19294 | downl oaded: 10. 4. 2024

.org/ 10. 24451/ ar bor .

https://doi

source:

Biomedical Signal Processing and Control 84 (2023) 104977

Contents lists available at ScienceDirect

Biomedical
Signal Processing
and Control

Biomedical Signal Processing and Control

i

journal homepage: www.elsevier.com/locate/bspc

Check for

Respiratory rate estimation from multi-channel signals using auto-regulated = &=
adaptive extended Kalman filter™

Nishant Gupta ¢, Patrizia Simmen ¢, Daniel Trachsel ¢, Andreas Haeberlin ¢, Kerstin Jost “¢,
Thomas Niederhauser "

a Institute for Human Centered Engineering HuCE, Bern University of Applied Sciences, Bern, Switzerland

bsitem Center for Translational Medicine and Biomedical Entrepreneurship, University of Bern, Bern, Switzerland
¢ Department of Pediatrics, University Children’s Hospital Basel UKBB, Basel, Switzerland

d Department of Cardiology, Bern University Hospital, University of Bern, Bern, Switzerland

¢ Department of Women’s and Children’s Health, Karolinska Institutet, Stockholm, Sweden

ARTICLE INFO ABSTRACT
Keywords: Background: Respiration rate (RR) is a major cause for false alarms in intensive care units (ICU) and is
Respiration rate primarily impaired by the artifact prone signals from skin-attached electrodes. Catheter-integrated esophageal

Sensor fusion
Kalman filters
Neonates
NICU
Esophagus

electrodes are an alternative source for multi-channel physiological signals from multiple organs such as the
heart and the diaphragm. Nonlinear estimation and sensor fusion are promising techniques for extracting the
respiratory activity from such multi-component signals, however, pathologic breathing patterns with rapid RR
changes typically observed in patient populations such as premature infants, pose significant challenges.
Methods: We developed an auto-regulated adaptive extended Kalman filter (AA-EKF), which iteratively adapts
the system model and the noise parameters based on the respiratory pattern. AA-EKF was tested on neonatal
esophageal observations (NEO), and also on simulated multi-components signals created using waveforms in
CapnoBase and ETNA databases.

Results: AA-EKF derived RR (RRyp gxp) from NEO had lower median (inter-quartile range) error of 0.1 (10.6)
breaths per minute (bpm) compared to contemporary neonatal ICU monitors (RRycy): —3.8 (15.7) bpm (p <
0.001). RRyp pxr error of —0.2 (3.2) bpm was achieved for ETNA wave forms and a bias (95% LOA) of 0.1
(-5.6, 5.9) in breath count. Mean absolute error (MAE) of RRy, gy With Capnobase waveforms, as median
(inter-quartile range), at 0.3 (0.2) bpm was comparable to the literature reported values.

Discussion: The auto-regulated approach allows RR estimation on a broad set of clinical data without requiring
extensive patient specific adjustments. Causality and fast response times of EKF based algorithms makes the
AA-EKF suitable for bedside monitoring in the ICU setting.

1. Introduction system, causing the RR to change rapidly [6-10]. Presence of cardiac
activity in IP signals turns the detection of the respiratory compo-

Respiratory rate (RR) is one of the critical vital signs that is con- nents cumbersome, especially during bradycardia when the frequency
tinuously monitored in intensive care units (ICU) [1]. However, the spectrum of respiration- and cardiac-induced signals can overlap [11].

accuracy of current state-of-the-art monitoring systems is limited by the IP-based methods may also fail to recognize post-sigh small breaths
artifact-prone signals acquired by indirect methods, such as impedance leading to false negative apnea alarms [12].

pneumography (IP) using skin-attached electrodes. In fact, continuously
measured RR is considered a major cause for false alarms in ICU’s
leading to ‘alarm fatigue’ of caregivers [2,3]. Moreover, electrodes
used in neonatal ICUs (NICU) can damage the fragile skin of neonates,
particularly of preterm infants [4,5]. Additional challenge in tracking
the RR in premature infants is posed by their immature respiratory

Signals acquired using multiple electrodes integrated into an
esophageal catheter is a potential alternative. Confined and intrinsically
wet environment suppresses the electrode motion artifacts [13] and
proximity to the heart and the diaphragm allows simultaneous acquisi-
tion of cardiac and respiratory signals [14], where the latter manifest
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Fig. 1. (a) Overview of the AA-EKF approach. The algorithm uses all available knowledge about the system evolution that helps to isolate the individual signal components and

estimate the Dactivity

. (b) Extended Kalman filter (EKF) based AA-EKF implementation for estimating the RR. The instantaneous cardiac frequency (w,) and baseline wander (Y)

are a priori extracted using conventional methods (Section 2.2.2). The EKF estimates the states of a multi-component model (X*, Sections 2.1.1 & 2.1.2). System knowledge is
incorporated via the system model, known HR, adjustable noise parameters and adaptive regulation of state dynamics using the control parameters u (Section 2.2.3). Finally, the
IF to RR block converts the estimated IF of the respiration (w}) to obtain the RRy, g (Section 2.2.4).

as low-frequency baseline wander observed in distal electrodes [15].
However, RR estimation using existing algorithms have some key
limitations. Algorithms based on respiratory modulations of the elec-
trocardiogram (ECG) and/or the photoplethysmogram (PPG) [16] have
limited applicability during fast breathing [17]. Similar to the IP-based
signals, frequency based separation of the respiratory component in
the baseline wander using fast Fourier transform or spectral analysis
is also inadequate. Model based approaches using adaptive extended
Kalman filters and smoothers for separating the components and fuse
multiple signal sources [18-21] are promising, but have not been tested
for tracking the fast varying neonatal RR.

In this work, we introduce an adaptive auto-regulated extended
Kalman filter (AA-EKF) algorithm which estimates the respiratory fre-
quency by optimally combining the information from multi-channel
signals with empirical system knowledge. Similar to prior works [18,
19], AA-EKF uses a non-linear multi-component model to simultane-
ously track the respiratory and cardiac components, electrode motion
artifacts, and additionally the instantaneous frequency (IF) of the res-
piration (hereafter denoted by w, = f,/2z for simplicity). Whereas,
adaptive auto-regulation limits the amplitude of individual components
from erroneous over estimations, estimation of the w, as part of the EKF
ensures fast tracking of the rapidly varying RR. We thereafter obtain
the RRpp gk from w, and compare the estimation error (ARRpp gxr)
with the errors by a modern neonatal intensive care unit (ARRycy)
monitor. We further compare the AA-EKF estimated RR with standard
RR estimation techniques using publicly available CapnoBase [22] and
ETNA [23] databases, thus covering cardio-respiratory signals from
patients of various age groups.

2. Materials and methods
2.1. Theoretical framework

2.1.1. System model for multi-channel respiratory signals

At the system level (Fig. 1a), the AA-EKF algorithm separates an
oscillatory disturbance, for which only the frequency (@wgisturbance) 1S
available, and non-oscillatory, i.e. random interferences, from the de-
sired quasi-periodic signal(s) of interest. Estimating a common @,cyiry
for multiple recording channels involves channel fusion. Both, the
separation and fusion steps are main parts of the EKF framework.

In line with the above concept, we define a state-space model con-
taining three components: cardiac (c), respiratory (r), and time-varying
offsets (o) (including motion artifacts). The state-space incorporates
these components as analytic signals [24,25] denoted by X@9 =
[X®D, X@], where T and Q represent the in-phase and quadrature sub-
components, respectively. The state space also includes w,. Thus, for

N channels we write the complete state vector (X), the measurement
vector (Y), and the state dynamics (X) as:

T
XV'x1 _ [ x&FQ X3  xEO wr] (1a)
Y2NXI = x(T.Q) | x(1.Q) | xT.Q = y1.Q (1b)
¢ ri 0; 1
. . . 3 T
XV'x1 [XE;,Q X149 x1o a-)r] (10)
i i i

where i represents the channel index with 1 <i < N and N’ =6N + 1
the total number of states. The measurement vector Y2VN*! which is the
superposition of the three components, is also defined as an analytic
signal with Y‘.(Z) being the baseline wander and Y‘.(Q) being its Hilbert
transform. The components of X are defined as follows:

(1) ] I
X<(:,» ) - _/15 W, Xgi ) (2a)
»XgiQ)_ ®, —/lcl XE‘Q)
A A
Xf ) _ -4, -0, Xﬁ ) (2b)
X2 o, =4, [ X2
I 1 1
xP _ |4 x4, - xP 29
X2 Ao - X+, - X
@p ==, @, 2d)

Egs. (2a) and (2b) model the cardiac and respiratory components
as sinusoidal oscillations with instantaneous frequencies (v, and ®,)
and time-varying decay rates (4., and 4,). Whereas w, is obtained
directly from the state-space, w, is provided externally to the system
model. Both frequencies are assumed to be similarly manifested in all N
channels. Decay rates are used to apply constraints on the amplitudes of
X E,l D and X ,(II ‘9 and remove any offsets present in them. These offsets
are tracked separately as X, f,ll’g) using Eq. (2c¢). Finally in (2d) we are
assuming o, to be constant except for a decay. The role of decay rates
is explained in Section 2.1.3.

2.1.2. State estimation using EKF

The extended Kalman filter is an iterative algorithm to optimally
estimate the states of a non-linear system based on a predictive model
and discrete observations. At each time step k of the EKF, the following
a-priori (superscript -) estimates are first calculated:

X = (X om) =X, + X (X

i1 Uk) At

(3a)

P, =&,P; & +Q, (3b)

where Xz_l and Pz_l are the corrected (superscript +) state vector and
error covariance matrix from the previous time step k— 1, ¢ is the non-
linear state transition function and @, its Jacobian around X} |, and
Q,. is the covariance of the process noise. Thereafter, the Kalman gain
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K, is calculated and used to obtain the corrected state vector and error
covariance estimates:
-1

K, =P H! (H;P H! +R}) Q)
XF =X + K [Y, - h(X[)] (5a)
P/ = (1-K,®,)P; (5b)

where h is the measurement function (same as Eq. (1b)) and H, its
Jacobian, and Ry, is the covariance of the measurement noise.

To complete the system definition, we present here the princi-
ple structure of the process and measurement noises, with the exact
definitions provided in subsequent sections.

QN N = diag ([Qc[,k Qq,k Qr[,k Qr[,k
Qo k Qo,,k Qw,,k] ) (6a)
diag ([Rix  Rix]) (6b)

with 1 < i < N. For both noise processes, Q, and R, zero cross-
correlations and same values for the in-phase and quadrature sub-
components for a particular analytic signal is assumed.

R2N><2N

2.1.3. Auto-regulated adaptive EKF

In adaptive EKF, state estimation can be influenced by varying the
functions ¢ and h, and the matrices Q, and R, at each iteration. In
the proposed method, we exploit the property of an analytic signal to
obtain the instantaneous amplitudes using:

ity = R O 7

at each iteration for the cardiac and respiratory components and incor-
porate them into the control vector u of the EKF algorithm. Thereafter,
the state dynamics and the noise parameters are adapted based on
empirical knowledge derived from these amplitudes.

State dynamics and decay rates: For small At, we can assume that the
EKF iteration (Section 2.1.2) should not considerably alter AJr or A+
Thus, if a large increase in either is observed it can be con51dered as
an overestimation. The decay rates, A, , and 4, , respectively, can then
be altered to selectively influence the dampness and control subsequent
estimations. This phenomenon is based on the fact that for time-
invariant @ and A the analytic signal dynamical system is similar to
a damped oscillator with A = ¢ - @, and @ = o, - V1 — {2, where w,
and ¢ are the natural frequency and the damping constant, respectively
(further details are provided in Supplementary Material). Furthermore,
we use logistic function L of the form:

o a9 nren (2252

where x € R is an estimated quantity, x, is a threshold and Ax
is a smoothing parameter to define such amplitude dependent decay
rate. Compared to conditional functions, logistic transitions not only
have lower impact on system linearity but also keep the decay rates
differentiable with respect to X, for the calculation of the Jacobian ®,.

Kalman Gain and Noise parameters: The underlying principle for
setting the noise parameters Q, and R, is that they represent the
trust in the predictive model and the measurements respectively and
a higher Kalman gain (K,) favors the latter in state estimation. Gener-
ally, they are determined either from a-priori knowledge regarding the
model/sensor errors or using empirical methods such as Monte Carlo
simulations. However, given the dynamicity and complexity of both the
system model and measurements, these methods are too cumbersome
to be applicable for large number of patients or long measurement
duration. Instead, in this work, we explore using the information gained
from the amplitudes of estimated components as a feedback to suitably
adjust the noise parameters in real-time. Specifically, setting the pro-
cess noise for the cardiac and respiratory components proportional to

Biomedical Signal Processing and Control 84 (2023) 104977

their respective amplitudes in each channel can facilitate signal sepa-
ration. Similarly, setting the measurement noise (and thereby the influ-
ence of each channel on the ) based on the respiratory component
amplitude can facilitate channel fusion for frequency estimation.

The above relationship between the noise parameters and the state
estimations of the proposed model can be better understood by analyz-
ing the Kalman gain (K, ) matrix elements for a simpler but analogous
system. By setting:

X <,

N=2 X} 0, =0

we can obtain the K, for a 2-channel, 2-component system (excluding
the time-varying offsets) by solving Egs. (3a)-(4). Further simplifi-
cations (Pk+_1 ~ Q) and small 4r), lead to following relationships
between the elements of K, (details are provided in the Supplementary
Material):

@ (@) Q) (@
K (XD v ™) Kk<X,[ Y, >_Qr,-,k

X(z) Y<Z)> Kk<X£’Q>,Y‘_<Q>> (o

(9a)

@)
K, (o, > XD /(@ i+ Qi+ Ris/2)

x
< = (9b)
(
o1

(Q)/(ch K+ Qrk + Rk /2)

Qi X Q.1)
.,

(ZQ) rik
)= T30, 70, R )

K, (@

Eq. (9a), which describes the influence of
XgilyQ) XS[IQ)

Yl(i 9 on the components
and , indicates that the fidelity of the estimated com-
ponents towards the measured data would follow the pattern of the
respective process noise. Similarly, Eq. (9b) describes the relative influ-
ence of the two channels in estimating w,. Although the ratio depends
on the estimated state and process noise values, the relative value of
R, and R, influences the weights of the two channels, as well.

The value of 0,k in Eq. (9¢) sets the overall trust in the time-
invariance of ;" (ignoring the controlled decay). Hence it can be kept
higher if larger deviations are expected. Such deviations in w} can
occur not only for time-varying RR but also if the respiratory waveform
is not strictly sinusoidal. The latter scenario can cause large intra-breath
deviations in @} even for stable RR.

The exact definitions implemented for the decay rates and noise
parameters, which are based on the above principles, are provided in
Section 2.2.3.

2.2. RR estimation from physiological signals

2.2.1. Databases and reference RR

The Neonatal Esophageal Observations (NEO) database consists of
multichannel signals from nine neonates, without respiratory support
during the time of the measurement, recorded using Edi catheters
(MAQUET, Solna, Sweden). The routine monitoring data from the
neonatal intensive care unit (henceforth called NICU), which included
surface ECG and IP and oxygen saturation (SpO2), was acquired si-
multaneously. The neonates were part of a prospective single-center
observational study, conducted at the University Children’s Hospital
Basel, Switzerland. Details of the study design, the custom NEO setup,
the registration of NICU data and its synchronization with the NEO
signals are given in [14,15]. In a total of 405.4 h of recorded data,
934 events of either bradycardia (HR < 80 bpm for > 5s) or hypoxia
(oxygen saturation < 88% for > 5s duration) were found. Out of these,
100 events were chosen randomly without prior knowledge of the
signal quality. Respiration peaks and troughs were manually annotated
by an experienced clinician for segments spanning one minute before
and after the event. The clinician also classified the segments into
‘good’, ‘medium’, and ‘bad’ signal categories based on the ease of
annotation. The proposed algorithm, however, does not depend on the
a-priori determined signal quality. Only three segments, in which a
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valid ECG was not detected in any esophageal channel (possibly due
to disconnection) were excluded. For annotating the respiration cycles,
the multi-channel esophageal signals were preprocessed to remove
power-line interference (notch 50 Hz, bandwidth 1.4 Hz). Annota-
tions were performed using the channel with strongest respiratory
component (determined visually), however other channels could have
been considered as well for doubtful signals. The surface ECG and
synchronized NICU respiration signal were also available to distinguish
respiratory activity from cardiac motion, esophageal peristalsis, and
catheter motion artifacts. Further details regarding the setup used for
annotation and the performance of the RRyp pxr With varying signal
quality is published separately in [15].

CapnoBase contains 8-minute recordings of the ECG, the PPG and
the capnogram along with annotated respiration cycles for 42 pa-
tients [22]. This database was used since the capnogram, which mea-
sures carbon-dioxide concentration of expired air, is the gold standard
for measuring the RR. A ‘hybrid’ signal combining the capnogram and
the PPG signals to mimic multi-component nature was used to estimate
the RR by the AA-EKF algorithm. The results were then compared with
the benchmark RR provided with the database.

Evaluation of technologies of Neonates in Africa (ETNA) database
contains publicly available capnogram and PPG signals of 28 Neonates,
both acquired using approved devices (Masimo Rad-97 Pulse CO-
Oximeter with NomoLine Capnography) [23]. Previously, neonatal
respiratory rate variability has been assessed using 130 epochs of 60 s
duration each [26]. Since only the raw data and epoch locations were
available for our study, we manually annotated the respiration peaks
in the capnograms to obtain the RR,. Furthermore, only 64 epochs
in which both, capnogram and PPG signals could be identified in the
raw data, were included for analysis. RRyp pxp Was estimated from a
‘hybrid’ of the capnogram and the PPG signals in the 64 epochs and
was compared against the reference RR derived from the annotations.

Reference RR (RRREf) for each of the above cases was calculated from
the time difference between the manually annotated peaks as follows:

60 s

il =1

RRper((t; +1,41)/2) = bpm, (10)
where ¢; is the time location of j peak. For NEO and CapnoBase
databases, RRy,¢ from the peaks and troughs were calculated separately
and subsequently averaged.

2.2.2. Pre-processing

The 8-channel NEO signals (1200 Hz sampling frequency) were
jointly pre-processed to extract the esophageal ECG (EECG) component
using the Elgendi algorithm [14,27]. Subsequently the location and
amplitude of each QRS complexes was extracted. The R-peak interval
was used to derive the HR and the R-peak amplitude was used to
normalize the esophageal signals. The multi-channel ‘baseline’ signals
(esophageal signal — EECG) was further filtered using a finite impulse
response low pass filter with upper cutoff frequency set at 50% higher
than the maximum HR in the individual segment.

For the CapnoBase data, a hybrid signal was created by (first)
normalizing the capnogram and PPG signal individually with respect
to their standard deviation and (second) adding them in 1:0.25 ratio. A
5 Hz low-pass filter was applied to suppress very high frequencies. The
preexisting HR available in the database was used instead of calculating
it from the ECG.

For the ETNA data, a similar rule as above was used to create the
hybrid signal. Furthermore the HR was derived from the PPG signals
using the ATH beat detector [28]. The algorithm was adjusted for the
faster HR of neonates.

For all three databases, the pre-processed signals were re-sampled
at 100 Hz and a finite impulse response based Hilbert transform was
applied to obtain the analytic signal Y. The instantaneous cardiac
frequency (w.) was calculated by a linear interpolation of the HR to
have the same time axis as that of the measured signal. The unit of
(w.) was converted from beats/minute (bpm) to rad/s, as well.

Biomedical Signal Processing and Control 84 (2023) 104977

2.2.3. AA-EKF estimator implementation

The AA-EKF estimator was implemented in MATLAB R2020b (The
MathWorks Inc., USA) based on the steps described in Section 2.1.2.
The two primary behavioral determinants, i.e. the decay rates and
the noise parameters, were defined such that certain signal patterns
(presence of artifact, absence of respiration, etc.) are recognized and
suitable modifications for subsequent estimations are made as per the
principles described in Section 2.1.3.

Control parameters: The instantaneous amplitudes (see Eq. (7)) ob-

tained from X +(1 Q> and X:r 5{1 ?), and !, | were used to calculate the
following set of parameters

Uy k= A:‘,’k Uy, = A:ri'k Uz g =Wy an
where,

= (=P +Px,

is a leaky integrator with forgetting factor . For A+ we chose a long g
of 20s since the cardiac amplitude was not observed to vary rapidly at
least in the proximal channels (where it is the dominant component).
For A and @, ., B is set at 1s to keep the algorithm rapidly adaptable.
Leaky 1ntegrator not only was used to suppress the effect of erroneous
estimations rather also simplified the calculation of the Jacobian of
¢(X,,u,) since we can consider du, /0X, to be negligible for Ar <« f.

Decay rates: In line with Section 2.1.3, the decay rates were de-
fined as a combination of a relevant frequency/rate term and a state
dependent damping term:

Ao = Do - [0.1 +09-L (A1, /A% .2, 0.2)] (12a)
j'r,v.k = (i(min) +5r k) )

025 +075- 147, /A% . 2,02))] (12b)
hoyi =, L(AE JAY . 02,-02) (120)

m = arg max,.(Arb k)

In Egs. (12a) and (12b), the damping term is based on the ratio of
current amplitude over the smoothed amplitude. To ensure that a small
decay is always present for offset removal, some constants were added.
The valued for /15"‘1“) in Eq. (12b) was specified during initialization
(described later in this section).

For the respiratory frequency, the decay rate (Eq. (12c)) is normally
0 except when the ratio XJ’ / Z:’m becomes smaller that 0.2 in the chan-
nel m with maximum A e This helps in suppressing overestimation
of w, in the cases where small and fast fluctuations can corrupt the
respiratory component during an apnea.

Noise parameters: The process noise parameters were set as follows:

Z
I

=05- A =05 AF
=0.05- A+ Qw,,k = Qw,,()

(1,9)
2, (13a)

As per Section 2.1.3, the values for QEII D and QE,I ‘D were scaled ac-
cording to the cardiac and respiration amplitudes, respectively, for each
channel. Q(,]’I‘Q) is set as a small fraction of the respiration amplitude,
so that the offsets are less sensitive to the process estimation by EKF
but rather to the decay process in the state dynamics. The value of Q,,,
is set as time-invariant and is specified during initialization.

The measurement noise parameters were set as follows:

Ryo=(A¢, +4r,) 100 (14)

where, 5, = 1 -2 L&} /A%, 2,02)

In the above, A+ + A+ sets the overall scale for the R;; and s; €
[-1, 1]isa 51gnal quahty based non-linear weighting function [29]

where the ‘signal quality’ is based on the relative values of Aj and A:f.
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Fig. 2. (a,b) Esophageal signals (ECG + respiration induced wander) derived from an infant of the NEO database breathing regularly; dashed lines — esophageal signals with
strong influence from respiration activity, solid line — respiratory component estimated by the AA-EKF (X in Eq. (1a)). (c) Synchronized IP signal from the NICU data showing
similar respiratory waveform. (d) dashed lines — the instantaneous frequency of the respiratory waveform common to all the esophageal channels estimated by the EKF, solid line
— the RR after post-processing ;. (e) RR from various methods. (f) RR difference w.r.t. the reference for the RRypir and the RRycy-

Initialization: For all the segments in the NEO, the CapnoBase and
the ETNA databases the value Ar = 10 ms was used. The state vector
and the covariance matrix were initialized as follows:

X9 = X0 =0, 10 =10 s
P‘])V,XN’ =IN’><N/ (16)

The control parameters were kept constant at Z:’ =1, X:’ =1 and

@, = 225" for the first 5 s of the EKF Loop. Thereafter, the next 5 s
were used for stabilization. Hence, RR estimates from the first 10 s of
measured data were discarded from comparison.

For the NEO and the ETNA signals A™™ = 9 bpm (0.2z rad/s),
which is sufficiently lower than typical RR of neonates [17], and Q,, ¢
= 16 was used. For the CapnoBase data 4™ lowered to 0.1 bpm (0.037
rad/s) since fast breathing in resting conditions is typically observed
in neonates, only. 0,00 however, was set at 64 since the respiratory
waveform was observed to be less sinusoidal in shape leading to
stronger intra-breath variations.

2.2.4. Post-processing: IF to RR

Physiological RR, which measures complete breaths per minute,
was obtained after further processing w?. Instantaneous phase ¢, was
calculated from w' using trapezoidal integration. Time points at which
¢,(t) crossed the value of 2nzr and (2n + )z with n = 1,2,... were
defined as the positive and negative ‘peaks’ of a single respiration cycle
respectively. A hysteresis of r/2 radians and minimum time interval of
1/3 s (180 bpm) was used to avoid unwanted crossings. Physiological
RR was computed from these peaks based on their time intervals using
(10). The total number of positive and negative peaks in an epoch were
also counted and their minimum was defined the estimated number of
complete breaths (Ny eaths)-

2.3. RR comparison

Accuracy of estimated RR was assessed based on two metrics,
relative error (ARR) and the mean absolute error (MAE) define as:

4RR; = RAR:‘ — RRpef, ;
!

1
MAE = — Y |4RR,| a7

i=1

RR, and RRges, ; are the estimated and the reference RR averaged over
a window i, and I is the total number of windows in the epoch. For this
study, two window sizes, (1) 5s with 2s overlap and (2) 32s with 29s
overlap were considered. The shorter window was needed to account
for the fast changing RR (especially for neonates), while the larger
enabled performance comparison with the earlier works [21,30,31].

For the ETNA database, we also computed the bias between the
number of estimated (Section 2.2.4) and manually annotated breaths,
and the 95% limits of agreement for comparison with the prior work
[26].

For all statistical testing a sign test with « = 0.05 was used.

3. Results
3.1. NEO signals

Figs. 2-5 illustrate the performance of AA-EKF algorithm on se-
lected examples of the analyzed NEO signals. Figs. 2 and 3 are taken
from measurements in which the respiration waveform is prominently
present in the esophageal signals. Compared to RRy;cy, RRpa.pxp man-
ifests a higher bandwidth capable of tracking ‘breath-to-breath’ vari-
ability in RR. This is of significance particularly in cases of periodic
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Fig. 3. (@) Esophageal signals from the distal channels derived from an infant of the NEO database showing periodic breathing; dashed lines — esophageal signals with strong
influence from respiration activity but with short apneas (~ 5s) at around times 15s and 35s, solid line — respiratory component estimated by the AA-EKF (X in Eq. (1a)). (b)

Synchronized IP signal from the NICU data confirming the apneas in the same time period.

(c) dashed line — the instantaneous frequency of the respiratory waveform common

to all the NEO channels estimated by the EKF, solid lines — the RR after post-processing ;. (d) dashed lines — RR from various methods with the RRy;qy not showing signs of
the periodic breathing, solid lines — RR difference w.r.t. the reference for the RRy, gxp and the RRycy.
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Fig. 4. (a) Esophageal signals from the distal channels derived from an infant of the NEO database showing episodes of periodic breathing; dashed lines — esophageal signals with
weak influence from respiration activity and with short apneas at around times 15s and 35s, solid lines — respiratory component estimated by the AA-EKF (XD in Eq. (1a)). (b)

Synchronized IP signal from the NICU data confirming the apneas in the same time period.

(c) dashed line — the instantaneous frequency of the respiratory waveform common

to all the NEO channels estimated by the EKF, solid lines — the RR after post-processing ;. (d) dashed lines — RR from various methods with the RR from the NICU again not
showing signs of the periodic breathing, solid lines — RR difference w.r.t. the reference for the RRyp gy and the RRyycy.

breathing (Fig. 3) since the short apneas are not apparent from RRy;cy
alone. Fig. 2 also includes the signals from proximal channels to illus-
trate the typical spatial distribution of the respiratory waveform. For
the subsequent figures, the proximal channels are omitted.

In Fig. 4, none of the channels shows a strong respiration signal. The
RRgyr nevertheless managed to follow the reference RR, thanks to the
good suppression of the cardiac oscillation in the estimated respiration
waveform.

Fig. 5 depicts an example in which the amplitude of respiratory sig-
nal drops suddenly even though the IP (NICU) signal suggests that the
actual apnea occurs only later. The drop in the respiration amplitude

could be the result of a displacement of the esophageal electrodes. How-
ever, thanks to the adaptability of the AA-EKF algorithm, significant
errors in the estimated RR are avoided.

3.2. Simulated hybrid signals

Fig. 6 illustrates the performance of AA-EKF applied to a selected
hybrid signal created from the CapnoBase dataset. Even though the
respiratory waveform noticeably deviates from a sinusoidal signal, the
estimated values are remain realistic. We can observe that instanta-
neous frequency is highly erratic, which is understandable since (a)
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Fig. 5. (@) Peculiar esophageal signals from the distal channels derived from an infant of the NEO database prior to an apnea; dashed lines — esophageal signals with the influence
from the respiration activity changing from strong (time< 5s) to weak (time=7.5s-15s) prior to an apnea, solid lines — respiratory component estimated by the AA-EKF (X in
Eq. (1a)). (b) Synchronized IP signal from the NICU data confirming the apneas around time=22.5s but without comparable prior drop in the signal amplitude. (c) dashed line

— the instantaneous frequency of the respiratory waveform common to all the NEO channels estimated by the EKF, solid lines — the RR after post-processing o} and becoming
small only during the actual apnea. (d) dashed lines — RR from various methods with the RR from the NICU again not reacting fast enough to the apnea at time=22.5s, solid
lines — difference from the reference RR for the RR from the NICU and the EKF algorithm.
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Fig. 6. (a) Performance of the EKF using the signals in the CapnoBase [22] database; dashed line — the ‘hybrid’ signal created using the capnogram and PPG signals from a
spontaneously breathing patient; solid line — respiratory component estimated by the AA-EKF (X(P in (la)). (b) dashed line — the instantaneous frequency of the respiratory
waveform estimated by the EKF showing separate inspiration and expiration peaks, solid lines — the RR after post-processing ;. (d) dashed lines — RR from various methods,

solid lines — RR difference w.r.t. the reference for the SmartFusion (SF [32]) and the EKF.

the inspiration and expiration duration are not equal and (b) there
exists short period in-between them with no airflow. However, the
estimated RR is still accurate and stable thanks to the post processing
steps (Section 2.2.4) .

RRpa pxr showed similar performance when applied to hybrid sig-
nals from ETNA database. There too, the RRy gxp Was able to closely
follow the variations in the respiratory signal. An illustrative example
can be found in Figure 2 of the Supplementary Materials.

3.3. RR comparison

Table 1 summarizes the errors in estimated RR with respect to
the reference. For the NEO database and 5s window, we observe a
lower IQR for ARRp gxr compared to ARRy;cy Which reflects the better
tracking of rapidly changing RR. RRy;cy also underestimated the RR
by 3.8 bpm (p < 0.001). MAE of RRpp.gxr is 30% lower compared to
RRyicy (P < 0.001) for 5s window and 20% lower (p = 0.04) for the 32s
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Table 1
RR estimation error given as median (IQR) in breaths/minute for 5s and 32s
window lengths.

Database ARR MAE

Method 5s 32s 5s 32s
NEO:

AA-EKF 0.1 (10.6) 0.1 (8.3) 6.9 (4.5) 4.7 (4.9)
NICU -3.8 (15.7) -4.0 (9) 10.0 (3.9) 5.9 (4.6)
CapnoBase:

AA-EKF -0.1 (0.9) -0.1 (0.3) 0.3 (0.2) 0.3 (0.2)
ETNA:

AA-EKF -0.2 (3.2) —-0.6 (3.0) 2.6 (3.2) 1.7 (2.7)

NEO: Neonatal Esophageal Observations, NICU: Neonatal Intensive Care Unit,
AA-EKF: Auto-regulated Adaptive Extended Kalman Filter (this work), ETNA:
Evaluation of Technologies for Neonates in Africa.

Table 2
Comparison of AA-EKF with reported
values in the literature for different

methods.
CapnoBase MAE;,, median (IQR)
AA-EKF 0.3 (0.2) bpm
KS [21] 0.3 (0.5) bpm
ARM [30] 1.4 (2.8) bpm
SF [31] 1.1 (2.3) bpm
ETNA Nireaths bias (LOA)
AA-EKF 0.1 (-5.6, 5.9)
IMS [26] -0.52 (-2.7, 1.66)
KS: Kalman Smoother, ARM: Auto-

Regressive Modeling, SF: Smart Fusion,
IMS: Incremental Merge Segmentation,
LOA: 95% Limits of Agreement.

window. Results from CapnoBase database showed similar RRy p_gxp for
both windows, which is in line with previously reported claims of 32s
window being adequate. For the ETNA database ARRpx pxr IQR and
MAE were lower compared to NEO, which is most likely because the
epochs in the ETNA database were pre-selected based on signal quality
of the capnograms.

Table 2 provides the reported values for MAE of algorithms tested
using CapnoBase dataset. It can be seen that the RRp 5 pxr has a good ac-
curacy, but, it need to be mentioned that it was derived from simulated
multi-component signals rather than the ECG/PPG signals only. Ny caths
computed for ETNA signals also showed low bias from the manual
breath counts, however, with a larger spread in the LOA compared
to the reported value. This discrepancy could be due to small but
consistent bias in w} in some epochs leading to errors in Ny eaehs-

4. Discussion

Discerning the respiratory component from interference in the res-
piratory signals is a significant challenge in clinical routine such as
intensive care. Non-linear adaptive filters, especially extended Kalman
filters and smoothers, are promising since they enable processing of
complex signals and combining multiple sources of information. How-
ever, slow adaptation speed is a key bottleneck for their application on
signal exhibiting fast varying characteristics, such as the NEO signals,
considered in this work.

The proposed AA-EKF algorithm extends the capabilities of previ-
ously developed techniques [18-21] by improving the adaption speed.
Amplitude-based model dynamics and noise parameters ensure that
the respiratory component remains distinguishable even with irregular
breathing patterns and signal artifacts. Such cases are caused by both
physiological (short apnea, periodic breathing, sighs, deep breathing)
and technical (electrode contact) reasons. Another distinguishing aspect
of this work is the direct estimation of respiratory frequency from
multi-channel signals. In contrast, earlier approaches first estimate a
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fused respiratory signal and then use standard techniques, such as peak
detection, for computing the RR and normally require a few cycles to
improve accuracy. By circumventing this intermediate step, AA-EKF
estimates the respiratory frequency (w}) with higher bandwidth. Our
results indicate that RR estimated from the " is able to closely match
the underlying respiratory pattern, however small biases can lead to
errors in the total breath count.

Defining the rules for recognizing different respiratory patterns and
suitably adapting subsequent estimations (Section 2.2.3), does require
careful tailoring to attain accuracy and stability. Nevertheless, the ap-
plicability of the AA-EKF algorithm is widened and improvements in RR
estimation is achieved without resorting to preclusions based on signal
quality or requiring excessive a priori information. Hence, the model
developed for neonatal respiratory pattern provided good estimation
for both the NEO signals and multi-component signals simulated using
ETNA database. Furthermore, only minor modifications (A™™ and
0,) were required to adapt the algorithm developed for neonatal
respiratory patterns for the ones for older patients.

On the NEO database, AA-EKF performed significantly better than
the standard monitoring device, especially for the 5s window, most
likely due to lower errors during fast RR variations. However, the
spread in 4 RR (10.6 bpm) and the MAE;, value (6.9 bpm) were con-
siderable, due to the signals with low respiration quality. Catheter op-
timizations (e.g., electrode placement and number) may improve these
numbers by increasing the chance for capturing respiratory signals.

Results with simulated signals derived from the CapnoBase and
ETNA data-set show that the RR estimation is robust against the pres-
ence of cardiac components. Although the ratio of the respiratory and
the cardiac component was fixed for each segment of the simulated
signals, inherent variations in the instantaneous amplitudes were pre-
served. Additional scenarios, in which this ratio may be varied to
further test the applicability of the model may be done in future studies
but were beyond the scope of the present work.

The key assumptions regarding the signal characteristics in the rules
for RR estimation is the dominance of respiratory component in at
least one measured channel, the frequency of sustained inference (heart
rate in this case) being known, and the other disturbances, which are
modeled as time-varying offset at present, being short. These conditions
can normally be expected for the bedside monitoring of resting patients.
Sustained body movements and peristaltic motion (during feeding for
example) may, however, lead to inaccurate and unstable estimation.
The AA-EKF approach might still be feasible by further augmenting the
system model to track these activity as well, but may require additional
signal modalities such as accelerometer or pressure sensors. Multi-
modal signal acquisition from soft and conformable sensor systems,
either skin attached or catheter integrated, are still in the nascent stages
of development.

Although AA-EKF was tested with pre-recorded signals so far, its
main building blocks (see Fig. 1) are based on causal algorithms only
that consequently allow for a real-time implementation. The EKF itself
is causal (unlike the Kalman smoothers) and can provide estimates with
a short delay using an appropriate choice of noise parameters. The
post-processing stage is causal, as well. A new RR estimate becomes
available at every phase crossing, however, it may be averaged over
a few respiration cycles to improve the estimation accuracy. The pre-
processing stage includes HR estimation and the Hilbert transform,
both can be done with (a cascade) of linear filters providing real time
implementation capability [33,34].

EKF based algorithms may nevertheless pose challenges for real-
time applications due to the matrix inversions involved. The compu-
tational complexity typically scales with @(N3), N being the number
of states. However, EKF based algorithms have recently been imple-
mented in low-cost wearable devices such as real-time body position
monitor [35] and gait monitoring [36]. Although N used for the pro-
posed AA-EKF was considerably higher due to the number of channels
involved, a bedside ICU monitor show less power constraints than
wearables. In addition, N could be reduced by restricting the number of
tracked channels iteratively based on knowledge of previous estimates.
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5. Conclusion

Auto-regulated adaptive EKF allows tracking of fast changing respi-
ratory signals and the RR even with interferences from cardiac activity
and motion artifacts. AA-EKF is able to incorporate multi-channel
information and empirical knowledge of the signal characteristics to
improve estimation accuracy. With further improvements, such as in-
clusion of multiple signal modalities and automated patient specific
optimization, RR estimation may become a reliable monitoring tool
even for acute situations in the intensive care setting.
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