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Abstract— Body position changes (BPC), which are often
manifested in the ECG as shifts in the electrical axis of the
heart, result in ST changes, and thus, may be misclassified
as ischemic events during ambulatory monitoring. We have
developed a BPC detector by modeling shifts as changes in the
Karhunen-Loève transform coefficients of the QRS complex and
the ST-T waveform. The noise is assumed to have a Laplacian
distribution. A generalized likelihood ratio test has been chosen
as the strategy to detect BPCs. Two different databases have
been used to assess detection performance. The obtained results
were 93%/99% in terms of sensitivity/positive predictivity value
(S/+PV) and a false alarm rate of 2 events/hour. The re-
sults clearly outperform current techniques (S/+PV: 85%/99%)
based on the Gaussian noise assumption.

I. INTRODUCTION

Electrocardiographic variations due to body position
changes (BPCs) are problematic in ambulatory recordings
and during ST monitoring. Rotation of the heart relative to
the electrode location of the electrocardiogram (ECG) when
a patient turns from one side to another has been reported
to cause ST-segment shifts, triggering false ischemic alarms
with continuous ST-segment monitoring [1]. In this work, we
have implemented a BPC detector for use in ST monitoring
to cancel false positives in ischemia detection.

BPCs produce significant changes in the ECG signal,
especially in the QRS complex and the ST-T waveform [2].
In order to track such morphological changes, BPC detectors
may be based on the Karhunen-Loève transform (KLT), in
which most of the signal information, in terms of energy, is
concentrated to a few coefficients. BPCs are manifested as
step-like changes in the KLT coefficient series of the QRS
and ST-T complexes [3].

In this study, the KLT of the QRS complex and the ST-T
waveform are used to develop a BPC detector based on the
generalized likelihood ratio test (GLRT).

II. METHODS

A. GLRT based detector

The GLRT-based detection strategy consists of the follow-
ing stages:
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1) Preprocessing Stage:

• ECG baseline wander attenuation using cubic splines.
• Synthesis of vectorcardiographic (VCG) leads obtained

from the 12-lead ECG, using the inverse Dower matrix.
• QRS fiducial point detection [4].
• Rejection of beats with low signal-to-noise ratio (SNR),

estimated as the ratio between peak-to-peak QRS am-
plitude and the RMS value of the high-frequency noise
(above 25 Hz), differing more than 20 dB from the
exponentially averaged SNR. The forgetting factor of
the exponential averaging is set to 0.02.

• Rejection of beats with differences in mean isoelectric
level with respect to adjacent beats exceeding 400 µV .

• QRS and ST-T segmentation is done by selecting fixed
length windows of 130 and 600 ms, respectively. The
QRS complex time window is centered around the
fiducial point. The ST-T complex time window starts
from a heart rate related sample reference. Short ST-T
waveforms are extended up to 600 ms by appending
zeros.

2) KLT coefficient series: The beat-to-beat dynamic evo-
lution of the signal is characterized by the study of the
coefficient time series evolution. We have used a set of
KLT basis for the QRS complex and the ST-T waveform
derived from more than 200000 preprocessed and selected
waveforms as described in [5].

The four most important coefficient series for each inter-
val were derived by projecting each segmented QRS/ST-T
complex over the the first four KLT QRS/ST-T basis. They
are referred to as αlk, where l denotes lead and k KLT order.

Distance functions, denoted ϕQRS
l and ϕSTT

l , are derived for
each lead l. These functions are basically the distance series
between each KLT coefficient series and a mean reference
value (αlk[r]) estimated using the first 20 samples of the
series.

ϕl[n] =

(
4∑
k=1

(
αlk[n]− αlk[r]

)2)1/2

, l ∈ {X,Y, Z} (1)

where αlk[n] is the k-th order coefficient of beat n estimated
from the lth lead.

3) GLRT-based Detector Stage: Step-like changes in the
KLT coefficient series have been observed when postural
changes occur. This observation is translated to a detection
problem where a step-like pattern is searched for in the
observation window, and then a sliding window approach
will be used in the whole recording.
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The distance function ϕl[n], computed for lead l, is
considered for determining whether a BPC has occurred
(hypothesis H1) or only noise is present (hypothesis H0).
The onset of the observation interval occurs at the sliding
time instant n = n0. A BPC is characterized by the scaled
unitary step-like signature s[n] which is disturbed by an
additive, Laplacian signal (noise) wl[n] with mean value ml.
This ml can be interpreted as the DC level of ϕl[n] within
the observation window. The signal model is summarized as
follows:

H0 : ϕl[n] =wl[n] n = n0, ..., n0 +D − 1

H1 : ϕl[n] =al · s[n− n0] + wl[n] n = n0, ..., n0 +D − 1 (2)

where l = 1, ..., L represents the lead where ϕl[n] is com-
puted, al is the scaling factor of the unitary step-like function
s[n] and D represents the length of the observation window.
ϕ = [ϕ1 ϕ2 ... ϕL]

T is a L × D matrix and represents
information related to each of the orthogonal leads.

The signal s[n] is modeled as a step-like change:

s[n] =

{
1 if n = 0, ..., D

2
− 1

−1 if n = D
2
, ..., D − 1

(3)

where the length of s[n] is an even-valued integer D. A BPC
is manifested in ϕl[n] by either a positive or negative shift,
with equal probability. Therefore, the scaling factor of the
transition, al, is positive for a negative shift and negative for
for a negative one. The absolute value of al represents half
of the shift due to the BPC.

The additive noise wl is supposed to be Laplacian with
mean ml and variance σ2. All variables are assumed to be
mutually independent and uncorrelated to the observation
signal ϕl[n].

By using the Laplacian distribution, the generalized like-
lihood ratio test (GLRT) rejects H0 if:

ΛG(ϕ) =
p(ϕ; âl,H1

, m̂l,H1
,H1)

p(ϕ; m̂l,H0
,H0)

=

exp

−√ 2
σ2

L∑
l=1

n0+D−1∑
n=n0

∣∣ϕl[n]−m̂l,H1
−âl,H1

s[n− n0]
∣∣

exp

−√ 2
σ2

L∑
l=1

n0+D−1∑
n=n0

∣∣ϕl[n]− m̂l,H0

∣∣ > γ (4)

where âl,Hi and m̂l,Hi denote their MLE under the hy-
pothesis Hi. The unknown m̂l,Hi is regarded as nuisance
parameter.

Calculation of the MLE of ml,H0
:

m̂l,H0
= med(ϕl[n0], ..., ϕl[n0 +D − 1]) (5)

Calculation of the MLE of ml,H1 and al,H1 :
The MLE of ml,H1

and al,H1
under H1 are obtained by

minimizing the cost function J(ml,H1
, al,H1

):

J(ml,H1
, al,H1

) =

n0+D−1∑
n=n0

|ϕl[n]−ml,H1
− al,H1

· s[n− n0]| (6)

To do so, both ∂J
∂ml,H1

and ∂J
∂al,H1

should be set to zero:
For ml,H1 :

∂J

∂ml,H1

= −
n0+D−1∑
n=n0

sgn(ϕl[n]−ml,H1
− al,H1

· s[n− n0]) (7)

and this is set to zero when:

m̂l,H1
= med(ϕl[n]−al,H1

·s[n−n0]) for n = n0, ..., n0+D−1 (8)

The signal (ϕl[n]− al,H1
· s[n− n0]) represents, under H1,

the Laplacian random signal wl[n], which is centered at ml

(see PDF in Fig. 1(a) and eq. (2)).
The PDF of ϕl[n] can be interpreted under H1 as two

sub-PDFs: the wl one shifted +al and the same shifted −al.
Then, we can see the PDF of ϕl[n] − al,H1 s[n − n0] as
the PDF of the signal ϕl[n] shifted +al,H1 and −al,H1 , see
Fig. 1. Therefore, the median value of ϕl[n] − al,H1

s[n −
n0] could be replaced by the median value of ϕl[n], which
would not require any knowledge of al. This replacement
to estimate ml from Fig. 1(b) suffers from the fact that the
PDF of the signal ϕl[n] has few data which cause a big
uncertainty. Therefore, m̂l,H1

= med(ϕl[n]) will be used as
an initial estimate, and will then be iterated (see below).
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median value of ϕl[n] − al,H1 ∙ s[n − n0] could be replaced by the median value
of ϕl[n], which would not require any knowledge of al. This replacement suffers
from the fact that at ml estimated as in Fig. 3.3(b), the signal ϕl[n] has few data
which will cause a big uncertainty in the estimation of med(ϕl[n]− al,H1 ∙ s[n−n0]).
m̂l,H1 = med(ϕl[n]) will be used as an initial estimate, and then iterate (see below).
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(a) PDF of the signal ϕl[n]− al,H1 ∙ s[n− n0]
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Figure 3.3: (a) PDF of ϕl[n]− al,H1 ∙ s[n− n0]. (b) PDF of the signal ϕl[n].

For al,H1

∂J

∂al,H1
=−

n0+D−1∑

n=n0

s[n− n0] ∙ sgn(ϕl[n]−ml,H1 − al,H1 ∙ s[n− n0]) =

=
using(3.5)

−
n0+D/2−1∑

n=n0

1 ∙ sgn(ϕl[n]−ml,H1 − al,H1)−

−
n0+D−1∑

n=n0+D/2

−1 ∙ sgn(ϕl[n]−ml,H1 + al,H1) (3.18)

Fig. 1. (a) PDF of ϕl[n]−al,H1
·s[n−n0]. (b) PDF of the signal ϕl[n].

For al,H1
:

∂J

∂al,H1

=−
n0+D−1∑
n=n0

s[n− n0]sgn(ϕl[n]−ml,H1
−al,H1

s[n−n0]) =

=
using(3)

−
n0+D/2−1∑
n=n0

sgn(ϕl[n]−ml,H1
− al,H1

)−

n0+D−1∑
n=n0+D/2

−1 · sgn(ϕl[n]−ml,H1
+ al,H1

) (9)

If we replace ϕ̃l[n− n0] = ϕl[n]−ml,H1 :

∂J

∂al,H1

=

= −
n0+D/2−1∑
n=n0

sgn(ϕ̃l[n]− al,H1
)−

n0+D−1∑
n=n0+D/2

−sgn(ϕ̃l[n] + al,H1
)

= −
n0+D/2−1∑
n=n0

sgn(ϕ̃l[n]− al,H1
)−

n0+D−1∑
n=n0+D/2

sgn(−ϕ̃l[n]− al,H1
)

= −
n0+D−1∑
n=n0

sgn(ϕ̃l[n] · s[n− n0]− al,H1
) (10)
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Thus, the MLE of al,H1
is:

âl,H1
=med(

(
ϕl[n]−ml,H1

)s[n− n0]
)

n=n0, .., n0+D−1 (11)

Note that both m̂l,H1 and âl,H1 have to be estimated
jointly, using alternating optimization. A proper initial es-
timate for ml,H1

has been shown in Fig. 1 to be the median
of ϕl[n]. This is then included in (11) to estimate âl,H1

,
which is included (8) and so on until convergence. They all
converge, most of them in less than 10 iterations.

4) GLRT detector T(ϕl): Once m̂l,H0
, m̂l,H1

and âl,H1

have been obtained, logarithms of both sides in the equation
(4) are taken, resulting in:

ln ΛG(ϕl) =

−
√

2

σ2

n0+D−1∑
n=n0

(∣∣ϕl[n]−m̂l,H1
−âl,H1

s[n−n0]
∣∣−∣∣ϕl[n]−m̂l,H0

∣∣) (12)

Thus, the detector becomes:

T(ϕl)=

n0+D−1∑
n=n0

(∣∣ϕl[n]−m̂l,H0

∣∣− ∣∣ϕl[n]− m̂l,H1
− âl,H1

s[n− n0]
∣∣)

T(ϕl) =
H1

≷
H0

√
σ2

2
ln(γ) (13)

As σ is assumed to be constant,
√

σ2

2 lnγ is comprised in a
new threshold γ′.

The GLRT-based detector is applied to each of the six
distance functions ϕQRS

l [n] and ϕSTT
l [n], where l=[X, Y, Z],

normalized by the square root of the mean energy of the
complex in each lead, obtained from the first 50 beats of
the recording. The obtained detection outputs (see Fig. 2),
T(ϕQRS

l [n]) and T(ϕSTT
l [n]) are combined as described in the

following equation:

T[n] =

3∑
l=1

(λQRS · T(ϕQRS
l [n]) + λSTT · T(ϕSTT

l [n]) (14)

where λQRS and λSTT represent the weights of the QRS and
STT detection outputs.

Although the largest changes during BPCs are usually
related to the QRS complex it is also desirable to also account
for changes in the ST-T waveform. Therefore, the weights
λQRS = 0.8 and λSTT = 0.2 were selected [3].

In order to handle the detection of several BPCs, the
detector T(ϕ) repeats the GLRT in successive, overlapping
intervals of length D, i.e a sliding window, until the entire
signal has been processed. The corresponding length of s[n],
D, is set to 44 samples which correspond to 44 s since all
the distance functions are sampled to 1 Hz.

5) Decision Stage: We apply a fixed threshold set to 0.55,
to the combined output T [n], and thus, both the beginning
and the end of a single BPC may be detected as two separate
events. In case there are more than one peak detected, we
choose the first one in the interval which is the maximum
within a window of 40.

Stable intervals in the KLT coefficient series before and
after a BPC are also produced, causing flat intervals in the
detector output. Then, BPCs with widths that exceed 55 s
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Figure 3.8: Step function s[n] used in the GLRT-based detector with D=44 s.
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Figure 3.9: Example of the output of the detector.

In case that between the beginning and the end, there are more than one peak, we choose
the first one in the interval which is the maximum within a window of 40 seconds.

Besides, a BPC is characterized by a sudden change, which produce a peak in the
GLRT-based detector applied to the KLT coefficient series and flat intervals before and
after the BPC, which produce flat intervals near to zero because the GLRT detector in
those intervals estimate a = 0 under H1, and then the output is zero. In order to force
those flat intervals, BPCs with widths that exceed 55 s and widths at one quarter of the
maximum height between 19 and 39 seconds are excluded.

Some rules are included in the decision algorithm such as a refractory period which dis-

Fig. 2. Example of the output of the detector.

and widths at one quarter of the maximum height between
19 and 39 are excluded to force such stable intervals.

A refractory period which excludes detections within a
time interval of 10 s following the most recent detection is
included in the decision algorithm.

6) Noise Stage: An extra stage is considered after
analysing the results, to be added to the detection scheme.
The idea consists of making use of the information contained
in the noisy beats which are rejected from the study and the
SNR estimated in the preprocessing stage, due to the fact
that all recordings of the BPC database present a very low
SNR during a BPC as exemplified in Fig. 3.
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qualifies detections made within a small time interval following the most recent detection.
The time interval is chosen as typically 10 s.

Noise Stage

Performance in the BPC database results to be very good (see section §3.3.1), while
the proposed detector does not work well in the STAFF III database, due to the large
number of false positives. Therefore, an extra stage is considered after analysing the
results, to be added to the detection scheme (Fig. 3.5). The idea consists of making use
of the information contained in the noisy beats which are rejected from the study and the
SNR estimated in the preprocessing stage, due to the fact that all recordings of the BPC
database present a very low SNR just during each BPC as shows Fig. 3.10.
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Figure 3.10: Example of the SNRs calculated in the fXQRS.

As it was shown and used in [41, 60], a BPC episode implies a few noisy beats around
its position (a noisy beat is a low SNR beat or a beat with high baseline wandering as
defined in the preprocessing). Noisy beats information does not improve detection, but do
help in rejecting false BPC detections, and then decreasing the false alarm rate, defined
as the number of false BPCs per hour. The noisy stage includes two rules for each BPC
detection: four noisy beats should be present in the surrounding 20 beats interval and a
minimum average SNR value between 20 and 80 should be reached, to be considered as a
BPC event.

Fig. 3. Example of the SNRs calculated in the ϕQRS
X .

B. Reference Material

The evaluation of the GLRT-based BPC detector is per-
formed in two databases with respect to the following
aspects: first, the ability of the system to detect BPCs, and
second, the false alarm rate of BPCs in ischemic episodes.
In both databases the standard 12-lead ECG was recorded
with a sampling rate of 1 kHz and an amplitude resolution
of 0.6 µV. Both were used for training and testing.

1) Healthy subjects: BPC database: The performance of
the BPC detector is studied on an ECG database consisting
of 20 subjects (11 males/9 females, 32±9 years old). The
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BPC database was recorded following the protocol: supine-
to-right side, supine-to-left side and so on. The complete
sequence was repeated five times with a duration of 1 min
per BPC in order to give more reliable statistical results [3],
[6].

2) Subjects undergoing PCI: STAFF III database: The
second database contains severe induced ischemic events
[7]. The study group consisted of 83 patients undergoing
a percutaneous coronary intervention (PCI), where a balloon
is inflated, blocking the artery in one of the major coronary
arteries. A control ECG recorded prior to the procedure, and
the angioplasty ECG were considered for each patient, and
denoted with (c) and (a), respectively. It is assumed that no
BPCs occurred during the recording of this data.

III. RESULTS
The performance of the proposed detector is assessed

in terms of sensitivity (S) and positive predictivity value
(+PV ) with average statistics (av), that assigns the same
weight to each recording, for the BPC database. For the
STAFF-III database, where it is assumed that there are
no BPCs, performance is assessed in terms of the false
alarm rate defined as the number of false BPCs per hour.
Performance of the GLRT-based detector assuming Laplacian
noise is compared to the performance of a reimplementation
of the GLRT detector assuming Gaussian noise [3], [6]. Also,
the performance obtained in [3], [6], which used different ad
hoc rules is shown in Table I. In those studies, the median
absolute deviation (MAD) [8] was used for outlier rejection.
Results of these three strategies (Laplacian, Gaussian and
Gaussian with MAD) and the original implementation of
Gaussian with MAD in [3], [6], with and without the noise
rejection stage, are presented in Table I.

BPC database STAFF III database
S(av) +PV(av) RFA(c) RFA(a)

WITHOUT NOISE STAGE
Laplacian 94.2% 97.3% 13.2 ± 16.0 14.1 ± 9.2
Gaussian 83.4% 95.2% 14.2± 14.1 11.9 ± 11.1
Gaussian (with MAD) 88.9% 96.7% 13.9± 14.3 12.1 ± 10.0
Gauss (MAD) [6], [3] 89% 97% 4 ± 13 11 ± 14
WITH NOISE STAGE
Laplacian 92.6% 99.3% 2.5 ± 7.2 1.7 ± 4.0
Gaussian 82.1% 99.7% 1.9 ± 5.8 1.4 ± 4.0
Gaussian (with MAD) 85.3% 99.4% 2.2 ± 5.7 0.9 ± 2.8
Gauss (MAD) [6], [3] 90% 99% 1 ± 3 2 ± 7

TABLE I
PERFORMANCE STATISTICS FOR THE BPC DETECTORS ON THE BPC
AND STAFF III DATABASES. THE FALSE ALARM RATES RFA(a), AND

RFA(c) ARE EXPRESSED IN TERMS OF MEAN AND STANDARD DEVIATION.

The Laplacian-based detector performs very well on the
BPC database (S/+PV : 94.2%/97.3%). However, when the
detector is applied to the STAFF III database where no BPCs
are supposed to occur, the performance is reduced to about
RFA(a)=14 false alarms per hour. Some angioplasty recordings
contain sudden step changes in the KLT coefficient series,
needing the noise stage in order to remove the false BPC
detections.

The performance assuming Gaussian noise and using the
GLRT detector published in [3], [6] decreases.

As expected, when including the noise stage after the de-
tection algorithm, S decreases to 92.6% and +PV increase
in the BPC database to 99.3%. In the case of the STAFF III
database, the number of false BPCs decrease considerable to
RFA(c)=2.5 and RFA(a)=1.7 episodes per hour.

IV. DISCUSSION
Performance of the GLRT-based detector for Laplacian

noise has improved from 85% to 92.6% in sensitivity for the
same specificity, with respect to a detector which assumed
Gaussian distribution with the MAD filter presented in [6].
Results in the original implementation [6], [3] are higher
because some different ad hoc rules which were used. Now,
those have been simplified with the Laplacian detector.
However, when comparing to the original implementation,
we still obtain a 2% increase in sensitivity.

In the case of angioplasty recordings, where there is a
complete cessation of blood flow through a coronary artery,
sudden changes in the ECG are produced, and those result in
step like changes in the KLT of the QRS and STT complexes.
However, those events are not likely to come from BPCs.

The false alarm rate significantly decreased when the
noise stage was included in the detection (from 14 to 2
detections per hour). However, although the false alarm rate
in the control recordings (same subjects who underwent the
percutaneous coronary intervention) is higher than during the
PCI recordings. This could be explained because during the
control recording, subjects were awaken and some postural
changes could have taken place.

In the angioplasty recordings, the occlusion is complete
and very fast, while most of the ischemic events have a softer
transient signature in the KLT coefficient series of the QRS
and STT complexes. Then, the false alarm rate would be
lower in ambulatory recordings or in ST monitoring, which
are the targets, where ischemic events are less severe.
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