT). We can writex(nT) as
x(nT) = X(nT) + b(nT), [1]

whereT is the sampling intervak(nT) is the clean ECG signal, abthT) is BW which
can be divided into the large driif(nT) and smaller variation&,(nT), i.e.,b(nT) =

b, (nT) + b, (NT), whereb,(nT) is at least an order of magnitude smaller thémT). The
sampling intervall was included into the formulations to describe modifications in th
parameter during the processing.
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FIG. 3. Block diagram of the TSC method.

The procedure of accurate estimatiot@fT) and its removal from the ECG signal
x(nT) to obtain the clean ECG sign®&(nT) has been divided into the following steps.
The purpose of the first step is to estimataT), the largest component of BW, which
provides an approximation @fnT). The process of BW correction is governed by
the magnitude and frequencylm{nT) in each time interval. I;(nT) in a portion of
the signal is larger than a preselected threshold, then a high-pass filter with a ct
frequency related to that bf(nT) is applied. If the BW is small, then the signal is not
filtered at the first step and the BW is corrected using the second step ol
Identification of the portions with small BW is carried out to avoid the negative effec
of high-pass filtering illustrated in Fig. 1. At the second step, referred to as the f
baseline correction, we use the signal constructed from the portions with (1) filter
out largeb;(nT) and (2) unfiltered smalb;(nT) to correct the residual part of BW,

by(nT).

Step I: Determining the Magnitude of Baseline Drift

To determine the magnitude of B¥\b,(nT), a second-order low-pass IIR filter with
1-Hz cutoff frequency is applied to each 20-s segment in forward and backward dil
tions. The filter also serves as an antialiasing filter, and the data are downsampled to 1
resulting in a short, 200-point signa{nT,), whereT; is the new sampling interval. The
downsampling is applied to reduce the processing time and the number of computat
The signak; (nT,) provides an estimate of BW, but it can have some components of P-w.
and QRST complexes in it. To estimate the magnitude of BW in this signal we comy
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the cumulative sum
f(nTy) = ;X?(nﬂ)- [2]

The mean squared error (MSE) between the funéfion) and a fitted ling(nT,) yields
the estimated magnitude of BW

MSE =100 |p(nT) - £(r ;). 3

We used this criterion instead of the energy of the sig(al,) because it is less sensi-
tive to the alterations in R- and T-wave amplitudes.

From the extensive experimentation (see Results), it was observed that the MSE
was the best dividing value between the high and low BW. As an example, conside
ECG signal with small baseline drift (Fig. 4a). In Fig. 4b the solid line shows the fur
tion f(nT,), and the dashed line shows the fitted func,). The MSE in this case
was found to be small (0.0096). In Fig. 5 the same variables are shown for high base
(MSE = 4703).

If MSE is equal or larger than 10 in a 20-s portion of the signal, we design a high-
filter as discussed in the next section and remove the major component bf(BWY)(
For segments with a small baseline drift (MSE < 10) we do not perform high-pass fil
ing and apply the procedures described in the following sections.

Filter Design

As described in the previous section, the filter is applied only to those segments o
signal that have high baseline drift. To find the cutoff frequency, we use thexigmgl
the low-pass-filtered and downsampled version of the original signal. This is accc
plished by computing the power spectrunx@hT,) of each 20-s portion of the signal.
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FIG. 4. Real ECG signal with small baseline drift (a) which is indicated by a small MSE (b). In b, Functi
f(nTy) is plotted as solid line, the fitted functip(nT,) is plotted as dashed line.



150 SHUSTERMAN ET AL.

ECG [mV]

&

100 150 200
FIG.5. Real ECG signal with large baseline drift (a) which is indicated by a high value of MSE (b). In
functionf(nT,) is plotted as solid line, fitted functiginT,) is plotted as dashed line.

The lowest frequency components of the cardiac complexes in more than 99% of ac
99% of the time are greater than 0.67 HY (Therefore, spectral energy; in the range
0-0.67 Hz is assumed to represent the total energy of BW. The cutoff fredudorcy
high-pass filtering is taken as the higher border of the frequency range that contains
of the total energ¥,;

Erq = 0.99E, (4]

Using this cutoff, the second-order high-pass IIR filters are designed and applied tc
segments of the ECG signal that have large BW. We thus obtain a signal that is fre
major baseline driftl(n) and can be written as

%(n) = x(n) - by(n) [5]

The signak (n) has a small BW and the R-waves can be detected using simple R-w
detection algorithms that are, otherwise, sensitive to the large baseline IBjfts (
Although the residual BW in this signal is relatively small@0 pw), this accuracy is
not sufficient for the precise measurements of T-wave amplitude or assessment of |
surface potential recordings, (L4—16. For these tasks we propose the second step of t
algorithm, referred to as the fine baseline correction (FBC), which removes the mi
residual baseline drifts,(n). This procedure is discussed in the next section.

Step II: Fine Baseline Correction

For the second step of the correction we use the sigmabbtained from the previ-
ous stage. We use the fine baseline correction to bring the baseline to zero in the pol
of ECG in which large BWs were filtered out and in the portions in which small BW
did not require high-pass filtering. As was already mentioned earlier, the fine base
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correction is performed after the R-waves have been identified. The primary objec
for finding the accurate baseline level is to determine the PQ and TP intervals and to i
polate the data points between them. Since the magnitude of BW is small after the
step, linear interpolation works accurately, whereas cubic spline interpolation can in
duce extraneous frequency components and distort the original ggdpl (

To find the PQ and TP segments we use local windigvandW; in the vicinity of
Q-wave onset and T-wave offset, respectively, wkiégyand\W; are adjusted according
to the average heart rate and estimated Bazett-corrected QT interval.

We then define a threshold for each windowx(H) is the ECG signal, then

n:Qo+V\b
g\ x(n+1) - x(n)|
— N=Q-wy
Threshqg = N
n=T(,+WT
Z\ x(n+1) = x(n)|
— N=lo-wr
Thresh; = N ,

whereN is the length of the windoW, andWr, respectively.

In each window, the longest continuous segments whose discrete-time derivative:
below the threshold values are assigned as PQ and TP segments, respectively. Tt
of the values for the fine baseline estimattm(n), is found by linear interpolation be-
tween the PQ and TP segments. The starting point for the interpolation is the last y
of the PQ segment, and the end point is the first point of the TP segment. Finally,
baseline-corrected signai(n) is obtained as

%(n) = X(n) = by(n)
RESULTS
The proposed method was tested on signals with simulated and real baseline drif

Signals with Simulated Baseline Drift

We first construct a 20-s “clean” ECG signal with baseline at zero level by conce
nating 1-s segments of ECG which consist of PQRST complex and short portions be
P-wave and after T-wave. The resulting 20-s ECG signal has 20 PQRST complexes
a 60 bpm heart rate. Changes in heart rates were reproduced by addition or remoy
data points before and after PQRST complexes. A simulated, three-component bas
drift was added to the clean ECG. The first component was a sine wave wit
0.2-Hz frequency and a 4Q0# peak amplitude, and the second component was a cosi
wave with a 0.45-Hz frequency and a 300peak amplitude. These two components
result in a BW that was simulated in previous studies to span typical respiratory
qguencies§, 9. In addition, a low-frequency random component was also added to
BW. This component was generated by filtering white noise (kK0peak amplitude)
through a bidirectional fourth-order IIR filter with 0.3-Hz cutoff frequency. Thus, if w
consider the clean ECG signaba@), the test signal can be written as

x(n) = x.(n) +sin(2770.2n) + cos(2770.45n) + n(n), [6]
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wheren(n) is the low-frequency random component of the simulated baseline dri
We tested the algorithm by generating the baseline drift 100 times, each time wi
differentn(n). The magnitude of the simulated BW was high, and the MSE given |
Eq. [3] was higher than 10 in all 100 simulations, requiring application of high-pa
filtering (Step I) and fine baseline correction (Step I). This procedure improved t
SNR by approximately 24 dB and reduced the RMS error of baseline estimation
95.5%. The cutoff frequency of the filters was 0.52690072 Hz (range: 0.495-0.570
Hz). If the time-invariant high-pass filtering alone was applied, the resulting SNR w
almost 2 times lower and the RMS error was more than two times larger than after
(Table 1).

The TSC is less influenced by the changes in heart rate than the time-invariant
tering. In additional 200 simulations at different heart rates, the range of the RMS
rors in baseline estimation using filtering with 1-Hz cutoff frequency was 1.7 timi
larger than for TSC (33 and 36/, respectively). The range of the RMS errors in T-
wave amplitude estimation was 2.4 times larger for the filtering than for TSC (82 ¢
34 uV, respectively).

A representative example of the simulated baseline drift is shown in Fig. 6. The cl
ECG was constructed as described at the beginning of this section (Fig. 6a). Figur
shows the same signal with simulated, three-component BW. Note the large magni
of the baseline drift also represented by low SNR33 dB). Since the MSE given by
the Eq. [3] was higher than 10, the signal was high-pass filtered with 0.525-Hz cu
frequency which was found as described in the previous section. The SNR of the
tered ECG signal is 8.57 dB (Fig. 6¢). At the next step, the R-waves were detected
the fine baseline correction was applied improving the SNR to 21.06 dB (Fig. 6d).

To illustrate the effect of the filter cutoff, we consider a baseline drift that consists
the two sinusoids given in Eq. [6]. We added this BW to the clean ECG signal, filte
it, and estimated the error between the filtered signal and the clean ECG at different
offs. The relationships between the cutoff frequency of the filters, the error of the €
mated baseline, and the distortion of PQRST complexes are shown in Fig. 7. The c
frequency that gives the minimum RMS error of the estimated baseline differs from
frequency that gives the minimum RMS error of the T-wave amplitude measurem
(Fig. 7a). If the cutoff frequency is lower than the optimal one, a residual BW introduc
errors in the measurements of T-wave amplitude. If the cutoff frequency is higher t

TABLE 1

Performance of Time-Invariant Filtering and TSC on 100 Simulated Baseline Drifts

Time-invariant filtering, cutoffs Average cutoff
frequency of the
Estimate Raw signal 0.6 Hz 1Hz TSC optimal filter (Hz)
SNR (dB) -3.05£0.138  11.2%0.036 13.780.054 22.1%#0.58 0.526% 0.0072
Range -3.38t0-2.69 11.17t011.39 13.65t013.90 19.91to0 25.2 0.495 to 0.57

RMS error (iV) 433.1+4.78 61.22+0.25 46.00t 0.29 19.58:1.28 Same as above
Range 421.9t0 444.7 60.561t062.05 45.31t046.67 13.58t025.16
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FIG. 6. Clean ECG signal (a), the signal with simulated baseline drift (b), the same signal after high-f
filtering (cutoff frequency: 0.525 Hz) (c), and the signal after the fine baseline correction (d).

the optimal one, extraneous frequency elements are introduced into the signal and
ponents of the T-waves are filtered out. Furthermore, the optimal cutoffs shift when
heart rate changes (Fig. 7b). The advantage of the proposed method is related to &
ing excessively high cutoffs by adaptive filtering and removing the residual BW after
filtering.

Signals with Real Baseline Drift

We applied the proposed method to 110 Holter ECGs recorded during 24 h at 40(
sampling rate, 12-bit resolution, and bandpass frequency 0.05-85 Hz. The signals
obtained from patients with structural heart disease and control subjects without a his
of cardiovascular disease. ECGs from patients with structural heart disease had vat
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FIG. 7. Changes in the RMS error of baseline estimation (solid line) and the RMS error of T-wave am
tude estimation (dashed line) as functions of filters’ cutoff frequency at different heart rates. Minimum R
errors are indicated by arrows. (@) HR = 96 bpm, minimum RMS of T-wave amplitudetA4e84.95 Hz,
minimum RMS of baseline 17.33/ at 1.05 Hz. (b) HR = 42 bpm, minimum RMS of T-wave amplitude
61.5uV at 0.675 Hz, minimum RMS of baseline 55/\% at 0.75 Hz.

amount of ventricular ectopy (5—25%). Five patients had complex ventricular ectopy
included bigeminy and trigemeny; two patients had nonsustained (<30 s) runs of ven
ular tachycardia. Most of the patients with structural heart disease had morpholog
changes in the repolarization segments including flat, inverted, or biphasic T-wave,
depressed or elevated ST segment. Each file had 4320 segments of 20-s duration:
yielded a total of 475,200 segments. In addition, the TSC method was also teste
100segments of 20-s duration obtained from the 32-channel body surface potential n
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ping ECGs (BSPM) recorded at 1-kHz sampling frequency and 12-bit resolution. Two
perienced observers reviewed the accuracy of BW correction in all the BSPM files an
2 h, randomly chosen segments of each 24-h recording.

To estimate the proportion of the ECG signals that have a small BW and do not
quire high-pass filtering (Step 1), we calculated the number of segments that hac
MSE < 10. The filters’ cutoff frequency for each data segment was also recorded.
results are summarized in Table 2. AlImost 75% of the Holter data files did not have I
BW and thus did not require high-pass filtering. The average cutoff frequency of the
ters for the Holter ECGs was 0.560.076 Hz (range: 0.162 to 0.662 Hz). In the BSPV
data set, 87% of the recordings did not require filtering. The cutoff frequency of the
ters in this data set was lower because the data were obtained under controlled cond
(0.363+ 0.076 Hz, range: 0.245 to 0.480 Hz).

An example of a real signal with BW corrected by the TSC method is demonstra
in Fig. 8. The magnitude of BW is high (MSE > 10), requiring the high-pass filtering wi
0.47-Hz cutoff frequency (Step 1). The filtered signal is shown in Fig. 8b. At the ne
step, residual baseline wander was eliminated using the fine baseline correction (St
which results in an accurate isoelectric line (Fig 8c).

DISCUSSION

We analyzed the methods for correction of baseline in the ECG signals and de
oped a two-step approach that might be useful for analysis of minute beat-to-I
changes in cardiac repolarization. The method consists of the following eleme
(1) The magnitude of BW is determined for each segment of the ECG recording,
the segments are classified into those with small and large baseline drift. (2) The
guency of BW is determined in the segments with large BW. These segments are |
pass filtered with a cutoff that depends on the frequency of BW, thus providing a gt
separation between the baseline and cardiac complexes. (3) The majority of segn
(75 and 87% of Holter ECGs and body surface mapping recordings, respectively) t
small BW. These segments are not subjected to high-pass filtering which results, a
have demonstrated, in unnecessary distortion of the cardiac complexes.(4) The ri
ual BW that remains after filtering out large baseline drifts is corrected using linear
terpolation.

TABLE 2

Proportion of Data Requiring High-Pass Filtering (Step | of the Optimal Correction)

Type of Number of  Duration of  Required high-  Saving Average cutoff
Recording files each file pass filtering(%) (%) frequency of the filter (Hz)
Ambulatory ECG 110 24 h 25.08 74.92 056.0759

Range: 0.1625 to 0.6625
32-lead body 100 20s 13 87 0.3680.0757

surface mapping Range: 0.245 t0 0.48
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FIG. 8. Real Holter ECG signal with a large baseline drift (a) The signal after high-pass filtering (b), &
the signal after the fine baseline correction (c).

Comparison with Previous Methods

Time-invariant filtering of the entire recording is a simple and frequently used mett
of baseline correctior8( 6-9, 19, 2)) Both finite impulse response (FIR) and infinite im-
pulse response (IIR) filters have been used to eliminate the baseline drift. Because ¢
adverse nonlinear effects on the low-frequency elements, such as the STT segment
the filters with linear phase are recommended by the American Heart Assodid}ion (
The IIR filters generally have a nonlinear phase which can be corrected by several 1
nigues. A bidirectional, forward/backward filter which can be implemented off-line |
on-line with a small time delay gives null phaSeX0, 2). Using IIR filters with opti-
mized equi-ripple linear phase approximation, one can also achieve an almost il
phase respons&); The FIR filters with linear phase are rarely used because they h:
a long impulse response, thus requiring many multiplicatiénsThere have been at-
tempts to design FIR filters with shorter impulse responses and nearly linear phase i
passbandg, 13.
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These types of filtering eliminate the major part of baseline drift but, as Fig. 7 sho
do not return the baseline exactly to zero level and cause distortions in the low-frequ
elements of the cardiac complexes. The difference between the effect of filtering or
wave amplitude and baseline wander adds to the complexity of the problem. The opt
cutoff frequency evidently depends on the frequency of BW but other factors includ
heart rate also influence the cutoff, as Fig. 7 demonstrates. This diminishes the acct
of time-invariant approach in general, while the types of residual errors depend on the
cific cutoff. In Fig. 7, the 0.5-Hz cutoff leaves the residual BW in the signal, whereas
1-Hz cutoff introduces extraneous frequency components and partially filters out the
waves. Although the 0.67-Hz cutoff proposed by the AHA recommendations gives a
atively small error, the performance of the method depends on the frequency of BW
heart rate11). Thus, the accuracy of time-invariant filtering of the same ECG varies fc
lowing the changes in heart rate (Fig. 7). Filtering with 1-Hz cutoff frequency gave si
RMS error in previous studies; however, as Fig. 7 demonstrates, this was achieved :
cost of a relatively large distortion of cardiac complege8)( The same figure shows that
the distortion of QRST complexes quickly increases above the 0.7-Hz cutoff. In fact,
given cutoff frequency gives residual RMS which can vary between 16 and @8d
can heavily bias the measurements of the low-amplitude changes in repolariza
(14-186. Our approach of classifying the segments of ECG into those with large and sr
BW according to the Eq. [3] provides a tool for selecting an acceptable noise level for €
parameter to be measured. Thus, portions with large BW can be discarded from the a
sis that requires precise estimation of very small repolarization changes.

In our study, a cutoff frequency of the optimal filter depended on the frequency of E
but not on the heart rate. Therefore, the upper limit for the cutoff frequency was 0.67
in accordance with the AHA recommendatioh$)( Since the lowest frequency com-
ponents of the cardiac complexes correspond to the longest RR interval and in more
99% of adults a mean resting heart rate is greater than 40 bpm corresponding to 0.¢
frequency, we assumed that the energy below 0.67 Hz represents puld)BWhys,
the cutoff frequency was adjusted to the frequency of BW by spanning the range that
tains 99% of the energy in each time window. The distortion and extraneous frequer
introduced into the cardiac complexes by the filtering cannot be corrected afterward
therefore, should be avoided by choosing the cutoff frequency of filtering below tha
heart rate (Fig. 7). Further improvement of the accuracy can be achieved by using the
guency of heart rate for adjustment of the cutoff frequeh8)y (

It is important to note that the second step of BW correction is required after the
tering regardless of the filter's characteristics. Filtering the signal produces a zero-n
signal, but its zero level rarely corresponds to the real baseline. The correct baselin
be restored only if the BW consists of periodic components. Since real baseline d
have nonperiodic components with nonzero mean value, it is impossible to find the
curate baseline of these signals using high-pass filtering alone. Thus, the second s
required for the accurate BW correction. Removal of residual, low-magnitude BW is
fectively achieved by simple linear interpolation which cannot be performed on the
signal with high baseline drift.

Comparing TSC and the time-invariant filtering we found that the former meth
gives two times lower RMS error and distortion of the T-wave. In our simulations \
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used two deterministic components reproducing respiratory frequencies @)BW (
addition, the nonperiodic variations of BW existing in real signals were simulated
the low-pass-filtered random noise. The performance of TSC was not affected by
complexity of BW, demonstrating the reliability of our method for correcting variot
BWs that appear in real signals.

Adaptive filtering. Different techniques based on the idea to adapt the filter cutoff fr
guency to the characteristics of BW have been developed. The simplest solution to
rect the baseline is ensemble averaging of the ECG signal. However, this proce
requires a large number of complexes to be recoi®dThere have been attempts to
design adaptive FIR filters using a dc signal as a reference input for adjusting the ci
frequency to the amount of baseline drift §). Since the adaptation is delayed, this
method causes some distortion of the QRST complexes which makes it inappropriat
the accurate analysis of beat-to-beat changes in the cardiac wavefprArsother ap-
proach has been selecting the cutoff frequency according to the amount of BW from
eral constant values between 0.5 and 1.5 Hz and letting the cutoff frequency be contr
by the low-frequency properties of BW which is similar to the first step of TSC methc
The error between the output of the selected filter and that of the filter with the higl
cutoff frequency is used recursively for selecting the appropriate 8jte¢wever, if
no BW is present, the signal still will be filtered with the lowest cutoff frequenc
whereas TSC does not filter the segments with small BW. This difference becomes
nificant when minute changes in repolarization are studied, since application of TS(
Holter recordings and BSPMs did not require filtering in more than 70% of the segme
The second difference is the removal of residual noise at the second step of TSC.

Cubic spline interpolationThis method may produce inaccurate results if the signal h:
ectopic beats, slow heart rate, or a high baseline 4iftfie accuracy of the method is in-
ferior compared to time-invariant or time-varying high-pass filtef@gwWhen the mag-
nitude of BW is small, it is better approximated by linear functions, whereas fitting a cu
spline can introduce extraneous frequency components. Therefore, we chose linear
polation at the second step of TSC when large BW is already removed from the signz

Linear interpolation for removing residual baseline driftinear interpolation applied
to the signal with large BW causes distortions of the cardiac complexes due to the |
tiple frequency elements in the baseline drift. However, linear interpolation works ac
rately on low-amplitude and frequency baseline drifjs Qur results demonstrate that
in this case linear interpolation provides a two- to threefold improvement in the SNR
reduces RMS in the estimation of BW.

Limitations

The computational approach is relatively intensive; it requires forward/backward
tering, frequency estimation, and least-squares line fitting for each 20 s of data. This
its the technique to retrospective applications on high-end Holter ECG, body surf
potential mapping, and stress-test systems. At this time, this approach is too expel
computationally for implantable cardiac devices. Recent advancements in micropro
sor technology make it possible to apply TSC in event and other types of moni
including bedside systems.
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The described approach may not be effective for the correction of BW which has a
guency higher than 0.675 Hz and a large magnitude. However, some components o
above 0.675 Hz will still be removed due to the nonideal nature of the filter. This v
allow detecting the PR and TP segments and implementing linear interpolation for
removal of residual BW. Although BWSs consisting of such high frequencies are th
retically possible, they can rarely be seen in real ECG signals. Among the 475,200
ments of ambulatory and body surface mapping recordings that we studied, the frequ
of BW was always lower than 0.675 Hz. Furthermore, estimation of the MSE accord
to Eqg. [3] can be used for identifying the segments with large BW in which the detai
analysis of P-wave and QRST complex might not be accurate.

A potential threshold effect may occur when the Step | filtering is performed only
some ECG segments. This may create a discontinuity between the filtered and unfils
sections of the signal. This effect can be avoided by local smoothing in the vicinity of
border between the filtered and unfiltered sections.

The method was not affected by various forms and disturbances of cardiac compl
provided that R-waves and baseline segments were correctly identified. Indeed, the
set of real Holter ECGs and BSPM recordings included those with different arrhythm
conduction abnormalities, and morphological changes in the ST segment and T-w
There were no visible biases introduced by the differences in cardiac complexes.

CONCLUSIONS

Analysis of minute beat-to-beat repolarization changes can be performed in Holter E
and body surface mapping recordings by selecting the segments that have a rela
small BW and applying a two-step adaptive filtering and removal or residual err
Applying this procedure can allow accurate BW correction and analysis of low-amplitu
beat-to-beat changes in repolarization during more than 70% of the recording time wk
in turn, might be important for risk stratification and prediction of malignant arrhythmi
and sudden deatth4-16.
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