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Abstract—Knowledge of the pathological instabilities in
the breathing pattern can provide valuable insights into the
cardiorespiratory status of the critically-ill infant as well
as their maturation level. This paper is concerned with
the measurement of respiratory rate in premature infants.
We compare the rates estimated from the chest impedance
pneumogram, the ECG-derived respiratory rhythms, and the
PPG-derived respiratory rhythms against those measured in
the reference standard of breath detection provided by at-
tending clinical staff during 165 manual breath counts. We
demonstrate that accurate RR estimates can be produced
from all sources for RR in the 40–80 bpm (breaths per min)
range. We also conclude that the use of indirect methods
based on the ECG or the PPG poses a fundamental chal-
lenge in this population due to their poor behavior at fast
breathing rates (upward of 80 bpm).

Index Terms—Electrical impedance pneumography, elec-
trocardiogram, NICU, paediatrics, physiological monitoring,
photoplethysmogram, respiratory rate.

I. INTRODUCTION

THE neonatal intensive care unit (NICU) is an intensive
care and high-dependency unit offering specialist care for
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critically-ill or premature newborn infants. Respiratory condi-
tions are the most common reason for admission to a NICU in
both term and preterm infants [1]. Overall, it is estimated that
between 2.2% [2] to 6.7% [3] of all births are complicated by
a respiratory disorder. In fact, one study reported that, with the
exception of infants with syndromes and those with congenital
or surgical conditions, 33.3% of all neonatal admissions at >
28 weeks of gestation had respiratory disorders as their primary
reason for admission [4]. A further study estimated that 20.5%
of all neonatal admissions showed signs of respiratory distress
[5]. Evidence of increasing rates of neonatal admissions due to
respiratory disorders has also been reported [6].

The clinical signs of respiratory disorders are thus important
to recognise. Most respiratory conditions have some manifes-
tation in the respiratory signal, namely in the morphology or
frequency of this signal (i.e., the respiratory rate). Continuous
monitoring of respiratory rate (RR) in neonatal units is generally
done by electrical impedance pneumography (IP). IP is a conve-
nient method in this setting as patients are already monitored by
electrocardiography, but is prone to inaccurate readings due to a
number of factors including poor probe placement, motion arte-
fact, and physiologic events which cause thoracic movements
unrelated to breathing (such as coughing, or crying) [7], [8].
The high prevalence of noise and high false alarm rates means
that respiratory signals are still largely disregarded in neona-
tal intensive care units. There is, therefore, a pressing need to
improve the reliability of RR monitoring in these units.

In adherence to clinical care standards, preterm infants ad-
mitted to a NICU undergo continuous monitoring of heart rate
(HR) acquired using the electrocardiograph, and peripheral
blood oxygen saturation (SpO2) acquired using pulse oxime-
ters. The cardiosynchronous signals collected by such devices
– the electrocardiogram (ECG) and the photoplethysmogram
(PPG) – have been shown to exhibit amplitude and frequency
oscillations that reflect the respiratory cycle [9]–[11]. The ubiq-
uitousness of ECG and PPG monitors in neonatal units could
provide an opportunity for concurrent RR monitoring if suffi-
ciently robust signal processing methods to estimate RR from
these two signals were available.

Algorithms for the estimation of RR from the ECG and the
PPG were first reported in 1985 [10] and 1992 [12], respec-
tively. Although a considerable amount of work on this topic
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Fig. 1. Histograms of reference vital signs of the infants recruited: (a) Heart rate derived by the patient monitor from ECG, (b) respiratory rate
derived by the patient monitor from IP, and (c) SpO2 derived by the pulse oximeter. + is the data mean, the boxplot bounds the 25% and 75%
quartiles and the whiskers bound the 9% and 91% of the data. The black curve in (1 a) shows a normal fit to the data.

has since been reported, to our knowledge no study has been
published which assesses the reliability of RR estimates pro-
vided by indirect methods based on the ECG or PPG records
of spontaneously breathing neonates. As a result, the applica-
bility of their results to the monitoring of these patients faces
several limitations. The first limitation is the range of RR values
reported; as datasets consist solely of records from adults [10],
[12]–[25] or older children [26], [27], the range of RR values in
the training and test sets is concentrated in the interval from 5
to 25 bpm (breaths per min), a range much lower and narrower
than that observed in preterm and newborn infants (Fig. 1 a).
For this reason, results from these studies are not necessarily
representative of the behaviour of the methods in our patient
group. In addition, no paper evaluates the performance of their
methods against the reference standard of manual respiratory
assessments by clinical experts.

This paper is concerned with the measurement of RR in
preterm infants. We compare RR values estimated from (a)
the electrical impedance pneumogram recorded with the ECG
electrodes, (b) the ECG-derived respiratory rates, and the (c)
PPG-derived respiratory rates against those measured using the
reference standard of breath detection provided by attending
clinical staff during manual breath counts. In the case of both
ECG- and PPG-derived respiration, we consider both amplitude
and frequency modulations of the waveforms by the respiratory
cycle and fuse the estimates from all sources of modulation to
obtain a single RR estimate from each device for each time
window.

The rest of this paper is organised as follows: Section II
introduces the dataset and III the proposed methodology. The
results of RR estimation are reported in Section IV and discussed
in Section V. The main conclusions are presented in Section VI.

II. DATA COLLECTION

Data for this study was acquired during an observational study
in the NICU at the John Radcliffe Hospital (MONITOR Study -
Research Ethics Committee: 13/SC/0597). This study involved
the recruitment of 30 preterm infants of less than 37 weeks of

TABLE I
SELECTED POPULATION DEMOGRAPHICS OF THE SUBGROUP OF INFANTS

ENROLLED IN THE NICU STUDY. GESTATIONAL AGE AND WEIGHT ARE
REPORTED FOR THE FIRST DAY OF RECORDING

†WB = White-British; WA = White and Asian.

corrected postmenstrual age. Each preterm infant was recorded
for up to four consecutive days. During this period, we recorded
the physiological signals and vital sign data collected by the pa-
tient monitor as part of routine care (Fig. 1). The main focus of
this paper is on the periods of manual measurements of respira-
tion available for the last five study subjects in this dataset (PN
26–30). The main demographic characteristics of this subgroup
are reported in Table I.

A. Signal Acquisition

All conventionally-monitored signals were recorded using
an IntelliVue MX800 Revision J, 2013 patient monitor (Philips,
Amsterdam, Netherlands) and relayed to a separate workstation,
a standard PC with a 4 TB disk and 8 GB RAM under Windows 7
(using ixTrend, ixEllence GmbH, Wildau, Germany) via R-232
serial transmission.

Using the MX800 patient monitor built-in software, the in-
fant’s vital signs are derived from the raw physiological signals
collected and reported at a rate of 1 estimate per second. Baseline
values for the monitored vital signs are shown in Fig. 1. RR was
estimated from the bipolar IP signals collected at 62.5 Hz using
the set of neonatal chest electrodes provided with the monitor.
HR was estimated from the single-lead ECG signal (sampled
at 250 Hz) acquired using the same pair of electrodes and a
reference electrode placed on the infant’s abdomen, and SpO2
was estimated from the PPG signal acquired by a SET LNCS
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Fig. 2. Computation of the respiratory rate and signal quality indices. (a) As a reference for RR, we computed this quantity from the instantaneous
breath information obtained during manual respiratory measurements. (b)–(d) Respiratory rates were computed from all the collected signals. (b) A
signal quality index for IP signal (SQIIP ) was also considered. Cardiac beats were segmented from (c) ECG and (d) PPG waveforms; then, signal
quality measures (SQIEC G , SQIP P G ) and surrogate respiration signals were derived. Other quantities in the diagram are introduced later in this
paper.

Neo foot oximetry probe (Masimo Corporation, Irvine, USA)
and sampled at 125 Hz.

B. Manual Measurements

For the breath counts performed on the last five infants re-
cruited, the clinical staff were instructed to press a set key
(Spacebar) on the keyboard of the study workstation at the time
each breath was registered. Each key press was logged elec-
tronically using a custom keylogger. Each manual count cycle
consists of a train of 40 time-stamped breaths. In the event of
excessive movement by the infant or fading breathing motion
rendering individual chest excursions visually indistinguishable
over the course of an ongoing counting cycle, the current count
was aborted and a new one was restarted once the infant settled
and visible breathing movements resumed. A total of 165 valid
manual counts were available (see Appendix A).

III. DATA ANALYSIS

This section presents the signal processing methods used for
estimating RR and signal quality indices (SQIs) for the ac-
quired physiological signals. Our general approach to deriving
these quantities is shown schematically in Fig. 2. For each block
(covered in more detail in Sections III-A through III-C) we have
selected methods whose performance has been tested on anno-
tated datasets available in the public domain. These datasets,
which normally consist of physiological signals collected from
adult patients in intensive care, are often used in biomedical
research to guide the selection of appropriate method parame-
ters. This can affect the overall performance of the developed
automated methods in other patient groups with different ages
or cardiovascular health. Thus, some method parameters were
adjusted to address the unique physiology of the neonatal popu-
lation based on domain knowledge of clinical experts. Instances
where any parameters used in the authors’ original implemen-
tation were modified have been indicated in the main text.

The fast-changing respiratory rates observed in the preterm
infant mean that this vital sign can change considerably over the

course of the time interval conventionally allocated to manual
breath counts (i.e., 60 seconds). We felt that a comparison of the
RR values computed at the end of each counting cycle would fail
to capture the full dynamic range of this vital sign and convey the
false impression that this signal remains approximately constant
over such a period. Thus, in this analysis, we opted instead to
segment the periods of manual breath counts into shorter time
windows of 8 seconds and perform a comparison of the RR
computed over these 8-second windows.

A. Segmentation of Cardiac Beats

The segmentation of cardiac beats in the ECG or PPG signals
relies upon the occurrence of characteristic waveform patterns
in these time series that are synchronous with the cardiac cy-
cle (QRS complexes in the ECG and the blood-volume pulse
in the PPG). Thus, by segmenting the raw signals at fiducial
points within these repeating units, one can obtain single-beat
waveforms from:

ECG ECG beat detection was performed using the well-
known Hamilton and Tompkins algorithm [28]. The
wqrs beat detector by [29] was also implemented, given
its role (alongside the Tompkins detector) in the def-
inition of ECG signal quality index described in Sec-
tion Section III-B. Both algorithms have shown high
accuracy in previous studies using the single-channel
ECG records in the MIT-BIH Arrhythmia database [30]
(99.3% for Tompkins et al., and 99.7% for Zong et al.).
In our computation of the location of the R-peaks us-
ing the wqrs open-source QRS detector, we shortened
the refractory period used by [29] to half this value
(125 ms) to accommodate for the higher heart rates
observed in neonates (as evidenced in Fig. 1 a).

PPG Much previous work exists concerning the segmen-
tation of the PPG into arterial cardiac pulses from
reference points in this waveform [31]–[34]. We
implemented three methods available in the public
literature for beat pulse segmentation (WABP [31],
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Li et al. [33], and Karlen et al. [34]) and analysed
their results on the PPG records of a subset of 12
subjects. As an outcome of this analysis, we observed
that the three methods produced similar results on
this subset, as evidenced by the high b× b scores
between matched peak locations for all possible pair-
ings of the three methods: (b× b)W ABP ×Li = 0.95,
(b× b)W ABP ×Karlen = 0.98, (b× b)Li×Karlen = 0.96.
The statistics reported are mean b× b scores computed
over 30-second time windows with no overlap.
In the following sections, we used the PPG peak and
onset locations provided by Karlen et al.’s method for
PPG pulse segmentation, which showed marginally
faster running times on the machine used for data anal-
ysis.

B. Computation of Signal Quality Indices

The use of reliable signal quality indices (SQIs) is of funda-
mental importance as a pre-processing step to signal analysis
so that the latter is only attempted in epochs for which the
recorded signals communicate adequate representations of the
underlying physiological mechanisms. The following SQIs were
implemented:

SQIIP The metric adopted for determining the quality of IP
signals, spectral purity (Γs), was derived from the
EEG domain. Its use as a measure of signal period-
icity was first proposed by [35] in EEG studies and
later extended to other physiological signals [36] and
successfully applied to IP signals [25], [37].
Γs is a heuristic related to the Hjorth descriptors
[38] (namely the complexity descriptor H3), which
describe the spectrum of a signal in terms of its mo-
ments. The nth order spectral moment Ω̄n of a signal
is given by the integral

Ω̄n =
∫ π

−π
ΩnPw (ejΩ)dΩ (1)

where Pw (ejΩ) is the power spectrum of the
windowed signal and Ω is the angular frequency
(Ω = 2πf , with f in physical frequency units).
Γs is defined as the ratio between the squared
2nd order moment, and the product of the 0th or-
der moment (i.e., the total power) and 4th order
moment [39]:

Γs =
Ω̄2

2

Ω̄0Ω̄4
(2)

Γs is designed to reflect the bandwidth of the sig-
nal, i.e., how well the signal may be described by
a periodic signal with a single dominant frequency.
Following (2), Γs is a strictly positive quantity with
a maximum value of unity for a sinusoidal signal.
To obtain SQIIP we computed Γs over sliding win-
dows of 30 seconds with a 1-second shift between
windows. Γs was estimated using the temporal ex-
pressions of the spectral moments.

SQIECG In clinical ECG analysis, a great deal of emphasis
has been placed on the definition of SQI metrics to
reduce false alarm rates in adult intensive care units
(ICUs). With this in mind, most definitions of ECG
signal quality found in the literature have been de-
veloped for adult ICU patient data, particularly in the
work of [40]–[42]. In our analysis, in order to assess
the quality of ECG records, the SQI defined in [41]
was applied as originally implemented by the authors
with the exception of the following: (a) when assess-
ing the quality of the single-lead ECG signal bSQI
(Section 2.1.1, Eq.(1) in [41]), a shorter tolerance
interval ξ = 50 ms was adopted for computing the
ratio of beats detected synchronously by both QRS
detection algorithms, and (b) as a single ECG lead
was available, the multiple lead iSQI (Section 2.1.2,
Eq.(2) in [41]) was set to iSQI = 1. The former pa-
rameter change is justified by the higher heart rates
observed in neonates.

SQIP P G To assess the reliability of PPG signals we followed
the morphological approach by Li et al. [43]. Li
et al.’s SQI index, or SQI�P P G , takes as input param-
eters the peak or onset locations that segment each
beat in order to build a dynamic beat template. In
our implementation, the peak locations were found
using the methods in Section III-A. In addition, the
minimum and maximum beat-to-beat intervals used
by [43] were shifted to 0.5 and 1.5 s, respectively.
These values correspond to the inverse of the limits
of the aforementioned neonatal respiratory range
(
[
40; 120

]
bpm).SQI�P P G obtained in this way is de-

fined on a beat basis. A window-based SQIP P G (w)
was calculated as the mean SQI�P P G score over the
cardiac beats in the analysis window w.

C. Extraction of Respiratory Signals

The physiological signals collected in the NICU fall into two
categories. Some measure the respiration signal explicitly, ei-
ther in the shape of tidal flow (e.g., capnography), changes in
intrathoracic volume or resistivity (e.g., electrical impedance
pneumography) or other measurand from which the respiratory
waveform can be directly extracted, whereas in others, such as
the physiological signals monitored more routinely (e.g., ECG
or PPG), respiration exerts only a modulatory effect on the origi-
nal signal. Thus, a fundamental step in the estimation of RR from
the ECG and PPG is the extraction of the respiratory signal from
the amplitude and frequency modulation of these waveforms. In
the following analysis, ECG and PPG-derived respiratory sig-
nals were derived over 8-second windows with 1-second shifts.
As a result of this procedure, 3799 time windows were available
for respiratory rate estimation. To facilitate comparison between
the estimated respiratory rates and the reference manual rates,
these windows were defined so that they overlapped with those
used in the computation of manual respiratory rates RRζ .
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ECG ECG-derived respiration can be obtained from two
effects: changes in beat morphology and respiratory
sinus arrhythmia (RSA).
The methodology for extracting respiratory in-
formation from changes in beat morphology
was first explored in the seminal paper by
Moody et al. [10], which measured the oscil-
lation in the ratio of the QRS areas measured
in two ECG leads as a measure of respiratory activity.
There has since been a surge of interest in this
topic resulting in a multitude of signal processing
algorithms to derive respiratory-induced modulations
from multi-lead ECG signals [44], [45]. In this study,
a single ECG lead was available. Given the precedent
of its use in neonatal ECG data [37] in contrast to
recent methods, we adopt the approach based on
QRS area summation pioneered by Moody et al. [10]
to obtain the ECG-derived respiration signal (EDR)
from the ECG records.
The second approach relies on the well-known mod-
ulation of heart rate by the respiratory effort through
respiratory-induced pressure changes in the main and
peripheral arteries. These variations in the instanta-
neous heart rate are governed by the respiratory sinus
arrhythmia and may be extracted as the time series
of beat-to-beat R-R intervals (henceforth RSA� ) [20]–
[23], [46]. The R-R intervals in the analysis window
w were calculated as the difference between the times
of successive R-peaks (found using [28]).
Finally, both the EDR� and RSA� time series were
linearly interpolated at a sampling rate of 4 Hz to
obtain the evenly-sampled time series EDR and RSA,
respectively.

PPG Respiratory-led fluctuations in the PPG signal can be
decomposed into three fundamental modulations of
this waveform [11]. Often the preferred methods to
extract respiration from this signal consist in a com-
bination of these modulations [13] and that is the ap-
proach we adopt here. Given a PPG record segmented
into a series of peaks and troughs by the algorithm in
Section III-A, the following rhythms were computed
as surrogates of the respiratory signal [25]:

– RIIV� (Respiratory-induced intensity variations)
consisting of the time series of PPG peak ampli-
tudes;

– RIAV� (Respiratory-induced amplitude variations)
consisting of the time series of amplitude differ-
ences between the peak and the onset of a PPG
pulse;

– RIFV� (Respiratory-induced frequency variations)
consisting of the time series of intervals between
consecutive PPG peaks. This quantity was inverted
to reflect frequency variations.

The RIIV� , RIAV� and RIFV� time series were then
linearly interpolated at a sampling rate of 4 Hz to
obtain the evenly-sampled time series RIIV, RIAV and
RIFV.

D. Estimation of Respiratory Rate

1) From Manual Breath Counts: As a reference for RR,
we computed this quantity from the instantaneous breath
measurements obtained during manual respiratory assessments
(Fig. 2 a). The timestamps of key presses during the study ses-
sions were parsed into separate counting cycles in the manner
described in Appendix A. In summary, a total of 209 indepen-
dent counting cycles were recorded. Out of these, 39 breath
counts were aborted by the clinical staff due large infant move-
ments, wriggling motion, or other causes. Out of the remaining
measurements, 5 were recorded when the monitoring equip-
ment was not in operation. This left a total of 165 manual breath
counts, or 6924 events if individual breaths are considered.

We modelled each counting cycle c as series of nc breaths
defined by a train of spikes ζc(t) at instants, tc0 , ..., t

c
nc−1 which

mark the timing of individual breaths. These time instants may
correspond to either expiration or inspiration end times:

ζc(t) =

{
1, if t ∈ tc0 , ..., t

c
nc−1

0, otherwise
(3)

The choice between selecting the end-inspiratory or the end-
expiratory pause as the onset of each respiratory cycle was left
at the discretion of the nursing staff performing the manual
count. Therefore, this choice was consistent within the same
manual counting cycle but not across cycles. The nc − 1 inter-
breath intervals, IBIζ (t), were then computed trivially as the
time differences between consecutive breaths and assigned the
timestamp of the later breath:

IBIζ (tcn ) = tcn − tcn−1 , n ∈ {1, ..., nc − 1} (4)

For each c, the start of the first analysis window was set
to tc0 . The last window for this cycle was the last one whose
right limit was below tcnc−1 . For each time window w, RRζ (w)
was computed as the inverse of IBIζ (w), the mean value of the
IBIζ data points within the window and assigned the timestamp
corresponding to the centre time point of the window.

2) From Derived Respiratory Rhythms: The respiratory rate
was derived for each source through analysis of the spectral
content of the respiratory signals extracted for each window.
Many techniques are available to do this; we adopted an auto-
regressive (AR) model due to its superior frequency resolution
over traditional (non-parametric) methods based on the Fast
Fourier Transform (FFT) periodogram [47]. Prior to model-
fitting, it is useful to remove the baseline wander and high-
frequency noise. This was achieved through the use of digital
filters. The respiratory time series were filtered using a 40th or-
der (i.e., a 10-second long) bandpass, linear phase, finite impulse
response (FIR) filter, using a Hamming window and cut-off fre-
quencies which encompass the range of plausible respiratory
rate values for the population under study (20–140 bpm). A
9th order AR model was then fitted to the filtered waveforms
using Burg’s algorithm [48]. The frequency corresponding to
the peak of the autoregressive power spectral density function
in the aforementioned range of frequencies was taken as the
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respiratory rate estimate and represented by

RRi, i ∈ {IP,EDR,RSA,RIIV,RIAV,RIFV } (5)

where the underscript index i refers to the original respiratory
signal from which this rate was computed.

The challenges placed on indirect methods of extracting the
respiratory signal are aggravated in real-life monitoring scenar-
ios. For this reason, a post-processing stage, whereby simulta-
neous RR estimates corresponding to different modulations of
the same source are fused, received particular attention:

RRECG A fused ECG-derived estimate of respiratory rate
RRECG (w) for window w was selected among
{RREDR (w), RRRSA (w)}, using the pole mag-
nitude criterion [14]. The RR estimate was chosen
as the frequency of the highest magnitude pole of
the two 9th order AR models obtained from auto-
regressive spectral analysis of the resampled EDR
and RSA respiratory signals.

RRP P G A fused PPG-derived respiratory rate RRP P G (w)
was estimated using the approach in Karlen et al.
[13] as the mean of the three respiratory-induced
variations derived from PPG {RRRIAV (w),
RRRIIV (w), RRRIF V (w)}. In compliance with
the authors, for windows for which the standard
deviation of the three estimates exceeds 4 bpm, no
RR estimate was provided (i.e., RRP P G (w) = 0).

E. Error Analysis

For a quantitative comparison between the performance of
the methods implemented, the mean absolute error (MAE), the
error means (bias), and standard deviation (SD) of RR estimates
were computed against RRζ .

IV. RESULTS

Fig. 3 shows the IP signal and the respiratory-induced mod-
ulation of ECG and PPG signals through a sample of 25 com-
plete respiratory cycles. The modulation of the R-peak and the
changes in IP with ventilatory effort are clearly seen. Less ev-
ident in this segment is the amplitude modulation of PPG with
respiration.

A. Respiratory Rate From Direct Methods

In Fig. 4, we compare the accuracy of re-derived RRIP and
the RR estimates provided by the patient monitor from the same
source (RRMON ). By default, the monitor estimates are given
at 1-second intervals. For comparison, these were interpolated
at the time instants of the RRIP data points.

We observe that the MAE of both RRIP and RRMON

estimates decrease monotonically when only estimates from
windows with progressively higher thresholds in SQIIP are
considered. In spite of the increase in accuracy achieved
through SQI thresholding, a considerable difference in the
error performance between the two methods persists with
MAE(RRIP ) = 6.7 bpm and MAE(RRMON ) = 11.2 bpm at

Fig. 3. An example of (b) IP, (c) ECG, and (d) PPG signals during
a manual counting cycle on PN 28. Modulation through 25 complete
respiratory cycles is shown. The (a) manually-counted breaths on the
upper trace are reproduced as grey vertical lines on the subsequent
plots.

SQIIP � 0.75. At this SQI threshold, respiratory rates were
computed for 67.3% of the IP windows.

B. Respiratory Rate From Indirect Methods

Figs. 5 and 6 illustrate the reduction in the MAE error for
the indirect methods of RR estimation based on the ECG and
the PPG when only estimates from windows with progressively
higher thresholds in SQIECG or SQIP P G are considered. For
reasons explained later in the paper, this analysis is limited to
estimates with RRζ � 80 bpm.

We observed, as expected, that indirect methods based on
either source provide RR estimates that are less accurate than
those provoked by direct methods based on the IP. Regard-
ing ECG-derived rates, RSA-derived RR has been shown to
be less accurate than EDR-derived estimates. This relationship
was maintained at all SQIECG levels. RREDR and RRECG

(selected from RREDR and RRRSA using the pole magni-
tude criterion of [14]), showed similar performance. With re-
spect to the PPG-derived rates, a substantial reduction in MAE
was seen across all modulations of this waveform for stricter
thresholds on SQIP P G . Of the three sources of modulation
of the PPG waveform, the lowest error rates were consistently



JORGE et al.: ASSESSMENT OF SIGNAL PROCESSING METHODS FOR MEASURING THE RESPIRATORY RATE 2341

Fig. 4. Relationship between the threshold on SQIIP , the percentage of windows retained and the mean absolute error (MAE) of retained RRIP

and RRM ON estimates against RRζ during manual breath counts. RRM ON are the RR estimates provided by the patient monitor.

Fig. 5. Relationship between the threshold on SQIEC G , the percentage of windows retained and the mean absolute error (MAE) of retained
RREDR , RRRSA and RREC G estimates against RRζ for RRζ � 80 bpm during manual breath counts.

Fig. 6. Relationship between the threshold on SQIP P G , the percentage of windows retained and the mean absolute error (MAE) of retained
RRRI I V , RRRIAV , RRRIF V and RRP P G estimates against RRζ for RRζ � 80 bpm during manual breath counts.
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Fig. 7. Distribution of respiratory rate estimates from periods of manual breath counts. Histograms are shown for (a) manual, (b) IP-, (c) ECG-,
and (d) PPG-derived rates.

TABLE II
SUMMARY OF ERROR ANALYSIS FOR THE ALGORITHMS FOR RESPIRATORY RATE EXTRACTION FROM IP, ECG AND PPG-DERIVED RESPIRATORY SIGNALS.

THE ERRORS WERE COMPUTED WITH RESPECT TO THE REFERENCE SIGNAL RRζ . ALL THE FIGURES ARE SHOWN IN BREATHS·MIN−1 (BPM)

seen in RIIV estimates (e.g., MAE(RRRIIV ) = 8.3 bpm at
SQIP P G � 0.85) followed closely by RIAV estimates (e.g.,
MAE(RRRIAV ) = 8.7 bpm at SQIP P G � 0.85). Both were
appreciably more accurate than frequency-modulated estimates
(e.g., MAE(RRRIF V ) = 9.8 bpm at SQIP P G � 0.85). As
seen in RRECG , fusion techniques enabled a reduction in
MAE. Using Karlen et al.’s criterion, a reduction in MAE of
approximately 0.5 bpm in relation to RR extracted from the best-
performing source of modulation (RRRIIV ) was seen across all
SQI thresholds.

C. Distribution of Respiratory Rates

The distribution of respiratory rates as estimated from all
sources for the periods of manual breath counts are shown in
Fig. 7. The aliasing effect caused by the undersampling of the
respiratory signal at the heartbeat frequency is evidenced by the
failure of techniques for RR estimation from PPG or ECG in
detecting accurate RR values above 80 bpm.

D. Error Analysis

The time series of RR estimates was linearly interpolated
at the time instants of RR estimates from the reference mea-
surements (RRζ ) and error metrics were calculated over the

time windows of manual counts. Previous papers on respiratory
rate estimation from the ECG have reported suboptimal perfor-
mance at high respiratory rates [14]. Thus, the performance of
the RR estimation methods was assessed by calculating error
values for two different frequency ranges: (a) RRζ < 80 bpm
(84.7% of windows) and RRζ � 80 bpm (15.4% of windows).
The results are summarised in Table II. Only those windows
for which the raw signal (IP, ECG or PPG) was reliable were
retained for RR estimation. This was achieved by setting
the following conditions: SQIECG � 0.9, SQIP P G � 0.9,
SQIψ � 0.9, SQIIP � 0.9. As a result, 50.1% of the data
was used in validating ECG-derived estimates, 54.7% for
PPG-derived estimates, and 54.7% for IP-derived estimates.
These thresholds were selected from qualitative analysis of
the third column of Figs. 4 through 6 to achieve low MAE
rates while retaining a meaningful proportion of estimates
(> 50%).

V. DISCUSSION

The median reference respiratory rate (computed over manual
breath measurements) was found to be 61 bpm (Fig. 7 a), with a
range extending from 44 to 120 bpm. These figures validate our
choice of passband for the digital filters used in RR derivation
(20–140 bpm). A filter whose passband is slightly wider than
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the range of frequencies of interest is known to help avoid edge
effects near the cut-off frequencies.

When we compare the distribution of RRζ values in Fig. 7 a
against the distribution of rates reported by the patient monitor
for the entirety of the study period (shown in Fig. 1 b), we
observe that (a) the median rate obtained during the manual
measurements is higher than the median RRMON reported by
the patient monitor at the cotside by approximately 8 bpm, and
(b) the breathing rates in the 20 - 40 bpm range have not been
sampled during the manual breath counts. This was anticipated
as this range comprises abnormally low rates that should prompt
clinical inspection, and therefore, were not recorded under the
stable conditions under which manual counts were scheduled.

We notice also that the range of resting respiratory rates de-
tected is much wider than that found in adults at rest (12 20 bpm
[49]). The immaturity of the respiratory centres in the lower
brainstem of the premature infant leads to frequent periods of
fast shallow breathing, and hence to fast-changing respiratory
rates. This renders the problem of accurate RR estimation in this
population much more challenging than in the adult population.

A. Errors Associated With Direct Methods

We have re-derived RR from the raw IP signal using stan-
dard algorithms for RR extraction found in the literature. It
was surprising to note the lower error rates of the RR esti-
mates derived in this manner in relation to those provided by
the patient monitor during manual breath counts (Fig. 4); with
MAE(RRIP ) = 3.6 bpm versus MAE(RRMON ) = 8.2 bpm
for RRζ < 80 bpm and MAE(RRIP ) = 10.7 bpm versus
MAE(RRMON ) = 16.9 bpm for RRζ � 80 bpm (Table II).

This result suggests that there is room for improvement in the
manufacturer’s built-in software for deriving respiratory rates
in premature infants. The discrepancy between the error rates
in RRIP and RRMON was observed even when no IP signal
windows were discarded based on poor signal quality. For this
reason, the better performance of RRIP over RRMON cannot
be attributed to our use of a signal quality index to differentiate
between artefactual and non-artefactual windows.

B. Errors Associated with Indirect Methods

Two data fusion methods were adopted to estimate RR from
the rates derived from amplitude and frequency modulations of
the ECG and PPG waveforms. In both cases, the mean abso-
lute error was reduced as a result of the use of the data fusion
approach (Figs. 5 and 6), although this reduction is greater in
the case of fused PPG-derived estimates. Nevertheless, the ac-
curacy achieved by both methods was lower than that seen in
IP-based estimates of RR (Table II). The differences in the er-
ror rates reported were less pronounced in the low RR range
(RRζ < 80 bpm) than in the higher range (RRζ � 80 bpm), as
shown in the bottom two rows of Table II.

C. Errors Associated With Different RR Ranges

We calculated the RR estimation errors for two frequency
ranges of respiratory rates. The lowest error rates were found

for RRζ < 80 bpm. It is clear from the analysis of Table II that
none of the algorithms evaluated based on indirect methods, i.e.,
for either ECG or PPG, could detect rates above this value (note
that for RRζ � 80 bpm, ME � MAE values are seen for both
ECG and PPG-derived methods).

Both indirect methods suffer from one drawback. As the res-
piratory signal is only sampled once per cardiac beat, in order for
these methods to reveal the fundamental frequency of this sig-
nal, this frequency cannot exceed half of the instantaneous heart
rate – measured in beats per minute (beats·min−1) – during the
same time epoch. However, a retrospective analysis of the joint
distribution of (HR,RR) values during the periods of manual
breath counts revealed that instances in which this condition was
not observed were not uncommon for this patient group (Fig. 8).

As shown in Fig. 1 a, the HR measured in the study cohort
has a bell-shaped distribution with a sample median of approx-
imately 157 beats·min−1 . Thus, in instances where the respi-
ratory frequency exceeds half this frequency (approximately
80 bpm), the extraction of RR through indirect methods is likely
to be affected by temporal aliasing. In fact, some degree of
aliasing of RR estimates by PPG and ECG-based techniques at
frequencies as low as 65 bpm as a result of this phenomenon is
also to be expected from the analysis of Fig. 8. This suppression
of indirect RR estimates is also clear when Fig. 7 a and 7 b are
compared to Fig. 7 c and 7 d.

D. Errors Associated With Amplitude-Based Respiration
Sources

We found that MAE errors were lower for RRIP when com-
pared to amplitude-based signals, i.e., RRRIAV , RRRIIV , and
RREDR (Fig. 4 to 6). In contrast to the protocol of volunteer
studies, where subjects are compliant, subject motion during
this observational study was largely unrestricted. Motion unre-
lated to respiration but within the range of breathing frequen-
cies causes amplitude variations that contaminate the amplitude
modulation of the detected signals, which ultimately has a dele-
terious effect on the accuracy of amplitude-based estimates of
RR. This may help explain the poor performance of this class
of methods in this study.

Given the arrangement of IP/ECG electrodes, an association
in the presence of motion noise between these sources was ex-
pected. This was confirmed by the comparable percentages of
ECG and IP windows retained (50.1% and 54.7%, respectively)
after thresholds were set on the applicable SQIs. Furthermore,
the similar percentage of PPG windows retained (54.7%) sug-
gests the same artefacts may also affect the PPG sensor, for
example, as a result of compound body movement. Further
research would be needed to investigate whether a temporal
relationship exists between the signal quality of these sources.

E. Errors Associated With Frequency-Based Respiration
Sources

The highest errors were found for methods based on
frequency-based sources (RRRIF V and RRRSA ), which rely
on the RSA as a pathway to respiration. There are conflicting
reports in the literature regarding the presence of RSA in preterm
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Fig. 8. Heatmap of the distribution of (HR,RRζ ) estimates. Marginal distributions of both variables are also shown. Asterisks represent outliers.
The HR values shown were obtained after the cardiac frequency estimates derived by the study monitor from the ECG trace were interpolated at
the time instants of RRζ computation. The red curves represent isolines of the local density of data points. The dark dashed line represents the
Nyquist limit for respiratory frequency estimation. For estimates below this line, RRζ >

1
2 HR, so the respiratory signal is insufficiently sampled from

cardiac beats for accurate detection of the true RR.

infants. Several studies which have estimated RSA in neonates
[50] suggest that although there is an interaction between heart
rate variability and respiration, this cardiorespiratory interaction
is not as continuous as in adults, and may only develop later in
some infants. In fact, it has been suggested that RSA may serve
to gauge the developmental maturity in neonatal intensive care
patients [51]. The evidence for the use of RSA in the continuous
monitoring of RR in neonates is scarce [16], [52]. Monasterio
et al. [37] included both pulse rate and heart rate variability
as features in a classifier for apnoea-related desaturations in
preterm infants, nevertheless the reliability of these two signals
was not assessed against a respiration standard.

VI. CONCLUSIONS

The immaturity of the brain mechanisms governing the res-
piratory rhythm in preterm infants results in irregular breathing
patterns. In neonatal clinical practice, monitoring the breath-
ing pattern of preterm infants allows for a better recognition of
physiological instability, and so can provide valuable insights
into the cardiorespiratory status of the neonate as well as their
maturation level.

The respiratory assessment of the neonate involves primarily
the measurement of respiratory rate. In this paper, we have
estimated respiratory rates from the three different signal
sources available to the patient monitors commonly used in
neonatal practice (ECG, PPG, and IP). We excluded periods
of poor signal quality, as identified by motion-sensitive signal
quality indices. At all times when the infant was at rest (73.1%
of time windows), we assessed the performance of previously
developed techniques for RR derivation from all signal sources
against the reference manual respiratory rates RRζ during 165
manual breath counts. To our knowledge, this is the first study to
assess the performance of these methods against the reference
standard of manual respiratory assessments. The work reported
has demonstrated a stark performance difference between direct
and indirect methods (i.e., based on the analysis of the ECG
or the PPG signal) at different frequency ranges of respiratory
rate. While comparable error rates were found between RR
estimates derived using indirect methods and those derived
from analysis of the IP signal in the 40–80 bpm frequency range
(with mean absolute error rates of 7.5 bpm for ECG-derived
estimates, 7.8 bpm for PPG-derived estimates, and 3.6 bpm for
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Fig. 9. Effects of application of the selection criteria defined on (9 a) the
distribution of the total number of manual counting cycles over the study
sessions of NICU subjects PN 26 - 30, and (9 b) the distribution of the
total number of breaths over manual counting cycles. While most counts
include upwards of 40 breaths, some shorter counts were concluded
before this number was reached. Discarded counts with over 38 breaths
were due to the absence of physiological records in the course of the
respiratory assessment.

IP-derived estimates at this range), we nevertheless observed
that the measurement of respiratory rate in this population
using indirect methods poses a fundamental challenge at fast
breathing regimes (upwards of 80 bpm) due to aliasing effects.

These findings have critical implications for the development
of indirect methods for RR monitoring in neonatal units as they
evidence the performance limits of RR estimates delivered by
the ECG and PPG sources currently available in these units.
While further studies are required to assess how well our results
would generalise to the entire neonatal population, we believe
our results should motivate such studies as well as inform the
design of alternative non-invasive solutions for the physiological
monitoring of these patients.

APPENDIX A
PARSING THE KEY LOGS

This appendix describes the processes used to parse the key-
logger files produced in order to (a) identify counting cycles,
(b) eliminate key presses associated with UI operation, and (c)
remove aborted counting cycles.

TABLE III
CONFUSION MATRIX OF COMPLETE MANUAL COUNTING CYCLES (WITH

UPWARDS OF 38 BREATHS) versus RECORDING STATUS

To achieve (a), key logs were split into individual counting
cycles by defining a maximum interval between keystrokes be-
longing to the same cycle (8 s). As a result of this parsing, 209
manual counting cycles were identified in the 14 recording ses-
sions on 5 study subjects for which the manual respiratory mea-
surements had been logged (Fig. 9 a). Manual measurements
were taken during periods for which the infants were stable
and at rest (i.e., the signal of interest is the resting respiratory
rate). This may explain the discrepancy in the total number of
measurementes performed from session to session evidenced in
Fig. 9 a.

In our analysis, we were careful to only include counting
cycles carried to completion. Although our protocol specified
40-breath counts, a considerable number of counting cycles was
found with a total of nc = 38 or nc = 39 breaths (Fig. 9 b). We
hypothesize that a mismatch of a mere couple of breaths is
likely to be due to human error, rather than the count being
aborted for one of the reasons specified in the study protocol.
Thus, cycles composed of fewer than 38 keystrokes (see Fig. 9
b) were considered to have been either a result of casual UI
operation (case (b)) or aborted by the attending clinical staff
due to excessive wriggling, infant motion or other factors which
rendered breathing motion imperceptible (case (c)).

Manual counts performed when the recording apparatus was
not in use were also discarded. Table III presents a breakdown of
counts under each of these categories. After both selection crite-
ria were applied, a total of 165 manual counts were considered
for further analysis.
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