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Abstract
Monitoring of respiration is a central task
in clinical medicine, crucial to patient
safety. Despite the uncontroversial role of
altered respiratory frequency as an important sign of impending or manifest deterioration, reliable measurement methods
are mostly lacking outside of intensive care units and operating theaters.
Photoplethysmography targeting the central blood circulation in the sternum
could offer accurate and inexpensive monitoring of respiration. Changes in blood
flow related to the different parts of the respiratory cycle are used to identify the
respiratory pattern. The aim of this observational study was to compare photoplethysmography at the sternum to standard capnography in healthy volunteers.
Bland Altman analysis showed good agreement (bias 0.21, SD 1.6, 95% limits of
agreement 3.4 to 2.9) in respiratory rate values. Photoplethysmography provided
high-quality measurements of respiratory rate comparable to capnographic measurements. This suggests that photoplethysmography may become a precise, costeffective alternative for respiratory monitoring.
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1 | INTRODUCTION
Monitoring of respiration is a central task in clinical medicine and the capability to detect and interpret respiratory
alterations is crucial to patient safety [1–4]. Traditionally,
respiration has been monitored by manual counting of
chest movements. This is labor intensive and associated
Abbreviations: BPM, breaths per minute; ICU, intensive care unit;
PPG, photoplethysmography; RH, RespiHeart.

with a high degree of error [5–8]. Although manual counting of chest movements remains the most common
method to assess respiratory frequency, several other technical solutions are available [9–16]. For example, the use of
changes in chest wall impedance over the respiratory cycle
as detected by common ECG-leads, known as thoracic
impedance pneumography, is a common feature in basiclevel monitoring equipment [17, 18]. Impedance-based
monitoring of respiration is, however, highly sensitive to
disturbances due to body movement, and data are typically
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presented as a moving mean value over a longer period of
time, making the method prone to error and less suitable
to detect rapid change [19]. The photoplethysmographic
signal generated by peripheral pulse oximetry is also sometimes used for respiratory monitoring, but filtering of the
respiratory signal is challenging making the method similarly prone to error [18]. However, provided a stable placement of the photoplethysmography probe, the technique
per se is largely uninfluenced by movement, which makes
it attractive for use in awake and mobile patients [20–23].
Measurements on the sternum are expected to be
robust for acquiring photoplethysmographic signals,
because of the central body location. Hence, we hypothesize that respiratory rate estimated from sternal
photoplethysmography would more accurately reflect the
respiratory rate estimated by capnography.
The current gold standard for noninvasive respiratory
monitoring is capnography [24, 25], which uses the
change in carbon dioxide concentration between inhaled
and exhaled air, with the concentration being higher in
exhaled air [26, 27]. This method requires the patient to
be constantly connected to the capnograph via a special
mask or nasal cannula. The equipment for capnography
is comparatively expensive, limiting the access mostly to
operating theaters and ICUs even in high-income countries [28]. Thus, there is a clear need for an accurate, less
expensive and more mobile device for respiratory monitoring [13]. Some alternative solutions have been suggested,
such as the use of radar detectors [29], advanced software
processing of respiratory sounds [30] or camera-based solutions [31], but none of these are currently clinically available. We have previously suggested photoplethysmography,
using a wearable device 75  31 mm in size, targeting the
central blood circulation as a possible solution for accurate
and inexpensive monitoring of respiration [23]. The device
utilizes photoplethysmography in reflectance mode and
consists of four photodetectors, two near-infrared light emitting diodes (810 nm) and two red light emitting diodes
(660 nm) in a specific pattern and embedded in black colored polyurethane. The center-to-center distance between
the light emitting diodes and the photodetectors of 2022 mm facilitates monitoring of blood flow in deeper lying
vessels in the sternum, which is supplied by the internal
thoracic arteries and the anterior perforating branches of
intercostal vessels. Changes in sternal blood volume in the
due to local pressure variations during inhaling/exhaling
are used to identify the respiratory pattern [20, 32]. At the
sternum, respiration-related changes in blood flow are
noticeably stronger than at more peripheral locations [20],
thus making signal detection and filtering relatively
uncomplicated. Previously, we have shown that this
method seems to generate more reliable data on respiratory
rate than impedance-based monitoring and, the method is
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well-tolerated by emergency patients in a clinical setting
[23]. However, the specific performance of this method in
relation to the gold standard for monitoring of respiratory
frequency, that is, capnography, has not been tested. Thus,
the aim of this study was to assess the feasibility and accuracy of monitoring the respiratory rate by comparing
photoplethysmography at the sternum to standard capnography in healthy volunteers.

2 | EXPERIMENTAL SECTION
2.1 | Material and method
The study was approved by the Regional Ethical Review
Board in Linköping (permit number 2016-15-31 and
amendment 2020-00337).
The study was designed as an observational study to
assess feasibility and noninferiority of a dual wavelength
photoplethysmographic
module
(RespiHeart
AB,
Linköping, Sweden) with a standard monitoring device
(Philips IntelliVue MX450 and capnograph Philips M3015B
Microstream CO2 Module) measuring respiratory rates on
healthy subjects at an emergency department (Linköping
University Hospital, Sweden) in 2020 (August to October).
The primary outcome measure was agreement, as
determined by Bland Altman analysis, between the photoplethysmographic module, and Philips IntelliVue
MX450 equipped with capnograph Philips M3015B for
respiratory rate values.
A sample of 30 healthy volunteers (10 males, 20
females, mean age 43 ± 12 years) was recruited to monitor
respiratory patterns at various respiratory rates, and a standard informed consent procedure was followed.
Inclusion criteria were:
•Generally healthy
•Voluntary and informed participation
Exclusion criteria were:
•Unwillingness to participate or inability to provide
informed consent
•Known allergy to adhesive materials (for instance
acrylates or methacrylates; adhesives were used to attach
the device to the sternum).
All statistical analysis was performed using GraphPad
Prism version 9.1.2 for Windows, GraphPad Software,
San Diego, California USA, www.graphpad.com at an
alpha level of 0.05.

2.2 | Experimental setup
Subjects were placed in a bed at a semi upright position and
connected to the capnograph via an oral/nasal sample line
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(Smart CapnoLine™ Plus O2, Microstream® EtCO2, Philips
Medical Systems). The photoplethysmographic module was
attached to the skin of the sternum, just below the manubrium, by double adhesive tape (Stokvis Tapes Sverige AB,
Norrköping, Sweden). Any body hair was removed by gentle shaving of the skin before attachment. Subjects were
asked to breathe normally for 2 minutes and then momentarily increase their respiration rate for 2 minutes before
returning to the original rate for another 2 minutes. This
breathing routine was repeated, the second time aiming at
an even higher respiratory rate compared to the first cycle
of increased respiration. Finally, subjects were asked to
decrease the respiratory rate below their normal breathing
rate for 2 minutes, followed by 1 minute of resting/normal
breathing rate.

2.3 | Data acquisition
Measurement data from the photoplethysmographic
module were transferred via Bluetooth to a PC with a
sampling rate of 100 Hz. The capnograph signal from the
MX450 and M3015B was transferred via Ethernet LAN at
62.5 Hz to the same PC. A specially implemented software program received and stored the two data streams
(Copyright 2017-19 John George K., xeonfusion@users.
sourceforge.net). Signals were stored in comma-separated
values files (Figure 1).

2.4 | Analysis
The signal generated by the photoplethysmographic module was analyzed in a specially designed MATLAB program (MATLAB, R1017a, Mathworks, Massachusetts,
USA) to determine the respiratory rate. For the photoplethysmographic module, the respiratory related signal
from the near-infrared channel (810 nm) were first
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separated from the pulse related signal by applying electronic filtering (Butterworth, 9th order low pass at 0.5 or
1.2 Hz). The local maxima and time for each identified
peak were determined by setting two parameters called
Window and Limit. The Window-value was based on an
estimated or actual peak frequency and was used for calculating local maxima and time point for each identified
peak (numbered blue dots in Figure 2). The Limit value
restrained the amplitude of each peak and was by default
set to 20 but could be adjusted if necessary. Once the
Window and Limit values were set, inspiration-related
photoplethysmographic signal peaks were tracked and
the time in seconds between two consecutive inspiratory
signal peaks was determined. This information was used
to determine the respiratory rate in breaths per minute
for each breath and for all 15 breathing intervals in each
subject.
The photoplethysmographic signal was resampled
from 100 to 62.5 Hz to allow direct comparison. The signal from the capnograph was naturally inverted to the
plethysmographic signal, with the capnograph showing
peak signal intensity at expiration as compared to inspiration for the plethysmographic signal. Thus, the
capnograph signal was inverted before the MATLAB program described above was used to track the peaks (numbered blue dots in Figure 2B). To determine a full breath,
a limit was set where peaks were disregarded if the CO2
concentration was less than half of the subjects maximal
CO2 concentration.
Both the photoplethysmographic and capnograph signals were manually checked for number of peaks per
minute to verify that the software had made correct calculations. The automatic peak detection failed on several
occasions during periods of increased respiratory rate to
correctly detect all peaks in the photoplethysmographic
signal. The low pass filter value was then changed from
0.5 to 1.2 Hz and a new calculation of local maxima and
time between peaks was performed.

Flow chart describing the analysis process of the photoplethysmographic (RH) and Philips M3015B capnograph signals
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F I G U R E 2 (A) The respiratory peaks (numbered dots) in the photoplethysmographic signal are detected by a program in MATLAB.
(B) After inversion of the capnograph signal variations in carbon dioxide concentration are determined in a similar way. Both figures show
respiratory patterns from the same subject during increased inspiratory and expiratory effort

3 | R ES U L T S A N D D I S C U S S I O N
3.1 | Results
Of the originally 30 subjects, data from 4 subjects were
excluded from the final analysis due to data loss caused
by technical problems, and in 9 of the remaining subjects,
parts of the data were lost or excluded from analysis. For
further details on data loss, see Table 1.
As determined by Bland Altman analysis (Figure 3),
there was good agreement (bias 0.21, SD 1.6, 95% limits

of agreement 3.4 to 2.9) in respiratory rate values
derived from the photoplethysmographic module and
from capnography by Philips M3015B.
An initial graph of the average number of respiratory
rates over 60 seconds at all 15 breathing intervals and in all
subjects, indicated a strong agreement between the two
methods (Figure 4) The correlation and linear regression
analysis of the data showed a r2 value of 0.96, 95%
CI = 0.93-0.97. The P-value for the overall slope being zero
(no relationship) was below 0.0001 (Figure 5). The regression equation was expressed as: y = 0.95  X + 0.48.
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Data not included in the final analysis

Excluded data
Subject

Cause

4

No data due to data recording software
error

5

No data due to data recording software
error

13

Large variations in CO2, talking

15

No capnograph data due to technical
problems

Partially excluded data

Subject

Timepoint
(s)

Cause

1

450-570

Hyperventilation

3

840-900

No CO2 readings

11

600-840

Large variations in capnograph RR

18

120-180,
720-840

Large variations in capnograph RR

20

0-60

Delayed CO2 response

27

0-60

Missing RH data

28

0-60

Missing capnograph data

29

0-60, 480540

Missing capnograph data,
Hyperventilation

30

780-900

Large variation in capnograph RR

F I G U R E 4 Mean respiratory rate (RR), over 60 seconds, as
measured by the photoplethysmographic module (black) and
Philips M3015B capnograph (red) in 26 healthy volunteers. Error
bars represent standard error of the mean (SEM)

F I G U R E 5 The regression line for photoplethysmographic and
capnograph measurements of respiratory rate. Regression equation
is expressed as: y = 0.95  X + 0.48. Regression line has a slope of
0.95 (0.93 to 0.97) and an intercept of 0.48 (0.15 to 0.81).
Correlation coefficient between the two methods is r = 0.96, 95%
CI = 0.93-0.96, nonsignificantly nonzero slope P < .0001

3.2 | Discussion

F I G U R E 3 Bland Altman plot showing the respiratory rate
measured by the photoplethysmographic module and Philips
M3015B capnograph vs. the mean of the two measurements. The
bias of 0.21 units (SD 1.6) is represented by the gap between the
X axis, corresponding to a zero difference, and the parallel gray line
to the X axis. Solid gray line represents the regression line and
dotted gray lines represent CI limits. Black dotted lines represent
limits of agreement from 1.96 to +1.96 s ( 3.4 to 2.9)

In this paper, we showed good agreement between
photoplethysmography on the sternum and standard capnography in determining respiratory frequency, indicating
that photoplethysmography may play a role as an inexpensive alternative to standard capnography, especially in settings where capnography is not currently readily available.
This is important because an abnormal respiratory
rate is known to be an early and sensitive predictor of
clinical deterioration and adverse events such as cardiac
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arrest and admission to an ICU [1, 2, 4, 5, 33, 34]. Despite
the uncontroversial role of altered respiratory frequency
as an important sign of impending or manifest deterioration, reliable measurement methods are mostly lacking
outside of ICUs and operating theaters, where capnography is typically available. Development of accurate
and inexpensive respiratory monitoring, which can be
widely implemented, is therefore important to improve
basic quality of care [20]. By implication, more widespread access to high-quality respiratory monitoring will
also be important to further improve prognostic models
building on vital sign analysis.
Since capnography is currently a limited asset even in
well-funded healthcare systems, the proposed method
potentially expands the scope for reliable respiratory
monitoring also to low- and middle-income settings, as
well as to arenas where this type of high-fidelity monitoring has not previously been in use. Thus, it will be relatively
uncomplicated to implement a photoplethysmographic
method in devices with different form factors and physical
properties, such as wireless or cable-based signal transfer,
battery or wire-based power supply, as well as in the form of
a disposable patch. The reason for this adaptability is the
large variations in sternal blood flow caused by the intrathoracic pressure changes over the respiratory cycle, which
facilitates the acquisition of a strong signal and makes the
signal processing comparatively uncomplicated. Furthermore, the pressure changes are relatively unaffected by body
position, movement and other typical sources of error which
are known to negatively affect the precision of other
methods such as impedance pneumography [19]. Interestingly, this limitation is also present in many other alternative methods for respiratory monitoring which have been
recently proposed. Thus, both radar- and camera-based
methods are dependent on a relatively constant body-position of the subject in relation to the detector, which means
they will mainly work in a prone patient who is either
sleeping or sedated. An incidental finding, which highlights
the fact that even capnography has some limitations even
under normal circumstances was that the capnograph, in
some instances, could not distinguish between CO2 alterations resulting from normal speech and respiration, which
was the reason for the exclusion of one subject (see Table 1).
This is not widely known as a limitation of capnography,
presumably since it is mainly used in anesthesia and critical
care, where patients are often sedated. However, normal
speech does not seem to be as challenging to
photoplethysmography, since the intra-thoracic pressure
changes due to normal vocalization will mostly be more limited than for a full breath. Although this was not the specific
purpose of the present study, this finding should warrant
further investigation of the limitations of capnography.
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In summary, the proposed method could potentially
reduce or eliminate several well-known problems associated with current methods for respiratory monitoring
while retaining the precision gained by measuring the
direct physical effects of the respiratory work [21, 23, 35].
Since the proposed method allows the attachment of both
signal emitters and photodetectors directly to the patient,
photoplethysmography on the sternum should be especially well suited to measure respiratory frequency in
ambulatory conditions and freely moving patients, which
will most likely be the main arena of future expansion for
respiratory monitoring.

3.3 | Limitations
Healthy subjects were used for all measurements, which
precludes generalization to patients in a clinical setting.
Based on our previous study in emergency patients, however, we know that the method per se is applicable in a
normal clinical setting.
As the study was done using healthy volunteers, we
have no data on the accuracy of the method in unconscious
subjects. Furthermore, all measurements were done with
the subjects at rest and more work is needed to determine
the feasibility and clinical significance of respiratory rate
measurements during movement. Further clinical trials are
needed to quantify the number of patients where clinical
decisions could be usefully supported by data that a
RespiHeart type sensor is able to provide.

4 | CONCLUSION
In summary, the present results show that photoplethysmography on the sternum provides measurements of
respiratory rate comparable to capnography. This suggests that photoplethysmography on the sternum may
become a precise, cost-effective alternative to capnography expanding the scope of respiratory monitoring
to new arenas.
ACKNOWLEDGMENTS
RespiHeart modules were kindly supplied by RespiHeart
AB, Linköping, Sweden. The authors would like to
extend their gratitude to Per Trossmark, Lars-Göran
Lindberg, Birgitta Ölwegård and John Österberg for their
help with the data analysis.
CONFLICT OF INTEREST
The authors declare no financial or commercial conflict
of interest.

HENRICSON ET AL.

7 of 7

A U T H O R C ON T R I B U T I O NS
Joakim Henricson was involved in, investigation, writing—
original draft, project management. Joakim Glasin and
Sandra Rindebratt were involved in review and editing.
Daniel Wilhelms was involved in funding, conceptualization, writing—original draft.
DATA AVAILABILITY STATEMENT
The data that support the findings of this study are available from the corresponding author upon reasonable
request.
ORCID
Joakim Henricson
9438

https://orcid.org/0000-0001-5281-

R EF E RE N C E S
[1] J. F. Fieselmann, M. S. Hendryx, C. M. Helms, D. S.
Wakefield, J. Gen. Intern. Med. 1993, 8, 354.
[2] D. R. Goldhill, A. F. McNarry, G. Mandersloot, A. McGinley,
Anaesthesia 2005, 60, 547.
[3] K. Mochizuki, R. Shintani, K. Mori, T. Sato, O. Sakaguchi, K.
Takeshige, K. Nitta, H. Imamura, Acute Med. Surg. 2017, 4, 172.
[4] C. P. Subbe, R. G. Davies, E. Williams, P. Rutherford, L. Gemmell,
Anaesthesia 2003, 58, 797.
[5] M. Cretikos, J. Chen, K. Hillman, R. Bellomo, S. Finfer, A. Flabouris,
Resuscitation 2007, 73, 62.
[6] M. Elliott, Int. Arch. Nurs. Health Care 2016, 2, 050.
[7] P. B. Lovett, J. M. Buchwald, K. Stürmann, P. Bijur, Ann.
Emerg. Med. 2005, 45, 68.
[8] J. Kellett, F. Sebat, Eur. J. Intern. Med. 2017, 45, 13.
[9] J. Badawy, O. K. Nguyen, C. Clark, E. A. Halm, A. N. Makam,
BMJ Qual. Saf. 2017, 26, 832.
[10] L. K. Bawua, C. Miaskowski, X. Hu, G. W. Rodway, M. M.
Pelter, Ann. Noninvas. Electrocardiol. 2021, 26, e12885.
[11] G. B. Drummond, D. Fischer, D. K. Arvind, ERJ Open Res.
2020, 6, 00023.
[12] N. Keshvani, K. Berger, A. Gupta, S. DePaola, O. K. Nguyen,
A. N. Makam, J. Hosp. Med. 2019, 14, 673.
[13] N. Marjanovic, O. Mimoz, J. Guenezan, J. Clin. Monitor. Comput. 2020, 34, 221.
[14] A. Nicolò, C. Massaroni, E. Schena, M., Sacchetti Sens. (Basel,
Switzerland) 2020, 20, 6396.
[15] E. Vanegas, R. Igual, I., Plaza Sens. (Basel, Switzerland) 2020,
20, 5446.
[16] S. Gerry, J. Birks, T. Bonnici, P. J. Watkinson, S. Kirtley, G. S.
Collins, BMJ Open. 2017, 7, e019268.

[17] L. E. Baker, D. W. Hill, Br. J. Anaesth. 1969, 41, 2.
[18] P. H. Charlton, D. A. Birrenkott, T. Bonnici, M. A. F.
Pimentel, A. E. W. Johnson, J. Alastruey, L. Tarassenko, P. J.
Watkinson, R. Beale, D. A. Clifton, IEEE Rev. Biomed. Eng.
2018, 11, 2.
[19] F. T. Wang, H. L. Chan, C. L. Wang, H. M. Jian, S. H. Lin,
Sensors (Basel, Switzerland) 2015, 15, 16372.
[20] S. S. Chreiteh, B. Belhage, K. Hoppe, J. Branebjerg, R. Haahr,
S. Duun, E. V. Thomsen, Annu. Int. Conf. IEEE Eng. Med. Biol.
Soc. 2015, 2015, 6570.
[21] S. S. Chreiteh, D. B. Saadi, B. Belhage, N. Nabipour, K. Hoppe,
E. V. Thomsen, Annu. Int. Conf. IEEE Eng. Med. Biol. Soc.
2016, 2016, 2712.
[22] S. S. Chreiteh, D. B. Saadi, B. Belhage, N. Nabipour, K. Hoppe, E. V.
Thomsen, Annu Int Conf IEEE Eng Med Biol Soc 2016, 2016, 2725.
[23] J. Glasin, J. Henricson, L. G. Lindberg, D. Wilhelms,
J. Biophoton. 2019, 12, e201800275.
[24] C. N. Brookes, J. D. Whittaker, C. Moulton, D. Dodds, EMJ
2003, 20, 326.
[25] N. Donnelly, T. Hunniford, R. Harper, A. Flynn, A. Kennedy,
D. Branagh, J. McLaughlin, Annu. Int. Conf. IEEE Eng. Med.
Biol. Soc. 2013, 2013, 6711.
[26] I. Kerslake, F. Kelly, BJA Educ. 2016, 17, 178.
[27] B. Long, A. Koyfman, M. A. Vivirito, J. Emerg. Med. 2017,
53, 829.
[28] M. S. Lipnick, P. Mavoungou, A. W. Gelb, Anaesthesia 2019,
74, 147.
[29] Y. S. Lee, P. N. Pathirana, C. L. Steinfort, T. Caelli, IEEE
J. Transl. Eng. Health Med. 2014, 2, 1800912.
[30] E. Andrès, R. Gass, A. Charloux, C. Brandt, A. Hentzler,
J. Med. Life 2018, 11, 89.
[31] C. H. Antink, S. Lyra, M. Paul, X. Yu, S. Leonhardt, Yearbook
of Medical Informatics, New York: Thieme Medical Publishers
Inc, Vol. 28 2019, p. 102.
[32] E. Näslund, L. G. Lindberg, I. Lund, L. Näslund-Koch, A. Larsson,
R. Frithiof, J. Clin. Monit. Comput. 2020, 34, 55.
[33] M. A. Cretikos, R. Bellomo, K. Hillman, J. Chen, S. Finfer, A.
Flabouris, Med. J. Aust. 2008, 188, 657.
[34] T. J. Hodgetts, G. Kenward, I. G. Vlachonikolis, S. Payne,
N. Castle, Resuscitation 2002, 54, 125.
[35] N. D. Khambete, B. H. Brown, R. H. Smallwood, Physiol. Meas.
2000, 21, 79.

How to cite this article: J. Henricson, J. Glasin,
S. Rindebratt, D. Wilhelms, J. Biophotonics 2022,
e202100270. https://doi.org/10.1002/jbio.202100270

