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Respiration effect on Wavelet-based ECG T wave
end delineation strategies

M. Noriega, J.P. Martı́nez, P. Laguna, Senior Member,IEEE, R. Bailón and R. Almeida

Abstract—The main purpose of this work is to study the influence
of the mechanical effect of respiration over the T wave end delin-
eation. We compared the performance of an automatic delineation
system based on the Wavelet Transform (WT), considering single
lead (SL), global delineation locations obtained from SL annotations
(SLR) and multi lead (ML) approaches. The linear relation between
the variations on T wave end locations obtained with each of the
methods and the mechanical effect of respiration was quantified
using spectral coherence and ARARX modeling both in simulated
signals and in real data. We also explored the evolution of the
vectorcardiographic spatial loop using the projection on the main
direction of the WT in the region close to the T wave end (Te) and
its relation with respiration.
The dispersion of the additional T wave end location error due to
respiration was reduced by 15% using SLR with respect to SL, while
ML allows a reduction of around 40%. The percentage of that error
correlated with respiration was in average 99% using SL while 82%
and 72% using SLR and ML, respectively. Thus, results suggest that
ML is the most adequate strategy for T wave delineation, allowing
the reduction of the instability of T wave end location caused by
respiration.

I. INTRODUCTION

THE electrocardiogram (ECG) is a noninvasive and pain-
less procedure and an essential diagnostic tool for many

cardiac and non cardiac conditions. Each heart beat is pro-
duced by an electric wavefront that crosses the different car-
diac structures; the activation/inactivation of those is reflected
in different ECG waves (P, Q, R, S, T) which can be used
to infer both wave durations and beat-to-beat variations (Fig.
1). The time intervals defined by the waves’ onsets, peaks and
ends are clinically relevant [1], [2], as it is the case of the
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Fig. 1. Principal waves of a beat and RR and QT intervals. The R peak
mark locates the beat and the marks of the onset of the QRS (Qo) and of
the T wave end (Te) correspond, respectively, to the onset and end of the
ventricular activity (depolarization and repolarization process).

RR interval (measured between consecutive R waves) used as
standard for cycle duration and to calculate heart rate (HR).

In particular, the T wave end (Te) timing corresponds to
the end of the ventricular activity and its correct location is
required by many strategies used for ventricular repolarization
(VR) analysis. Both the QT, measured from the onset of the
QRS complex (Qo) to the Te, and the RT, measured from
the R peak to the Te, intervals have been used as indeces
of the VR time [3], [4]. Abnormal QT values, as well as
prolongation of the time interval from the T wave peak to the
Te, have been associated with ventricular pro-arrhythmicity
and sudden cardiac death [2]. Moreover the study of possible
effects over the QT is mandatory to guaranty the cardiac
safety of any drug, prior to its commercialization [5]–[7].
The dispersion of the VR, measured as beat-to-beat variations
and by the normalized QT variability index (QTVI = log
ratio between the QT and HR variabilities, each normalized
by its square mean) have been repeatedly reported as risk
stratifiers and associated to life-threatening arrhythmia and
sudden death [8]–[10]. Therefore, the correct location of the
Te provides a fundamental feature to derive clinically useful
information. The stability of the automatic mark, avoiding
spurious beat-to-beat variability resulting from non cardiac
sources, is of extreme importance. Locating accurately the Te

can be particularly difficult in the case of smooth T-waves with
low signal to noise ratio (SNR). Nevertheless, there is a lack
of gold standard for Te location and developing a consensus
definition remains a challenge [6], [7].

By using several electrodes it is possible to access si-
multaneous electrocardiographic leads, providing a spatial
perspective of the heart’s electrical activity [1], [11]. The
cardiac dipole model approximates the electrical activity from
the heart by a time-variant electrical dipole called electric



Copyright (c) 2011 IEEE. Personal use is permitted. For any other purposes, Permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication.

heart vector (EHV) [11]. According to this model, each lead
can be interpreted as the projection of the EHV over the
vector that defines the lead direction. The EHV’s canonical
representation is given by the vectorcardiogram (VCG) defined
by 3 orthogonal leads [x(n), y(n), z(n)], usually acquired as
the corrected Frank leads. The exact timing in which the
ventricular repolarization is over cannot be systematically
determined by a particular ECG lead. The correspondent
projection of the T-wave loop in the VCG depends on the loop
orientation with respect to the given lead, as influenced by the
cardiac electrical axis, which can vary due to chest movements
(respiration) and other physiological processes [12].

Respiration influences the ECG in various ways. During the
respiratory cycle, chest movements and changes in the thorax
impedance distribution due to filling and emptying of the lungs
cause a rotation of the electrical axis of the heart which has
an effect over beat morphology [13], [14] (see Fig. 2). This
effect is referred to as the mechanical effect of respiration on
the ECG. Nevertheless, respiration modulates HR, and therefor
RT and QT intervals, such that it increases during inspiration
and decreases during expiration. This is denoted to as the
autonomic effect, as it is mainly due to the control of the
autonomic nervous system (ANS) [15], in spite of evidence
that it may also have a mechanical origin.
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Fig. 2. Example of morphology changes of the ECG signal caused by
respiration. On the right there is a zoom of the area inside the rectangle.

The effect of respiration on ECG morphology, as result
of the changes on the VCG loop orientation with respect to
the projection axis, is likely to cause errors or instabilities in
automatic delineation. In [16] Sörnmo proposed a method to
align the VCG loops before performing morphologic beat-to-
beat variability in order to cope with the spurious effects. In
[17], we found that a multilead delineation strategy (ML), that
estimates the VCG loop main direction and uses the projection
over it to locate the Te, allows to increase the stability of the
QT interval measurement, with respect to using single-lead
delineation (SL) or post processing rules after SL delineation
(SLR) in real multilead ECG signals. We hypothesize that
this is a consequence of a lower influence of the mechanical
effect of respiration over ML based automatic locations by the
adjustment of the projection axis, compensating the changes
over the loop orientation. To validate this hypothesis, in this
work we performed a simulation study in which the respi-
ratory effect over the delineation of Te is assessed. We also

investigated in real signals whether the mechanical influence
of respiratory activity on the ECG is reflected on the several
delineation strategies and how it influences over the stability of
the obtained marks. Our main goal is to provide evidences that,
among T wave end delineation strategies, the ML achieves
the maximum reduction of the mechanically driven spurious
variability of the delineation error, by compensating the respi-
ratory mechanical effect over the ECG, and to extract useful
information on this process to further improve the delineation
in the future. In doing so we will establish that this should
be preferred strategy for QT variability analysis, and the basis
for further improvements in delineators.

II. MATERIALS AND METHODS

There are several published methodologies for automatic
ECG delineation. Particularly in this work we discuss the mul-
tiscale Wavelet Transform (WT) based delineator previously
described and validated in [18] and [19]. Notation can be found
in Appendix A.

A. Automatic Delineation

1) SL and SLR for multilead signals: For each lead, a set of
differentiated signals, smoothed at different scales, is obtained
by means of the discrete WT, using a quadratic spline as
prototype wavelet [18]. First, detection and classification of
waveforms are performed by searching for the maxima and
minima at different scales. Then, the ECG boundaries [20] are
located using a threshold approach across scales. This allows
to obtain a set of annotations for each available lead [18].
This single lead approach has the limitation that the electrical
cardiac activity is a global phenomena and therefore it is
desirable to consider an approach in which all ECG leads are
taken into account to produce global marks.

One strategy for dealing with multilead signals is the
inclusion of Post Processing Rules (SLR) after the SL based
delineation. This consists in obtaining a global mark con-
structed or chosen from the marks given by each lead. A
simple rule is to choose the median (more robust with respect
to outliers compared with arithmetic mean) of the SL marks as
the peak of the wave. The mark for a wave’s onset (end) should
be the earliest (latest) one, with some outliers protection [21].
These rules perform properly as long as they have a large set
of leads available (for instance on a record acquired according
to the standard 12-lead system) but are hardly adequate for a
record with just 2 or 3 leads (e.g. Frank leads on a VCG
record).

2) ML delineation: Although the SLR strategy finally gives
one single mark per boundary or peak, it does not use all
available spatial information. The ML delineation departs from
the SL but considers simultaneously the orthogonal leads of
the VCG [19]. Denoting by ws,m (n) the WT of a signal
s(n) ∈ {x(n), y(n), z(n)} in the scale m, for a VCG loop
given by [x(n), y(n), z(n)]

T , the correspondent spatial WT
loop is defined as:

wm (n) = [wx,m (n) , wy,m (n) , wz,m (n)]
T (1)
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As a consequence of the derivative nature of the WT prototype
used, the WT loop wm (n) , n ∈ L, is proportional to the
smoothed VCG derivative [22] and describes the velocity of
evolution of the EHV in a time interval L. Assuming that the
noise is spatially homogeneous, the direction with maximum
projection of the WT in the region close to the wave boundary
would define the ECG lead maximizing the local SNR, and
thus, the most appropriate for the boundary delineation. The
main direction u = [ux, uy, uz]

T of EHV variations on any
time interval L is given by the directions of the best straight
linear fit to all points in the WT loop. By choosing adequately
the time interval L, around the fiducial point of interest, it is
possible to find the direction u corresponding to the lead most
suited for delineation purposes [19].

The projection of the VCG loop [x(n), y(n), z(n)]T over
the direction u produces a derived lead d(n). Projecting the
WT loop wm (n) over u allows to obtain a derived wavelet
lead wd,m (n) that combines the information provided by the
3 VCG leads:

wd,m (n) =
wT

m (n) · u
‖u‖

; n ∈ I (2)

It should be noticed that the time intervals I (used for
projecting) and L (used for linear fitting) can be different,
depending on each wave specificities.

The ML boundary delineation strategy using WT loops
is based on a multi-step iterative search for final direction
u producing a better spatial lead (with steeper slopes) for
each boundary delineation. The goal is to construct a derived
wavelet signal well suited for boundaries location, using the
same detection criteria as in the SL delineator [19]. In Fig. 3
we show an example of derived ECG lead optimal for T wave
end delineation and WT signal from the combination of the
information provided by the 3 VCG leads.
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Fig. 3. Example of derived d(n) and wd,4(n) signal. (a) Leads xr(n),
yr(n) and zr(n) of VCG signal (µV) correspond to simulated sinal affected
by respiration (see section II-B1). (b) WT of leads xr(n), yr(n) and zr(n) in
scale 4 (A.U.). (c) Derived ECG lead (d(n)) (µV). (d) Derived WT (wd,4(n))
signal (A.U.). Vertical line corresponds to Te.

B. Data

1) Simulation data: To validate our hypothesis, we con-
structed artificial ECG signals based on the method described
in [3]. Short segments of artificial ECG are plotted in Fig. 4.

Clean ECG simulation: An artificial 3-lead clean ECG sig-
nal [xc (n) , yc (n) , zc (n)]

T was constructed by concatenation

of 100 stretched versions of a real template beat sampled at
500 Hz, following RR (i) and QT (i) series extracted from a
real record of the PTB database [23], where i is the beat num-
ber. The template beat (without apparent noise), was chosen
from a 12-lead ECG, and the Frank leads were synthesized
using the inverse Dower transformation [24]. SL delineation
of the template beat was used to obtain the locations of the R
peak, the QRS complex onset/end and the Te. The reference
mark for the R peak was taken from the 3 SL marks as the
one corresponding to the largest signal amplitude, while for
the boundaries the earliest/latest SL marks for the onset/end
were taken.

To reflect the variability inherent to the corresponding
clean series QT (i), the template beat was properly stretched
from the QRS end to the Te reference mark, to produce
the target QT interval. By applying the same stretching to
each orthogonal lead, an artificial 3-lead ECG signal with the
same variability in all leads and known Te locations (T ref

e (i))
is obtained [3]. The stretched beats were then concatenated
following the target RR series.

Respiration effect: The mechanical effect of respiration
was simulated over the artificial ECG signals as a cardiac
electrical axis rotation, in the same way as in [3].The signals
affected by respiration [xr (n) , yr (n) , zr (n)]

T displayed in
Fig. 3 (a) were constructed from [xc (n) , yc (n) , zc (n)]

T ,
by introducing an effect equivalent to pure sinusoidal res-
piration at a frequency Fr modeled as a rotation, with a
maximum angle φ rad, around the three orthogonal axes.
First Fr ∈ {0.15, 0.20, 0.25, 0.27, 0.30, 0.35, 0.40} Hz and
φ = 15o were considered [25], [26]. Notice that Fr = 0.27
Hz corresponds to the real respiratory frequency associated
to the QT(i) and RR(i) series used to construct the simulated
signal and that the rotation angle φ = 15o, corresponds to
a large physiological respiration related rotation angle. Then
different maximum rotation angles (φ ∈ {5o, 10o, 15o}) were
considered for Fr = 0.27 Hz.

Noise contamination: Noise contamination was included
in the simulation study by adding noise records to
[xr (n) , yr (n) , zr (n)]

T . Noise records were obtained by
subtracting an exponentially updated average beat from a real
stress testing ECG and rejecting afterwards the residual QRS
peaks [27]. Then the inverse Dower transformation is applied
to obtain the 3-lead noise signal [vx(n), vy(n), vz(n)]T . The
3 noise leads were rescaled by a constant a to get a SNR ∈
{30, 25, 20, 15, 10} dB:

a =

(

Pxr
+ Pyr

+ Pzr

Pvx
+ Pvy

+ Pvz

· 10
−SNR
10

)
1

2

(3)

were Ps denotes the power of signal s(n). The noise was
added to the ECG signal with respiratory effect corresponding
to Fr = 0.27 Hz and φ = 15o, obtaining the noisy signal
[xv(n), yv(n), zv(n)]T .

2) Real data: To extend the study to real signals we
analyzed two databases: the PTB database and a database of
ECG signals from healthy subjects recorded at University of
Zaragoza, which we call control database (CDB).
PTB database [23]: We use the 60 control recordings included
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Fig. 4. Example of artificial ECG signals in lead Z: clean ECG signal zc(n)
(µV) segment (plotted in grey in all axis for comparative purposes), same
segment as in zc(n) (µV) but with respiration effect for Fr = 0.27 Hz
(zr(n)) and with noise contamination for SNR ∈ {15} dB (zv(n)).

in this databases, each one containing the 12-standard and 3-
Frank lead ECG, sampled at 1000 Hz.
CDB database: This database contains the standard 12-lead
ECG and a respiration signal (r(n)) of 40 subjects (age 32
± 9 years, 26 male / 14 female), recorded during 5 minutes
of supine resting and all were here considered. The MP
150 (BIOPAC Systems) was used to acquire simultaneously
the ECG (ECG100C amplifier and disposable Ag-AgCl elec-
trodes) at a sampling frequency of 1000 Hz, and the respiration
signal (RSP100C and a strain gauge transducer) at a sampling
frequency of 125 Hz.

The ECG signals were delineated using the SLR and ML
delineation strategies. The ML strategy in PTB database was
applied over Frank leads while in CDB over the 3 leads ob-
tained with inverse Dower’s transformation. SLR delineation
was applied over the 12 standard leads in both databases;
RTM

e (i) interval was measured from the R peak obtained with
SLR to Te(i) for each delineation system M ∈ {SLR, ML}.
The mechanical effect of respiration was estimated from the
ECG signal in the two databases using the algorithm proposed
in [26]. In this method the ECG-derived respiratory (EDR)
signal is estimated from the VCG as the series of rotation
angles around each orthogonal lead (ϕx(i), ϕy(i) and ϕz(i)),
estimated between successive QRS-VCG loops and a reference
QRS-VCG loop by least-squares minimization.

C. Performance indexes

1) Simulation data: The clean (c), respiration affected (r)
and noise contaminated (v) simulated ECG signals, were
delineated with SL (over lead X), SLR and ML to obtain the
marks T M,s

e (i), M ∈ {SL, SLR, ML} and s ∈ {c, r, v}. For
SLR delineation the Dower’s transformation was applied to
obtain the 12 standard leads [24].

The delineation error was calculated as the difference be-
tween the marks found over the ECG and the reference marks
used in the simulation:

es
M (i) = T M,s

e (i) − T ref
e (i). (4)

Expression (4) can be rewrite as

es
M (i) =

(

T M,s
e (i) − T M,c

e (i)

)

+

(

T M,c
e (i) − T ref

e (i)

)

= Es
M (i) + ec

M (i) (5)

were ec
M (i) is the delineation error in the clean signal, and

Es
M (i) is the additional error due to respiration or noise. In this

paper we will focus on the study of the relation of this ad-
ditional error Es

M (i) with the mechanical effect of respiration.
The linear relation between the respiratory signal (r(n)) and
series of er

M (i), ev
M (i), Er

M (i) or Ev
M (i), was measured using

both a non-parametric (spectral coherence) and a parametric
method (ARARX modeling).

The spectral coherence was calculated after resampling at
5 Hz the respective series obtaining Es

M(n), s ∈ {r, v} and
the r(n). To evaluate the relation between r(n) and the final
direction u, for both cases in which respiratory mechanical
effect was introduced, were obtained the angles of u with
respect to the plane defined by each pair of orthogonal leads,
∠

r
ρ (i) and ∠

v
ρ (i); ρ ∈ {(x, y), (y, z), (x, z)}, corresponding

respectively to the angles with respect to the frontal, sagittal
and transversal planes of the human body. Additionally, the
spectral coherences between r(n) and the resampled angles,
∠

r
ρ (n) and ∠

v
ρ (n), were also obtained. The average value of

the spectral coherence was computed in a band centered on
Fr and with a bandwidth of 0.04 Hz and denoted as Cr,Es

M
for

the differences Es
M(n) and Cr,∠s

ρ
for the angles.

An open loop ARARX model [4], schematically presented
in Fig. 5, was also used to explore the linear relation between
the respiration r(i) and the time series of interest ξ(i) =
Es

M (i) , s ∈ {r, v}. This parametric methodology allows
quantifying the fraction of variability which results from the
mechanical influence of respiration. The series ηr(i) and ηξ(i)

ηr(i)- 1

A22(z)
-r(i)

A12(z) -
�
��

- 1

A11(z)
-ξ(i)

-ηξ(i) 1

B(z)

6

uξ(i)

+

+

Fig. 5. Model of ξ(i) and r(i) interactions.

are mutually uncorrelated stationary zero mean white gaussian
processes, with standard deviations λr and λξ. A11(z), A12(z),
A22(z) and B(z) are polynomials with coefficients a11(k),
a12(k), a22(k) and b(k), respectively. In the simulation study
the series r(i) were obtained by sampling the respiratory signal
r(n) at the beat instant r(i) = r(n)| n = ith QRS beat sample and
are modeled as an order p = 2 autoregressive stationary
random process

r(i) = −

2
∑

k=1

a22(k)r(i − k) + ηr(i) (6)

The ξ (i) trend is assumed to result from two uncorrelated
sources, one driven by r(i) and another resulting from an AR
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process with a white noise input ηξ(i). That is

ξ(i) =

q
∑

k=0

a12(k)r(i − k) + uξ(i) −

q
∑

k=1

a11(k)ξ(i − k),

uξ(i) = −

q
∑

k=1

b(k)uξ(i − k) + ηξ(i); (7)

where values q = 2, 3, 4, 5, 6. For simplicity, the same order
q was assumed for all ARARX model polynomials.

The ARARX model parameters were iteratively obtained
using the generalized least squares method (GLS) [28]. The
order q is taken as the one minimizing the multivariate AIC
log (det (Σ))+2∗(p+3q+1)/N , where det (Σ) stands for the
determinant of the covariance matrix of the residuals (ηr(i)
and ηξ(i)) and N is the number of intervals (beats) in the
segment. Notice that as p = 2 is fixed and the ηr(i) variance
have been already determined in the previous step, only the
q order remains to be chosen and this is not a multivariate
minimization in strict sense.

The assumption of uncorrelated sources allows to compute
the Power Spectral Density (PSD) functions of each ξ (i)as
the sum of two partial spectra: Sξ(F ) = Sξ|r (F ) + Sξ|ξ (F ):

Sξ|r (F ) = TRλ2

r

∣

∣

∣

∣

A12(z)

A11(z)A22(z)

∣

∣

∣

∣

2

z=ej2πF TR

;

Sξ|ξ (F ) = TRλ2

ξ

∣

∣

∣

∣

1

A11(z)B(z)

∣

∣

∣

∣

2

z=ej2πF TR

(8)

where TR stands for the mean of the RR(i) in the analyzed
segment.

The power for each PSD in the frequency band of interest
HF (0.15-0.4 Hz), corresponding to the respiration frequency
band, (Pξ|r , Pξ|ξ ) is calculated by decomposing these spectra
and summing the contributions of the poles in the band:

Rξ|r =
Pξ|r

Pξ|r + Pξ|ξ
× 100 (9)

represents the relative fraction of the ξ(i) variability driven by
r(i).

2) Real data: The delineation error in real ECG signals can
not be calculated, as there is no reference Te mark. Instead,
the differences between the automatic Te locations obtained
using the two strategies were calculated:

∆Te (i) = T SLR
e (i) − T ML

e (i) (10)

For the ML strategy we also obtained the angles of the final
direction u with respect to the frontal, sagittal and transversal
planes of the human body, defined by each pair of orthogonal
leads (∠ρ; ρ ∈ {(y, z), (x, z), (x, y)}, respectively). The linear
relation between ϕl(i), l ∈ {x, y, z} and ∆Te(i), RT M

e (i) or
∠ρ(i) was measured using both the non parametric and para-
metric approaches as described for the simulated data cases.
Thus, the spectral coherences Cr,d; d ∈ {∆Te, RT M

e , ∠ρ}
were obtained by computing the mean value in a band centered
on the respiratory frequency, estimated from ϕl(i), with a
bandwidth of 0.04 Hz. Also the ARARX model was applied
to obtain the relative fraction of ξ(i) = ∆Te(i), RT M

e (i),∠ρ(i)

variabilities linearly explained by the respiration r(i), accord-
ing to eq. 8. The r(i) is taken either as ϕl(i) or as the resampled
respiratory signal r(n), when it is available as in the CDB.

III. RESULTS

A. Simulation study

The mean ± standard deviation (SD) of Er
M(i) for different

values of Fr and φ are presented in Table I. Last row shows
mean ± SD for the delineation errors ec

M(i) over the clean
simulated data. In Fig. 6(a) and 6(b) are presented the distri-
butions of the errors ec

M(i) and es
M(i), and of the differences

Er
M(i), considering simulated respiration with different values

of Fr and φ. In general ML delineation outperforms SL and
SLR (lower error bias and dispersion). As expected, both bias
and variability of the errors increased with the inclusion of
respiration, but ML delineation is less affected than SL or SLR.
The performance decreases most for the higher maximum
rotation angle φ = 15o, with similar results for the several
Fr values considered. The additional error due to respiration
Er

M(i) for the maximum φ represents roughly the fifth part of
the total error using SL and more than half of the total error
using ML. Moreover the dispersion of the Er

M(i) is comparable
or higher than the error dispersion it self. Notice also that using
ML the dispersion of Er

M(i) is lower than using SL or SLR,
for all combinations. In particular for φ = 5o the Er

ML(i) are
almost all of them equal to zero.

Figure 7 shows the delineation errors es
M(i) and the cor-

respondent simulated r(i) and Er
M (i) found using each delin-

eation strategy over the clean simulated signal and considering
Fr = 0.27 Hz and φ = 15o. The increased variability of
ec

SLR(i) compared with ec
SL(i) is caused by the protection rules

of SLR which changes the lead chosen by the rules. The
resemblance between r(i) and er

SL(i) and Er
SL (i) is remarkable,

with a clear periodic component corresponding to Fr. This
component can also be seen in Er

SLR (i), but is less evident.
Similar results were obtained for other values of Fr and φ.
In Fig. 8(b) are presented the results of both non-parametric
(

Cr,Er
M

)

and parametric
(

Rr
ξ|r

)

methodologies to measure
the linear relation between r(n) and Er

M (i). Notice that both
the average coherence values and the relative fraction of the
HF variability of Es

M(i) explained by r(i) obtained with SL
are higher than those obtained with ML and SLR for all Fr

considered. This indicates that the additional error in the Te

marks obtained by SL delineation is more linearly related to
the mechanical effect of respiration.

The mean and SD values of Ev
M are shown in Table II and

the distributions of the errors ev
M(i) and differences Ev

M (i) are
presented in Fig. 6(c) for several SLR values. In the presence
of noise there is no relevant performance decrease for none of
the delineation approaches. The additional error with respect
to clean simulated signal remains similar to the case with and
no noise inclusion (SNR=∞). In Fig. 8(b) are presented the
values obtained for Cr,EV

M
and RV

ξ|r. The level of linear relation
between r(n) and Ev

M (i) is similar than for case with the same
Fr value and SNR=∞. A lower relation is found using ML
than with SL or SLR, confirming a weaker influence of the
mechanical respiration over the delineation error.
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TABLE I
MEAN ± SD OF Er

M(i) AND ec
M FOR DIFFERENT Fr AND φ

Fr φ Er
SL Er

SLR Er
ML

(Hz) (degrees) (ms) (ms) (ms)
0.15 15 −5.48 ± 4.2 −0.26 ± 3.6 −1.24 ± 1.9
0.20 15 −5.52 ± 4.2 −0.10 ± 3.5 −1.44 ± 2.0
0.25 15 −5.56 ± 4.3 −0.22 ± 3.6 −1.06 ± 1.9
0.27 15 −5.60 ± 4.3 −0.18 ± 4.0 −1.02 ± 2.1
0.30 15 −5.48 ± 4.3 −0.14 ± 3.6 −1.18 ± 2.1
0.35 15 −5.56 ± 4.2 −0.30 ± 3.5 −1.18 ± 1.9
0.40 15 −5.52 ± 4.2 −0.08 ± 3.8 −1.20 ± 2.0
0.27 5 −1.84 ± 1.6 −0.24 ± 3.9 0.12 ± 1.5
0.27 10 −3.68 ± 2.9 −0.18 ± 4.0 −0.58 ± 1.7

– – ec
SL ec

SLR ec
ML

(ms) (ms) (ms)
−25.56 ± 1.3 9.18 ± 3.3 −3.20 ± 1.3

TABLE II
MEAN ± SD OF Ev

M(i) FOR EACH STUDIED SNR VALUE

SNR Ev
SL Ev

SLR Ev
ML

(dB) (ms) (ms) (ms)
30 −5.60 ± 4.3 −0.22 ± 3.9 −0.94 ± 1.9
25 −5.58 ± 4.3 −0.26 ± 3.9 −1.02 ± 1.9
20 −5.58 ± 4.3 −0.16 ± 4.0 −1.08 ± 2.4
15 −5.62 ± 4.2 −0.04 ± 4.2 −1.20 ± 2.5
10 −5.58 ± 4.1 −0.12 ± 4.6 −0.90 ± 2.5

Fr = 0.27 Hz, φ = 15o

In order to explain the apparent robustness of ML to the
mechanical effect of the respiration we explore the main
directions u = [ux, uy, uz]

T of EHV variations found by ML
for Te delineation. Fig. 9 display the ux, uy and uz found
over clean simulated signal and for the cases of Fr = 0.27,
φ = 15o with no noise included and with SNR ∈ {30, 10}
dB. While for clean signal the final direction u is quite
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Fig. 8. Average coherence values and relative fractions of the total delineation
error or additional error including the respiration. SNR = ∞ stands for no
simulated noise included.

stable across beats, for all cases with respiratory effect a
periodic component corresponding to Fr value is visible for all
coordinates. Analysing the average coherence values between
r(n) and the angles ∠

r
ρ(n) and ∠

v
ρ(n) and the relative fractions

of Es
M(n) variability explained by those angles (Fig. 10) we can

confirm a strong linear relation between the final direction u
and r(n) for all cases.
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B. Real ECG study

The linear relation between the estimated ϕx(i) and RT M
e (i)

or ∆Te(i) found in the PTB database are shown in Fig.
11 as the average coherence values Cr,d (non parametric
method) and fraction of variability Rξ|r explained by ϕx(i)
(parametric method). It can be observed that a strong relation
between ∆Te(i) and ϕx(i) is found by both methods. Also
RT SLR

e (i) seems more related with the ϕx(i) than RT ML
e (i).

The difference was found to be significatively higher using a
unilateral sign test (p < 0.001) both for Cr,d and Rξ|r . The
results obtained with ϕy(i) and ϕz(i) are analogous.

For CDB database recordings both the linear relation be-
tween the (recorded or estimated by rotation angles) respira-
tion with RT M

e (i) or ∆Te(i) are shown in the Fig. 12. Again,
a strong relation between ∆Te(i) and ϕx(i) or r(n) can be
observed. The values found by both the methods for the linear
relation between RT SLR

e (i) and ϕx(i) compared with RT ML
e (i)

are significatively higher, with all p-values < 0.05 for the
unilateral sign. The results obtained with ϕz(i) are analogous,
while for ϕy(i) non significant differences were found.

The linear relation between the final direction u angles
and ϕx(i) found over PTB database recordings are shown
in Fig. 13 while in Fig. 14 are shown the results over CDB
recordings, considering both ϕx(i) and recorded respiration.
High values are typically found, specially with respect to
recorded respiration.
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IV. DISCUSSION

The delineation approaches used in this work were previ-
ously validated and their performance level has been estab-
lished elsewhere [18], [19]. In clean simulated data we found
a delineation error for T wave end with a very low standard
deviation for all methods (lower than 2 ms, corresponding to
one sample, for SL and ML), but a remarkable bias was found
(Table I, last row). The bias using SLR methods is explained
by the rule used, favoring the later marks among the 12 leads,
and by a reference mark based in 3 leads only. The huge SL
bias is explained by the fact that it was based in X lead while
the T wave end in the template is taken as the latest SL based
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mark, which happen to be the Y lead mark. We recall that
T ref

e (i) are fully determined by the RR and QT series used in
the simulation and by the reference marks in the template beat.
If SL based in lead Z, instead of lead X, equivalent results are
obtained (−25.5± 1.2), while if lead Y is considered a much
lower bias is found (0.86 ± 1.1).

The known mechanical effect of respiration which causes
ECG morphologic changes morphological is expected to have
some influence over the results of automatic delineation, as it
has over other indexes [16].Including mechanical respiration
effect, both bias and SD of delineation errors increase and
using SL approach one can see a quite remarkable relation
between the respiratory signal and both the delineation error
and the additional error due to respiration. The additional
delineation error caused by the respiration not only con-
tributes for the global delineation error, but it presents a
high dispersion. Thus the respiratory mechanical influence
can contribute for the spurious variability of the T end mark
location. Nevertheless, this additional error is lower using ML
delineation, as result of a correct adjustment of the projected
leads, with equivalent results found for different respiratory
frequencies and noise levels.

The respiration effect was simulated using a sinusoidal
signal, which does take into account inspiration/expiration
asymmetries. While a more realistic non-symmetric sigmoidal
signal could be used instead, we believe that the rotation
resulting from the respiration would not influence differently
T end delineation during inspiration and expiration. The res-
piratory frequencies considered were limited to the classical
range located in the high frequency band as defined by [25]
and similar effects can be expected in the presence of lower
respiratory frequencies.

In real data it was observed that the RT interval typically
presents a strong linear relation with respiration (estimated or
recorded). This dependency has two possible sources: a) the
mechanical effect of respiration on the ECG waveforms, and b)
the well-known physiological dependency of RT interval from
RR interval and, consequently, from respiration through heart
rate. That relation is higher when compared with recorded
respiration, which can result from the fact that the EDR signal,
estimated as the rotation angles in the cardiac electrical axis,
even though representing a good estimation of periodicity
of the respiratory signal, is not linearly related with the air
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volume in the lungs, in contrast to the respiratory signal
recorded by the pressure transducer. The RT interval measure
based on SLR Te location was also found to be significantly
more related with respiration (estimated or recorded) than
using ML. The only case of non significance is using the
EDR signal estimated from the rotations around lead y(n).
Reviewing the EDR signals we found out a signal quite
different from the equivalent ones extracted from other leads.
Possibly the extraction of the respiration is giving much error
on that particular lead as result of the noise. It can be deduced
that the high relation of the ∆Te(i) with respiration is mainly
due to the respiratory influence on SLR marks.

Both in simulated and real data a strong relation between
respiratory signals and the angles of the final direction u was
found, confirming our hypothesis that ML is adapting the
search for the best lead to mark Te to the respiration-induced
changes in the EHV, canceling out the ECG morphologic
variations. Both results over simulated and real data allowed
us to conclude that the ML allows to locate Te more robustly,
avoiding the undesirable effect of the mechanically driven
respiration induced variations.

V. CONCLUSION

The results obtained in this study confirm the importance
of multi-lead delineation. From comparison between the mul-
tilead strategies in both simulated and real signals, a lower
influence of the mechanical effect of the respiration on the
Te mark location was observed with ML delineation. The
differences between the Te measures obtained with both
ML and SLR, is dominated by the mechanical influence of
respiration on the SLR mark. In addition, we found out that
the selected direction of projection u in the ML system follows
the changes of the cardiac electrical axis caused by respiration,
compensating their effect on the Te mark. Thus the increased
stability in the Te mark in ML system with respect to SLR
can be explained by a reduction of the variability associated
to the mechanical effect of respiration on the delineation. This
results lead us to state that for for QT variability analysis, in
cardiac risk stratification or drug safety studies, it is highly
advisable to use ML delineation strategies.

APPENDIX
ACRONYMS AND NOTATION

• ANS: Autonomic nervous system
• EDR: ECG-derived respiratory signal
• EHV: Electric heart vector
• ML: Multi lead delineation system
• SL: Single lead delineation system
• SLR: Post processing rules after the SL based delineation
• VCG: Vectorcardiogram
• WT: Wavelet Transform
• Cr,Es

M
: Average value in a respiratory frequency centered win-

dow of the spectral coherence of respiratory signal with Es
M(n)

• Cr,∠s
ρ

: Average value in a respiratory frequency centered win-
dow of the spectral coherence between the respiratory signal
and the ∠

s
ρ(i)

• es
M(i): Delineation error for the ith beat by automatic delineation

using M ∈ {SL, SLR, ML} approach over the clean ECG (s ∈
{c}), ECG with respiration affected (s ∈ {r}), and ECG with
noise contamination (s ∈ {v})

• RT M
e : Time interval measured from the R peak obtained with

SLR to Te obtained with each delineation approach M ∈
{SLR, ML}

• Rs
ξ|r : Relative fraction of Es

M(i) HF variability explained by the
respiration, where s ∈ {r, v} stands for ECG with respiration
simulated effect and with noise contamination, respectively

• r(n): Respiratory signal
• Te: T wave end
• T ref

e (i): Reference Te location for the ith beat
• u: The main direction of EHV variations
• T M,s

e (i): Te mark for the ith beat obtained by automatic delin-
eation using M ∈ {SL, SLR, ML} approach over the clean ECG
(s ∈ {c}), ECG with respiration simulated effect (s ∈ {r}), or
ECG with noise contamination (s ∈ {v})

• ws,m(n): WT of a signal s(n) in the scale m
• wm(n): WT loop in the scale m
• Es

M(i): Additional error for the ith beat due to respiration or
noise (s ∈ {r, v}) with respect to the automatic location over
the clean signal T M,c

e (i)
• ∠

s
ρ(i): Angles of u for the ith with respect to the plane defined

by each pair of orthogonal leads ρ ∈ {(x, y), (y, z), (x, z)},
s ∈ {r, v} ∠

s
ρ(n)

• ∆Te(i): Differences between the automatic Te location on beat
i obtained using ML and SLR delineation approaches

• ϕx(i), ϕy(i) and ϕz(i): series of rotation angles around each
orthogonal lead estimated with the EDR algorithm.
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(CASEIB 2009). Noviembre 18-20, 2009 Cádiz, España.

[18] J. P. Martı́nez, R. Almeida, S. Olmos, A. P. Rocha and P. Laguna
”Wavelet-based ECG delineator: evaluation on standard databases.” IEEE
Trans. Biomed. Eng., vol 51, 2004, pp 570-81.

[19] R. Almeida, J. P. Martı́nez,A. P. Rocha and P. Laguna. ”Multilead ECG
delineation using spatially projected leads from wavelet transform loops.”
IEEE Trans. Biomed. Eng., vol 56, no 8, 2009, pp 1996-2005.

[20] The CSE Working Party, 1985. ”Recommendations for measurement
standards in quantitative electrocardiography.” Eur. Heart J. 6, 815-825.
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