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Abstract

The aim of this study is to assess the impact of differ-
ent baseline wander removal techniques on ECG signal
morphology. We consider high-pass filtering, median fil-
tering, adaptive filtering and wavelet adaptive filtering,
which are common methods to baseline wander removal,
and our recent approach based on quadratic variation re-
duction. The algorithms are compared both in terms of ef-
fectiveness in removing baseline wander and distortion in-
troduced in beat morphology. Numerical results show that
the approach based on quadratic variation reduction out-
performs state-of-the-art algorithms in estimating baseline
wander, while preserving the morphology of all waveforms
in ECG, both in normal and ectopic beats.

1. Introduction

Baseline wander (BW) is a kind of noise that affects all
ECG signals [1]. It is mainly caused by respiration, since
both the resistivity and position of the lungs change during
respiration [2]. Moreover, the orientation and location of
the heart change during the respiratory cycle, and certain
cyclic changes occur in the measured electric heart vector
as a consequence of the respiration [2]. Additional causes
of ECG BW are perspiration, patient’s body movements,
skin-electrode interface, and varying impedance between
electrodes and skin due to poor electrode contact [1, 3].
BW is ubiquitous in all electrocardiographic devices and
its removal is an unavoidable step in any processing of
ECG [1, 4].

ECG BW is modeled as a low-frequency additive noise
with band in the range 0 ÷ 0.8Hz, which can extend up
to 1Hz, or even more, during stress tests [1]. As a conse-
quence, BW and ECG have overlapping bands in the low-
frequency region of the spectrum. Unfortunately, distor-
tion in this band negatively affects the shape of the ST seg-
ment, which has strong clinical relevance. Deviations from
its physiological level reflect an undergoing acute coronary
syndrome, one of the most severe forms of heart disease
and the main cause of mortality in developed countries [5].

Hence, the in-band nature of BW makes its removal diffi-
cult without affecting the ECG, thus spoiling relevant clin-
ical information [6].

Given the critical role of BW removal for ECG signals,
several solutions have been proposed to tackle this prob-
lem. The simplest approach is high-pass filtering with cut-
off frequency of about 0.8Hz [7]. However, this approach,
and in general any technique that relies on separation in
the frequency domain, may introduce unacceptable distor-
tions in the ST segment [6]. To prevent this, the American
Heart Association (AHA) issued some recommendations
on the cut-off frequency to use [4]. However, some resid-
ual baseline drift may still be present in the filtered signal.
Other common techniques for BW removal are: adaptive
and median filtering [8,9], polynomial fitting, typically cu-
bic splines [10], and wavelet decomposition. In [11] a joint
approach combining wavelet decomposition and adaptive
filtering has been proposed, and the problem of ST seg-
ment distortion is explicitly taken into account in evalu-
ating performance. Finally, we have recently proposed a
novel approach to BW based on the notion of quadratic
variation reduction (QVR) [12]. Preliminary results have
shown that the approach is effective in removing BW [12],
while preserving the ST segment [13].

The aim of this paper is to assess the impact of differ-
ent BW removal techniques on ECG signal morphology.
We compare the approach based on QVR to the most com-
mon algorithms for BW removal. Effectiveness in remov-
ing BW and distortion introduced by different algorithms
are evaluated both on normal and ectopic beats. Numeri-
cal results show that the approach based on QVR outper-
forms state-of-the-art algorithms in estimating BW, while
preserving the morphology of all waveforms in ECG, both
in normal and ectopic beats.

The paper is organized as follows. In Section 2 we
present the algorithms considered in this study, the ECG
signals used and how performances are measured. Sec-
tion 3 reports the results of the study. Finally, Section 4
follows with conclusions.
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2. Methods

2.1. BW removal algorithms

High-pass filtering (HPF), median filtering (MF), adap-
tive filtering (AF) and wavelet adaptive filtering (WAF) –
which are common techniques for BW removal – and the
recent approach based on QVR, are compared in this study.
The high-pass filter is a linear-phase FIR filter synthesized
applying the window method [14] using a Kaiser window,
with 0.1 dB ripple in passband and 80 dB attenuation in
stopband, and cut-off frequency 0.67Hz compliant with
AHA recommendations [4]. The window size of the me-
dian filter is chosen adapting the criterion proposed in [9]
to the sampling frequency of 360Hz. The convergence pa-
rameter of the adaptive filter [8] and the wavelet adaptive
filter [11] is settled to obey AHA requirements on cut-off
frequency [4]. The parameter λ of QVR [12] was set to
2× 104, without fine tuning.

2.2. ECG signals

ECG records from the MIT-BIH Arrhythmia Database
[15] from PhysioNet [16] were considered. The database
collects two-channel recordings acquired at a sampling fre-
quency of 360Hz with 11−bit resolution. In particular,
the record mitdb/119 is from a 51 years old woman having
frequent premature ventricular complexes (PVCs): about
one beat over four is a PVC. We considered the first 5
minutes of the record, which are mostly free from BW,
and corrupted them with different realizations of BW from
the record nstdb/bw in the MIT-BIH Noise Stress Test
Database [17] from PhysioNet [16]. This is a two-channel
recording acquired at a sampling frequency of 360Hz from
a physically active volunteer, placing the electrodes on the
limbs in positions in which the subject’s ECG was not vis-
ible [17].

Four non-overlapping realizations of BW, each 5 min-
utes long, were extracted from each channel of the record-
ing nstdb/bw. Then, the eight realizations of baseline
drift were added to the two BW free ECGs from record
mitdb/119, thus obtaining sixteen ECGs with wandering.
An example of BW free ECG and ECG affected by BW is
reported in Figure 1 in panels a) and b), respectively.

The BW free records were manually segmented by an
expert, by using PhysioNet manual annotations. ECG
records have been partitioned into: PVCs, ST segments
of normal beats, and normal beats excluding the ST seg-
ment. In total 247 ST segments and 80 PVCs were de-
tected on the two BW free ECGs. Detected ectopic beats
were checked to be consistent with those annotated in Phy-
sioNet [16].
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Figure 1. From top to bottom: a) portion of ECG record
mitdb/119, which is BW free and exhibits some PVCs;
b) the same record corrupted by BW from the record
nstdb/bw; c)–g) records detrended using HPF, MF, AF,
WAF, and QVR, respectively.

2.3. Performance metrics

The use of BW free ECGs corrupted with a priori known
BW allows us to quantitatively assess the performance.
The quality of BW removal is evaluated through the fol-
lowing quantity

ε
[
b̃i(algk), bi

]
=

∥∥∥b̃i(algk)− bi

∥∥∥2
‖bi‖2

(1)
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µε σε ε̃ µST
ε σST

ε ε̃ST µPVC
ε σPVC

ε ε̃PVC µNB-ST
ε σNB-ST

ε ε̃NB-ST

HPF 0.38 0.38 0.20 9.73 44.96 0.34 5.84 18.81 0.75 6.78 29.89 0.40
MF 0.68 0.70 0.35 6.66 28.84 0.38 16.87 45.06 2.95 3.72 14.75 0.32
AF 0.71 0.67 0.41 7.94 32.33 0.48 16.92 44.61 3.06 4.11 15.42 0.46
WAF 0.58 0.57 0.32 5.77 25.90 0.31 13.24 35.61 2.14 6.01 31.35 0.39
QVR 0.22 0.17 0.16 4.34 20.66 0.21 3.11 9.17 0.52 3.10 13.15 0.23

Table 1. Mean, standard deviation, and median of baseline estimation error (1) over: entire records (µε, σε, ε̃), ST segments
(µST
ε , σST

ε , ε̃ST), PVCs (µPVC
ε , σPVC

ε , ε̃PVC), and normal beats excluding the ST segment (µNB-ST
ε , σNB-ST

ε , ε̃NB-ST).

where bi denotes the generic BW realization, and b̃i(algk)
is the corresponding baseline estimated using the algo-
rithm algk ∈ {HPF,MF,AF,WAF,QVR}. For each ECG
with wandering, the (relative) estimation error (1) was
computed on the entire record, and on each single PVC,
ST segment, and normal beat excluding the ST segment.
Estimation errors were computed over 16 ECGs with wan-
dering, 1280 PVCs, 3936 ST segments, and 3936 normal
beats excluding the ST segment, respectively.

Performance of different algorithms is measured in
terms of the empirical distribution function of the corre-
sponding errors (1), namely

F̂ (ε) =
1

N

N∑
i=1

χ(−∞,ε]

(
ε
[
b̃i(algk), bi

])
(2)

where χ(−∞,ε] denotes the indicator function of the set
(−∞, ε], and N is the number of generated baseline re-
alizations. The use of the empirical distribution function
is motivated by the fact that it provides a complete sta-
tistical description of the performance of each algorithm
and allows us to compare algorithms over the full range of
errors taking account of error relative frequencies. More-
over, some statistical indices are computed.

3. Numerical results

As an example, in Figure 1 we report a 20 s segment of
the BW free ECG record (panel a)) corrupted by BW from
the record nstdb/bw (panel b)). In panels from c) to g)
we report the corresponding signals detrended using HPF,
MF, AF, WAF, and QVR, respectively. Comparing them
with the BW free record in panel a), the following consid-
erations can be drawn. A residual drift is still present in
the signal detrended by HPF, whereas MF (panel d)) in-
troduces evident distortion in the detrended record. PVCs
appear distorted in the records detrended by AF (panel e))
and WAF (panel f)). On the contrary, the panel corre-
sponding to QVR (g)) shows that baseline drift has been
removed, while the morphology of normal beats and PVCs
has not been altered.

To quantitatively assess performance, we computed the
baseline estimation error (1) considering: i) entire records,

ii) ST segments, iii) PVCs, and iv) normal beats exclud-
ing the ST segment (i.e., the remaining portions of the
record). Figure 2 reports the empirical distribution func-
tions of errors (1) for the BW removal algorithms under
analysis, from top to bottom: ST segments (panel a)),
PVCs (panel b)), and normal beats excluding the ST seg-
ment (panel c)). The empirical distribution function rel-
ative to the baseline estimation error on entire records is
not reported since it consists of few points. As Figure 2
highlights, BW removal by QVR exhibits the best per-
formance, since the corresponding empirical distribution
function dominates the others. This implies that QVR ex-
hibits lower errors with higher probability, thus introduc-
ing minor distortion in ECG signal morphology. Such be-
havior is maintained also for higher values of the error (not
shown in the figure). Thus, QVR exhibits the best perfor-
mance over the full range of errors.

This is also confirmed by the results of Table 1, where
we report the mean, standard deviation, and median of
baseline estimation error (1) computed for: i) entire
records (µε, σε, ε̃ over 16 records); ii) ST segments (µST

ε ,
σST
ε , ε̃ST over 3936 ST segments); iii) PVCs (µPVC

ε , σPVC
ε ,

ε̃PVC over 1280 ectopic beats); iv) normal beats excluding
the ST segment (µNB-ST

ε , σNB-ST
ε , ε̃NB-ST over 3936 normal

beats).
As Table 1 and Figure 2 highlight, QVR outperforms

state-of-the-art algorithms in estimating BW, while pre-
serving the morphology of all waveforms in ECG, both in
normal and ectopic beats. It is worth remarking that the
median, which is a more robust index of centrality [18], is
significantly lower for QVR than competing algorithms.

4. Conclusions

In this paper we assessed the impact of different BW re-
moval techniques on ECG signal morphology. The meth-
ods considered were: high-pass filtering, median filtering,
adaptive filtering, wavelet adaptive filtering, and our re-
cent approach based on QVR. BW free ECGs, exhibiting
normal and ectopic beats, were corrupted with different
realizations of known BW. The baseline estimation error
was computed to quantify both the effectiveness in remov-
ing BW and the distortion introduced in beat morphol-
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Figure 2. Empirical distribution functions of baseline es-
timation error (1) computed on: a) ST segments, b) PVCs,
and c) normal beats excluding the ST segment.

ogy. Numerical results show that the approach based on
QVR outperforms state-of-the-art algorithms in estimating
BW, while preserving the morphology of all waveforms in
ECG, both in normal and ectopic beats.
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