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Abstract—Goal: To evaluate suitability of respiratory
signals derived from clinical 12-lead electrocardiograms
(ECGs) and wearable 1-lead ECG to identify different respi-
ration types. Methods: ECGs were simultaneously acquired
through the M12R ECG Holter by Global Instrumentation
and the chest strap BioHarness 3.0 by Zephyr from 42
healthy subjects alternating normal breathing, breath hold-
ing, and deep breathing. Respiration signals were derived
from the ECGs through the Segmented-Beat Modulation
Method (SBMM)-based algorithm and the algorithms by Van
Gent, Charlton, Soni and Sarkar, and characterized in terms
of breathing rate and amplitude. Respiration classification
was performed through a linear support vector machine
and evaluated by F1 score. Results: Best F1 scores were
86.59%(lead V2) and 80.57%, when considering 12-lead and
1-lead ECGs, respectively, and using SBMM-based algo-
rithm. Conclusion: ECG-derived respiratory signals allow
reliable identification of different respiration types even
when acquired through wearable sensors, if associated
to appropriate processing algorithms, such as the SBMM-
based algorithm.

Index Terms—Apnea, deep breathing, normal breath-
ing, electrocardiogram-derived respiration, segmented-
beat modulation method.

Impact Statement—The Segmented-Beat Modulation
Method-based algorithm efficiently derives respiration sig-
nals from both clinical and wearable electrocardiograms,
allowing reliable classification of respiration types.

I. INTRODUCTION

B REATHING is a vital biological process, the characteriza-
tion of which is a cornerstone in many clinical applications

finalized to assess pathological conditions such as lung diseases,
acute respiratory distress syndrome, and respiratory muscles
diseases [1], [2]. Breathing can be evaluated by analyzing the
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respiration signal, which represents the air volume that moves
in or out of the lungs with time. The respiration signal is
directly acquired by spirometry and its most important features
are breathing rate (BR) and breathing amplitude (BA). BR is
defined as the number of breaths per minute and, in healthy
adults, its normal value ranges between 12 bpm and 20 bpm
[2]. BA is the volume of air that moves in and out of the
lungs with each respiratory cycle [1] and, in healthy adults,
it ranges between 300 mL and 500 mL [1], [3]. Despite BR
being considered as a primary index for breathing evaluation,
information provided by BA is also essential [4], [5], [6]. Indeed,
BR and BA reflect two different physiological mechanisms: BR
is mainly regulated by the autonomic nervous system, while BA
is specifically regulated by metabolic inputs [4], [6]; moreover,
they present an unbalanced association, being BA continuously
adjusted according to BR, but not vice versa [5], [7].

Continuous and reliable respiration monitoring is essential in
clinics (e.g., intensive care units) [8] but also in other contexts
strictly related to healthcare (e.g., in-home monitoring or
exercise monitoring) [9]. Unfortunately, direct measurement
of breathing through spirometry is still uncomfortable for the
subject (Fig. 1A). Consequently, several alternative and indirect
methodologies for acquiring the respiratory signal have been
proposed to minimize the involvement of the patient and max-
imize comfort. Among these, a commonly used methodology
is the respiratory signal derived from the electrocardiogram
(ECG), thus called ECG-derived respiration (EDR) signal [10],
[11], [12], [13]. The algorithms implementing this methodology
rely on the measurement of the ECG variations induced by
respiration, mainly baseline wanders, amplitude modulation
and heart-rate modulation (the former also called respiratory
sinus arrhythmia). Algorithms based on ECG baseline wanders
and amplitude modulation typically provide BR and an indirect
measure of BA in µV (as the ECG) whereas algorithms based on
the heart-rate modulation provide BR and an indirect measure
of BA in bpm (as the heart rate) [10], [11], [12], [13]. Since the
above-mentioned ECG variations may be more evident in some
ECG leads rather than in others, multi-lead ECG acquisitions are
usually considered. Even though multi-lead electrocardiography
is more comfortable than spirometry (Fig. 1B), the success and
widespread diffusion of the EDR methodology for monitoring
respiration will depend on the possibility of using wearable
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Fig. 1. Direct measurement of breathing through spirometry (panel A) and measurements of electrocardiogram though multi-lead electrocardiog-
raphy (panel B) and wearable sensors (panel C) for the indirect measurement of the respiration signal.

TABLE I
DEMOGRAPHIC AND HABITS DATA OF THE STUDY POPULATION

sensors (such as bands or patches), which are extremely
comfortable and subject-independent (Fig. 1C). Additionally,
EDR success will depend on its suitability to discriminate
among different types of respiration, such as normal breathing,
breath holding (simulated apnea), and deep breathing. Thus,
the double purpose of this work was: to acquire ECG data in
controlled respiratory conditions including normal breathing,
breath holding, and deep breathing; and to evaluate the
suitability of respiratory signals derived from 12-lead ECGs
obtained through an Holter ECG recorder and from 1-lead
ECGs obtained through a wearable sensor, to characterize and
discriminate the different respiration types.

II. MATERIALS AND METHODS

A. Electrocardiographic Data Acquisition

Data consisted of ECG signals simultaneously acquired
through the clinical M12R Global Instrumentation Holter
ECG recorder (http://www.globalinstrumentation.com) and
the wearable chest-strap BioHarness 3.0 by Zephyr (www.
zephyranywhere.com) from 42 healthy subjects (i.e., no known
presence of cardiorespiratory diseases at the acquisition date)
at the Cardiovascular Bioengineering Lab of the Università Po-
litecnica delle Marche, Italy. Subjects’ demographic data (sex,
age, height, weight, and body mass index) and habits (smoker
and athlete) are reported in Table I. The M12R Holter ECG
recorder provided standard 12-lead (I; II; III; aVR; aVL; aVF;
V1; V2; V3; V4; V5; V6) ECGs [14], [15] by considering
the Mason-Likar electrodes configuration [16], with a sampling
frequency of 1000 Hz and an amplitude resolution of 1 µV. The

chest-strap BioHarness 3.0 provided 1-lead ECGs [17], [18] by
positioning the sensor under the left arm (as suggested in the
user’s manual), with a sampling frequency of 250 Hz and an
amplitude resolution of 1 µV. All subjects gave their informed
consent prior to data collection and acquisitions, which were
undertaken in compliance with ethical principles of the Helsinki
Declaration and approved by the institutional expert committee.
During the ECG acquisitions, each subject was asked to follow
a protocol that included a 5-fold repetition of the following
respiratory sequence: 1 minute of normal breathing (NB), 30 s
of autonomous breath holding (BH, simulated apnea), 1 minute
of NB, and one deep breath (DB). Thus, a total of ten 1-minute
normal breathing phases, five 30-second breath-holding phases,
and 5 deep breaths were considered for each subject.

Data can be obtained by directly contacting the corresponding
author (Laura Burattini, l.burattini@univpm.it).

B. Electrocardiographic Data Pre-Processing

Each ECG recording was split into 30-second windows; only
the first 5 NB windows, the 5 BH windows, and the 5 DB win-
dows were considered for further processing. All ECG windows
(independently from the acquisition device) were resampled to
200 Hz, filtered with a bidirectional 6th-order low-pass Butter-
worth filter with 40 Hz cut-off frequency, and processed with
the ECGdeli algorithm [19] for R-peak detection.

C. Electrocardiogram-Derived Respiration Signals

EDR signal by SBMM-based algorithm: Preprocessed ECG
windows and their R-peak positions were submitted to the

http://www.globalinstrumentation.com
www.zephyranywhere.com
www.zephyranywhere.com


270 IEEE OPEN JOURNAL OF ENGINEERING IN MEDICINE AND BIOLOGY, VOL. 4, 2023

Fig. 2. Block diagram (panel A) of the segmented-beat modulation method (SBMM)-based algorithm to get for the electrocardiogram (ECG)-
derived respiration (EDR) signal, together with an illustrative example: preprocessed ECG (panel B), reconstructed ECG (panel C), R-peak
amplitudes of preprocessed ECG and reconstructed ECG in red and green, respectively (panel D); R-peak amplitudes subtraction (panel E),
interpolated R-peak amplitudes subtraction (panel F) and, EDR signal (panel G).

Segmented-Beat Modulation Method (SBMM)-based algorithm
[18], [20], [21] for respiratory signal extraction. Block dia-
gram of the SBMM-based algorithm is depicted in Fig. 2.
Briefly, SBMM (Fig. 2A) segments each cardiac cycle (CC)
in the preprocessed ECG (Fig. 2B) into a QRS segment, with
constant length, and a TUP segment, the length of which de-
pends on previous RR interval. Then, a CC template is con-
structed as the median CC, after TUP-segment modulation
(stretching/compression) to have all CCs of the same length.
Successively, the ECG is reconstructed (Fig. 2C) by tem-
plate concatenation, after TUP-segment demodulation (com-
pression/stretching) to get back the initial ECG length. By con-
struction, reconstructed ECG is no longer affected by respiration
modulation (Fig. 2C). Amplitudes of the R-peak identified on
the preprocessed ECG and reconstructed ECG (Fig. 2D) are
subtracted (Fig. 2E), interpolated using a cubic spline (Fig. 2F)
and, eventually, filtered with a bidirectional 6th-order low-pass
Butterworth filter with 1 Hz cut-off frequency to obtain the EDR
signal (Fig. 2G).

The above described SBMM-based algorithm was imple-
mented in MATLAB (R2022b).

EDR signal by other methods: The following algorithms
by Van Gent et al. (VGE) [12], Charlton et al. (CHA) [13],
Soni et al. (SON) [10] and Sarkar et al. (SAR) [11] were also
considered. These four algorithms analyze the ECG to construct
the heart-rate series, which is then filtered to get the EDR signal.

Specifically, VGE applies a 2nd-order band-pass Butterworth
filter with 0.1 Hz and 0.4 Hz cut-off frequencies; CHA applies
a 6th-order band-pass Butterworth filter with 0.06 Hz and 1 Hz
cut-off frequencies; SON applies a 6th-order low-pass Butter-
worth filter with 0.5 Hz cut-off frequency; and SAR applies a
6th-order band-pass Butterworth filter with 0.1 Hz and 0.7 Hz
cut-off frequencies.

All algorithms are implemented in the Python and available
in the NeuroKit toolbox [22].

D. Respiratory Feature Extraction and Statistics

EDR signals were characterized in terms of BR (computed
as median number of signal maxima and minima per minute)
and BA (computed as median value of signal maxima minus
minima). Normality of feature distribution was assessed by
Lilliefors’ test. Not-normal distribution were reported in terms
of 50th (median)[25th;75th] percentiles. Comparison among BR
and BA distributions corresponding to different respiration type
was performed by the Wilcoxon ranksum test for equal medians.

To evaluate the ability of BR and BA in identifying occurrence
of normal breathing, breath holding, and deep breathing, BR and
BA were used to feed a linear support vector machine (SVM)
for NB, BH, and DB classification. Classification performance
was evaluated by computing the F1 score from the confusion
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TABLE II
FEATURE DISTRIBUTION OF EDR EXTRACTED BY SBMM-BASED ALGORITHM, VGE, CHA, SON AND SAR FROM 12-LEAD ECG AND 1-LEAD ECG

REPORTED IN TERMS OF 50TH (MEDIAN)[25TH;75TH] PERCENTILES

matrix, computed as:

F1 =
2 · TC

2 · TC +MC
(1)

where TC is the number of correct classifications and MC is
the number of misclassifications. Moreover, SVM scores were
used to compute the area under the curve (AUC) of the received
operating characteristic. Statistical significance (P value) of all
statistical analyses was set at 0.05.

III. RESULTS

Distributions of BR and BA from EDR signals were found
to be not normal and are reported in Table II. When using
SBMM-based algorithm, significant differences were observed
among BR distributions of all respiration types in 5 leads (I,
II, aVF, V2, and V6) of 12-lead ECGs, and among BA distri-
butions of all respiration types in all leads of 12-lead ECGs
and in the 1-lead ECGs. Consequently, the most discriminating
feature was BA and the most difficult respiration type to be
discriminated was DB. When using VGE, significant differences
were observed among BR distributions of all respiration types
in all leads of 12-lead ECGs, and among BA distributions of

all respiration types in 9 leads (II, III, aVF, V1, V2, V3, V4,
V5 and V6) of 12-lead ECGs and in the 1-lead ECGs. Conse-
quently, the most discriminating feature was BR when analyzing
the 12-lead ECGs, and BA when analyzing the 1-lead ECGs.
The most difficult respiration type to be discriminated was NB
when analyzing the 12-lead ECGs, and DB when analyzing the
1-lead ECGs. When using CHA, significant differences were
observed among BR distributions of all respiration types in
all leads of 12-lead ECGs, and among BA distributions of all
respiration types in 2 leads (aVL and V2) of 12-lead ECGs
and in the 1-lead ECG. Consequently, the most discriminating
feature was BR when analyzing the 12-lead ECGs, and BA when
analyzing the 1-lead ECGs. The most difficult respiration type
to be discriminated was NB when analyzing the 12-lead ECGs,
and DB when analyzing the 1-lead ECGs. When using SON,
significant differences were observed among BR distributions
of all respiration types in all leads of 12-lead ECGs and in
the 1-lead ECG, and among BA distributions of all respiration
types in 2 leads (I and aVL) of 12-lead ECG and in the 1-lead
ECG. Consequently, the most discriminating feature was BR
when analyzing the 12-lead ECGs. The most difficult respiration
type to be discriminated was BH when analyzing the 12-lead
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TABLE III
F1 SCORE OF SVM CONSTRUCTED USING BREATHING RATE AND AMPLITUDE MEASURED IN EDR FROM 12-LEAD AND 1-LEAD ECGS

TABLE IV
AUC (%) OF SVM CONSTRUCTED USING BREATHING RATE AND AMPLITUDE MEASURED IN EDR FROM 12-LEAD AND 1-LEAD ECGS

ECGs. Eventually, when using SAR, significant differences were
observed among BR distributions of all respiration types in
all leads of 12-lead ECGs, and among BA distributions of all
respiration types in all leads of 12-lead ECGs and in the 1-lead
ECG. Consequently, the most discriminating feature was BA
when analyzing the 1-lead ECGs. The most difficult respiration
type to be discriminated was DB when analyzing the 1-lead
ECGs.

Values of F1 score of SVM constructed by using BR and BA
measured in the 12-lead ECGs and 1-lead ECGs are reported in
Table III. When considering EDR signals from 12-lead ECGs,
the highest F1 score among the 5 algorithms was obtained when
using SON in leads I (78.85%), II (79.66%), III (79.77%),
aVR (77.91%), aVL (77.19%) and V3 (79.43%), when using
SBMM-based algorithm in leads V1 (84.08%), V2 (86.59%), V4

(83.55%), V5 (82.02%) and V6 (84.30%), and when using CHA
in lead aVF (79.89%); thus, the overall highest F1 score over
all 12-leads was obtained when using SBMM-based algorithm
in V2 (86.59%). When considering EDR signals from 1-lead
ECGs, the highest F1 score among the 5 algorithms was obtained
when using SBMM-based algorithm (80.57%).

Values of AUC of constructed by using BR and BA measured
in the 12-lead ECGs and 1-lead ECGs are reported in Table IV.
When using SBMM-based algorithm, AUC values for NB, BH,
and DB ranged from 55.67% (aVF) to 78.22% (V1), from
72.32% (aVF) to 88.59% (V4), and from 76.08% (III) to 89.86%
(V4), respectively, over the leads of the 12-lead ECGs; instead,
they were equal to 66.66%, 85.08% and 84.42% for the 1-lead
ECGs. When using VGE, AUC values for NB, BH, and DB
ranged from 60.96% (aVL) to 64.27% (V3), from 84.00% (aVL)
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to 87.99% (II), and from 79.53% (I) to 83.32% (II), respectively,
over the leads of the 12-lead ECGs; instead, they were equal to
61.55%, 85.01% and 80.90% for the 1-lead ECGs. When using
CHA, AUC values for NB, BH, and DB ranged from 58.29%
(aVL) to 67.48% (I), from 76.24% (aVL) to 84.52% (aVF),
and from 77.45% (aVL) to 82.40% (aVF), respectively, over the
leads of the 12-lead ECGs; instead, they were equal to 61.30%,
84.48% and 79.83% for the 1-lead ECGs. When using SON,
AUC values for NB, BH, and DB ranged from 64.40% (aVL)
to 66.02% (V3), from 79.65% (aVL) to 81.92% (V4), and from
78.73% (aVL) to 80.76% (V1), respectively, over the leads of
the 12-lead ECGs; instead, they were equal to 64.40%, 82.52%
and 80.50% for the 1-lead ECGs. Eventually, when using SAR,
AUC values for NB, BH, and DB ranged from 56.58% (aVL)
to 64.66% (V4), from 80.36% (aVL) to 87.57% (V4), and from
77.53% (aVL) to 82.80% (III), respectively, over the leads of
the 12-lead ECGs; instead, they were equal to 63.07%, 87.37%
and 82.16% for the 1-lead ECGs. Generally, for all algorithms,
the most difficult respiration type to be correctly classified was
NB and the easiest one was BH.

IV. DISCUSSION

In this work, ECG data was acquired in controlled respiratory
conditions including normal breathing, breath holding (simu-
lated apnea), and deep breathing to evaluate the suitability of
ECG-derived respiratory signals to characterize and classify
the different respiration types. Two kinds of ECG recorders
were used, the clinical M12R (12 leads) Global Instrumenta-
tion Holter ECG machine and the wearable BioHarness 3.0 by
Zephyr (1 lead), in order to investigate the possibility of using
more and more comfortable devices with respect to spirome-
try. Comfortable and subject-independent devices, indeed, are
particularly desirable in several monitoring settings [18]. The
possibility to tack the respiration features by using an ECG
recording opens the possibility to continuously monitor the
respiration every time that an ECG is acquired. For example,
the standard device for cardiac monitoring, such as the cardiac
Holter, may be used for respiration monitoring and, thus, to
evaluate the respiratory stress of the patients in every moment
of the daily life activity.

Acquired electrocardiograms were processed using five dif-
ferent algorithms: our Segmented-Beat Modulation Method-
based algorithm [20], [21], based on respiration- related ECG
amplitude modulation, and the open source [22] algorithms by
Van Gent et al. [12], Charlton et al. [13], Soni et al. [10] and
Sarkar et al. [11], based on respiration-related heart-rate mod-
ulation. Indirect electrocardiogram-derived respiratory signals
were then characterized in terms of breathing rate and amplitude.
Breathing features of the 630 signal segments (210 for each res-
piration type) were used to feed a linear support vector machine
for classification of respiration types; this number is sufficient
for evaluating the power of breathing features in discriminating
respiration types (164 was the minimum number of samples for
each respiration type with a power of the test equal to 80%).
F1 score was used to evaluate overall multiclass classification
performance, whereas the area under the curve of the receiver
operating characteristic was used to evaluate the performance in
identifying a specific respiration type.

When considering 12-lead ECGs, both performance indexes
were higher in the precordial leads, and the best results were
obtained when using the Segmented Beat Modulation Method
(Tables III and IV). Thus, the precordial leads should be con-
sidered preferable for respiratory evaluations, possibly due to
their location on the thorax that makes them very affected by
amplitude modulation. Specifically, V2 seems to have the high-
est overall discrimination power (highest F1; Table III) while
V4 seems to have the highest power to discriminate specific
respiration types (highest area under the curve; Table IV). Sim-
ilar results were obtained when considering 1-lead ECGs from
the BioHarness 3.0, suggesting that simple single-lead wearable
ECG sensors may be used to monitor respiration, especially if lo-
cated on the thorax and if associated with appropriate processing
algorithms. It could be argued that some wearable devices (such
as the BioHarness 3.0 itself) integrate specific respiration sensors
and provide respiration signals that likely allow more accurate
evaluations than the respiration signals derived from the ECG
(for example, application of the linear support vector machine to
breathing rate and amplitude measured on the respiration signal
provided by the BioHarness 3.0 provided excellent F1 score
of 91.75%, and good area-under-the-curve values of 79.81%,
92.39%, and 97.04% for normal breathing, breath holding and
deep breathing, respectively). Still, in long-lasting monitoring
applications or in case of monitoring of small and fragile subjects
(e.g., premature newborns), it may be important to reduce as
much as possible hardware complexity of wearable devices,
making simple sensors that record few signals from which to
derive information of different physiological systems preferable.

The better performance of the Segmented-Beat Modulation
Method-based algorithm over the other algorithms is due to the
fact that it relies on ECG amplitude modulation rather than
of heart-rate modulation. EDR methods based on amplitude
modulation depend on electrode position and are able to better
identify differences between extracted EDR. Consequently, the
Segmented-Beat Modulation Method-based algorithm, possibly
like other algorithms relying on ECG amplitude modulation
[23], [24], provides a better estimation of breathing amplitude
(Table II), which plays an important role in the identification
of the breathing type [4], [5], [6]. This also explains why breath
holding and deep breathing, which are the respiration types with
the lowest and highest breathing amplitude, respectively, are
better identified than normal breathing, which is the respiration
type with the intermediate breathing amplitude.

Despite the promising results, this work is not free of limita-
tions. The ECG measurements were done in a healthy population
under laboratory conditions. This experimental setting was cho-
sen because this work aimed to evaluate the best 12-lead ECG
for the EDR estimation since, in real scenarios and available
open-access datasets, the ECG measurements in pathological
populations are usually performed with a reduced number of
leads [25]. Moreover, this study considered phases of breath-
holding that are different from real pathological apnea [26]. In
the case of breath holding, the respiration is silent if measured
by spirometry (no exchange of air), but a residual movement of
the chest is easily visible if the respiration is measured by a chest
strap on the rib cage [27]. This residual movement is a kind of
noise that can jeopardize the correct interpretation of respiration
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signals acquired by wearable sensors. This effect is also visible in
our analysis; indeed, breathing rate and amplitude are not equal
to zero in the breath-holding phases. Finally, considering the im-
possibility of simultaneously acquiring breathing by spirometry,
this study could not support: the evaluation of the association
between breathing amplitude and tidal volume, important for a
proper indirect estimation of tidal volume (in mL) [5]; and the
identification of the best method in terms of breathing feature
characterization, knowing that breathing features may depend on
used signal processing procedures [28]. Future studies will aim
to evaluate the performance of our method in a real pathological
scenario, by considering real cases of apnea (no breath-holding
events) and by comparing the results with data simultaneously
acquired by spirometry.

V. CONCLUSION

Respiration signals derived from electrocardiograms allow
reliable identification of normal breathing, breath holding (sim-
ulated apnea), and deep breathing, even when acquired through
wearable sensors, if these are located on the thorax and as-
sociated to appropriate processing algorithms such as the
Segmented-Beat Modulation Method-based algorithm.
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