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Abstract

An automated pulse detector during out-of-hospital car-
diac arrest (OHCA) is needed. The thoracic impedance
(TI) recorded through defibrillation pads presents an
impedance circulation component (ICC), hidden among
other components, in the form of small fluctuations cor-
related with each effective heartbeat. This study pre-
sentes a method based on the stationary wavelet trans-
form (SWT) to derive the ICC. A dataset with 456 5-s
segments, 175 pulseless electrical activity (PEA) and 281
pulse-generating rhythm (PR), with concurrent ECG and
TI signals from 49 OHCA patients was used. The SWT was
used to decompose the TI into 7 levels. The ICC was de-
rived from soft denoised d6−d7 or d7 detail coefficients for
segments with heart rate ≥93 bpm and <93 bpm, respec-
tively. Six features characterizing the amplitude and area
of the ICC and its first derivative (dICC) were calculated.
Their PEA/PR discrimination power was measured using
the area under the curve (AUC). These AUCs were com-
pared with those obtained for the same features derived
from the ICC/dICC extracted using an adaptive recursive
least-squares (RLS) algorithm. The six features showed a
mean (standard deviation) AUC of 0.91 (0.03) while RLS-
based features yielded an AUC of 0.85 (0.07). Combining
these ICC/dICC features with ECG features in a machine
learning classifier might result in a robust pulse detector.

1. Introduction

Out-of-hospital cardiac arrest (OHCA) is one of the
leading causes of death in the industralized world which
in average accounts for the death of 83.7-95.9 per 100,000
person-years [1]. A rapid recognition of cardiac arrest is
crucial for the survival of the patient as it allows for a
prompt initation of cardiopulmonary resuscitation (CPR)
and an early defibrillation which have been reported to im-

prove survival [2, 3]. Current resuscitation guidelines rec-
ommend assessing for the absence of ’normal breathing’ as
an indicator of the lack of circulation and therefore, cardiac
arrest [4]. Unfortunately, this procedure has been reported
unreliable [5] and introduces unnecessary CPR interrup-
tions that are detrimental for patient’s survival [6]. There-
fore, the incorporation of a reliable pulse detector into de-
fibrillators would contribute to a prompt and fast identi-
fication of the cardiac arrest, and would minimize CPR
interruptions to confirm absence of circulation. Further-
more, it would allow for a rapid identification of the return
of spontaneous circulation (ROSC), which would lead to
an immediate initiation of post-resuscitation care.

In essence, pulse detection in cardiac arrest consists in
discriminating between two types of organized rhythms:
pulseless electrical activity (PEA) and pulse-generating
rhythm (PR). Both rhythms present an apparently normal
ECG with QRS complexes, PR presents both normal elec-
trical and mechanical activity but PEA, unlike PR, shows
an electromechanical dissociation, the heart loses its con-
tractile function and therefore, there is no effective blood
flow. The difference between PEA and PR is not al-
ways evident in the ECG. However, most of the current
commercial defibrillators record the ECG and the thoracic
impedance (TI) signals. The latter can help discriminate
PEA and PR as it shows an impedance circulation compo-
nent (ICC) consisting in small fluctuations (<100 mΩ) cor-
related with the QRS complexes for PR, but not for PEA.
The ICC is hidden among other TI components.

The aim of this study was to develop a method to derive
the ICC out of the TI signal that maximized its PEA/PR
discrimination capability. Thus, in future work, waveform
features extracted from this ICC might be combined with
those obtained from the ECG and fed to a machine learning
classifier to develop a robust and reliable pulse detector.
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Figure 1. Examples of a PR (left) and PEA (right) segments where wavelet analysis of the TI signal was carried out. From
top to bottom, the original ECG signal (secg), the original TI signal (simp), a relevant subband of the TI (d7) for estimation
of the ICC, the ICC (sicc) and its first derivative (sdicc).

2. Materials and methods

2.1. Data materials

The data used in the study were gathered from 49
OHCA patients treated by the Tualatin Valley Fire &
Rescue (Tigard, OR, USA) using the Philips HeartStart
MRx (Philips Healthcare, MA, USA) monitor/defibrillator
in 2012. Each episode contained concurrent ECG, TI
and capnography signals resampled at a rate of 200 Hz.
Episodes were visually inspected to extract 5 s segments
presenting QRS complexes and no artifacts due to chest
compressions and ventilations. Those segments were la-
belled as PEA or PR by three expert reviewers that made a
decision based on ROSC annotations made in the field and
on the abrupt increases/decreases in the capnogram that
were an indicator of ROSC and loss of ROSC, respectively.
The dataset used in the study was composed of a total of
456 segments from which 175 corresponded to PEA and
281 to PR. Top panels of Figure 1 show the ECG and TI
signals for a PR (left) and PEA (right).

2.2. Extraction of the ICC

The ICC was extracted from the TI signal, simp(n),
through the stationary wavelet transform (SWT) which
consists in the application of a pair of low-pass, hj−1(n),
and high-pass, gj−1(n), filters to produce, at the next level
of decomposition, the approximation (aj) and detail (dj)
coefficients:

aj(n) = hj−1(n) ∗ aj−1(n) (1)
dj(n) = gj−1(n) ∗ aj−1(n) (2)

where (∗) stands for convolution, and a0(n) = simp(n).
At stage j the filters were the same as those of stage 0 but
upsampled by a 2j factor.

A Biorthogonal 4.4 mother wavelet was used to decom-
pose simp(n) into J = 7 decomposition levels which pro-
duced detail coefficients d1 − d7 and approximation co-
efficient a7. Soft denoised detail coefficients d6 − d7
(0.78-3.13 Hz band) for segments with heart rate above
93 bpm or simply d7 (0.78-1.56 Hz band) for segments
with heart rate below 93 bpm were used to synthesize the
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ICC, sicc(n), by recursively evaluating

aj−1(n) =
1

2
(g′j(n) ∗ aj(n) + h′j(n) ∗ dj(n)) (3)

from j = J, ..., 1, where g′j(n) and h′j(n) are the synthesis
filters. Bottom panels of Figure 1 show the most relevant
signals obtained through the wavelet analysis of simp.

2.3. Feature extraction

A total of 6 features were computed from sicc(n) and
its first derivative sdicc(n). The mean peak-to-trough
amplitude (MPT/MPT∗), the standard deviation (SD) of
the peak-to-trough amplitude (SDPT/SDPT∗) and mean
area (MA/MA∗) were computed from sicc(n)/sdicc(n),
respectively [7]. Features were computed following
the description provided by original authors in the ref-
erence above and the Matlab implementation used in
this study is available in https://github.com/
erik-alonso/PEA-PR-features.

2.4. Evaluation of the disciminative power
of ICC

The PEA/PR discrimination power of the extracted fea-
tures was measured in terms of area under the curve (AUC)
of the Receiver Operating Characteristic Curve analysis
and their sensitivity (SE, capacity to correctly detect PR),
specificity (SP, capacity to correctly detect PEA) and bal-
anced accuracy (BAC, mean value of SE and SP). These
metrics were compared with those obtained for the same
features derived from the sicc(n) and sdicc(n) extracted
using the adaptive extraction based on a recursive least
squares (RLS) algorithm proposed by Alonso et al. [8].

3. Results and discussion

Figure 2 shows the ROC curves for each of the 6 ex-
tracted features for our SWT-based method and for the
RLS-based method. Table 2 describes in greater detail
the discriminative power of the features extracted from our
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Figure 2. ROC curves for each of the extracted features for our method (SWT) and for the RLS-based method (RLS).
From left to right, top panels correspond to features MPT, SDPT and MA extracted from sicc while bottom panels shows
the ROC curves for features MPT∗, SDPT∗ and MA∗ extracted from sdicc.
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Table 1. Discriminative power of the features extracted
though the SWT-based method and via RLS-based method
in terms of AUC, SE, SP and BAC.

Feature AUC SE(%) SP(%) BAC(%)

MPT
SWT 0.91 84.3 84.0 84.2
RLS 0.88 90.4 75.4 82.9

SDPT
SWT 0.86 89.7 69.1 79.4
RLS 0.74 70.8 70.3 70.6

MA
SWT 0.92 90.7 80.6 85.7
RLS 0.87 95.4 69.7 82.5

MPT∗ SWT 0.93 93.2 82.3 87.8
RLS 0.92 96.1 78.3 87.2

SDPT∗ SWT 0.89 89.0 76.0 82.5
RLS 0.80 81.9 67.4 74.6

MA∗ SWT 0.94 89.0 88.6 88.8
RLS 0.92 95.0 80.6 87.8

method and from the RLS-based method. The mean (SD)
AUC presented by the set of features was 0.91 (0.03) and
0.85 (0.07) for the SWT-based and the RLS-based meth-
ods, respectively. Features extracted by our method also
showed greater capability to discriminate between PEA
and PR compared to those extracted by the RLS-based
method. In average, SWT-based features presented a
BAC 4-points above that obtained by RLS-based features,
a mean (SD) BAC of 84.7 (3.5) and 80.9 (6.9), respec-
tively. Every feature extracted through our method pre-
sented greater discriminative power than that obtained by
its analogous using the RLS method.

4. Conclusions

This study proposes a new method based on the SWT to
extract the ICC from the TI signal. The goodness of the
method was evaluated in terms of the PEA/PR discrimi-
nation capability of 6 well-known features extracted from
the ICC and its first derivative. These features showed
great discriminative power that was above that obtained
by features extracted using an adaptive RLS solution pro-
posed in [8]. Therefore, future work should take advantage
of these promising results and combine features from the
SWT-based ICC and ECG features to improve the pulse
detection algorithms presented in the literature.
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